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Analytics 1n Finance and
Risk Management

This book presents contemporary issues and challenges in finance and risk
management in a time of rapid transformation due to technological advancements. It
includes research articles based on financial and economic data and intends to cover
the emerging role of analytics in financial management, asset management, and risk
management.

Analytics in Finance and Risk Management covers statistical techniques for data
analysis in finance. It explores applications in finance and risk management, cov-
ering empirical properties of financial systems. It addresses data science involving
the study of statistical and computational models and includes basic and advanced
concepts. The chapters incorporate the latest methodologies and challenges facing
financial and risk management and illustrate related issues and their implications in
the real world.

The primary users of this book will include researchers, academicians, postgradu-
ate students, professionals in engineering and business analytics, managers, consul-
tants, and advisors in IT firms, financial markets, and services domains.
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’I Does the effectiveness of
accounting information
system intensify
sustainability risk
management? An insight
into the enabling role of
the Blockchain-enabled
Intelligent Internet of
Things Architecture with
Artificial Intelligence

Huy Quang Pham and Phuc Kien Vu

1 INTRODUCTION

Based on the perspectives of Septriadi et al. (2020), accounting information should
be of flawless quality, appropriate, and helpful to enable the organization to make
decision-making successful. The accounting information system (AIS) has been
fruitful to various stakeholders because it provided information for organizational
management and governance practices (Neogy, 2014). Thus, the EAIS has been pon-
dered to be a prerequisite as it would warrant that all degrees of management would
acquire adequate, proper, accurate, and timely information for planning and con-
trolling organizational operations (Khassawneh, 2014; Monteiro et al., 2021). The
industrial revolution 4.0 (Industrie 4.0) has engendered a significant impact not only
on businesses but also on AIS (Salem et al., 2021). More particularly, it has con-
verted the AIS into a more advanced digitalized system (Salem et al., 2021). The
Internet-related technologies, namely artificial intelligence (Al), big data, cloud, and
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blockchain (BC), would become the preconditions for accounting practices (Moll &
Yigitbasioglu, 2019). Numerous academics’ notes have deepened the analyses on
the advantages of implementing these Internet-related technologies in accounting,
namely the influence of Big Data, BC, and Al on Cloud-based AIS (Ionescu, 2019);
the effect of BC and Al on Cloud-based AIS (Alkan, 2022); and the effect of Al on
AIS (Hashem & Alqatamin, 2021). The advantages of BC on AIS have been consid-
ered as the issues that drew much more concerns from the academician and practitio-
ner communities (i.e., ALSaqa et al., 2019; Faccia & Petratos, 2021; Fullana & Ruiz,
2021; Nugraha et al., 2021; Sarwar et al., 2021). Strikingly, the implementation of
BC in AIS would achieve an important adoption mass in the near future and would
become mainstream in 2025 (Karajovic et al., 2019). As such, @lnes et al. (2017)
advocated for much more investigation into the benefits of BC in ameliorating and
developing public service to tackle the governance issues. Of these, risk management
has been well acknowledged as the foremost concern in PSOs.

Due to multiple targets as well as numerous stakeholders (McAdam et al., 2005),
PSOs must highly recognize and operate on their responsibilities to a variety of stake-
holders. For this rationale, PSO risk management has been viewed as being much
more difficult and having societal impacts as its primary focus (Ahmeti & Vladi,
2017). The fundamental duties of these organizations, however, have been to assure
the public that no current or foreseeable danger would threaten the public value due
to the complexity and heterogeneity of risks these organizations had to deal with in
their daily operations (Ahmeti & Vladi, 2017). Additionally, according to the United
Nations General Assembly, PSOs are not an exception to the consensus for a shared
focus on economic, environmental, and social dimensions in the global community.
This is because of their contribution to sustainable development, which is reflected
in the sustainable development goals. To put it differently, risk management in PSOs
should focus on the achievement of sustainable development and the generation of
public value. Against this backdrop, SRM has been well recognized as one of the
most vigorous solutions made available to PSOs to push forward these goals.

Unfortunately, despite the fact that a lack of security in Internet of Things (IoT)
systems has increased the likelihood of intrusion and hacking attempts against sensi-
tive data and critical infrastructure, the absence of an IoT cybersecurity risk man-
agement framework would make it extremely difficult to make informed decisions
regarding IoT cyber risk management (Lee, 2020).

With respect to this, the architecture for the convergence of BC and Al for IoT
introduced by Singh et al. (2020) was supposed to be efficient and effective mea-
sures for the above-mentioned issues. Building on the recommendations of Singh
et al. (2020), this sort of architecture concentrated on reducing issues with decen-
tralization, digitally signed, distributed, authenticated, public digital ledger, smart
contracts, safe data sharing, and understandable AI (Singh et al., 2020). It could
transform any environment, namely hospitals, schools, or other types of organiza-
tions, into a smart environment in which decision-making capacities as well as learn-
ing capacities were employed for all operations automatically rapidly and securely
(Singh et al., 2020). With the support of this architecture, all the valuable information
in relation to risk would be efficiently and effectively ascertained, analysed on both
qualitative and quantitative facets, and further responded to, which were coupled
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with generating fruitful policies and strategies to prevent and mitigate the occurrence
of risk incidents.

This book attempts to address the theoretical gaps in the body of literature con-
cerning research on and implementations of risk management and digital technolo-
gies in PSO. This study started with a fascinating research question as follows.

RQ1. What is the effect of BlockloTIntelligence on SRM?
RQ2. Does EAIS act as a mediator on the interconnection between
BlockloTlIntelligence on SRM?

Aside from the introduction, Section 2 deals with the knowledge and background needed
to enable the discussions of the study hypotheses in the section that followed. Then, in
Section 4, the methodology of this study is described. This includes the research design
and the techniques for gathering and analysing data. Section 5 is the primary episode
that presents an overview of the statistical analysis. Theoretical contributions, practical
implications, and a suggested research plan are all presented in Section 6.

2 THEORETICAL UNDERSTANDING AND FOUNDATION

2.1 ADOPTION MODEL

Contingency theory (CT). CT was firstintroduced in 1950 (Donaldson, 2001; Nohria &
Khurana, 2010) and was exploited in voluminous investigations related to the issues
of organizations (Donaldson, 2001; Sauser et al., 2009). One of the first and foremost
scientific ventures on AIS employed by the lens of this theory was research per-
formed by Gordon and Miller (1976), who demonstrated the fundamental framework
for pondering AIS from the contingency points of view. Subsequently, Otley (1980)
enlarged this paradigm by advocating that the structure of AISs should be heavily
based on the effectiveness of the organization, technology, environment, as well as
organizational configuration. As such, AIS was recommended to be formulated in a
flexible manner and related to certain identified situations (Otley, 2016). In addition,
CT was also employed in several studies in terms of risk management (i.e., Grotsch
et al., 2013; Teller et al., 2014).

Survival-based theory (SBT). As stated by Khairuddin (2005), SBT was pro-
moted by Herbert Spencer, who propounded that organizations should ceaselessly
roll with the punches to changes in internal and external environment for their
survival. There has been a great consensus among organizational ecologists on the
significance of a good fit between organizational idiosyncrasies and a changing
atmosphere. In other words, there was much more likelihood that an entity which
possessed the adaptability with changing surroundings would survive in the long
term (Witteloostuijn et al., 2018). In addition, effective strategy has been consid-
ered as the most important factor for organizational survival. Therefore, businesses
would continue to exist if they could deliver higher-quality goods and services
in the shortest possible period and with the fewest resources (Khairuddin, 2005).
Simultaneously, this strategy also reiterated that an entity should make a selection
on a wide range of strategies which resulted in gaining adaptability to the present



4 Analytics in Finance and Risk Management

environment rather than concentrating on only one strategy (Lynch, 2000). This
theory was employed in the present research to illuminate the urgent demand for a
course of actions, which the PSOs were supposed to undertake for their survival.
In this regard, implementation of strategic planning and adoption of digital infor-
mation technologies would enable PSO to achieve sustainable development and
generate public value.

2.2 CONCEPTUAL RESPECT

BlockloTlIntelligence. With incessant changes in information technologies, BC, Al,
and IoT devices have turned out to be the most contributing technologies which have
been catalyzing the pace of innovation ideas in all areas. Of these, IoT was supposed
to be connected or interrelated with numerous devices through the internet (Tang
et al., 2018) and comprised three key elements such as hardware, middleware, and
presentation (Gubbi et al., 2013). Besides, the application of IoT could create a link-
age between heterogeneous and massively decentralized devices (Fazackerley et al.,
2015). While AI was identified as the simulation of human intelligence in machines
that were programmed to mimic human intelligence (Vaishya et al., 2020), BC was
a set of computing nodes linked in a peer-to-peer way with mutually substantiated
transactions undertaken in the network. Each block cryptographically sealed a col-
lection of transactions and was connected with the prior block to establish a hash-
based chain of blocks. Admittedly, BC has been touted as a powerful technology
to improve business performance, particularly in the accounting and auditing field
due to the enhancement of transparency and accountability of information (Rindasu,
2019). BC plays the role of public ledger of all transactions or digital events based on
consensus mechanism.

The convergence of BC and Al for IoT focuses on minimizing the problem in terms
of decentralization, distributed, validated, secure share data, and so on, expanding
on the perspective of Singh et al. (2020). This suggested paradigm, which used the
terms cloud intelligence, fog intelligence, edge intelligence, and device intelligence
to show how to combine BC and Al to address large data analysis, security, and
centralized challenges of IoT applications, was divided into four intelligences (Singh
et al., 2020)

The effectiveness of accounting information system. AlS is widely recognized as
an important computerized system that has handled both financial and non-financial
activities to produce high-quality information for managing and governing company
processes, planning, controlling, supervising, coordinating, as well as monitoring
performance (Ibrahim et al., 2020). Additionally, it was the harmonious integration
of the financial statement system, data processing system, data storage system, and
data input system that increased the productivity of accounting work and produced
useful information for decision-making (Huy & Phuc, 2020).

On how to evaluate EAIS, there is still ongoing disagreement and a dearth of
empirical studies (Huy & Phuc, 2020). In contrast, Ernawatiningsih and Kepramareni
(2019) argued that an AIS may be considered effective provided it was able to pro-
duce information in a fast, accurate, and reliable manner. Based on Huy and Phuc’s
(2020) viewpoints, EAIS could only be achieved if each component—the data
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input system, data processing system, data storage system, and financial statement
system—performed efficiently (Huy & Phuc, 2020). Al-Okaily (2021) asserted, how-
ever, that EAIS took into account how well systems, information, processes, collabo-
ration, and services were executed.

Sustainability risk management. Risk was defined as being exposed to risk, haz-
ard, or the volatility of unexpected results (Howells & Bain, 1999; Jorion & Khoury,
1996). The term “sustainability risk™ alluded to dangers associated with social jus-
tice or environmental issues, and Anderson’s writings outlined a number of strategies
for how people and organizations could be affected (2005). Risk management con-
sidered the crucial responsibilities that firms must carry out if they want to accom-
plish their business goals (Lark, 2015). In order to quickly make wise decisions and
take steps that would result in positive outcomes, it was also determined that the
process was codified in terms of defining distinct risks, rating them, and prioritizing
them (Barbosa et al., 2022). Because of this, pursuing a sustainable risk management
environment would require an effective risk management system (Al-Tamimi, 2002).
According to Hofmann et al. (2013) and Schulte and Knuts (2022), SRM was defined
in this research as risk management that focused on the effects of internal and exter-
nal stakeholder value development.

3 SUBSTANTIATION OF RESEARCH HYPOTHESES

The integration of BC into AIS would become the potential for efficient and effective
accounting processes (Shyshkova, 2018). As such, the time delays would be com-
pletely eradicated with the support of BC (Potekhina & Riumkin, 2017). Based on
the arguments of Andersen (2016), the newly produced BC would be a reliable, dis-
tributed, and freely accessible ledger with low operating costs. Additionally, since
BC was clear about any software modifications, it would be difficult to change or
eliminate written accounting records (Potekhina & Riumkin, 2017). On the other
hand, it has been confirmed that Al techniques have significantly increased the
efficiency and efficacy of AIS by focusing on the understandability, reliability, and
comparability of outputs (Hashem & Alqatamin, 2021). Since the accuracy of AIS’s
outputs allowed organizational leaders to make efficient accounting and financial
decisions, integrating Al into the system would significantly reduce the percentage
of losses associated with giving incorrect and inaccurate accounting information
(Askary et al., 2018). Despite the notion that IoT will make the AIS much easier
to use (Lee, 2020), a lack of security in the IoT systems has unfortunately created
multiple opportunities for intrusions and hackers to access critical infrastructure
and sensitive data (Cao & Zhu, 2012). In light of this, BlockloTIntelligence would
enable distributed cloud storage to create a cutting-edge solution for a database
problem that increased the size of data from IoT applications (Singh et al., 2020).
Additionally, BlocklIoTIntelligence would provide the decentralized Al architecture
that was used for autonomous transactions in a secure, genuine manner that was also
supported by miners (Sharma et al., 2017). Additionally, by incorporating BC into
IoT, devices, and gateways could protect the data that was processed and stored at
the node (Singh et al., 2020). By enabling real-time accounting and reporting sys-
tems, the BlockIoTIntelligence would help the organizational AIS become effective
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and efficient and provide better decision-making tools. These studies served as the
impetus for the first hypothesis that was developed in the current study (Figure 1.1).

Hypothesis 1 (H1). BlockloTIntelligence evinces a substantially positive
influence on EAIS.

The use of BC would make risk management processes much more proactive, inte-
grated, and capable of identifying intangible hazards and supplying several layers of
defense (Kouhizadeh et al., 2020). Furthermore, its enhanced visibility made it pos-
sible to increase openness and guarantee the security and privacy of donations for
several operations (Khan et al., 2021). By stepping up information security (Kodym
et al., 2020), reducing information uncertainty in credit choices (Dashottar &
Srivastava, 2021), and enhancing cyber threat intelligence sharing platforms for risk
management, BC could obtain the role of risk management (Riesco et al., 2019). Al
algorithms could provide analytical capabilities for organizations to understand the
effects of risks (Bechtsis et al., 2021), release automated suggestions to minimize and
manage these risks (Larkin et al., 2021), respond quickly to the changing environ-
ment (Yang et al., 2021), and ascertain trends to inform policies (Johnson et al., 2021).
Moving on to IoT applications, these devices were used to collect a significant amount
of data in a centralized manner, which led to security and space issues (Jeong &
Park, 2019), despite the fact that the lack of an IoT cybersecurity risk management
paradigm would make it difficult for organizations to make wise decisions (Lee,
2020). Regarding this, the BlockloTIntelligence would produce the distribution and
decentralization method by using consensus protocols for scalability and security
(Singh et al., 2020). Alternately, the distributed cloud and intelligent storage, micro-
server, and smart contracts produced in the BlockIoTIntelligence would be utilized
to achieve secure authentication and validation (Singh et al., 2020). The assistance
of BlocklIoTIntelligence would simultaneously provide scripting code for encryption,
a hash function, a micro-server, and digital identification (Singh et al., 2020). By
doing this, the BlockloTIntelligence would enhance and intensify risk management
productivity in a long-term way. These studies served as the impetus for the second
hypothesis that was developed in the current study.

Hypothesis 2 (H2). BlockloTIntelligence evinces a substantially positive
impact on SRM.

The risk management process has been thought to require the consolidation and
translation of various datasets into heterogeneous formulations in order to per-
form complex financial supervision, manage poor visibility, and traceability dur-
ing operations, reduce discrepancies resulting from manual reporting, and govern
conflicting information in the absence of a central shared database. The success of
these methods has shown that they have a big impact on risk forecasting, planning,
and crisis management. Automated decision reinforcement mechanisms should
link stakeholders and management phases in order to reap the benefits of improved
information management. This will enable leaders to understand the information
and use it to support their decision-making (Comes et al., 2020). In certain cases,
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Effectiveness of
Accounting Information
System

H3

Sustainability Risk

BlockloTIntelligence
= Management

FIGURE 1.1 The hypothesized model.

gathering and storing data is no longer the problem; rather, it’s translating the
knowledge gleaned from digital data strings into insights and practical applications
(Gtinther et al., 2017). Numerous academic works have emphasized the impor-
tance of risk management, which has been spread through a variety of accounting
technologies and timelines, which together provide the basis for the others (Hall
et al., 2015). As a result, it affected how risk management was understood and used
(Rodriguez-Espindola et al., 2022). The methods and tools used in risk manage-
ment and accounting shape the temporal directions of factors. Surprisingly, it was
confirmed that the National Bank’s credit risk evaluation has been significantly
impacted by electronic AIS (AL-Masharfi & Matriano, 2022; Qudah, 2021). These
studies served as the impetus for the third hypothesis that was developed in the
current study.

Hypothesis 3 (H3). EAIS evinces a substantially positive impact on SRM.

4 METHODOLOGICAL APPROACH

4.1 RESEARCH DESIGN

This study made use of semi-structured interviews because, according to
DeJonckheere and Vaughn (2019), they enable open-ended data collection and the
discovery of new themes (Gray, 2014). To find the right groups of field informants,
purposive sampling was chosen. The focus of the current study was on PSO lead-
ers who could offer insightful commentary and in-depth knowledge about the per-
tinent topics from the perspectives of their individual organizations. The criteria
used to determine the interviewees’ options included managerial seniority, which
was intended to ensure that they had the necessary amount of decision-making
power, and at least ten years of work experience in the organizations they repre-
sented, which was intended to verify that they were actively involved in the design
of AIS. The current study solicited involvement from two overlapping groups of spe-
cialists. In addition, the group of BlockloTIntelligence experts included people who
were aware of the benefits of both SRM and BlockIoTIntelligence, while those who
made up the AIS experts had an awareness of both AIS and SRM’s advantages.
Eisenhardt (1989) suggested that the number of cases should vary between four and
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ten or until a suitable level of saturation was reached, at which point the data became
redundant. In relation to this, eight leaders of PSOs in South Vietnam were inter-
viewed. Remote phone calls were used to conduct these interviews between
November 2021 and February 2022. The many questions of this study tool were
formulated around all of the axes of the proposed model, building on the findings of
semi-structured interviews.

To ensure that the translation of the scale items was accurate, the English version
of the questionnaire was created, translated into Vietnamese, and then back into
English. This process could make it possible to confirm the consistency of the true
meaning of each item scale in the original questionnaires (Saunders et al., 2009).
Additionally, each item scale was contextualized based on expert opinion and suited
to the inherent traits of the target group. In order to eliminate ambiguous questions
from the questionnaire, pilot studies have been considered as an essential step before
the major data collection (Tay et al., 2020). As a result, 30 people with characteristics
resembling those of the survey group were asked to participate in the small-scale
pilot test. With the assistance of SPSS version 26.0, the collected data were examined
to determine the reliability of the items’ scale, and the results showed greater reli-
ability outcomes with Cronbach’s Alpha coefficients exceeding 0.7 (Mahmoud et al.,
2022). The final structured questionnaire was created and distributed because there
were no items that needed to be refined.

4.2 OPERATIONALIZATION OF VARIABLES FOR MEASUREMENT

BlockloTIntelligence. The first construct of BlockloTIntelligence encompassed six
components, namely Analytics Intelligence; Digital Identity; Distributed Cloud
Storage; Decentralization and Distribution; Authentication and Verification; and
Chain Structure which stemmed from the contribution of Singh et al. (2020).

Effectiveness of accounting information system. The first construct of EAIS
encompassed five ingredients, namely System quality; Information quality; Service
quality; and Process quality and Collaboration quality. Of these, System quality;
Information quality; and Service quality emanated from the findings of Ifinedo et al.
(2010). In the meanwhile, Process quality and Collaboration quality proceed from
the works of Urbach et al. (2010).

Sustainability risk management. The first construct of SRM included four ele-
ments, namely Sustainability risk assessment, Sustainability risk identification,
Sustainability risk analysis and evaluation, Sustainability risk treatment and com-
munication which arose from the contribution of Schulte and Knuts (2022).

Participants were required to indicate a pertinent choice on a seven-Likert scale
ranging from 1 for “vigorously disagree” to 7 for “vigorously agree” in order to
evaluate their thoughts on each measure.

4.3 SAMPLING PROCEDURE AND DATA COLLECTION

The participants in this study, which had PSOs as its main focus, were accoun-
tants. One argument in favor of this method stemmed from the fact that all orga-
nizational information and decision-making procedures were measured, disclosed,
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and warranted by accountants. A prerequisite for the favorable results would also be
accountants due to the progressive diffusion of digital technologies (Zybery & Rova,
2014). To ensure high survey participation, the questionnaire was also distributed in
person (Calvo-Porral & Pesqueira-Sanchez, 2022). The sample of the current study
was established on the basis of convenience and snowball sampling. The sample
size identified rested on the recommendations of Hair et al. (2019), which was 200
and higher as the volume of variables and the expected volume of variables gained.
However, Hinkin (1995) argued that the optimal sample size should range from 1:4 to
1:10 whilst Urbach and Ahlemann (2010) suggested on a sample size with 200-800
responses. The data collection process took place in the Southern regions of Vietnam
during the months of March 2022 and September 2022. All the responses suffered
from 10% of missing data would be eradicated. The final sample size left for analysis
covered with 723, with an 11.83% data loss rate.

4.4  STATISTICAL ANALYSIS AND CALCULATIONS

With the aid of SPSS version 26.0 and AMOS version 26.0, the proposed model was
examined. Using a two-stage structural equation modeling approach, this work was
built on the advice of Anderson and Gerbing (1988). As a result, the initial phase of
the inquiry concentrated on establishing the accuracy and validity of the measure-
ment model. In the second stage, the structural model as a whole was examined in
order to assess the overall model fit and hypothesized relationships using standard-
ized regression coefficients () and p-values.

5 RESULT ANALYSIS

5.1 STATISTICS FOR DEMOGRAPHIC VARIABLES

Predominantly, female respondents made up 73.44% of the total respondents, while
male respondents made up 36.56%. In terms of lifespan, those who were young to
mature (under 40) made up 80.22% of the total respondents, while those who were
middle-aged (40-50) and elderly (beyond 50) made up 17.70% and 2.07%, respec-
tively. When it comes to academic proficiency, practically all of the responders have
earned a graduate degree at the very least. The respondents had over ten years of
experience working as PSO accountants.

5.2 VALIDITY TEST OF THE MODEL

Based on the recommendations of Hair et al. (2022), the criteria employed for the
analyses included internal consistency, reliability of indicator, convergent validity as
well as discriminant validity.

Convergent validity substantially depicted how an indicator correlated with the
other of the same construct in a positive manner (Hair et al., 2022). The indicators with
the minimum criteria or threshold for factor loading were above the value of 0.6 and
served its goal (Hair et al., 2021; Oke et al., 2022). The Average Variance Extracted
(AVE) of 0.5 or greater satisfies the demands for convergent validity (Hair et al., 2022).
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The internal consistency of the model was evaluated through composite reliability
(CR) and Cronbach’s alpha. Both of these indicators could perform at a similar degree
for corroboration, fluctuating from O to 1, in which the scores closer to 1 illustrated
that the construct would become much more internally consistent. Accordingly, the
values over 0.7 would be the most fitting; nevertheless, for exploratory studies, the
values ranging from 0.6 to 0.7 were pondered acceptable (Hair et al., 2022).

On the basis of the outputs in Table 1.1, the measurement model in the cur-
rent research reached the perfect reliability, internal consistency, and convergent
validity.

When there are differences between the two constructs or variables, discriminant
validity is mentioned (Hair et al., 2021). The Fornell-Larcker criterion application
was determined to be the best method for evaluating discriminant validity. Fornell
and Larcker (1981) suggested that discriminant validity could only be reached when
the square root of AVE for each construct was greater than its greatest correlation with
any other constructs. Additionally, according to Kline (2015), all inter-construct cor-
relation values should be less than 0.85 or significantly different from 1.0 (Philips &
Bagozzi, 1986). All the constructs in the hypothesized model exposed discriminant
validity for the empirical data, because the correlation matrix shown in Table 1.2
satisfied these requirements.

Model Evaluation Criteria. The fitness between the hypothesized model and the
statistical data collected was commonly evaluated through a set of indexes, namely
the ratio of y? to its degree of freedom (y?/df), root mean square error of approxi-
mation (RMSEA), comparative fit index (CFI) and Tucker—Lewis index (TLI),
goodness-of-fit (GFI). On the basis of the outputs in Table 1.3, the measurement and
structural models in the current research were authenticated to impeccably fit the
procured data when all of the obtained indices evidently complied with the threshold
suggested by previous researchers.

5.3 CORRELATIONS AMONG THE CONSTRUCTS

Direct effect. The parameter estimates and outcomes of the model hypotheses were
presented in Table 1.4. More instrumentally, the impact of BlockloTIntelligence
(H1: B = 0.467; p < 0.001) illustrated a positive association with EAIS, while the
effect of BlockloTIntelligence (H2: B = 0.344; p < 0.05) underscored a markedly
positive interconnection with SRM. The interlink between EAIS and SRM (H3:
B = 0.577; p < 0.01) was staunchly supported. Consequently, H1, H2, H3, were
buttressed.

Mediating effect. According to Memon et al. (2018), a variable may be considered
a mediator when both the significance of the connections between the independent
variable and the mediating variable and the connections between the mediating vari-
able and the dependent variable have been established. In light of this, both the direct
and indirect effects were confirmed to have a significant impact, leading to partial
mediation (Cheung & Lau, 2007). Instead, where the indirect effect was strong com-
pared to the insignificant direct effect, the complete mediation was recorded. Based
on the results in Table 1.5, it was proven that EAIS served as a part-mediator in the
relationship between BlockloT Intelligence and SRM.



TABLE 1.1
Results summary of convergent validity and construct reliability
Convergent validity Construct reliability
Items Factor loadings Composite Discriminant
Constructs and operationalization (abbreviation) ranges AVE Cronbach’s alpha reliability validity

BlockloTIntelligence

Analytics intelligence ANI 0.743-0.846 0.607 0.854 0.857 Yes
Digital identity DII 0.805-0.878 0.707 0.874 0.875 Yes
Distributed cloud storage DCS 0.713-0.797 0.588 0.845 0.848 Yes
Decentralization and distribution DAD 0.818-0.852 0.692 0.864 0.867 Yes
Authentication and verification AAV 0.802-0.866 0.704 0.871 0.874 Yes
Chain structure CHS 0.819-0.879 0.727 0.885 0.822 Yes

Effectiveness of accounting information systems

System quality SYQ 0.789-0.883 0.690 0.865 0.866 Yes
Information quality INQ 0.825-0.904 0.752 0.855 0.856 Yes
Process quality PRQ 0.808-0.866 0.716 0.877 0.88 Yes
Collaboration quality COQ 0.827-0.876 0.738 0.886 0.891 Yes
Service quality SEQ 0.803-0.881 0.705 0.87 0.874 Yes
Sustainability risk management
Sustainability risk assessment SRA 0.697-0.815 0.615 0.859 0.861 Yes
Sustainability risk identification SRI 0.780-0.829 0.662 0.851 0.851 Yes
Sustainability risk analysis and evaluation SRAE 0.705-0.791 0.555 0.857 0.858 Yes
Sustainability risk treatment and SRTC 0.704-0.852 0.600 0.852 0.853 Yes
communication
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TABLE 1.2
Results summary of discriminant validity

SRAE
SRA
ANI
SRTC
DCS
CcoQ
CHS
DII
PRQ
AAV
SEQ
SYQ
DAD
SRA
INQ

SRAE

1
0.034

0.255
0.128
0.054
0.097
0.146
0.017
0.318
—-0.003
0.146
0.123
0.185
0.121
0.062

SRA

0.105
0.171
0.064
0.071
-0.010
-0.025
0.145
0.001
0.191
0.051
0.039
0.211
0.018

ANI

0.106
0.053
0.087
0.044
0.145
0.124
0.047
0.125
0.119
0.089
0.140
0.122

SRTC

0.184
—-0.005
0.076
—-0.008
0.108
0.041
0.047
0.070
0.011
0.147
0.070

DCS

—-0.003
0.123
0.034
0.034
0.136
0.013
0.045
0.227
0.075
0.015

coQ

0.065
0.076
0.150
0.047
0.228
0.136
0.025
0.043
0.095

CHS

0.021
0.078
0.226
0.124
-0.024
0.182
0.065
0.072

DIl

0.002
0.161
0.103
0.033
—-0.155
0.066
0.062

PRQ

0.059
0.013
0.209
0.069
0.067
0.160

AAV

0.113
0.133
0.152
-0.014
0.061

SEQ

0.110
0.112
-0.043
0.126

SYQ

0.079
0.089
0.232

DAD

1
0.011
—-0.020

SRA

1
0.067

INQ

1
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TABLE 1.3
Results of measurement and structural model analysis
The Parameter Parameter
goodness estimates of  estimates of
of fit Minimum measurement structural
measures cutoff model model Recommended by
Chi-square/df <2 1.822 1.929 Schumacker and Lomax (2016)
TLI >0.95 0.948 0.941 Schumacker and Lomax (2016)
CFI >0.95 0.945 0.944 Schumacker and Lomax (2016)
GFI 0.774 < x <£0.923 0.905 0.893 Motawa and Oladokun (2015)
RMSEA <0.05 0.034 0.036 Schumacker and Lomax (2016)
TABLE 1.4
Results summary of hypotheses acceptance
Hypothesis
No. Hypothesized path Standardized  S.E. C.R. Status
HI1 BlockloTIntelligence —  EAIS 0.467%%* 0.183  3.384 Buttressed
H2 BlockloTIntelligence — SRM 0.344* 0.139  2.143  Buttressed
H3 EAIS — SRM 0.577%%* 0.122 3.079 Buttressed

Notes: *p < 0.05; *%p < 0.01; *#¥p < 0.001.

TABLE 1.5
The outcomes of indirect effect analysis

Route of paths Direct effect Indirect effect Mediation
BlockloTIntelligence — EAIS — SRM 0.344%* 0.269%* Partial mediation

Notes: *p < 0.05; **p < 0.01.

6 CONCLUSION

The EAIS has been considered a requirement because it would ensure that all
management levels would have access to sufficient, appropriate, accurate, and timely
information for organizing and managing organizational operations (Khassawneh,
2014; Monteiro et al., 2021). The accounting system has been significantly impacted
by Industrie 4.0, in addition to industries and manufacturing firms (Salem et al.,
2021). More specifically, it has upgraded the AIS to a more sophisticated digital
system (Salem et al., 2021). Building on the perspectives of Moll and Yigitbasioglu
(2019), Al big data, cloud computing, and BC are all Internet-related technolo-
gies that will be prerequisites for accounting methods. Unfortunately, despite the
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fact that the IoT systems’ lack of security has given hackers and intruders multiple
opportunities to access sensitive data and critical infrastructure, making informed
decisions about IoT cybersecurity risk management would be incredibly challeng-
ing in the scarcity of a framework (Lee, 2020). In light of this, Singh et al. (2020)
argued that the architecture for the convergence of BC and Al for IoT is the effec-
tive and efficient solution to these problems. The target of this study is to offer an
understandable picture of how BlockloTIntelligence influences SRM. Additionally,
it makes an effort to provide in-depth insights into how the EAIS influences the con-
nection between BlockIoT Intelligence and SRM by acting as a mediating factor.
Through statistically large-scale response data obtained from convenient and snow-
ball samples of 723 informants within the PSOs, located in the Southern regions of
Vietnam, structural equation modeling was used to mathematically investigate the
theoretical model hypothesizing the connections between the aforementioned com-
ponents. The findings gathered throughout this experiment cast light on the potential
use of BlockIoTIntelligence in improving and intensifying the EAIS, which would
ultimately improve SRM. As a result, both theoretical value and practical signifi-
cance were produced by the current research.

6.1 THEORETICAL CONTRIBUTION

Steered by the burgeoning concerns of risk management in PSO (Ahmeti & Vladi,
2017), the current research set its sight on investigating the role of BlockloT Intelligence
on SRM in PSO with EAIS as a mediator. The geographical focus of this work was
set using PSOs in the Southern region of Vietnam as a cue.

Due to the IoT’s infancy and the dearth of a robust IoT literature (Gil-Garcia
et al.,, 2020), several academics have expanded their studies of the unresolved
research questions of BC for Al and Al for BC on IoT (Singh et al., 2020). This work
made a theoretically original addition by providing comprehensive insights into the
benefits of BlockloTIntelligence and the nature of the examined interdependencies
between BlockloT Intelligence and the other elements in the proposed model. Future
debates could make use of the relationship between BlockIoTIntelligence, SRM, and
EAIS as a jumping-off point. With the rapid advancement of technology and the digi-
tal age, research on AIS has become increasingly important, building on the ideas
of Monteiro & Cepéda ( 2021). The findings of this empirical study could provide
academic researchers with significant theoretical suggestions for additional research
on blockchain intelligence and EAIS in PSO in developing nations. Although there
have been several papers that have focused on the benefit of advanced technologies,
namely BC and Al on AIS, these investigations placed their concerns only on the indi-
vidual impacts of each advanced technology integrated into the AIS (i.e., Fullana &
Ruiz, 2021; Hashem & Algatamin, 2021; Sarwar et al., 2021). As this has been the
first research that linked BC, AI, and IoT in one frame and delved into this conver-
gence on EAIS, empirical findings were firmly to enrich the academia and AIS-
related literature. Secondly, the current study gave rise to an empirical structural
model, which substantiated that BlockloTIntelligence positively, significantly, and
directly influences SRM. In doing so, the obtained findings in this research bridged
the gaps in the literature concerning risk management in PSOs (Osborne & Brown,
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2011). Thirdly, this research was also deemed an endeavor to dig into the direct
impact of EAIS on SRM. The positive and direct interconnection between EAIS and
SRM in the current work totally contradicted the perceptions of Suzan et al. (2019)
who scrutinized that operational risk management illustrated a significant positive
influence on the EAIS. Last but not least, the current manuscript was a pioneer in the
study of EAIS’s mediating role in the relationship between BlockloTIntelligence and
SRM. The qualities of decentralization, authentication, smart contracts, immutabil-
ity, and safe data sharing (Singh et al., 2020) would lead to an improvement in the
AIS’s quality. These characteristics also created an incredibly vital change in organi-
zational risk management. In a nutshell, the implementation of BlockloTIntelligence
in AIS could enable the PSO to improve and develop SRM.

6.2 PRACTICAL IMPLICATION

The empirics of the current research would bring great benefit to policymakers and
practitioners. More instrumentally, the obtained findings would enable prioritizing the
practices suggesting that the leaders in PSO should place additional concentrations on
the implementation of BlocklotIntelligence to achieve enhanced AIS, and ultimately
succeed in SRM. Accordingly, leaders in PSO should be aware of the advantages of
modern information technologies and seek for efficient and effective solutions to facili-
tate the implementation of BlocklotIntelligence within all internal functions as well as
across organizational boundaries. Additionally, the leaders in PSOs were encouraged
to spend all endeavors to equally distribute the essential resources for improving and
developing information technologies infrastructure of the organization as well as carry
out the proper human resource management practices.

The outcomes of this study were also valuable for the leaders in PSOs to sense
and seize the role of BlocklotIntelligence in formulating the strategies to efficiently
and effectively revamp the risk management within their organizations and ulti-
mately achieve the SRM. Intriguingly, the current manuscript cast light on the role
of EAIS as a mediator between BlocklotIntelligence and SRM, and this observation
could generate a deeper insight for those who were in search of a newer solution for
addressing issues related to SRM. Succinctly put, the most paramount catalyst in
the organizational success of SRM by leveraging advanced information technologies
would be EAIS.

The results of this study were also anticipated to help policymakers and other
responsible organizations establish guidelines for the use of digital technologies
that would promote their widespread acceptance within PSOs. These findings also
enabled policymakers and governmental influencers to facilitate policies and strate-
gies in terms of risk management in PSO.

6.3 BOUNDARIES AND FURTHER OPPORTUNITIES

The observations in this research were limited by a number of caveats, which con-
structed a potential orientation for follow-up research. In the first place, the notable
shortcoming associated with literature restraint in the face of the SEM analyti-
cal method. Theory and literature have been critical facets of the SEM approach.
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Under this circumstance, the available literature has not been sufficient for the
investigation of this magnitude. Literature on BlockloTIntelligence, EAIS, and SRM
was found to be relatively restricted. Simultaneously, empirical investigations in
these areas were comparatively sparse. In the second place, the sample comprised
exclusively accountants in PSOs within the southern regions of Vietnam which might
seldom stand for the Vietnam context and become a complicated generalization
across various nations. In order to enhance additional valuable insights, follow-up
studies were recommended to be conducted on a national scale or to gather much
more evidence from other emerging markets and developed countries. In the third
place, statistical information was also obtained from a single respondent in each
PSO, which may have compromised the validity of the findings. To that end, indi-
viduals from the other organizational departments were recommended to be included
to generalize the findings. In the fourth place, stratified and quota sampling could
take the place of the convenience and snowball sampling strategy that was used in
this study’s data collection in order to produce results that are more understandable
and well-supported. Last but not least, the application of a cross-sectional design
restrained this research to snapshot perceptions. As such, longitudinal study designs
should be taken into consideration to implement in replicated studies
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2 Determining the liquidity
level of businesses
registered on the Polish
Stock exchange

Hasim Bagci and Ceyda Yerdelen Kaygin

1 INTRODUCTION

Stocks are financial instruments that assume a crucial task in the management,
valuation, and performance of companies besides providing the funds that compa-
nies need (Fang et al., 2009). For this reason, determining the liquidity levels of
companies’ stocks is very important in measuring financial performance (Kimondo
et al., 2016). As it is known, companies must have sufficient liquidity levels to ful-
fill their short-term financial obligations without default. This requirement can only
be achieved with the correct management of companies’ resources (Loncan and
Caldeira, 2014; Robinson et al., 2015).

Successful liquidity management of companies makes their activities sustainable
and is seen as a prerequisite for companies’ survival (Niresh, 2012; Madushanka and
Jathurika, 2018). Exchanges: They have two types of customer structures, companies
listing their shares and investors trading on the stock market (Macey and O’Hara,
1999). Liquidity in terms of stocks: Ease of converting investment into cash, mean-
ing that, represents the ability to purchase and sell stocks quickly and easily (Kaliski,
2007). In this context, the concept of liquidity can also be described as the ability
of a stock to become convertible into cash at the market price (Salehi et al., 2011).
The excess of liquidity is considered an indication that companies’ funds are limited
to liquid assets. While a low liquidity level is often considered a threat due to the
decrease in a company’s profitability and solvency, an adequate liquidity level is seen
as a margin of safety (Che et al., 2013; Ehiedu, 2014; Loncan and Caldeira, 2014;
Alshatti, 2015; Orshi, 2016; Akenga, 2017). The capability of a financial asset to be
converted from one form into another (Amihud et al., 2005) also provides ease of
trading securities (Ivanovi¢, 1997). Quick and easy purchasing and selling of securi-
ties make liquidity one of the main factors that investors take into account, as it is
effective in deciding whether or not to invest in securities.

The most important of the basic questions that investors face today is how to
measure liquidity, especially in emerging markets. In this context, four dimensions
of liquidity come to the fore: trading time, tightness, depth, and resiliency. Trading
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time: the capability to instantly execute the transaction at the current price; tightness:
the capability of an asset to be bought and sold at the exact price at the exact time;
depth: the capability of purchasing or selling the stock without affecting the prede-
termined price; while resiliency is known as the ability of the stock to purchase or
sell the asset with a few change over the predetermined price (Wyss, 2004).

The liquidity levels of companies are determined by their liquidity ratios.
Liquidity ratios are used to calculate companies’ ability to fulfill their short-term
obligations. Liquidity ratios are of great importance for both internal and external
analysts, as they are the financial ratios that are effective in determining the financial
performance of companies (Bhunia, 2010; Niresh, 2012). An optimal liquidity level
is thought to prevent financial problems such as financial distress or bankruptcy of
companies by preventing excessive borrowing. This study aims to assume that hav-
ing sufficient liquidity will increase financial performance for companies to evaluate
alternative business opportunities, reliability, and fulfill their obligations, and this
situation will positively affect profitability.

This research aims to detect the liquidity level of seven companies with high trad-
ing volume registered in the Polish Stock Exchange in accordance with the liquidity
ratios, and then to measure the liquidity performance of the enterprises with the help
of the weights of the three ratios.

2 LITERATURE REVIEW

Financial decision makers aim to use the company’s resources effectively and
efficiently, as well as to provide access to foreign resources with optimum cost.
Insufficient liquidity means insufficient capital (Vavrek et al., 2021). Working capital
(WC) is described as the difference between current assets and short-term liabili-
ties which indicates liquidity with its effects on both macroeconomic and microeco-
nomic performance (Fulford, 2015; Cretu et al., 2019). For this reason, it is accepted
as a crucial financial indicator that has an impact on the profitability of companies.

To ensure sustainable growth, companies should always determine the right WC
strategy (Zimon and Dankiewicz, 2020). WC management is a crucial part of cor-
porate finance as it directly influences the profitability and liquidity of the company
(Khan, 2017). Companies with a high level of WC are more prone to attain better
financial security (Deloof, 2003; Madhou et al., 2015), while the ones with a low
level of WC attain weaker financial security, while financial institutions and banks
lend more easily to companies with higher levels of WC they tend to give (Ivashina
and Scharfstein, 2010). Since even the smallest mistake made while determining the
WC may cause liquidity loss in companies, WC management should be meticulously
dealt with, especially during crises (Chang et al., 2019).

Liquidity is an indicator of a company’s access to cash and current assets (Zeller
etal., 1997). Liquidity assesses the company’s ability to offset cash outflows with suf-
ficient cash inflows and its capacity to cope with unexpected circumstances (Doina
and Mircea, 2008). Lack of liquidity has both indirect and direct effects on capital
costs (Benson et al., 2015). Effective liquidity management not only ensures the sur-
vival of companies but also enables companies to attain higher profits by mitigating
input needs. In addition, effective liquidity management offers strategic advantages
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to companies in times of economic distress (Veronika et al., 2014). In many studies in
the literature, it has been emphasized that determining the optimal liquidity level of
companies in financial planning plays a vital role for companies (Afrifa and Padachi,
2016; Vukovi€ et al., 2017; Martinho, 2022). In order to achieve optimal liquidity, it
is mandatory to maintain an appropriate liquidity level (Zainudin et al., 2019). The
role of liquidity ratios is very important in calculating financial distress forecast per-
formance (Kapounek et al., 2022).

A positive impact of liquidity on expected returns is also effective in portfo-
lio creation, diversification, and investment strategies. For this reason, liquid-
ity is an issue that should be considered as a systematic factor, not as a feature
in pricing and risk models (Bradrania and Peat, 2014). Investors learn about the
liquidity management of companies by estimating future cash flows and returns
to determine the value of stocks and investments and to decide when to purchase
and sell (Zamanpour and Bozorgmehrian, 2012). Research on corporate liquidity
management generally aims to compare companies with low high and liquidity.
However, determining the relationships between liquidity management and real
variables allows the significance of the subject to be better understood (Almeida
et al., 2014). Dittmar and Mahrt-Smith (2007) found that companies with weaker
corporate governance (CG) utilize cash faster than the ones with more substantial
governance. Harford et al., (2008) focused on CG impacts on companies’ cash
assets. It was found that companies with frailer CG structures had a lower amount
of cash reserves. Huang (2003) emphasized that investors may need a high liquid-
ity premium when faced with liquidity shocks and forced to borrow against their
future income. Companies are motivated for several reasons to keep a certain
amount of liquid balance. Information asymmetries among companies and capital
markets are essential precautionary reasons for the demand for corporate liquidity
(Bruinshoofd and Kool, 2004; Isshaq and Bokpin, 2009).

As it is known, businesses generally tend to hold cash for transactional, specu-
lative, and prudential purposes. Transactional cash holding companies guarantee
daily purchases. In other words, the transaction motive is the situation in which
companies hold cash for their daily operational activities (Amess et al., 2015). In
such a case, the higher the company’s revenues, the more companies can benefit
from these revenues (Reilly and Brown, 2011). Dittmar and Mahrt-Smith (2007)
suggested that optimal cash holding for transactions can support companies under-
taking these activities without incurring outsourcing costs and liquidating assets.
Speculative cash handling is the tendency of companies to maintain liquidity with
the expectation of financial benefits in some periods. Denis and Sibilkov (2009)
suggested that the speculative motive allowed companies to exploit future invest-
ments that may be omitted due to cash shortages. As companies’ investments get
even more speculative, they are expected to assume higher credit risk, and financial
performance will be affected in case of default (Elnahas et al., 2017). According
to Akhtar et al. (2018), precautionary cash holdings are companies’ self-insurance
in the presence of unexpected expenses or adverse circumstances in the future. In
other words, the biggest incentive to hold cash for need is increasingly perceived
uncertainty and insecurity. Al-Najjar (2013) observed that liquidation costs were
quite lower compared to other assets. Therefore, companies with higher amounts
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of liquid assets are less prone to holding cash. Palazzo (2012) developed a model
suggesting that riskier companies were prone to holding higher amounts of cash
due to precautionary saving purposes, as they attain higher correlations between
aggregate shocks and cash flows.

Gopalan et al. (2012) stated that a liquid asset could quickly become convert-
ible into cash at a lower cost. Companies with high liquidity levels could quickly
convert their assets into cash and fulfill short-term liabilities. Liquidity determined
their capability to offset cash outflows with a sufficient level of cash inflows and
their capability to withstand unexpected circumstances (Doina and Mircea, 2008).
Nejadmalayeri (2021) found that companies with higher amounts of fixed assets
encounter lower risk premiums, given the company’s asset structure, asset liquidity,
and cash holding ratio, which are closely related to business risk. Nikolaou (2009)
emphasized that the main reason for liquidity risk involved the presence of incom-
plete markets and information asymmetry. Diamond and Verrecchia (1991) stated
that to mitigate information asymmetry, a company could increase liquidity for its
securities, resulting in a lower cost of capital. According to Chen et al. (2021) liquid-
ity risk is not only a symptom of bankruptcy problems of banks; they concluded that
banking crises also have an effect on bank performance.

Umar and Sun (2016) found that capital was not a unique determinant for liquid-
ity, but stock liquidity was also effective. A company’s illiquidity can cause financial
distress if the company lacks external financing (Davydenko, 2013; Amoa-Gyarteng,
2019). Ng et al. (2013) found that liquidity was a driver of returns made in the short
and long run for companies. Zamanpour and Bozorgmehrian (2012) determined
that liquidity management had an affirmative and significant association with ROA
and ROE, which are also called profitability indices, and they revealed that compa-
nies’ liquidity management could considerably have a great impact on stock returns.
Increasing the WC (Alifiah, 2013) and reducing the total debt (Parker et al., 2011)
is an important issue in order to create a buffer in case of bankruptcy and declin-
ing profits that may put the company in financial distress. Amoa-Gyarteng deter-
mined that a company in financial distress in 2019 has a tendency to decrease in
retained earnings, profits before interest and tax, and current assets (Davydenko,
2013; Amoa-Gyarteng, 2019).

A company is likely to default on its debts when its loans become due, trigger-
ing the company’s liquidity problems (Nomani and Azam, 2020). Rating triggers
are a kind of debt agreement that obliges the borrower to keep his or her credit
rating higher than a definite rating threshold and aims to secure the lender’s receiv-
ables from the creditor in the event of a downgrade. Although ratings lower the
borrowing costs, once activated, they aggravate borrowers’ liquidity needs when
credit risk is high and increase the probability of borrower default (Parmeggiani,
2013). Lartey et al. (2013) detected a significant association between liquidity and
profitability. Decreased liquidity levels can be seen as a harbinger of an increased
probability of financial distress. Saleem and Rehman, in their 2011 study,
found that companies’ profitability and liquidity ratios would have been highly
related and that liquidity affects profitability. The increase in total assets, profit
before interest and tax, and WC lead to low-profit margins, low asset efficiency,
and illiquidity (Amoa-Gyarteng, 2019). It was emphasized that liquidity has
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positive statistical effects on financial performance (Amal et al., 2012). Corporate
bankruptcy not only harms the company entirely but also imposes a consequential
cost on company managers (Eckbo, et al., 2016). A largely debt-financed com-
pany provides less financial security to creditors in the case of bankruptcy (Moyer
et al., 2005). When the literature on liquidity is explicated, it is noticed that it is
discussed under various headings such as WC, optimal liquidity level, corporate
liquidity management, liquidity risk premium, liquidity shocks, and financial dis-
tress. In this context, the determination of the liquidity levels of companies on a
company-by-year basis in the research can be considered as an evaluation crite-
rion by financial information users.

3 PROPOSED WORK

The purpose, scope, limitations, data collection techniques, and methods of the
research are discussed under separate headings in this part.

3.1 PURPOSE, SCOPE, AND LIMITATIONS OF THE STUDY

The purpose of the study is to detect the liquidity levels of seven companies with high
trading volume registered in the Polish Stock Exchange and to measure the liquid-
ity performance in line with the determined levels. To determine the liquidity level,
liquidity ratios are used. Although ten years of data were reached in the research,
since the year interval in which the liquidity ratios are regularly published within
the last five years, the time frame of the sample used consists of five years covering
the years 2018-2022. In addition, although there were 12 companies whose data
could be accessed in the study, three companies that did not publish their liquidity
ratios and two companies with missing data were excluded from the scope and seven
companies were analyzed. Seven companies constituting the sample of the research;
Projekt, Polsat, Jastrzebska, Orange Polska, PGE Polska, Polskie, and Powszechny
Zaklad enterprises. The liquidity levels of these enterprises were determined and
their five-year liquidity performance rankings were made. Apart from the main
purpose of the study, there are also secondary objectives. These are the calculated
liquidity performances to measure its effect on the Altman Z Score, which shows
ROA, ROE, ROC, and financial failure.

3.2 DATA COLLECTION TECHNIQUES

The data of the research were accessed from the website investing.com (InvestingPro,
2022: https://www.investing.com/pro/watchlist). Since the research data are ready-
made, the secondary data set was used.

3.3 RESEARCH METHOD

In the research, multi-criteria decision-making methods were used to calculate the
liquidity level. First, the SD method, also known as “Standard Deviation”, was used
to figure out the degree of significance of liquidity ratios. Since the SD method is an


https://investing.com
https://www.investing.com

Businesses registered on the Polish stock exchange 27

objective method, it eliminates any subjective interpretation. The weight of liquidity
ratios was determined in the research using the SD method. Then, the MAIRCA
method was employed to measure liquidity performance. MAIRCA is also an objec-
tive method, and as a result of this method, companies are ranked in periods deter-
mined according to their liquidity performance.

After the measurements were made for the main purpose of the research, the
liquidity performance levels were determined. Panel data analysis was conducted to
measure the effect of liquidity performance on ROA, ROE, ROC, and financial fail-
ure. Dependent and independent variables were determined by panel data analysis
and the effect of liquidity performance on four determined variables was measured
using panel regression analysis.

3.3.1 SD method

SD Method is a technique known as standard deviation. In this technique, by detect-
ing the deviation of the variables from the mean, it is determined how much each
variable deviates from the mean of the whole dataset. It is an objective evaluation
method that is completely objective. In the SD method, the criteria weights are found
with the help of their standard deviations.

The SD Method consists of three stages. First, a decision matrix is created
from the dataset. In the second stage, the decision matrix is standardized. The
purpose of standardization is to bring together every data with different values in
a common value range. The standardization process is shown with formulas (2.1)
and (2.2).

min

Xii — X 3 . . .
L= W, i=1,2,...,m; j=1,2,...,n(for benefit criteria) 2.1
] ]
max
p= TR g mrj=1,2 n (for cost criteria) 2.2)
l_l Xmax_ l:nin’ b 9 ey ’J b 9 ey .

J ]

The standardization process seen in formula (2.1) is formulated for benefit items,
while that shown in formula (2.2) is formulated for cost items. In addition, in the
equation shown with formulas (2.1) and (2.2), “m” indicates alternatives, and “n”
indicates evaluation criteria. The third stage is to estimate the criteria weights. At
that stage, according to the standardized data, the process of determining which
variable is important and how much weight is applied. This process is done with the
formula number (2.3).

Oj

(j=L2,...m) (2.3)

W;: =

] n

Sa,

k=1

In formula (2.3), the weight of each variable is estimated by dividing the standard
deviation of each variable by the standard deviation of the total dataset. These calcu-
lated weights were used in the next method (Diakoulaki et al., 1995).
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3.3.2  MAIRCA method

Multi Attributive Ideal-Real Comparative Analysis (MAIRCA) Technique is one of
the current methods developed by Gigovic et al. (2016). The main purpose of the
method involves calculating the gap values between the criteria and determining the
most ideal alternative in the final stage, and the society prefers the alternative with
the lowest gap value (Pamucar et al., 2018).

The MAIRCA method consists of seven stages (Pamucar et al., 2018):

Step 1: Creating the decision matrix

It is seen in matrix number (2.4).

X1 X12 Xin
X21 X22 X2n

X=|: . . 24
Xml Xm2 Xmn

Step 2: Identifying alternative priorities

Prioritizing alternatives is up to the decision maker. If the decision maker is neu-
tral, there is no priority among the alternatives, and thus the priority is calculated by
dividing the number of alternatives, m. This calculation is seen in formula number
(2.5). Also, the sum of all priorities must equal 1.

PAi = 1/m @.5)

Step 3: Creating a theoretical rating matrix

Weights and priorities are used in this calculation. The matrix is created by mul-
tiplying the weights with the priorities and if the priorities are equal, the matrix
consists of a single row.

W, W, v W,
Pyiw, Pyw, Pyw,
2.6
Prow, Py,w, Pyow, (2.6)
Tp = . . .
PynW, PymW» PynW,

Step 4: Generating the actual rating matrix
At this stage, formula (2.7) is utilized for positive criteria and formula (2.8) is
utilized for negative criteria, and a new matrix is created.

i = Ui ( e J 7

ij — Xjj

—x*

Xg - Xij
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Step 5: Creating the total gap matrix

At this stage, a new matrix is established by taking the difference between the
matrices used in the 3rd and 4th stages, and this matrix is called the total gap matrix
which is found by subtracting the actual rating matrix from the theoretical rating
matrix and is seen in matrix (2.10).

& =ty — tw, 85 €[ 0, ) 2.9)
gu g2 8B

G=T,-T,=| % &= 7 & (2.10)
Emi  8m2 Zmn

Step 6: Calculation of the final criterion functions of the alternatives (Qi)
The total gap matrix of the alternatives is taken as a basis and the scores are found
by summing the rows of each alternative in the gap matrix.

Q, ZZgij,iZI,Z,...,m @.11)
=

Step 7: Identifying the best alternative

In the last stage, according to the Qi scores determined by the formula number
(2.11), the lowest final criterion is designated as the best alternative and the ranking
is made from smallest to largest.

4 RESULTS AND DISCUSSION

The study consists of seven companies covering the five-year time frame between
2018 and 2022. First of all, the liquidity levels of seven companies were determined
using the SD method and are shown in Table 2.1.

According to the SD scores seen in Table 2.1;

e In 2018, the most important liquidity ratio was the cash ratio with approxi-
mately 34%, whereas other indicators followed it with 33% and 32%.

e In 2019, the most important liquidity level was the cash ratio with 36.5%,
whereas other indicators were listed at 32% and 31%.

e In 2020, unlike other years, the current ratio ranked first at 33.6%, the cash
ratio ranked second at 33.5%, and the acid-test ratio ranked last at 32.7%.

e Similar to 2018 and 2019, the cash ratio ranked first at 34.8% in 2021,
whereas other indicators ranked at 33% and 32%.

e In 2022, the cash ratio ranked first at 35%, followed by the acid-test ratio
and current ratio at 33% and 31%, respectively.

The most important liquidity indicator for the seven companies registered in the
Polish Stock Exchange is the cash ratio, which is determined by the SD method
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TABLE 2.1

SD scores

Years/indicators Current ratio Quick ratio Cash ratio
2018 0.32401586 0.333390001 0.342594139
2019 0.310321327 0.323900511 0.365778163
2020 0.336881824 0.32760137 0.335516807
2021 0.320237381 0.331309159 0.34845346
2022 0.316529495 0.331017171 0.352453334

scores. Only in 2020, the current rate ranked first. The main reason for this is the
harsh impact of the COVID-19 pandemic on the world financial markets in 2020.
The reason why the cash ratio is the most important indicator in other years is that
the determined companies attach great importance to the level of cash they have in
order to experience the liquidity problem at a minimum level.

In the second part of the study, using the liquidity levels determined, the liquidity
scores of seven companies were created in a five-year period and the companies were
ranked according to their liquidity performances according to these scores.

In order to make the ranking, the MAIRCA method was preferred.

Table 2.2 contains the MAIRCA scores (Qi) for the years 2018—-2022. While deter-
mining these scores, the criteria weights determined by the SD method were used.
While sorting in the MAIRCA technique, the operation of the system is from small
to large. Therefore, the best-performing business is the one with the lowest score.
According to the results; in the five years between 2018 and 2022, the company with
the best liquidity performance is Projekt, while the company with the lowest liquidity
performance is Powszechny Zaklad. This result is due to the fact that Projekt’s cash
level is higher than other companies.

After the analyses were conducted according to the main aims of the study, the sit-
uation of the sub-purpose of the research was determined and the five-year observa-
tion value of seven enterprises was examined while the liquidity performance scores
of five years were created and the research model number (2.12) was established to
observe the effects of ROA, ROE, ROC, and financial failure on the liquidity level.

Liquidity Scores(LS) = B0it +Blit (ROA ) + B2it (ROE ) + 3it (ROC) + (2.12)

B4it Altman Z Score (AZS) +pit

The hypotheses of the research model are;

HO: ROA has no effect on liquidity scores.
H1: ROA has an impact on liquidity scores.
H2: ROE has no effect on liquidity scores.
H3: ROE has an impact on liquidity scores.
H4: ROC has no effect on liquidity scores.
H5: ROC has an impact on liquidity scores.
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TABLE 2.2
MAIRCA scores

Firms/scores

Projekt

Orange Polska
Jastrzebska

Polskie

Polsat

PGE Polska
Powszechny Zaklad

Projekt

Polskie

Jastrzebska

PGE Polska

Polsat

Orange Polska
Powszechny Zaklad

Projekt

Polskie

Polsat

Jastrzebska

PGE Polska
Orange Polska
Powszechny Zaklad

Projekt

Polsat

PGE Polska
Jastrzebska

Polskie

Orange Polska
Powszechny Zaklad

Projekt

Polsat

Jastrzebska

Polskie

PGE Polska
Orange Polska
Powszechny Zaklad

Qi

Year 2018
0

0.124628372
0.13073442
0.131171971
0.137710941
0.137788907
0.14161586

Year 2019
0

0.101184282
0.11236971
0.115997023
0.118173179
0.119246475
0.142857143

Year 2020
0

0.063989003
0.11364412
0.113804322
0.115983441
0.134089877
0.142324576

Year 2021
0

0.114676064
0.125228448
0.126005606
0.126112916
0.128829081
0.142857143

Year 2022
0

0.11605302
0.116987386
0.126465837
0.129492572
0.13086951
0.142857143

Ranking

~N O R W N = ~N N R WD = ~N N R WY = ~N N R WD =

~N N R WD =
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H6: AZS has no effect on liquidity scores.
H7: AZS has an impact on liquidity scores.

Four of the established hypotheses are negative hypotheses and four are positive
hypotheses. Therefore, the effects of ROA, ROE, ROC, and AZS on liquidity scores
were measured using panel regression analysis. Descriptive statistics results of the
panel dataset used before panel regression analysis are given below.

According to Table 2.3, there are five variables in the research model, namely LS,
ROA, ROE, ROC, and AZS, while the LS variable is the dependent variable, and the
ROA, ROE, ROC, and AZS variables are the independent variables. In the descrip-
tive statistics table, since seven companies belonging to five years were examined,
there are 35 observation values. The panel regression analysis results for the vari-
ables summarized in the descriptive statistics table are presented below (Table 2.4).

TABLE 2.3
Descriptive statistics
Standard

Variables Observations Mean deviation Minimum Maximum
LS 35 0.0938267 0.0422908 0 0.1416159
ROA 35 0.0642286 0.0944822 —-0.103 0.494
ROE 35 0.1194 0.1349654 -0.19 0.636
ROC 35 0.1115143 0.1062205 -0.14 0.491
AZS 35 6.537143 4.233972 -0.8 16.9
TABLE 2.4
Panel regression results

Group indicator: Firms

Number of observed: 35

Number of groups: 7

Correlate (u_i, Xb): 0.000

Prob: 0.0000

R square: 0.8048
LS Coefficient ~ Standard z P> |z| 95% confidence interval

error Minimum  Maximum

ROA —-0.2020474  0.1763728 -1.15 0.252 -0.5747316 0.1436369
ROE 0.1129496  0.1118556 1.01 0.313 —0.1062833 0.3321825
ROC 0.0127539  0.0781124 0.16 0.870 —0.1403435 0.1658514
AZS —0.0062893  0.0016159 -3.89 0.000 —-0.0094563 —-0.0031222
Constant 0.1330094  0.0130405 10.20 0.000 0.1074505 0.1585683

sigma_u: 0.1099623
sigma_e: 0.1707359
rho: 0.29318574
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Accordingly, the established research model is found to be meaningful. Because
the probability value is less than 5%. In addition, when the R? result of the model is
examined, it is seen that it is about 80%, and this result shows that the explanation per-
centage of the model is high. However, according to the results showing the effects of
liquidity scores on other indicators, no significant association was detected between
liquidity scores and ROA, ROE, and ROC. A significant association was detected
between liquidity scores and AZS, which denotes financial failure. The direction
of this relationship seems negative. However, since the MAIRCA technique, which
measures the liquidity score, performs the performance ranking from small to large,
regression analysis was performed according to these scores. Therefore, the direc-
tion of the relationship between them is actually positive. In other words, the higher
the Altman Z Score and the more successful the companies, the higher the liquidity
level. In order for businesses to be successful at Altman Z Score, the Z Score value
must be greater than 3. For this reason, businesses with an Altman Z Score of more
than 3 are both financially successful and have high liquidity levels. Furthermore, it
was observed that the business success increased the liquidity level by 0.6% for the
determined sample group.

5 CONCLUSION AND FUTURE WORK

Businesses need funds at every stage of their life cycle. It may not always be pos-
sible for a business to access the funds it needs from external sources, both in the
establishment phase and in its survival and development. For this reason, it is very
important for businesses to have both sufficient capital and sufficient liquidity to
evaluate business opportunities and grow. The borrowing ratio and repayment power
are issues that should be considered in obtaining the funds that businesses need from
external sources. As it is known, the tendency to borrow due to lack of liquidity
can cause businesses to experience financial difficulties or even bankruptcy. In this
context, the research was built on two purposes. Trying to determine the probabil-
ity of encountering financial distress by using the liquidity scores calculated on the
basis of the liquidity ratios of the enterprises and the Altman Z Score can provide an
opportunity to predict whether the enterprises are sustainable. Excessive borrowing
can be detrimental to a company and its investors. An uncontrolled level of debt can
cause the company to go bankrupt. The insufficient liquidity level of a company can
have a negative impact on its financial performance due to its failure to implement
its operating plans. Financial performance is important because it gives information
about the current financial status of enterprises. Financial performance evaluation
is a concept that should be considered by users of financial information in terms of
making investment plans for the future, apart from revealing the current situation.
The purpose of the study is to determine the liquidity level of publicly traded
enterprises in Poland and to rank these enterprises according to their liquidity per-
formance. In addition, the sub-purpose of the study is the aim is to determine the
effect of the determined liquidity scores on ROA, ROE, ROC, and Altman Z Score.
In order to make these determinations, five-year data of seven companies traded
in the Polish Stock Exchange, between 2018 and 2022, was used. Three different
methods were used. In the research, the SD method was used to find the weight
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of the liquidity ratios, and the MAIRCA technique was used to rank the liquidity
performance. Panel regression analysis was performed to measure the impact of
other variables on liquidity.

The findings obtained from the study: according to SD scores, the most important
liquidity indicator is usually the cash ratio. The main reason for this is to keep the
cash level high in order to minimize the liquidity problem of the enterprises. In the
MAIRCA technique, which is another method, seven enterprises are ranked accord-
ing to their liquidity performances as per the importance levels of their liquidity
ratios, and Projekt firm has been determined as the firm with the highest liquidity
level. Then, according to the results of the panel regression analysis used to measure
the impact of ROA, ROE, ROC, and Altman Z Scores on liquidity scores, the panel
regression model established at a 95% confidence interval was significant and the
explanatory power of the model was found to be 80%. However, while no significant
relationship was found between dependent variable liquidity scores and ROA, ROE,
and ROC, a significant association was found between liquidity scores and AZS. The
direction of this relationship is positive. Therefore, as the AZS value increases, that
is, as the companies become successful, the liquidity level also increases. In other
words, it has been suggested that successful businesses have high liquidity levels.

The importance of the financial success of enterprises in the development of sus-
tainable economic growth policies of countries is an issue that draws attention day by
day in many different aspects, especially in the commercial activity cycle and employ-
ment. Considering the financial success and liquidity levels of the enterprises together,
the fact that a significant association exists between financial success and liquidity
highlights the importance of policymakers’ need to focus on this issue sensitively.

The results obtained from the research are the sample that is limited to five years,
three liquidity ratios, and seven companies. In order to spread the results more gener-
ally, the research should be supported by analyzing different data from Poland with
many mathematical, statistical, and econometric methods.
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1 INTRODUCTION

1.1  THEORETICAL BACKGROUND

Reporting is the main tool for presenting information to stakeholders. The preparation
of the annual report is subject to various accounting rules, aimed at generating
reports of adequate quality. Determining the quality and quantitative scope of the
presented information in corporate reporting should be considered as inspiring pub-
lic confidence and is not easy. However, it is very much needed because access to
such information is recognized worldwide as the basis for value creation (DiPiazza,
Eccles, 2002, p. 3) and the basis for gaining trust in reliability and comprehensibility.
Stakeholders assess the risk of the firm’s activities by referencing financial informa-
tion, and thus having high-quality information is valuable to them, as it reduces the
risk of wrong decisions and should lower the information asymmetry component of
the firm’s cost of capital (Leuz, Verrecchia, 2000, p. 91). Risk information appears
to be useful to stakeholders, and there is no financial report dedicated to this issue
alone. In the study, the quality category, in particular reporting comprehensiveness,
is examined concerning the risk of financial assets.

The research is therefore organized around the need for information and the origi-
nality of the research model.

The goals of this study are:

- The analysis of the quality components of financial statements in the
literature,

- Developing a reporting comprehensiveness concept about the disclosures on
the risk of financial assets as a quality component of financial statements,

- Examining the reporting comprehensiveness about the risk of finan-
cial assets on a sample of Polish companies listed on the Warsaw Stock
Exchange,
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- Examining the correlation between the reporting comprehensiveness about
the risk of financial assets and the value of the company calculated with
accounting methods.

The methodology of examining a reporting comprehensiveness about the risk of
financial assets will be based on an original model, which will then be used to audit
the reporting presented by Polish listed companies in 2018-2021. The reporting
comprehensiveness model about the risk of financial assets will include three main
components: The complexity of reporting about the risk of financial assets; the trans-
parency of reporting about the risk of financial assets; and the volume of reporting
about the risk of financial assets.

Scoring for the audited enterprises will be awarded based on the individual judg-
ment of the researchers. The scoring on the risk of financial assets created, thanks to
the original model, will be used to test the correlation relationships (Spearman’s rank
correlation) with the value of the company established with accounting measures.

1.2 COMPREHENSIVENESS AS A QUALITATIVE
CHARACTERISTIC OF FINANCIAL STATEMENTS

The literature has defined the quality of financial reporting as the extent to which finan-
cial statements provide information useful in making investment decisions (Schipper,
Vincent, 2003, p. 98). Plato defined quality as a “degree of perfection,” Aristotle, on the
other hand, referred to a universal cognitive category that distinguishes objects from
each other or determines their similarity (Hamrol, 2005, p. 17). Therefore, from the
point of view of accounting, which is the concept of a universal information system as
well as control, quality can be perceived as a degree of utility through the financial and
non-financial benefits it brings. Appropriate information presented in financial state-
ments should cover what users need to know to assess a company’s value and make
correct decisions (Tibiletti et al., 2021, p. 57). Furthermore, according to Hairston and
Brooks (2019, p. 84), the quality of financial reporting requires financial information
to be appropriate and be faithfully presented in financial statements to improve the
decision-making usefulness of this information for investors and creditors. Schipper
and Vincent (2003) considered that the most important characteristic of the quality of
financial information is its usefulness for stakeholder decision-making. They also pre-
sumed that utility, in line with the main objective of the requirements of accounting
standards, should be supported by relevance, reliability, and comparability (Schipper,
Vincent, 2003, p. 103). Relevance and accurate presentation are also cited as impor-
tant qualities of the quality of financial information under the Conceptual Framework
for Financial Reporting (www2, p. 14), as they help investors make optimal decisions.
Four characteristics that are normative preconditions required for the government’s
financial statements to meet the desired quality — relevance, reliability, comparability,
and understandability — are also highlighted by Dewi et al. (2019). An organization’s
financial statements are of high quality when they have all the characteristics resulting
from fundamental accounting principles, i.e., the true and fair view principle, accrual
principle, materiality, prohibition of offsetting, matching revenues and expenses, pru-
dent valuation, going concern, continuity, and substance over form. According to IFRS,
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qualitative characteristics of financial statements are such elements that characterize
them that make the data included in them useful for external recipients. Fundamental
qualitative characteristics are therefore usefulness and faithful presentation, while auxil-
iary characteristics include relevance, completeness, neutrality, faultlessness, predictive
value, confirmatory value, as well as comparability, timeliness, verifiability, and under-
standability. Similar features should also be characteristic of non-financial statements
(Ferens, 2019). The qualitative characteristics of financial statements are presented in
Figure 3.1.

The authors assume that, in addition to the characteristics mentioned making
up the substance of the presented information, the report quality category should
include characteristics that make up the proper reception of information (supporting
the comprehensibility characteristics), which can be generally called non-substantive
and is examined in this study. Therefore, the study does not examine the content of
the information on the risk of financial assets, and consequently, also the issues of
whether the presented information on the risk of financial assets is beneficial for the
enterprise or not (whether it reflects well on it or not). The authors introduce a model
to assess the reporting comprehensiveness of the financial asset risk, which will
include three main components: The complexity of reporting on the risk of financial
assets; the transparency of reporting on the risk of financial assets; and the volume of
reporting on the risk of financial assets.

The model is described in detail in Section 3 of this study. This model was
employed to analyze the reports of companies listed on the Warsaw Stock Exchange in

Purpose of financial report

Usefulness

Key quality characteristics

| Relevance | | True and Fair View |

Auxiliary characteristics

| Predictive Value | | Completeness |
| Confirmatory Value | | Impartiality |
| Materiality | | Faultlessness |

Enriching quality characteristics

| Comparability | | Verifiability |

Timeliness Understandability, including
comprehensiveness

FIGURE 3.1 Qualitative characteristics of financial statements.

Source: Own study based on: International Financial Reporting Standards (IFRS
2013), Accountants Association in Poland, Warsaw, 2014, pp. 42-46; Piosik, A. (ed.),
Ksztattowanie zyskéw podmiotéw sprawozdawczych w Polsce. MSR/MSSF a ustawa o
rachunkowosci, C.H. Beck, Warszawa, 2013, p. 37.
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2018-2021 and to test the correlation with the company value (Section 4), calculated
with accounting measures.

1.3 THE CONCEPT OF FINANCIAL ASSET RISK IN REPORTING

The risk of financial assets is the probability of a change in the value of financial
assets, considered in terms of threats (sources) of these circumstances (finan-
cial assets are understood as investments held, resulting from a contracted financial
instrument). There are many classifications of risk, the study adopts the classification
contained in IFRS 7, which is presented in Table 3.1.

The risk of financial assets is reflected in the balance sheet by changing the
value of assets (write-downs) or creating/releasing provisions (Dratwiniska-Kania,
2016). The effects of the financial asset risk are reflected in the comprehensive
income statement as financial costs or financial income. Moreover, the risk should
be described in explanatory notes and the non-financial report (Dratwiriska-Kania,
2015, pp. 41-48).

IFRS 7 requires disclosure of the nature and extent of the risks arising from finan-
cial instruments to which the entity is exposed during the period involved and at
the end of the reporting period, as well as how to manage these risks. This standard
requires the so-called sensitivity analysis of the enterprise’s exposure to market risk,
related to the financial instruments held. Risk disclosures should be both qualitative
and quantitative. Qualitative disclosures relate to the description of risk management

TABLE 3.1

IFRS 7 risk classification

Credit risk The risk that one party will default, and the other party will suffer a loss as a
result — also applies to financial assets, which are examined.

Liquidity risk The risk that the company will encounter difficulties in meeting its
obligations — does not apply directly to financial assets, it is not examined.

Market risk The risk of changes in the fair value of a financial instrument caused by

- currency risk market factors — which also applies to financial assets, is examined.

- interest rate risk The risk that the value or future cash flows of a financial instrument will

- other price risks fluctuate due to changes in currency exchange rates.

The risk that the value of a financial instrument or the related future cash
flows will fluctuate due to changes in market interest rates.

The risk that the value of a financial instrument or the related future cash
flows will fluctuate due to changes in market prices caused by factors
specific to individual instruments or their issuers, or by factors affecting all
instruments traded on the market.

Other risks, e.g., Of the mentioned types of risk, the operational risk may relate to financial
operational, strategic, assets — this is the risk of loss resulting from inadequate or failed internal
business, and processes, people, systems, or external events. This risk is examined.

reputational risk

Source: own study based on IFRS 7.
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objectives, policies, and processes. Quantitative disclosures are intended to provide
the necessary information on the extent of an enterprise’s risk exposure.

There are no specific rules on how to report risks. Businesses approach this dif-
ferently. Risk information is extensive or short, is in one place in the report, or is
scattered across different parts of the report; it is a coherent whole or incomplete.
Therefore, financial asset risk reporting research appears to be an important and
urgent issue.

Addressing the topics mentioned also has a practical dimension in the form of
an incentive to improve corporate risk reports. The authors assume that an interest
in risk reporting will encourage entrepreneurs to improve their reports and policy-
makers to develop more detailed risk reporting guidelines. Thus, the connection of
the reporting comprehensiveness of the financial asset risk with the company value,
calculated with accounting measures, is an incentive and stimulus for keeping up
with the top runners.

2 LITERATURE REVIEW

The authors have established that the literature only examined the comprehensive-
ness characteristics concerning Corporate Social Responsibility (CSR) information.
For example, Bouten et al. (2011) investigated whether firms comprehensively report
CSR information. Comprehensive reporting, as interpreted by them, requires compa-
nies to disclose three types of information for each disclosed CSR item: (1) vision and
goals, (2) management approach (specific activities), and (3) performance indicators
(actual results presented in a valuable manner). The results of the research confirmed
the low level of comprehensiveness of CSR reporting. 27% of Belgian companies do
not publish CSR data, 73% of companies provide very little information, only 36%
of items indicate at least one PI (performance indicators), and over 59% of reporting
companies do not provide all three types of information. Research by other authors
(Bouten et al., p. 187) suggested that enterprises should comprehensively report, pro-
viding information about their (1) goals and intentions, (2) actions, and (3) subsequent
results on various CSR issues. For example, for the CSR “emissions” item, this
approach means that the company discloses (1) a target to reduce emissions by a cer-
tain amount, (2) specific actions to achieve that intention, and (3) the actual reduction
achieved. In this way, it is possible to obtain a clearer and more precise picture of
the social and environmental responsibility implemented, improve corporate image
and transparency, and increase investors’ confidence in investment decisions (Yusoff
et al., 2013, pp. 213-220).

In the authors’ view, the multi-criteria analysis of comprehensiveness was not inves-
tigated in the literature. On the other hand, the statement by Reis et al. (2019) is true in
that the techniques used for measurement (in our case the comprehensiveness charac-
teristics, as for any other object) should reflect the tested reality as accurately as pos-
sible (Watrébski et al., 2022, p. 2). Therefore, the analysis of the comprehensiveness
characteristics is based on three components: complexity, transparency, and volume of
reporting about the financial asset risk. These components, according to the authors,
reflect the non-substantive dimension of the presented information on the risk of finan-
cial assets and constitute the adopted research model, which is presented in Section 3.
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The model to assess the reporting comprehensiveness of the financial asset risk
proposed here is an original proposition for creating company value, a relationship
that has been widely discussed in the literature. For example, Healy et al. (1999)
examined the consistency of book values and financial results between two groups
of enterprises, using Ohlson’s valuation model. They proved that higher-quality dis-
closures are associated with greater consistency between book values and financial
results. According to the management accounting organization (CIMA, 2002), share-
holders come first, while recognizing that long-term sustainable value can only be
realized when the needs of all stakeholders are considered. Firms should share all
information — unless they have a good reason not to. The literature research indi-
cated that clearer disclosures lead to greater detectability of earnings management
(Hunton et al., 2006, p. 135). In their view, the increased transparency of reporting
by companies significantly reduces, but does not eliminate, the attempts of earnings
management. These results suggest that the state or other legislative bodies mainly
responsible for the financial reporting of enterprises should require transparency.
This will reduce attempts to manipulate the results in more transparent areas or shift
such attempts to less transparent ones (Hunton et al., 2006, p. 151).

Research conducted based on data from the analysis of the Environmental, Social,
and Corporate Governance (ESG) of Polish companies, investigating whether invest-
ing in the most transparent companies is profitable also confirms the thesis that
investing in transparent companies is less risky and more profitable (Analiza ESG
spotek w Polsce, wwwl). As emphasized by Marcinkowska (2008, pp. 47-49), the
research results indicated that with the increase in the information transparency of
the company and the quality of disclosures, the cost of financing the entity decreases.
The quality of disclosures affects the assessment of an entity’s credibility and cred-
itworthiness, and the ability to obtain certain types of debt financing. Disclosure of
information about debt financial instruments also affects the assessment of the effec-
tiveness of shaping the capital structure, choosing the level of debt, cost of capital,
or profitability of using debt (Lukasik, 2009). There are also studies conducted on a
group of investment funds in Poland that confirm the correlation between the trans-
parency level of the profit and loss account on the operations of investment funds and
selected features characteristic for a designated group of funds, including changes in
the value of participation units in investment funds (Dratwiniska-Kania, 2018).

The broadly understood quality of information disclosed in the financial statements —
concerning selected aspects of business entities and a comprehensive presentation
of their financial situation and performance — has been researched by many authors
(Biddle et al., 2009; Bushman, Smith, 2001, Leuz, Verrecchia, 2000). Bushman and
Smith (2001) drew attention in their theoretical considerations, among others, to the
importance of financial information to reduce asymmetry among investors. Leuz and
Verrecchia (2000) focused on such issues as increasing the level and quality of disclo-
sures as an important component of reducing information asymmetry and a key aspect
in protecting the interests of investors and creditors (Leuz, Verrecchia, 2000). Studies
of German companies on the impact of increased reporting, qualitatively adjusted to
the international reporting strategy, proved that the level of disclosures brings benefits
that are economically and statistically significant. It should be noted that the authors
of this research interpreted the term “increased level of disclosures” on a par with
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increasing the quality of disclosures. The degree of financial reporting quality and
investment efficiency was studied by Biddle et al. (2009). The results of their research
indicated that higher quality of investments supplied by financial reporting is con-
nected with lower investment among cash-rich and unlevered companies, and higher
investment among cash-tight and highly leveraged companies. Furthermore, compa-
nies providing high-quality financial reports invest less when aggregate investment is
high, and invest more when aggregate investment level is low.

Following this observation, Chang, Dasgupta, and Hilary (Biddle et al., 2009,
p. 8) proposed a model of dynamic adverse selection and proved empirically that
companies have more flexibility to issue capital when their financial reporting is
better. They posited that when financial reporting quality downscales adverse selec-
tion costs, it can be connected with investment efficiency through the reduction
in external financing costs and through the reduction in the likelihood that a firm
obtains excess funds because of temporary mispricing. They advocate that high-
quality financial reporting also drives the decrease in adverse selection. Another
model, where information asymmetry between the company and investors triggered
the company’s underinvestment, was developed by Myers and Majluf. They noted
that when managers take measures favorable toward existing shareholders and the
company needs to seek financial support for an impending positive NPV project,
managers may object to raising funds at a discounted price even if that results in
turning down good investment opportunities (Verdi, 2006, pp. 5-6). Szewieczek,
Dratwiniska-Kania, and Ferens (2021) examined a number of disclosures on the busi-
ness model by listed companies and also investigated the correlation between the
number of disclosures and selected economic parameters characterizing enterprises,
such as total assets, performance, board, EBIT, fixed assets, current assets, equity,
liabilities. Significant correlation relationships were indicated.

The second important aspect of reporting comprehensiveness analysis is the
impact of the SARS-CoV-2 pandemic on the information presented. Similar prob-
lems have been discussed in the literature concerning various issues. For example,
Tibiletti et al. (2021) examined the information in financial statements and related
documents (accounting notes, comments) against the requirements that public com-
panies are expected to provide for disclosure due to SARS-CoV-2 pandemic, spe-
cifically about the going concern principle. The study concerned Italian companies.
It has been investigated whether or not the companies showed consistency in their
reporting of future performance by comparing what was reported in the financial
statements for the year ended December 31, 2019, and the results achieved as of June
30, 2020. The analysis showed that the information that the companies declared as of
December 31, 2019, differed significantly from the information obtained on June 30,
2020. The companies recorded mainly a decrease in revenues compared to what was
declared, which means that the companies underestimated the impact of the SARS-
CoV-2 pandemic. The research also revealed that the scope of risk information pre-
sented in the financial statements has expanded in the companies that have suffered
the most from the SARS-CoV-2 pandemic. Information on liquidity risk, credit risk,
and sections “letter to shareholders” was particularly extensive. The scope of infor-
mation on the impact of the SARS-CoV-2 pandemic on the company’s results was
included in most reports, though not all companies experienced a negative impact.
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Lassoued and Khanchel (2021) studied the impact of the SARS-CoV-2 pandemic
on earnings management. The results of empirical research obtained by them on
2,031 companies from 15 European countries suggest reduced credibility of financial
statements generated during the pandemic and a significant profit manipulation in
2020. Their findings indicated that during the pandemic, companies managed earn-
ings upward by alleviating the level of reported losses to rebuild investors and stake-
holders. Other studies also showed that in times of crisis, companies tend to manage
their profits upward to survive the economic downturn, mitigate the effects of the
crisis, maintain positive relationships with stakeholders, or avoid falling stock prices
(Arthur et al., 2015; Lisboa, Kacharava, 2018). Similar studies were conducted in
the case of natural disasters. In such circumstances, managers managed their profits
upward, wanting to increase their remuneration or secure their position in the com-
pany (Lassoued, Elmir, 2012; Morck et al., 1990).

The second topic in the literature indicates that companies in times of crisis demon-
strate a decrease in profit, which is justified by the existing situation and becomes a rea-
son, for example, to renegotiate repayments and debt conditions, employee concessions,
obtain government support, or other benefits (Asquith et al., 1994; Filip, Raffournier,
2014). Similarly, Chen et al. (2021),found that the economic concerns caused by SARS-
CoV-2 pandemic outweighed other opportunistic considerations. Bugshan et al. (2020)
indicated that companies in the Gulf Cooperation Council (GCC) countries showed a
tendency to manipulate profits downward during the oil price crisis in 2014.

The third topic in the literature argues that periods of economic downturn (crisis)
are less favorable for profit management than periods of expansion, as these periods
are much more closely monitored by auditors, and showing poor performance during
these periods is justified and tolerated (Ahmad-Zaluki et al., 2011; Chia et al., 2007).
Therefore, in these periods, companies decide to manage profits much less frequently.

3 PROPOSED WORK

The methodology of examining the reporting comprehensiveness of financial asset
risk is based on an original model, which is then used to audit the reporting pre-
sented by the listed Polish companies in 2018—2021. The model to assess the report-
ing comprehensiveness of the financial asset risk includes three main components:
The complexity of reporting about the risk of financial assets; the transparency of
reporting about the risk of financial assets; and the volume of reporting about the
risk of financial assets.

The risk complexity component is designed to examine whether the financial
statements contain risk information and whether this information covers all types of
risk (equity risk, currency risk, interest rate risk, credit risk, operational risk), and the
way of managing the risk. The sensitivity analysis establishes the market risk associ-
ated with financial assets. 1 point is awarded for each type of risk reported.

The risk reporting transparency component, i.e., clarity of the information on the
risk of financial assets, examines two characteristics: The consistency in the report-
ing rhetoric about the risk of financial assets (Whether the same economic categories
and other terms are used in the risk reporting of financial assets, whether risk com-
munication is uniform). 1 point will be awarded for positive consistency) and the
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cohesion or dispersion of information about the risk of financial assets in different
parts of financial statements. If the information on the risk of financial assets was
in one place, 1 point was awarded. If patterns of financial asset risk were dispersed
across different parts of the report, no point was awarded.

The last component of the model is the reporting volume on the risk of financial
assets. Here, a score is given for each risk information page in the annual financial
statements. Only the total number of points is awarded. No point is awarded if the
reporting covers less than half a page. In general, the points awarded here reflect the
amount of reported information on the risk of financial assets.

Scoring for the audited enterprises is awarded based on the individual judgment of
the researchers. The scoring on the risk of financial assets created thanks to the origi-
nal model is used to test the correlation relationships (Spearman’s rank correlation)
with the value of the company established with accounting measures (total assets,
fixed assets, current assets, equity capital, comprehensive income, ROA, and ROE).

There is a stream in the literature to prove a positive relationship between the gen-
eration of high-quality financial statements, the economic and financial condition of
the company, and its ability to create company value. Based on the above, the authors
put forward hypotheses:

H1: It is assumed that the reporting comprehensiveness of the financial
asset risk varies depending on the company value, calculated with
accounting methods.

It also seems important to investigate the impact of the SARS-CoV-2 pandemic on
the reporting comprehensiveness of financial asset risk. The authors put forward the
following hypothesis:

H2: It is assumed that the SARS-CoV-2 pandemic affected the reporting
comprehensiveness of financial asset risk.

The authors demonstrate that the reporting comprehensiveness of financial asset risk,
i.e., complexity, transparency, and volume, differed during the pre-pandemic and the
period of the pandemic.

4 RESULTS AND DISCUSSION

4.1 ANALYSIS OF THE REPORTING COMPREHENSIVENESS OF THE RISK
OF FINANCIAL ASSETS ACCOUNTED BY POLISH ENTERPRISES

The empirical study was conducted on large Polish companies that are not financial
institutions, apply the accounting principles contained in IFRS, have financial assets
in their portfolio, and report them. It was important for the authors that the selected
entities prepared separate financial statements under the International Accounting
Standards, and reported there on the risk of financial assets.

24 companies were selected for the study — such a sample was found to be repre-
sentative of Poland. Four years were selected for the study: 2018 and 2019, in which
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there was no SARS-CoV-2 pandemic, and 2020 and 2021 with the SARS-CoV-2
pandemic.

Since the pandemic prevailed for two years, the two years preceding it were also
taken into account.

The empirical verification of the model of reporting on the risk of financial assets
is presented in Table 3.2.

When analyzing Table 3.2, it should be noted that the points awarded to a given
company for specific components in the analyzed years did not differ much. This
was especially true for components such as complexity and transparency. This was
because the information on the risk of financial assets was often copied from year to
year. The content was very similar in the analyzed years. Most often, the risk reports

TABLE 3.2
Empirical verification of the model of reporting comprehensiveness model of
financial asset risk

Complexity Transparency Volume
= £ § 5 2 2 85 2 2 8 &

Company S S S S S S S S S S S S.
Lotos s.a. 6 6 6 6 2 2 2 2 7 7 11
PKN Orlen s.a. 5 5 5 6 2 2 1 1 5 9 8
PGE s.a. 5 5 5 5 1 1 1 1 7 7 8 10
Tauron s.a. 6 6 6 6 2 2 2 2 100 10 10 10
Enea s.a. 4 4 4 4 2 1 1 1 100 10 10 10
PGNIG s.a. 2 4 4 4 1 1 1 1 7 5 4 4
JSW s.a. 6 6 6 6 2 2 2 2 7 7 10 9
KGHM s.a. 6 6 6 6 2 2 2 2 13 18 22 25
Unimot s.a. 5 6 6 6 1 1 1 1 5 5 5 6
LPP s.a. 4 4 4 4 2 2 2 2 2 2 2
Orange s.a. 7 7 7 7 2 2 2 2 7 7 7
Cyfrowy Polsat s.a. 6 5 6 6 1 1 1 1 16 16 16 14
Kogeneracja s.a. 5 5 5 5 2 2 2 2 8 7 8
CCCs.a. 5 4 5 5 1 1 1 1 6 7 6
Asseco s.a. 5 5 5 5 2 2 2 2 7 7 7 7
Grupa Azoty s.a. 6 6 6 6 2 2 2 2 8 10 10 9
Zywiec s.a. 5 5 5 5 2 2 2 2 3 3 3 3
PKP Cargo s.a. 5 5 5 5 2 1 1 1 6 7 7 6
Rafako s.a. 5 5 5 5 1 1 1 1 8 8 11 8
Wawel s.a. 4 4 4 4 2 2 1 1 1 1 3 2
Agora s.a. 5 5 5 5 1 1 1 1 9 8 7 8
Asseco see s.a. 4 5 5 5 2 2 2 2 2 5 5 5
Grupa Kety s.a. 6 6 6 6 2 2 2 2 6 6 5 6
Kruk s.a. 6 6 6 6 2 2 2 2 10 11 10 10

Source: own study.
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differed in the sensitivity analysis performed. It should also be noted that very few
companies were awarded the maximum 7 points for the complexity component. The
companies rarely informed others of risk in sharing prices and the operational risk.
Most often, points were awarded for reporting on market risk. The range of infor-
mation on the risk of financial assets (complexity component) was 5 points, and the
awarded score was in the range <2:7>. Most of the audited companies did not report
much on risk management, while market risk and sensitivity analysis were discussed
more fully.

In the transparency component, the first parameter considered, i.e., rhetorical
consistency, was assessed as the same for all audited companies. All the companies
were awarded 1 point for this parameter. Thus, it can be concluded that economic
categories are used coherently and consistently in financial reporting. The spread for
the transparency component is small, 1 point. The score given is in the range <1:2>.
When analyzing the reports on the risk of financial assets, there were also some
inaccuracies — some companies treated trade receivables as commercial receivables
and classified them as financial instruments. Nevertheless, this parameter has not
been tested and assessed.

When examining the volume component, a broad range of published information
on the risk of financial assets was noticed — from 1 page to 25 pages. Nevertheless,
the companies most often reported on the medium level risk — the mode, and similar
to this — the median — are presented in Table 3.3. Moreover, the most extensive risk
reports were published by companies such as KGHM SA and Cyfrowy Polsat SA.
The least information about risk was published by Wawel SA and LPP SA.

The period of the SARS-CoV-2 pandemic (2020-2021) did not represent much
diversity in the complexity parameter compared to the period before the outbreak of
the pandemic (2018-2019). In the years 2020-2021, the awarded scores for the com-
plexity component were the same for many companies. The scoring in 2018-2019,
compared to the period of the pandemic was different for four companies: PGNiG
SA, Cyfrowy Polsat SA., CCC SA, and Asseco See SA.

The period of the pandemic did not have a significant impact on the scores for the
transparency component. Differences of 1 point were recorded in the case of four
companies: PKN Orlen SA, Enea SA, PKP Cargo SA, and Wawel SA. It should be
noted, however, that for this component, 1 point is 50% of possible points. Therefore,
when analyzing from this angle, it should be stated that the differences in scores for
these companies were significant. The changed score was related to the parameter of

TABLE 3.3

Mode and median for the volume component

Measurement/year 2018 2019 2020 2021
Mode 7 7 7 8
Median 7 7 75 8

Source: own study.
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cohesion or dispersion of information on the risk of financial assets. In addition, in
all the cases, the pandemic score shifted downward compared to the pre-pandemic
period. Some companies published information on the risk impact of the SARS-
CoV-2 pandemic, which was included in another part of the report, and was, there-
fore, awarded fewer points in the pandemic years, compared to the pre-pandemic
period, due to the spread of risk information.

For the volume component, the amount of information on the risk of financial
assets in 2020-2021, compared to 2018-2019, changed quite often. In 11 cases, it was
a change from a smaller to a larger volume of information on the risk of financial
assets. In four cases, it was a change from more to less information. In five cases,
the changes were varied — in one case (in one year) the changes were decreasing and
in the second year, they were increasing the amount of information about the risk.
The most common change in the amount of information presented on the risk of
financial assets was the sensitivity analysis. To sum up, for the volume component,
the period 2020-2021 (pandemic period) was rather more comprehensive than the
period 2018-2019 (pre-pandemic period).

4.2 EXAMINATION OF CORRELATION RELATIONSHIPS BETWEEN THE REPORTING
COMPREHENSIVENESS OF FINANCIAL ASSET RISK AND THE SIZE OF THE COMPANY

In the next stage of the research, the relationship between the points awarded for the
reporting model of the financial asset risk for all its components (complexity, trans-
parency, and volume) and the accounting measures of the company’s value, among
which the following parameters were selected: total assets, fixed assets, current
assets, equity capital, comprehensive income, ROA, and ROE. The Shapiro-Wilk
test was carried out to investigate the distribution of the studied variables. Since the
variables do not have a normal distribution, Spearman’s rank correlation method was
chosen to study the relationship between the variables. The significance level of the
study was set at 0.1. The results of the correlation calculations for all model compo-
nents for each year are presented in Table 3.4.

When analyzing the results of the study, it should be noted that there are signifi-
cant correlation relationships (marked in Table 3.4), mainly for the volume compo-
nent, and they are not too large. In addition, for the ROA and ROE parameters and
the volume component, the correlations have a negative sign. This means that there
is a slight relationship between the amount of reported information on the risk of
financial assets and the accounting measures of the size of the company — for the
total assets, fixed assets, current assets, and comprehensive income in selected years,
this relationship is positive. Therefore, for the growing amount of risk information,
it increases also parameters measuring the company value (in an accounting man-
ner). For the ROA and ROE parameters in 2018, 2019, and 2020, the correlations are
negative, which means that the most information about risk was presented by the
company with the lowest ROA and ROE parameters. It should also be noted that the
correlations with ROA and ROE were also relatively greater than for other examined
parameters, except for the correlation with fixed assets in 2021 and comprehensive
income in 2021.
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For the model component: transparency, a significant correlation was obtained
only in 2018 and 2019 with the ROA and ROE parameters, and these correlations are
positive. The transparency component consists of two characteristics, but in practice,
the company’s reporting differed only in the spread of risk information across the
various parts of the financial statements. A positive correlation means that compa-
nies that consistently reported risk (in one place) had higher ROA and ROE param-
eters than companies whose risk information was scattered across different parts of
the financial statements.

For the complexity component, significant and positive correlations were obtained
in 2021, with the parameters such as comprehensive income, ROA, and ROE. This
means that in this case, the companies that reported more disclosures (risk types,
risk management, sensitivity analysis) also showed greater comprehensive income,
ROA, and ROE.

The study contributes to the discussion on disclosing the risk of financial assets.
The conducted research proves that all the audited companies go into sufficient detail
reporting on the risk of their financial assets. No company received a total of 0 points
for any of the analyzed components. Nevertheless, the companies report on risks
differently — in a stakeholder-friendly manner. This is evidenced by the awarded
scores, which are presented in Table 3.2 and discussed in Section 4.

In the analyzed companies, the range of reporting comprehensiveness of the
financial asset risk was quite large for the volume component and relatively small for
the transparency component (however, 1 point difference in this component equals
50% of the score, so when analyzing this component separately, it can also be said
that the differences in the scores were large), and the mean for the complexity com-
ponent. The research findings indicate that companies mainly report on individual
types of risk and are very economical with reporting on risk management — it is most
often information on the adopted hedging instruments and sensitivity analysis. On
the other hand, not much information could be found in the separate financial state-
ment on the objectives or policy of risk management.

The authors assume that risk reporting needs to be improved. In the current situ-
ation, reports of Polish companies tend to fail to inform potential stakeholders about
risk. Therefore, measures such as complexity and volume of risk information were
adopted in the model used. Nevertheless, the opposite problem must be borne in
mind. The opposing category for increasing disclosures in financial statements is
their brevity. Slimming down financial statements has also been one of the dominant
narratives in accounting in recent years. Comprehensive reporting is not only rich in
additional disclosures but also concise, so comprehensiveness is looking for a com-
promise between these two categories.

As regards the reporting comprehensiveness of the financial asset risk before and
after the SARS-CoV-2 pandemic, this study is part of the trend of research confirm-
ing the medium, but significant impact of the pandemic on corporate reporting on the
risk of financial assets. It can be stated that the companies reported more risks dur-
ing the SARS-CoV-2 pandemic, but the transparency of this information and content
showed moderate variability compared to the pre-pandemic period.

The conducted empirical research confirms the theoretical assumption that report-
ing comprehensiveness as a component of the quality of the report affects the value



TABLE 3.4

Spearman’s rank correlation - study results

Accounting
measures of
company size
Total assets
Fixed assets
Current assets
Equity
Comprehensive
income
ROA
ROE

Source: own study.

2018

0.25893
0.26123
0.14308
0.14723
—0.14769

-0.23077
-0.20308

Complexity
2019 2020
0.08745 0.11735
0.10966 0.14343
0.00139 0.04424
0.03331 0.10617
0.00000  -0.06752
0.02221 -0.11362
0.06663  —0.10804

2021

0.25193
0.25845
0.14715
0.25007
0.45543

0.32131
0.37114

2018

0.09932
0.12581
0.05959
0.03311
0.27148

0.40391
0.41715

Transparency
2019 2020
0.08082 -0.01812
0.01865 0.03020
-0.06838 —0.11477
—0.03108 —0.04228
0.30462 0.13893
0.41652 0.25973
0.39165 0.11477

2021

0.00604
0.01812
—-0.09060
0.00604
-0.00604

0.04228
0.07852

2018

0.36338
0.39062
0.12567
0.36645
-0.08085

—0.48157
—-0.42050

Volume

2019 2020

0.29378  0.36829

0.32445 0.38675

0.05067 0.25227

0.30801 0.37708
-0.13689 -0.27776
-0.49023 —0.63550
-0.45290 -0.42059

2021

0.46465
0.50582
0.34903
0.54435
0.54567

0.09372
0.02146
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of the company, calculated with accounting measures. This is one more affirming
voice in the discussion that concerns issues such as:

- quality and profit shaping (Hunton et al., 2006),

- information transparency and reducing the financing cost (i.e., the impact
on the financial result) (Marcinkowska, 2008, pp. 47-49),

- reporting quality and increasing investment efficiency, i.e., the impact on
the financial result (Bushman, Smith, 2001),

- reporting quality and stock price (Myers, Majluf, 1984).

In this thematic area, the authors found only one study in which the opposite trend
was demonstrated, i.e., studies in which the quality of the financial statements would
not improve the functioning of the enterprise (measured by various measures).
Lundholm and Myers (2002) in their studies showed no clear evidence that the con-
sistency of accounting information on current earnings increases as the quality of
disclosures increases. According to their research findings, corporate disclosures
provide reliable and consistent information not reflected in current earnings but
reflected in current share prices.

The obtained research results are consistent with the research conducted by
Szewieczek, Dratwiniska-Kania, and Ferens (2021), in which the amount of infor-
mation about the business model was positively correlated with selected economic
parameters characterizing the company’s value, i.e., assets, performance, EBIT,
equity, or liabilities. In our case, the conducted research shows that there is a signifi-
cant, although weak, correlation between the amount of risk information and param-
eters such as total assets, fixed assets, current assets, equity, comprehensive income,
ROA, and ROE. We can therefore conclude that the amount of risk information pre-
sented is greater for larger enterprises that perform better.

5 CONCLUSION

The study presents a model to assess the reporting comprehensiveness of the risk
of financial assets as a quality component of financial statements and its practical
verification, based on Polish companies listed on the Warsaw Stock Exchange in
the period 2018-2021. This model is an informative supplement to the basic quali-
tative characteristics of financial statements with features that make up the proper
reception of information (supporting the understandability characteristics), which
are addressed in this study as non-substantive, meaning that the reporting content
was not examined, but complexity, transparency, and volume of information on the
risk of financial assets.

The study concluded that, during the SARS-CoV-2 pandemic, companies reported
a relatively greater amount of information about the risk of financial assets than in
the pre-pandemic period, while the content of the reported categories (risk types, risk
management, sensitivity analysis), i.e., the complexity component of the model, was
only slightly more varied. In the case of the transparency component, the period of
the pandemic did not significantly affect the score in the model.
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The results of the practical model verification of the reporting comprehensiveness
of the financial asset risk were used to examine the correlation relationships
(Spearman’s rank correlation, significance level 0.1) with accounting parameters char-
acterizing the company value, such as total assets, fixed assets, current assets, equity,
comprehensive income, ROA, and ROE. Significant correlations were obtained, the
most numerous for the volume component of the model. It should be noted that the
volume component of the model reached results that confirmed the adopted research
hypotheses to the greatest extent.
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4 Gold as an alternative
investment in
times of turmoil

Blandyna Puszer and Maria Czech

1 INTRODUCTION

With the development of financial markets, the concept of alternative investments
has emerged, and investors have become keen to use alternative forms of financing.
Investors’ decisions were influenced, among other things, by studies that indicated
a negative correlation between equities and alternative investments. The interest of
investors increased rapidly, as the purchase of alternative financial market instru-
ments contributed to the reduction of risk and allowed them to properly diversify
their investment portfolio (Aspadarec, 2013, pp. 9-10). Alternative investments are
defined as investments outside the realm of well-known financial instruments such as
shares, bonds, other debt instruments and banking instruments that include, among
others, certificates of deposit (Swedroe and Kizer, 2008, p. 23). Accordingly, a whole
catalogue of alternative investments can be distinguished, which include hedge
funds, fund of funds (FOF), private equity funds, venture capital funds, structured
products, credit derivatives, currencies, commodity markets, real estate markets, col-
lector coin markets, emotional investments, and infrastructure investments.

One form of alternative investment is investment in the commodities’ market, which
includes energy commodities, agricultural commodities, industrial metals, and pre-
cious metals (Gieraltowska, 2013, p. 89). The most popular precious metal is gold,
which is treated as the global currency of the world. According to capital market ana-
lysts, gold should be the foundation of any investment, as an investment in gold is
virtually risk-free and is considered to be timeless and the safest in the world. Gold is
a metal that has been an indicator of wealth and affluence for centuries. It played a key
role in the development of the international monetary system — until the 20th century
it served as the main means of payment. Currently, gold is widely used in jewellery,
electronics, industry, and medicine. It is seen as a hedge against inflation and declining
purchasing power (Borowski, 2016, p. 27), and in times of increased uncertainty and
economic downturn, gold becomes a safe instrument and an indispensable insurance
policy; thus, the demand for it is increasing. Today, there are also strong disturbances
in the economic and social spheres, caused, among others, by the Covid-19 pandemic
and the armed conflict (the Ukrainian—Russian war). Meanwhile, in the long term gold
gains in value and is an asset desired by individual and institutional investors.
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The research subject in this chapter is the examination and evaluation of gold
demand and supply, as well as fluctuations in world gold prices as a result of exog-
enous factors (Covid-19 and the Ukrainian—Russian war). There are both theoretical
and practical reasons for adopting such a formulated research subject. The current
state of knowledge regarding the situation on the global gold market is incomplete.
The issue of the impact of pandemics and armed conflict on the situation on the gold
market is important not only from a cognitive point of view, but also for economic
practice. The situation and development of this market during turmoil is important
from the point of view of individual and institutional investors, business entities, as
well as the economy as a whole. Meanwhile, the results of the research allow for the
conclusion that the Covid-19 pandemic and the armed conflict have determined
the situation on the global gold market. This state of affairs prompted the study of
the relationship between the demand for investment gold and the development of the
pandemic and the armed conflict.

Consequently, the main objective of the study is to examine the impact of the
Covid-19 pandemic and the armed conflict on the level of world gold prices. The
specific objective is to examine the gold market in terms of supply and demand dur-
ing the Covid-19 pandemic and the armed conflict. The implementation of the main
objective consists of theoretical-cognitive and application objectives. The implemen-
tation of the theoretical-cognitive objective in terms of presenting existing knowl-
edge required the identification of detailed areas regarding the situation in the global
gold market (primarily during the pandemic). In turn, the implementation of the
theoretical and cognitive goal required the study of the size and dynamics of the gold
price and the development of a model of the relationship between the determinants
of gold demand during a pandemic. The application (practical) objective was to draw
conclusions, as well as postulates for various groups of stakeholders interested in the
issue of gold investment in times of uncertainty, including investors, institutional
entities, practitioners, and students from various fields of study.

With reference to the research subject and the objectives adopted, the hypothesis
is formulated that the Covid-19 pandemic and the armed conflict have contributed
to the increase in gold prices, but have negatively affected the level of gold supply.
The considerations undertaken in the study fall within the framework of economic
sciences in the discipline of finance, with particular emphasis on the sub-disciplines
of financial markets, international finance, and alternative investments. The issues
addressed in the study refer to current problems of contemporary finance, also in the
aspect of dilemmas related to the development of the science of finance.

2 LITERATURE REVIEW

As one of the most valuable metals, gold has played an important role in the develop-
ment of monetary systems around the world. It is now one of the reserve assets of
central banks, and investors are keen to use it as a form of investment. Demand for
this precious metal is also expressed in the jewellery industry and other industries.
On the other hand, the unstable situation in global financial markets in recent years
is one of the factors behind the growing interest in alternative investments, including
investments in the gold market.
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There are two basic forms of investing in gold in the source literature: direct
or indirect investment. Direct investment involves the physical purchase of gold.
Surveys such as that conducted by Borowski (2016), Gierattowska (2016), Walczak
(2012), and Wang (2012) have shown that direct gold investment can take a variety
of forms:

e investing in the spot market — the investor becomes the owner of bullion
stored in a licensed storage house; the bullion is subject to specific stan-
dardisation rules, applying the principle that the gold supplier has the right
to choose between the different standards; the gold delivered is character-
ised by the following elements: quantity, delivery date, location, physical
composition and form (Borowski, 2016, p. 10);

* investing in collectible bars / investment bars — this requires a significant
capital expenditure and consideration of storage, transportation, and insur-
ance costs; the weight of gold bars is quoted in ounces, and popular weights
are: 1 kg (32 ounces), 10 ounces or 400 ounces; these bars can be purchased
from mints or specialist financial institutions; an element that affects the
liquidity of physical bars is their manufacturer — the best-known manufac-
turers include Pamp Suisse, Perth Mint, and Royal Canadian Mint; an inves-
tor wanting to find out whether it is worth buying a particular bar should
check whether the mint is on the Good Delivery list, which is prepared
by the LBMA (London Bullion Market Association) — the most important
accrediting body for precious metals producers (Gierattowska, 2016, p. 129);

* investing in bullion coins that carry bullion value — coins are minted in
large numbers and therefore their production costs slightly increase the
price of the coins over the value of the bullion they contain; these coins
most often do not have a denomination because their current valuation
depends on the price of the bullion they contain; they have high liquid-
ity due to the fact that they are widely known around the world and their
authenticity can be more easily verified (e.g. through the use of a mint
ruler) (Gierattowska, 2016, p. 129);

e investing in collector coins which, apart from the appropriate gold content,
also have a unique character, and sometimes even a historical origin, and
whose prices may significantly exceed their bullion value;

e investing in gold medals mainly for the needs of governments and
government organisations;

e investing by means of certificates for a specified amount of gold offered by
financial institutions or private brokers — these are securities that evidence
ownership of a specified amount of gold, allowing the sale of the metal
represented by them without the need to physically transfer it; acquisition of
the certificate means the purchase of investment bars, which are deposited
in the safe of the offering institution or one selected by the intermediarys;
these securities have a specific validity, but can be resold ahead of schedule,
and the prices are calculated on the basis of the current gold price, increased
by the cost of production, storage and insurance costs, as well as the dealer
margin (Walczak, 2012, p. 386).
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Forms of direct investment can also include so-called gold accounts. Financial
institutions (primarily banks/depositories) offer two types of gold accounts — allocated
and unallocated. Allocated accounts are considered the safest form of investment in
physical gold. The gold is stored in a vault owned and managed by a recognised
bullion dealer or depositary, while the gold bars or coins are numbered and identi-
fied according to characteristics, weight, and sample — they are then allocated to the
investor (who pays the depositary a custody and insurance commission in addition
to the price of the gold). The investor in the allocated account has full ownership
of that gold, and the depositary cannot trade, lease, or lend the gold — except under
specific instructions from the account holder. The second type is allocated accounts,
where investors do not have specific bars allocated to them. The advantage of these
accounts is that there are no storage or insurance fees, as the bank reserves the right
to lease the gold. Banks offering gold accounts do not generally handle transactions
of less than 1,000 ounces, so their customers are institutional investors, private banks
acting on behalf of their clients, central banks, and gold market participants wishing
to buy or borrow large quantities of gold. Nowadays, financial institutions also offer
so-called alternative accounts for smaller investors wishing to invest below 1,000
ounces. An example of such an account is Gold Pool account, where one can invest
in as little as one ounce. Various electronic ‘currencies’ linked to gold in allocated
storage are also available. These offer a simple and cost-effective way to buy and sell
gold and use it as money. Any amount of gold can be purchased, and these curren-
cies allow gold to be used to send online payments around the world (Wang, 2012,
pp. 80-81).

Gold Accumulation Plans (GAPs) are an alternative to gold accounts; they are
similar to traditional savings plans (so-called systematic savings) and based on the
principle of putting aside a fixed amount of money at regular intervals, e.g., monthly.
For a given amount in a given month, gold is purchased on the market. The amounts
deposited may be small in value and there is no charge for purchases of small bars or
coins. As small amounts of gold are purchased over a long period of time, exposure
to short-term price fluctuations is limited. At any time during the term of the con-
tract (usually a minimum of one year) or after the GAP closes, investors can receive
the gold in the form of bars or coins and sometimes even jewellery, and in case they
decide to sell their gold, they can also receive cash (Wang, 2012, pp. 81-82).

Much of the current literature on gold investment pays particular attention to
indirect investment in gold. The most important indirect forms include futures,
options, CFDs (Contract for Difference), investing in the shares of gold mining com-
panies, structured products linked to the gold market, as well as units/certificates
of investment funds operating on the gold market, for which a distinction is made
between index funds and ETFs.

One form of indirect investment in the gold market is investment in forward
contracts, where the underlying instrument is the price of gold. They are a kind of
contract between the buyer and the seller, which represents a commitment by both
parties to buy and sell gold at a forward price set on the date of conclusion of the
contract. In addition, other terms of the transaction are included in the contract,
concerning quantity, delivery, and settlement date: forward contracts with delivery
(actual contracts), which oblige sellers to deliver the investment object on the expiry
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date, or cash-settled forward contracts (unfunded contracts), in which there is no
physical delivery of gold, but only on the expiry date the parties to the transaction
settle with each other through the difference between the contracted price and the
current market price (Krezotek, 2020, pp. 38—40).

The second type of contract is futures contracts, which in theory are contracts for
the delivery of a specified quantity and quality of gold for a fixed price at a specified
date, while in practice no physical delivery takes place and the contracts are settled
in cash based on profit or losses relative to the gold price on the market (Cai et al.,
2008, p. 717). These contracts are traded on the stock exchange and their standards
are regulated by the market. The seller and buyer cannot negotiate the terms of the
contract as they are standardised, and the futures price is dependent on the gold
price. In this type of contracts, one party undertakes to buy, i.e., to take a short
position, and the other party, by taking a long position, undertakes to sell the asset
specified in the contract. Taking a short position involves a commitment to sell the
object of the transaction at a specified price and in a specified future to the person
taking a long position. By taking a long position, the investor purchases the object of
the transaction, which he or she undertakes to sell at a specified future. If the value
of the underlying instrument increases, the investor, selling it after a specified time
at a higher price than when they purchased it, makes a profit, and if the value of the
purchased object decreases, the investor makes a loss on the transaction. Taking a
short position, on the other hand, obliges the investor to repurchase the object of the
transaction in the future, which makes it possible to make a profit if the price at the
time of concluding the contract is higher than the future sale price (Rembisz, 20009,
pp. 31-33). Participants in the futures market include investors who wish to profit
from a transaction, as well as gold producers. The purpose of futures transactions
for gold producers is to hedge against commodity price volatility. Using such instru-
ments, producers operating in the commodity market improve their financial stability
by neutralising negative price movements in the real market (Cai et al., 2008, p. 717).

A form of indirect investment in gold similar to futures contracts is gold-based
contracts for differences (CFDs.) CFDs are based on a kind of bet between two par-
ties on the future price of gold. This allows investors to make money on both a
rise and a fall in the price of the commodity. These contracts are over-the-counter
instruments, so they are not subject to as much regulation as futures contracts, which
appear on the stock exchange. The way CFDs work and are structured is similar to
futures, but CFDs have greater flexibility and transparency. CFDs are settled in real
time, which means that the trader can monitor their profits and losses in real time
(Borowski, 2016, p. 13).

Investing in gold can be based on investing in option contracts. Gold options give
the holder the right, but not the obligation, to buy (call option) or sell (put option) a
specified quantity of gold at a predetermined price on a fixed date. The price of a gold
option depends on a number of key factors, for example, the spot price of gold, the
strike price, the interest rate, the estimated volatility of the gold price and the time
remaining until expiry of the option (Cai et al., 2008, p. 718).

An instrument similar to options are gold warrants, which give the buyer the right
to buy gold at a specific price on a specific date in the future. The buyer pays a pre-
mium for this right. Like futures contracts, warrants are generally leveraged against
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the price of the underlying asset (in this case gold). In the past, gold warrants have
mainly involved shares in gold mining companies (Wang, 2012, p. 80).

Indirect investing also includes investing in the shares of gold mining companies,
but it should be emphasised that the share price is not compressed with the price of
gold, but reflects fundamental factors (Gieraltowska, 2016, p. 129). Investing in gold
mine shares is a logical substitute and complement to investing in other forms of physi-
cal gold. Mines’ share prices are also influenced by the companies themselves, their
projects, reserves of unmined gold underground or revenue streams from mining royal-
ties. A number of factors can influence share valuation, such as the maturity and geo-
graphic scope of mining projects, gold reserves, ore grades, costs, margins, company
profitability, profile, debt size, and management quality (Wang, 2012, p. 82).

Investing in structured products linked to the gold market is another form of indi-
rect investment. Structured products are most often issued by banks and gold dealers
and often come in the form of structured bonds with varying structures and pay-out
profiles (gold-linked bonds). These investments are important because they provide
some exposure to changes in the gold price, rates of return, and offer varying degrees
of capital protection. They can be issued depending on whether the investor is opti-
mistic about the gold price or disagrees with the gold price. Depending on this view,
part of the investment will be placed in put or call options. The remainder of the
investment is then placed in the money market to generate a return. These products
may also provide capital protection depending on the product design and the inves-
tor’s expectations and risk profile (Cai et al., 2008, p. 719). In some markets, an
example of this type of instrument is commodity-linked notes, which are medium-
term debt instruments whose value at maturity depends on the price of the underly-
ing asset, possibly on the value of a basket of derivatives (Borowski, 2016, p. 15).

Investing in units/certificates of gold mutual funds is becoming a popular form
of indirect investment. It should be pointed out that there are many forms of collec-
tive investment in gold, including mutual funds, open-ended investment companies,
close-ended funds, and unit trusts; and the range of their investments can be quite
substantial, some of which will only invest in the shares of mining companies, while
in others there may also be exposure to the price of gold through the use of deriva-
tives or direct investment in gold (Cai et al., 2008, p. 719). One type of investment
fund is index funds, whose portfolios include gold mine shares, derivatives based on
the gold price, as well as other assets. Gold Exchange Traded Funds (ETFs) based
on gold (Gold Exchange Traded Fund — GETF) are becoming increasingly popular
among investors. These are investment funds that aim to imitate the performance of
specific stock market indices. Their participation titles are traded on a regulated or
organised market, most often on an exchange (Czech and Puszer, 2021, p. 134). An
ETF is a fund that invests in standard gold bullion as the underlying asset, and its
certificates are listed on exchanges and can therefore be bought and sold, just like
shares. A gold ETF is a fund based on the value of the underlying asset, including
gold. These funds issue certificates representing physical gold and can be in paper
or dematerialised form and are traded on exchanges like individual company shares.
Gold ETFs give investors the opportunity to participate in gold bullion markets with-
out the need for physical delivery, and to buy and sell this participation through
trading in exchange-listed securities (Saleem and Khan, 2013). Among ETFs,
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a distinction is made between funds whose investment portfolios consist mainly
of gold, held in storage houses — these are called commodity-related ETFs; and
commodity-linked ETFs, whose portfolios are predominantly gold and derivatives,
rather than shares in gold-producing companies. A further criterion is used to divide
ETFs according to whether they purchase gold on the spot market (bullion-backed
ETF) or whether their investment portfolio is based on futures contracts (future-
backed ETF) (Borowski, 2016, p. 13).

Numerous studies have suggested that gold is one of the most popular forms
of alternative investment in the commodities market. This is because the price
of gold is treated as one of the most important indicators of the health of the
economy. Volatility in the price of gold can signal economic problems, espe-
cially when the price of gold rises, as the international price of gold is based on
the US dollar. When the gold price rises, a fall in the USD exchange rate takes
place. Also, during a financial crisis, many investors invest in gold to protect their
investments. Gold can also be used as a hedge against inflation. It maintains its
value even in times of economic downturn. Due to its properties, gold can be con-
sidered an exceptional investment. Gold is a valuable bullion that can function as
a unit of value, a source of wealth, and a highly liquid asset. It also has industrial
applications, e.g., in jewellery or dentistry. Another factor that determines the
attractiveness of gold investments is the fact that demand for gold is increasing,
while resources are decreasing. The value of gold is also determined by its histori-
cal significance. Gold has invariably retained its value ever since its first use as a
currency (Juras, 2021, p. 83).

Goodboy (2013) suggests that gold is the favourite precious metal of most inves-
tors and that it is the most durable investment in the world. It serves as a medium of
exchange and a store of value. Besides, he points out that despite its differences and
similarities as a commodity, investors prefer to own gold over, for example, silver,
the reason for which is that silver is mainly used for industrial purposes, while gold
is used in investing and industry (Goodboy, 2013).

On the other hand, Pullen et al., observed that a gold mining company stocks and
mutual funds investing in gold, is forms of investment that are safe havens for inves-
tors. Consequently, investors who wish to secure a safe haven investment in gold should
generally not rely on mining company stocks or mutual funds, but should instead take
positions directly in gold or in bullion-based ETFs (Pullen et al., 2014, p. 76).

According to Feldman, gold is an accumulated physical asset taking the form of
deferred consumption, the characteristics of which are one of the reasons investors
use it in investment strategies. He points out that investors use gold as a ‘safe haven’
during political disturbances/conflicts, or in times of economic or financial uncer-
tainty. Gold is an investment that provides diversification to an investment portfolio
in both the short and long term, in addition to providing a hedge against inflation and
currency depreciation, primarily of the dollar. He also believes that there is grow-
ing investor demand for gold in the global economy and during times of political
uncertainty, so there are various options related to the use of gold within invest-
ment strategies, from physical gold to gold-based exchange-traded products. The
price of gold is influenced by a number of factors, the most important being central
bank reserves held in gold, the USD exchange rate, political uncertainty, economic



Gold as an alternative investment in times of turmoil 63

concerns around the world, hedging transactions by gold producers, and the trading
activities of speculators (Feldman, 2010, pp. 12-13).

Baur and Lucey also treat gold as a ‘safe haven’, understood as a resource that
is uncorrelated with another asset or portfolio in times of market stress or turbu-
lence, and as a hedge i.e., a resource that is uncorrelated or negatively correlated with
another asset. Safe-haven assets are distinguished from hedging and diversification
assets, which provide average diversification benefits, but not necessarily when they
are most needed, i.e., in times of market turmoil. They believe that gold functions
as a safe haven only for a limited period and that investors buy gold on days of
extremely negative returns and sell it when market participants regain confidence
and volatility is lower (Baur and Lucey, 2010, p. 228).

Similarly, Baur and McDremott demonstrated that gold is an asset that is a safe haven,
offering protection to investors from financial losses in financial markets. Their research
suggests that investors respond to short-term and extreme shocks by seeking a safe haven
in gold, and they pointed to different responses to shocks in developed and emerging mar-
kets. Gold is, at best, a weak safe haven for some emerging markets as investors suffering
losses in emerging market equities, rather than looking for an alternative asset, may simply
adjust their portfolios, pulling out of emerging markets in favour of developed markets.
Gold, on the other hand, is a strong safe haven for most developed markets. In addition,
the authors believe that gold has the potential to act as a stabilising force for the global
financial system by limiting losses when it is needed most (Baur and McDremot, 2010,
p. 1897).

Investment interest in gold is driven by a number of factors, including the vola-
tility of the dollar, inflationary expectations, continued high levels of geopolitical
uncertainty, and the increased acceptance of gold’s role as an investment portfolio
diversifier. Trends currently emerging in the gold market may suggest that the role of
gold is changing, with increasing demand for gold in jewellery and industry, and less
demand for gold as a reserve asset. However, the important role is that of gold as an
investment asset. Whether for physical investment in coins and bars or for hedging or
diversification, gold as an asset is viewed very positively. Increased demand from the
industry and jewellery sector, and the need to hedge and offset adverse movements in
gold prices, means that demand for gold derivative products significantly affects the
price of gold (Cai et al., 2008, p. 735).

Kovinska sees gold as a safe investment that provides diversification benefits to an
investment portfolio. According to her research, gold is an alternative to a weak US
dollar, as investors tend to invest more in gold when the US dollar loses value, lead-
ing to higher precious metal prices. However, when the US dollar strengthens, inves-
tors trust paper money more than gold. Furthermore, gold cannot provide a stable
hedge against inflation, but it is believed that investing in gold will provide investors
with the ability to protect their wealth against possible future inflation. Investing in
gold ETFs, on the other hand, provides a weak hedge against inflation. The author
argues that gold ETFs are an option for investors who seek the benefits of portfolio
diversification, despite being a relatively young investment vehicle on the financial
market (Kovinska, 2014, p. 30).

Soja’s research shows that gold is an important instrument for investment port-
folio diversification. He indicates that the recommended share of this metal in a
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portfolio should be between 1% and 9%. He thinks that it is reasonable to include
gold in investment portfolios if the portfolio is combined with European bonds and
equities. Gold is a good basis for portfolio diversification, both from the point of view
of a risk-averse investor and an investor prepared to take more risk (Soja, 2019, p. 51).

Pule highlights that gold has a low correlation with other assets (i.e., equities), this
confirms the use of gold as an instrument for diversifying an investment portfolio.
Gold is a useful asset in times of stock market weakness, but equities outperform gold
over the long term when the market recovers. Investing in gold has become popular
due to the development of gold ETFs, which are readily available (Pule, 2013, p. 56).

According to Waghmare and Shukla, investment in gold in its various forms (e.g.
mining company shares, gold coins, or ETFs) is responsible for meeting two invest-
ment needs: functional and protection. They indicate that investors consider gold as a
leading alternative investment in their portfolios in order to achieve high returns over
the long term, provide stable wealth, mitigate risk during market turmoil, increase
liquidity, and improve portfolio quality. Gold is also treated by investors as a buf-
fer against financial risk, adverse currency market movements, and inflation. Gold
consistently increases investment risk-adjusted returns, provides stable growth, and
generates liquidity during periods of market turmoil to cover liabilities. Gold has
long been considered a valuable commodity to return to in both good and bad times.
The long-term return on gold is competitive with returns on equities or government
bonds (Waghmare and Shukla, 2021, p. 115).

In times of heightened uncertainty and economic downturn, gold becomes a safe
instrument and an indispensable insurance policy, and the demand for it therefore
increases. At present, there is a strong economic and social disturbance caused by
the Covid-19 pandemic and the Ukrainian—Russian war, where, under conditions
of strong restrictions, gold is gaining in value and is an asset desired by individual
and institutional investors. According to Wagmare and Shukla, gold is a good asset
class to invest in during the Covid-19 pandemic, and there is no significant gen-
der difference in investment preferences. Investors are influenced by behavioural
biases that affect their preference to invest in gold during Covid-19; they are more
likely to buy gold ETFs than during a normal economic situation (Waghmare and
Shukla, 2021, p. 119).

Akhtaruzzaman et al. in their study of the use of gold as a safe haven demon-
strated that gold fared relatively better than many other assets during the pandemic,
and even though its price fell in March, the decline was smoothed by the fall in
stock prices and other commodities such as oil. This demonstrates gold’s role as
a safe haven asset and portfolio diversifier in the very early stages of shocks that
could affect the global economy and financial markets. Secondly, the rapid and radi-
cal response of the Federal Reserve (and later other central banks) provided ample
liquidity to financial markets, which in turn quickly restored investor confidence and
increased appetite for risky assets, in addition to the demand for alternative invest-
ments. Consequently, correlations between gold and other financial assets increased,
leading to higher hedging costs. Therefore, investors should be wary of the potential
for policymakers to take decisive action and implement effective measures during
economic downturns, and closely monitor markets so as to adjust their portfolios
according to the prevailing market conditions (Akhtaruzzaman et al., 2021).
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Juras emphasises that gold as an alternative investment is a good hedge in times
of crisis and therefore also in times of pandemic. When financial markets experience
declines in the price of financial instruments, gold behaves inversely — its price has
been steadily increasing since 2000, and therefore investors looking for an alterna-
tive to increase capital during a crisis can definitely choose gold (Juras, 2021, p. 87).

Salisu et al. argue that during a pandemic the gold market is a safe investment
alternative compared to other financial assets. Gold is considered the most useful
hedging financial asset that protects investors’ portfolios. In other words, investors
are better able to protect their investments by diversifying their portfolios to include
the acquisition of gold (Salisu et al., 2021).

According to Berry and Syal, any type of crisis, whether financial or health-
related, such as Covid-19, has a negative impact on the economic, professional, and
personal lives of individuals. Economic growth declines and people lose their jobs,
resulting in a drop in disposable income and a lack of surplus. As incomes fall,
people stop investing cash and use their income to meet current needs. During a
crisis, investors are risk-averse and prefer to shift their investments from risky e.g.,
equities, to safe instruments such as gold. With the onset of a financial crisis and
pandemic, share prices start to fall and the value of gold starts to rise. If the crisis is
health-related, people start to focus on investing their money in health-related instru-
ments and products, so there is a very low correlation between the returns generated
by gold and stock indices. During a crisis, there is a difference in the behaviour of
gold and indices, and in order to maximise returns investors start to sell equities, and
with an increase in risk on the stock market they start to buy gold (Berry and Syal,
2022, p. 211).

At the time of the pandemic, in countries where savings are based on Shariah
(India, among others), investors put their money in an investment instrument in the
form of gold. This is because when the JCI (Composite Stock Price Index) and the
rupee’s exchange rate against the US dollar falls, the price of gold rises. Then, activi-
ties that have been carefully designed and analysed beforehand involve investors put-
ting their money in gold-based savings, because essentially Shariah-based products
have the feature of no interest in any form, as it is usury. Consequently, customers
pledge gold in Shariah pawn shops because the process of pawning gold is easy,
quick, and safe. In Shariah-based countries, investing in gold by buying, storing, and
then selling it through pawn services, i.e., buying, saving, and then pawning, is a gold
investment strategy and also a way to maintain gold investment during the Covid-19
pandemic (Dhuha et al., 2021, p. 82).

The worldwide crisis triggered by the outbreak of the SARS-CoV-2 coronavirus
pandemic contributed to an increased interest in gold investments. Following the out-
break of the pandemic, investors were interested in investing directly in gold as well
as investing indirectly. The research showed that as time went on and the Covid-19
pandemic unfolded, physical gold gained relative to ETFs and was a more desir-
able asset relative to ETFs. In doing so, it should be noted that despite the decline in
demand for ETFs, their holdings of gold increased (Czech and Puszer, 2021).

Madhavan and Sreejith studied the relationship between gold, alternative gold
assets, and international capital during Covid-19. They also identified linkages
between gold and gold-backed investments to assess the phenomenon of flight to
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quality, contagion, and disconnect in the gold market during Covid-19. They found
that gold was the safest haven during Covid-19. Assets with returns focused solely
on gold, such as gold ETFs, the gold volatility index, and gold-backed cryptocur-
rencies, were safe havens only during higher market extremes. The most dependent
gold markets were gold futures, the gold volatility index, and the gold market,
which provides less diversification benefits to the portfolio. Gold futures, the gold
volatility index, and mining stocks were close but not perfect substitutes for gold
bullion in a portfolio. At the same time, gold ETFs and gold-backed cryptocurren-
cies became a complementary product in a portfolio along with direct gold during
Covid-19. They also point out that gold ETFs and gold bullion provided diversi-
fication benefits in both normal and extreme market conditions during Covid-19.
Investors could add gold direct, gold volatility index, or gold futures to their port-
folio to gain diversification benefits during Covid-19, as these are close substitutes
for gold bullion, while the choice of these assets depends on market conditions. In
the event of a severe stock market decline, adding the gold volatility index or gold
bullion to a portfolio is better; otherwise, gold futures are preferred (Madhavan
and Sreejith, 2022, p. 431).

3 PROPOSED WORK

The implementation of the study objective was based on a critical analysis of the
source literature and on quantitative research. The literature analysis made it pos-
sible to identify the role of gold in a period of turbulence and turmoil in finan-
cial markets. The quantitative research used dynamic analysis and multiple linear
regression analysis. The dynamics analysis examined the direction and rate of pan-
demic development and the dynamics of change in the gold market. In addition,
within the framework of multiple linear regression analysis, a model was built on
the basis of which the correlation between the gold price and selected indicators
determining the development of the Covid-19 pandemic was investigated. In the
estimated model, the gold price expressed in ounces (USD/Oz) was taken as the
dependent variable, while the following variables were taken as independent vari-
ables (predictor variables):

Total Covid-19 cases (b,)

New Covid-19 cases (b,)

Total Covid-19 deaths (bs)

New Covid-19 deaths (b,)

Reproduction rate (R number) (bs)

Total Covid-19 vaccinations (bg)

People vaccinated with at least one dose against Covid-19 (b,)
People fully vaccinated against Covid-19 (by)

New Covid-19 vaccinations (b,)

The estimated linear multivariate regression model was described by the equation:

Y =b, + bx, + b)X, + byX; + b,X, + bsX5 + beXg + byX; + bgXg + byXy + {
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Where: b, — partial regression factors, model parameters representing independent
variables affecting gold prices.

Multiple linear regression analysis was conducted on a sample of 697 observa-
tions of gold price changes (dependent variable) and 6,273 observations of the inde-
pendent variables (697 observations each of the selected indicators characterising the
global pandemic situation).

In the multiple linear regression analysis, the stepwise progressive regression
method was used. In building the model, all the indicators listed above were consid-
ered, but only those that were statistically significant were entered into the model.
Statistical significance was assessed using a t-test, assuming a maximum 5% prob-
ability of error in inference. Thus, those variables whose value was higher than the
critical value resulting from the Student’s t-distribution at an alpha level of <0.05
were considered statistically significant. Then, once all statistically significant vari-
ables were included in the model, linear significance was tested for the entire con-
structed model using the F-test statistic.

The use of a multivariate linear regression model allowed us to answer the ques-
tion of whether gold price levels changed during the development of the Covid-19
pandemic.

The research covered the period between January 23, 2020, and September 30,
2022. This period was dependent on the availability of statistical data, as the first
global data on the Covid-19 pandemic was published on January 23, 2020. The upper
limit of the period, on the other hand, was set at the end of the study and includes
the most recent statistical data. The statistical data was taken from the Stooq.com
database, Our World in Data, Statista.com, and the World Gold Council.

4 RESULTS AND DISCUSSION

4.1 DEeVELOPMENT OF THE CovID-19 PANDEMIC

The Covid-19 pandemic was caused by a new, hitherto unknown virus, SarsCov2.
Covid-19 is an infectious disease spread by water droplets. Its most common symp-
toms include loss of smell and taste, dry cough, shortness of breath, fatigue, and fever
(Kucharska, 2022). The first confirmed case of Covid-19 was reported on November 17,
2019 in China, in the city of Wuhan (Ma, 2020). Since then, the disease has spread
very rapidly worldwide and the number of Covid-19 cases has increased significantly.
On January 30, 2020, the World Health Organisation (WHO) declared Covid-19
disease a public health emergency of international concern (Kucharska, 2022), and
on March 11, 2020, WHO declared the disease as a pandemic, which has continued
until today.

The number of Covid-19 cases and the number of deaths due to the disease were
used as a measure of the progression of the pandemic. Figures 4.1 and 4.2 show that
the course of the pandemic was uneven throughout the study period. In the initial
period, both the number of cases and the number of deaths were relatively constant,
but as time went on, these figures changed significantly (Figures 4.1 and 4.2).

Both the number of new cases of Covid-19 as well as the number of deaths due
to Covid-19 (Figures 4.1 and 4.2 — left axes) varied over time, confirming that the
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FIGURE 4.1 Covid-19 cases worldwide (new cases — left axis, total cases — right axis).

Source: own calculations based on: Our World in Data.
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FIGURE 4.2 Covid-19 deaths worldwide (new deaths — left axis, total deaths — right axis).

Source: own calculations based on: Our World in Data.

pandemic occurred in a wave-like manner. The results of the study indicate that five
waves of the pandemic can be distinguished throughout the study period (Table 4.1),
wherein, with each wave, the number of Covid-19 infections increased relative to the
previous waves.

Figure 4.1 clearly shows that the lowest wave formed during the first stage of
the pandemic, i.e. from the announcement of the epidemic (later pandemic) until
July 2020. Due to the lack of sufficient knowledge regarding the new patho-
gen, this period was characterised by a high level of uncertainty and informa-
tion chaos. After this period, the pandemic slowed down somewhat and remained
relatively stable until October 2020. Due to the change of seasons, the SarsCov2
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TABLE 4.1
Health crisis waves

Health crisis wave Duration of the health crisis wave (contractual period)

January 23, 2020-June 30, 2020
2 October 1, 2020-February 15, 2021
3 March 15, 2021-May 31, 2021
4 July 15, 2021-September 30, 2021
5 December 15, 2021-April 18, 2022
Whole research period January 23, 2020-September 30, 2022

Source: own calculations based on: Our World in Data.

virus became active again in October 2020. This is when the second wave of the
pandemic began — much higher in terms of the number of cases and deaths. This
wave lasted until February 2021, after which the number of infections returned to
relative stability for a very short period (just one month). The third wave of the pan-
demic lasted about three months — until the end of May 2021. At this time, the fight
against Covid-19 was not complete as an effective drug to prevent the disease had
still not been developed, and vaccination, due to difficulties in the production and
availability of the vaccine, was not so widespread as to protect the entire popula-
tion. Therefore, in the second half of July 2021, new outbreaks of Covid-19 and an
increase in new infections were reported. This triggered a fourth wave of the pan-
demic, lasting until the end of September 2021. The SarsCov2 virus has not been
constant since the beginning of its activation but has constantly mutated. Since the
beginning of the pandemic, new strains of SarsCov2 virus were being discovered,
which were no more dangerous than the original pathogen. However, on November
24, 2021, the emergence of a new and very dangerous mutation, which was given
the name Omicron, was reported to the WHO. Omicron was responsible for caus-
ing the fifth and highest ever wave of Covid-19 cases, lasting until April 2022.
Currently, the number of cases and the number of deaths have stabilised, which
can be explained by the acquisition of natural immunity in the population, as well
as immunity due to the availability of vaccinations.

As previously mentioned, due to the lack of sufficient knowledge on how the Sars-
CoV-2 virus spreads and how to prevent Covid-19 infection, the disease has caused
significant difficulties for individuals, businesses, and countries. During the period
of highest transmission of the virus, a number of restrictions were put in place around
the world to prevent new infections (including restrictions on mobility, working and
studying remotely, maintaining social distance, significantly limiting tourism, cover-
ing mouths and noses, etc.). Despite the measures taken worldwide, the number of
cases of Covid-19 and the number of deaths from Covid-19 have steadily increased
throughout the study period, i.e. from January 23, 2020 to September 30, 2022. As
of September 30, 2022, 617,583,875 people have contracted Covid-19 and 6,545,452
people have died (Figures 4.1 and 4.2 — right axes).
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4.2 THE GOLD MARKET DURING THE CoVID-19 PANDEMIC

For centuries, gold has been a safe form of capital investment. Referring to historical
data, it is noted that during times of heightened uncertainty and socio-economic
turmoil, the demand for gold increases. This is due to the fact that gold has come to
be regarded as a safe haven, which, due to the fact that it is not positively correlated
with other assets, provides protection to investors against financial losses (Baur and
Lucey, 2010, p. 228; Baur and McDremot, 2010, p. 1897, et al.). However, the current
socio-economic turmoil has a very different cause, one that is not economic, but
health-based.

Prior to the outbreak of the Covid-19 pandemic, the demand for gold, as well as its
supply, remained on an upward trend, but the outbreak of the pandemic unbalanced
this market (Figure 4.3).

As Figure 4.3 shows, in consecutive quarters preceding the outbreak of the
Covid-19 pandemic, both the demand and supply of gold, as well as its price,
increased steadily. In contrast, immediately after the pandemic outbreak — from
January 2020 onwards (the first wave of the pandemic) — both the demand for and
supply of gold decreased. In the first wave of the pandemic, central bank demand for
gold was the first to decline, as well as jewellery production demand (Figure 4.4). At
the same time, despite falling demand, the gold price remained on an upward trend.
The likely reason for the increase in the price of gold with the concomitant decrease
in demand in the first wave of the pandemic was, on the one hand, the reduction in
the supply of gold due to insufficient labour and, on the other hand, the break in sup-
ply chains caused by the numerous lockdowns implemented in all the countries of
the world. The reduction in gold production compounded by the rupture of supply
chains consequently led to shortages of gold on the market in the first wave of the
pandemic. In contrast, in the subsequent waves of the pandemic, both gold demand
and supply steadily increased from quarter to quarter and the price of gold stabilised.
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FIGURE 4.3 Gold price, demand, and supply before and during the Covid-19 pandemic.

Source: own work based on World Gold Council.
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Ultimately, over the entire Covid-19 pandemic, gold demand increased by an average
of 16 tonnes from quarter to quarter, while gold supply increased by an average of 4.5
tonnes from quarter to quarter.

Throughout the pandemic, jewellery manufacturers reported the highest demand
for gold (47.34%), followed by investors (36.16%). In contrast, the smallest gold pur-
chases throughout the pandemic were made by the technology industry (8.10%) and
also central banks (9.18%) (Figure 4.4).

Figure 4.4 shows that in the first wave of the pandemic, the largest purchases of
gold were made by investors, but as the pandemic progressed their demand for gold
dropped significantly (on average around 24 tonnes from quarter to quarter). At the
same time, there was a dynamic increase in demand for gold for jewellery production
(averaging around 34 tonnes from quarter to quarter). This confirms that during the
development of the pandemic, gold buyers showed a greater propensity to purchase
physical gold relative to other forms of investment in the gold market. As mentioned
earlier, investing in gold can take two forms: direct and indirect. As historical data
shows, in times of socio-economic turbulence and turmoil, investors move away
from indirect investments to physical gold. The results of the analysis confirm that
physical gold is an attractive form of capital investment also during non-economic
crises. At the same time, the results of the study indicate that during the health crisis
triggered by the outbreak of the Covid-19 pandemic, physical gold acted as a safe
haven instrument (Figure 4.5).

Figure 4.5 confirms that demand for physical gold, particularly gold bars,
increased significantly during the Covid-19 pandemic. Demand for gold bars in the
second quarter of 2022 increased by just under 72% (66 tonnes) compared to the
first quarter of 2020. During the same period, a similar situation existed in the gold
coin market, where a clear increase in demand is noted in the subsequent quarters
of the pandemic. The research shows that the demand for official coins at the end of
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FIGURE 4.4 Gold demand during the Covid-19 pandemic.

Source: own work based on World Gold Council and stooq.com.
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the period studied (Q2 2022) increased by 59% compared to the initial period, while
the demand for precious metal coins during the same period was 25%. On the other
hand, as the research shows, the significant reduction in demand for gold in gold-
based ETFs is mainly responsible for the decline in investment demand during the
Covid-19 pandemic. The highest ETF demand for gold was observed in the second
quarter of 2020 (just under 436 tonnes). Thereafter, this demand declined dynami-
cally from quarter to quarter, and from the third quarter of 2020 onwards, negative
gold demand was reported for these funds (Figure 4.5). A temporary increase in
demand for gold in ETFs was only reported in the first quarter of 2022, which was
related to the outbreak of the Ukrainian—Russian war.

From the second quarter of 2020 to the fourth quarter of 2020, the gold market
experienced a divergence between gold demand and supply. During this period, there
was a significant decrease in demand for gold (—16.45%), while its supply increased
(16.87%). However, as the pandemic progressed, this disparity narrowed. As Figure 4.3
shows, from the first quarter of 2021 onwards, gold demand increased, while gold
supply was characterised by a slight increase. Throughout the Covid-19 pandemic, as
previously stated, gold supply remained on an upward trend, increasing by an aver-
age of 4.5 tonnes from quarter to quarter (Figure 4.6).

Figure 4.7 shows that gold is supplied to the market through mine produc-
tion and through recycled gold. Comparing the two segments of gold supply, it is
concluded that mine production was responsible for the increase in gold supply
throughout the Covid-19 pandemic. As can be seen from the figure above, mine
production followed a wave-like pattern, wherein it should be noted that the lowest
gold production occurred in the second quarter of 2020 (788.9 tonnes), as well as
in the first quarter of 2021 (834.9 tonnes) and in the first quarter of 2022 (852.6
tonnes). This coincides with the period of greatest incidence of Covid-19 and
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FIGURE 4.5 Gold investment demand during the Covid-19 pandemic.
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FIGURE 4.6 Gold supply during the Covid-19 pandemic.

Source: own work based on World Gold Council.

indicates that gold mining was dependent on the development of the pandemic.
On average, gold production increased by 7.5 tonnes from quarter to quarter
throughout the study period, and at the end of the study period (Q2 2022), gold
production was 8.72% higher than at the start of the study period (Q1 2020). The
average share of mine production in gold supply throughout the study period was
74.49%. Recycled gold, on the other hand, followed a downward trend throughout
the study period (-2.98 tonnes from quarter to quarter). With physical gold acting
as a safe haven instrument in times of turbulence, gold holders were reluctant to
sell their gold holdings and, as a result, the supply of recycled gold decreased. As
with mine production, the smallest supply of recycled gold occurred in the second
quarter of 2020 and the first quarter of 2021, which also indicates that the supply
of the gold price increased dynamically. This was due to the high level of uncer-
tainty regarding the development of the pandemic and its consequences for the
economy, as well as the difficult access to the gold market due to the restrictions
put in place (restriction of mobility, disrupted supply chains, etc.). In contrast, as
the pandemic unfolded, knowledge of the new pathogen increased, and the gold
price stabilised from the fourth quarter onwards. Until the end of the study period,
the gold price fluctuated slightly. Towards the end of the study period (in the first
and second quarters of 2022), the gold price increased, which should be explained
by the emergence of a new key risk factor, namely the escalation of the Russia—
Ukraine armed conflict.

4.3 THE iIMPACT OF THE CovID-19 PANDEMIC ON GOLD PRICES

In the second part of the quantitative research, multiple linear regression analysis
was used. Based on this, a model was developed to investigate the impact of the
Covid-19 pandemic on gold prices. Nine independent variables were entered into the
model sequentially. The analysis showed that of these, only five were statistically
significant (Table 4.2).
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TABLE 4.2
Results of multiple linear regression analysis

Parameters of the independent variables
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Based on the results obtained in Table 4.2, the following five variables were found to
have an impact on gold ounce prices expressed in USD during the Covid-19 pandemic:

e Reproduction rate (R number)

e People fully vaccinated against Covid-19

* Total Covid-19 cases

e People vaccinated with at least one dose against Covid-19
¢ Total Covid-19 vaccinations

The results are homogeneous, with the exception of the variable Reproduction rate
(R number). The results show a strong negative correlation between this indicator
and the gold price. Each 1% change in the R-number rate resulted in a change in the
price of gold of just under US$ 293 per troy ounce, with the price of gold falling by
US$ 293 as the number of people to whom each Covid-19 patient transmits infec-
tion increased. Conversely, as the number of people to whom each patient transmit-
ted Covid-19 infection decreased, the gold price increased by US$ 293. During the
period of increased transmission of the SarsCov2 virus, there was an increase in
restrictions to contain the spread of the virus (restriction of mobility, implementa-
tion of personal protection procedures, lockdowns, self-isolation, etc.), which conse-
quently translated into significant supply chain disruptions in all markets, including
the global gold market. Because of this, the supply of gold was reduced and, in turn,
the demand for gold was not met. In turn, the reduction in restrictions resulted in the
release of labour and, consequently, an increase in gold supply and sales.

At the same time, research results indicate that, in addition to the Reproduction
rate variable (R number), the price of gold is also influenced by four other variables,
but the strength of this correlation is negligible. The research has therefore shown
that there is no direct interrelation between the health situation and the gold price,
which is also confirmed by the model fit parameters (Table 4.3).

Table 4.3 shows that the estimated multiple linear regression model is statisti-
cally significant. This is confirmed by the values of the F statistic (45.90) and
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TABLE 4.3
Results of the evaluation of multiple linear regression model parameter
significance

Model adjustment parameters

Determination  Estimation error  F-test statistic ~ Test probability  T-test statistic value
coefficient R? value level (p < 0.05) (intercept term)
0.3275 56.55 45.90 0.0000 2,287

Source: own calculations.

p < 0.05. This is because the value of the F statistic shows the significance of the
model components: if F = 0, the model components are insignificant, and if F = 0,
the components are significant. The significance of the model is also confirmed by
the estimation error and the value of the t-statistic (free expression). The estimation
error indicates the average difference between the observed values of the dependent
variable and the theoretical values (Rabiej, 2012). In the estimated model, the free
expression is different from zero, while the standard error of the estimation of the
free expression relative to its value is 2,287. The coefficient of determination R2
indicates the degree to which the constructed model explains changes in price, which
means that the model explains 32.75% of changes in the price of gold. This means
that more than 67% of the gold price depends on other factors.

4.4 RussIA—UKRAINE ARMED CONFLICT AND THE GOLD MARKET

The escalation of the Russian—Ukrainian conflict, which has been ongoing since 2014,
began on February 24, 2022. Since then, by September 29, 2022, more than 5,990 civil-
ians, including 382 children, have been killed and 8,848 civilians, including 676 chil-
dren, have been injured in Ukraine (Statista, 2022). With the start of military operations,
thousands of Ukrainian citizens (mostly women and children) left their country seeking
safety in Central and Eastern European (CEE) countries, mainly Poland (Figure 4.8).

Figure 4.7 illustrates the number of border crossings between Ukraine and other
CEE countries after Russia’s invasion of Ukraine. As can be seen from the figure, the
largest number of Ukrainian citizens (over 6.1 million) crossed into Poland, followed
by Russia (over 2.5 million) and Hungary (over 1.3 million). The lowest number of
Ukrainian citizens emigrated to Moldova (over 606 thousand) and Belarus (over 16
thousand). In total, more than 12.6 million citizens left Ukraine in search of refuge and
security, as the Ukrainian forces were a poor match for the Russian forces (Table 4.4).

As can be seen from the table above, Russia has much greater military potential
than Ukraine. For this reason, other countries have directed additional military assis-
tance to Ukraine, including:

e Weapons (United States, United Kingdom, France, Netherlands, Germany,
Canada, Sweden, Norway, Denmark, Finland, Belgium, Czechia, Croatia)
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FIGURE 4.7 Number of border crossings from Ukraine to CEE, from February 24 to
September 13, 2022.

Source: www.statista.com.

TABLE 4.4

Comparison of the military capabilities of Russia and Ukraine as of 2022
Indicator Russia Ukraine

Total military personnel 1,350,000 500,000

Total aircraft and helicopters 5,716 430
Ground combat vehicles 60,078 18,460

Total military ships 605 38
Nuclear warheads 6,255 0

Source: www.statista.com.

e Medical and defensive equipment (Spain)
e Soldier’s equipment (Romania, Portugal, Greece)

The outbreak of the war in Ukraine has become a new risk factor reflected in the
economy. As a result of the military conflict, the supply of fossil fuels, of which
Russia is one of the key producers, was disrupted. The gold market was not indif-
ferent to the new threat either, especially as Russia is among the world’s leading
gold distributors. Alongside Russia, the world’s largest gold producers are China and
Australia (Figure 4.8).

Research has shown that China, Russia, and Australia are responsible for less than
30% of global gold production. These countries are followed by Canada and United
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FIGURE 4.8 Global gold mine production. Data as of December 31, 2021.
Source: World Gold Council.

States, which account for 11.5% of global gold production. Russia, which is among
the top gold producers, accounts for 10.02% of gold production. Due to the military
conflict between Russia and Ukraine and the restrictions imposed on the Russian
Federation in this regard, the supply of gold from this side is decreasing. On the other
hand, the increase in military spending in Russia may increase the supply of gold
from Russia, which will undoubtedly affect the gold price.

From the outbreak of the armed conflict between Russia and Ukraine in 2022
until the end of the research period, the gold price was in a downward trend.
Only the timing of the outbreak of the conflict (February 24, 2022) contributed
to a short-term increase in the gold price. During this time, the gold price rose
by 7.66% over a 12-day period (until March 8, 2022), after which the trend was
reversed and the gold price regularly fell by USD 1.43 per ounce. The average
rate of decline in the gold price over the entire study period was —0.09% per day
(Figure 4.9).

The fall in the price of gold during the military crisis has been driven by declin-
ing demand for bullion. Following Russia’s invasion of Ukraine, demand for gold
fell markedly. In the first quarter of 2022, gold demand was more than 23.5% higher
than in the second quarter of 2022. The research shows that as the military conflict
unfolded, gold demand decreased by just under 292 tonnes (Figure 4.10). This is a
rather surprising finding given that gold has historically been a safe haven during
military conflicts.

The research showed that the largest demand for gold during the military crisis
was from China, which generated just under 45% of global gold bullion demand
(Figure 4.11).

As shown in Figure 4.11, the United States (12.55% of world demand) and Germany
(10.55% of world demand) also reported high gold demand during the military crisis.
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FIGURE 4.10 Gold demand and supply after the Russian invasion of Ukraine.

Source: own work based on World Gold Council.

The research showed that Russia’s gold demand during the period under review was
moderate at over 46 tonnes, or just 2.57% of world demand. Given that Russia is one
of the world’s leading gold producers, it is assumed that Russia’s gold demand is met
by its own production of gold bullion.

The fall in the price of gold during the military crisis, in addition to the decrease
in demand for the bullion, is also influenced by an increase in the supply of gold.
According to the research, since the Russian invasion of Ukraine, gold supply has
increased by 4.26%, from 1,153.7 tonnes in the first quarter of 2022 to 1,202.8 tonnes
in the second quarter of 2022. An increase in the supply of gold with a concomitant
decrease in the demand for gold bullion has a negative impact on the price of gold
bullion, as demonstrated in this research.
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FIGURE 4.11 Gold demand by country after the Russian invasion of Ukraine.

Source: own work based on www.usdebtclock.org.

4 CONCLUSIONS AND FUTURE WORK

Since 2020, the world has been facing a health crisis caused by the new SarsCov2
virus, which has recently (as of February 24, 2022) been compounded by a military
crisis. Both the health crisis and the military crisis have caused tremendous socio-
economic turmoil and contributed to changes in all markets including commodities,
especially gold.

The object of the research in this study was to investigate and assess changes
in gold demand and supply and fluctuations in global gold prices as a result of the
impact of Covid-19 and the Russian—Ukrainian armed conflict. On the basis of the
research, it is concluded that the global crisis triggered by the outbreak of the SARS-
CoV-2 coronavirus pandemic contributed to an increased interest in gold investments.
Initially, after the outbreak of the pandemic, investors showed moderate interest in
the gold market. Research showed that during the first wave of the pandemic, both the
demand and supply of gold remained on a downward trend, while the price of gold
increased. The decline in the supply of gold bullion was shown to be responsible for
the decline in the labour force, triggered by numerous restrictions designed to limit
the transmission of the virus, which led, among other things, to the disruption of
supply chains (e.g. restriction of mobility and temporary closure of economies). The
results were also repeated in the other waves of the pandemic, and were confirmed by
regression analysis, which showed that the gold market was largely influenced by the
virus’s ability to spread (R number). The study proved that a reduction in the supply
of gold negatively affected the ability to purchase gold bullion, which had a direct
impact on the increase in the price of gold during this period. The analysis of the
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gold market during the subsequent periods of the pandemic showed that, over time,
demand and supply in the gold market increased and the price stabilised.

The results of the analysis confirmed that during the health crisis turmoil, inves-
tors moved away from intermediate investments in the gold market to investments
in physical gold. Investments in gold bars and coins proved particularly attractive to
investors. Particularly noteworthy, however, was the increased demand for jewellery
production. During the period under review, this demand increased by 47%. This
result, combined with the increase in demand for physical bars of gold (72%) and
coins (84%), confirms that gold is a safe haven for investors in times of turmoil. This
conclusion is consistent with previous studies (e.g. Baur and Lucey, 2010, p. 228;
Baur and McDremot, 2010, p. 1897, et al.).

Slightly different results were obtained when analysing the impact of the mili-
tary crisis on the gold market. The results of the study indicate that after Russia’s
invasion of Ukraine, the supply of gold increased, but at the same time the demand
for gold bullion decreased, which in turn was reflected in a decrease in the price
of gold.

Returning to the research hypothesis posed at the beginning of this paper, it is
concluded that the research results only partially support this hypothesis. In doing
so, it should be emphasised that the superimposition of the military crisis on the
pandemic crisis in such a short period of time makes it difficult to assess the deter-
minants of the demand and supply of gold, as well as its price. The health crisis, due
to its duration, provides much more statistical data, allowing an in-depth study of its
impact on the gold market. The military crisis, on the other hand, has lasted only a
few months and does not provide much statistical data. Therefore, the results should
be interpreted with some caution. This study is only a prelude to a broader study into
the impact of the military crisis on the gold market. Future research focusing on the
correlation between the gold price and the military invasion in the context of the
upcoming digital revolution may prove interesting. This would contribute to a deeper
understanding of the gold market in a changing socio-political, military, and health
context.
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5 Use of artificial neural
networks and decision
trees for cost estimation
of software projects —
A model proposal

Marlena Stanek and Beata Czarnacka-Chrobot

1 INTRODUCTION

The aim of this chapter is to propose a model using selected data mining techniques
to estimate the functional size of a product of a software development project on the
basis of information about the project known at the beginning of its life cycle. The
estimated software functional size enables the proper planning of project costs (and
its other parameters, e.g., duration). This, in turn, facilitates the reduction of losses
on investment in unsuccessful and often very expensive software projects. This is
particularly important in the case of initiatives financed from the state budget, which
contradicts the idea of sustainable development, as it hampers economic growth
and social progress. Due to the high percentage of failures of I'T/software projects
and related losses, an area has been identified that can be supported with analytical
methods, e.g., data mining techniques. The aim was to propose a model that could
be used to support software project cost planning in order to increase the number of
successful projects.

The chapter presents the process of building a model based on data from the
International Software Benchmarking Standards Group (ISBSG) and with the appli-
cation of selected data mining techniques, i.e., artificial neural networks and decision
trees. The best results were obtained for decision trees using the gradient boosting
method. Model scoring allowed the assessment of its predictive power. The obtained
accuracy of the model is approximately 85%, which is a satisfactory result. The
results can be considered good enough to meet the assumed criteria, but the proposed
model can still be improved on the condition of access to complete and qualitatively
better benchmarking data.

Therefore, the chapter focuses on the following issues: (1) the use of data min-
ing in the management of software projects based on the analysis of the subject lit-
erature; (2) data mining techniques used to build the proposed predictive model,
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i.e., artificial neural networks and decision trees; (3) a practical part that presents
the entire process of the research performed in SAS Enterprise Miner, a tool created
by SAS Institute, including a description of the ISBSG benchmarking data used and
the subsequent stages of model development: sampling, exploration, modification,
modeling and assessment (SEMMA) of the obtained results; (4) conclusions from the
study together with the assessment of the proposed model — its strengths and weak-
nesses, indicating the future direction of the research.

2 THEORETICAL FRAMEWORK OF DATA MINING AND
APPLICATION IN SOFTWARE PROJECT MANAGEMENT

Despite a high number of IT project failures (Johnson, 2021), as a result of which
enormous amounts invested in software projects are wasted, a considerable increase
in market demand for such systems is noticeable. Therefore, the principal issue
is to identify the causes of this common undesirable phenomenon. It is normally
attributed to a group of factors that can be synthetically defined as improper project
management (e.g., Fatima, 2017). Therefore, the possibility to support the software
project management process is crucial. This is because knowing what caused failures
of software projects proves to be an insufficient method for controlling and planning
them. And contracting entities, which are in demand of often very expensive soft-
ware systems want to have the highest possible certainty that the undertaken project
will not bring a financial loss. Contractors are also interested in avoiding failures,
since their aim is the simultaneous increase in profits from and quality of projects. To
this end, it is worth verifying the techniques permitting them to improve the quality
of a process where this quality is dependent on the proper estimation of unknown
parameters based on incomplete knowledge in high-risk conditions, with both these
factors occurring predominantly at the beginning of a software system project. Such
a technique is predictive analytics as one of the possibilities offered by data mining.
In some definitions, data mining is identified with knowledge discovery:

Data mining, known also as knowledge discovery in databases is the nontrivial attempt
at extracting implicit, previously unknown, and potentially useful information from
data. This includes a range of techniques, such as clustering, data summarization, clas-
sification, correlation identification, change analysis and anomaly detection.

(Pujari, 2013)

Other definitions point also to further aspects of the notion: data mining is the discov-
ery of new significant relationships and global correlation patterns or trends existing
in large databases, but hidden among enormous quantities of data, by screening them
with the use of pattern recognition techniques as well as statistical and mathematical
techniques. The purpose of extracting the identified knowledge from a database is to
use it in decision-making, prediction, and estimation processes (Pujari, 2013). Data
mining is a combination of numerous techniques: ones that permit recognition of the
patterns found in data, thus enabling their better understanding, and ones that enable
predictive modeling (Witten et al., 2017). In the case of prediction, the unknown
attribute values are estimated and generalized based on the identified patterns.
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Hence, predictive analytics allows the development and enhancement of predictive
models based on the existing large amount of data. As mentioned above, prediction
can be particularly helpful in the initial phase of a software system project, but it
is useful also during its entire life cycle, since prediction enables, among others,
the following (Fatima, 2017): (1) an objective overview of the project-related risks,
the areas at risk, so that the identified gaps could be remedied, (2) improvement of
the project performance by prioritizing the activities that might facilitate the suc-
cess, (3) implementation of the values determined for projects by selecting specific
implementation measures, (4) minimization of potential financial costs and losses
and maximization of efficiency, (5) enhancement of organizational effectiveness by
eliminating redundant project attributes and reinforcement of the features that con-
tribute to the success of a project, (6) mitigation of the risk involved in estimating a
project by comparing it with projects having similar attributes.

The application of data mining techniques can be exemplified by controlling the
project schedule. In the publication by Pospieszny (2017), the author proposed the
employment of data mining in estimating the initial values of a project and focused
on a model making use of classification techniques. For that purpose, a data set was
divided into four subsets, each of which was used for predicting another variable.
Target variables included duration, task completion time, number of hours spent by
a given contractor on completing the task, and number of tasks completed as of the
analysis date. The models were built by means of three decision tree techniques: C4.5
algorithm, random tree, and CART (Classification and Regression Tree). The best
results were achieved when using the random tree algorithm. An important statement
made by the author of the analysis is his proposal to employ various methods to make
the model capable of adapting to diverse organizational cultures, methodologies, and
project data. In order to improve schedule management performance of development
enterprises, it might be beneficial to employ advanced machine learning models and
other data mining techniques. The application of such a solution will permit the use
of the aforementioned benefits. The knowledge mined from data could serve as an
effective support for managers in reasonable task planning and successive cycles of
a project, thus allowing the delivery of complete products within the set deadline.
Along with technological progress, the process might become fully controlled by
machines (Wei & Rana, 2019).

In order to fully monitor a project, the EVM (Earned Value Method) can be com-
bined with data mining techniques. Decision trees, neural networks, and association
rules for predicting the total project duration using the EAC (Estimate at Completion)
indicator as an outcome can be employed to this end. The EVM is a method integrat-
ing the scope, schedule, and measurement of resources for the purpose of assessing
a project in terms of its efficiency and progress. It is an interesting solution for esti-
mating the total effort and duration, since it is combined with the currently applied
method. This might result in an easier transfer of the ideas presented in scientific
studies to real-life applications. Another possibility is to use the knowledge arising
from previous stages of a project for predicting effort in successive phases. It concen-
trates on the fuzzy set theory and association rules (Pospieszny, 2017).

Another essential aspect in which data mining is capable of supporting a project
team is product quality. In response to business needs, researchers proposed several
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approaches to estimating quality-related problems. One of the proposals is a model
estimating the number of defects by their criticality: minor, major, and extreme. As
part of that proposal, three models founded on a decision tree were built based on
MARS (Multivariate Adaptive Regression Splines). The obtained results differ insig-
nificantly for each model and their estimation accuracy is above 90%. The satisfac-
tory results suggest that the model could be used in practice. Additionally, when
combined with the prediction of effort, they could offer valuable information in the
project planning process. A different approach is the prediction of bug complexity
and repair time. Here, clustering was applied to categorizing them by complexity
(simple, medium, complex) and k-means algorithm — to calculating the repair time
(Pospieszny, 2017).

The application of various machine learning (ML) algorithms in software engineer-
ing was the aim of the Systematic Literature Review (SLR) presented in (Mezouar &
El Afia, 2022). It is, to the best of our knowledge, the most up-to-date analysis of this
issue. The authors found that ML algorithms were the most commonly applied in the
discussed area with respect to software project management to software defect/bug/
fault prediction and its quality improvement. This is followed by data classification
and software development effort estimation. According to the authors, the latter issue
was covered by merely four studies, where the random forest algorithm was applied
to predicting teamwork effectiveness, an approach based on neural networks, sup-
port vector machines, and generalized linear models was proposed for estimating
software project effort and duration, the ensemble model approach to estimating such
project parameters based on three ML algorithms and the software size measurement
function point method were analyzed (Pospieszny et al., 2018). In addition, attention
was paid also to effort estimation methods for agile projects based on methods using
the so-called story points, which serve the purpose of software size measurement
(they have not been accepted by international standardization organizations ISO/
IEC for that purpose; see Czarnacka-Chrobot, 2023). They are followed in the SLR
by: recommendations for code structure, detection of code changes, detection of the
design pattern, evaluation of the software process, prediction of software reliability,
improvement of software testing, and verification of software (Mezouar & El Afia,
2022). In this study, the ML algorithms that are most commonly used in the area
of software engineering activities, including software project management support,
were also analyzed as part of the SLR. It was found that, among 15 ML algorithms,
three of them were the most frequently applied: the decision tree, the support vec-
tor machine, and the random forest algorithm. They are followed by naive Bayes
algorithm, artificial neural networks (ANN), K-nearest neighbors, extreme learning
machine, logistic regression, multilayer perceptron, while others are used in a neg-
ligible number of studies. The previously mentioned analysis shows that different
ML algorithms are employed to handle different problems, but, in general terms, the
usefulness of ML is noticeable at many stages of a software project life cycle: speci-
fication of requirements, design, including the capability to accurately predict soft-
ware development effort, implementation, verification, and maintenance. Moreover,
the authors declare that the interest in the subject matter of their examination has
been markedly increasing since 2017, and hence it can be considered relatively new
(Mezouar & El Afia, 2022).
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Access to a database containing the information about the values of initial project
parameters and the end results might permit, if employing the proper techniques,
the creation of a certain set of rules. This would be an invaluable knowledge for
software project managers. Based on the created rules and information about the
projects managed by them, they could make better decisions and take more appro-
priate actions required for their effective execution. The existing systems enable the
modeling and simulation of complex behaviors in the software development process
as well as the generation of diverse scenarios for the same project. One of the greatest
advantages of the process is the capability to check, almost cost-free, their influence
on the project and the effect of various management rules or lack of such rules, and to
allow for the individual attributes in the scenarios. The combination of the dynamic
simulation of system development and data mining permits the obtainment of auto-
matic management rules, which might make the decision-making process easier to
project managers. The created rules might be useful for controlling the work, intro-
ducing the necessary changes in order to achieve the assumed goals, and also pre-
senting the possible changes during the project and monitoring the aspects that give
rise to objections (Alvares et al., 2004).

Hence, various data mining techniques can be employed as tools supporting the
software project management process, including estimation of project attributes,
such as software system size, which is supposed to be a product of a given project.
The knowledge of the software size to be delivered at early development stages is a
necessary condition for the correct (reliable and objective) estimation of effort, per-
sonnel costs, duration of the project, and — as a consequence — pricing of its product.
This enables an increase in the number of software projects that will succeed, and
a reduction of the huge financial losses incurred by contracting entities as a result
of project failures. For contractors, in turn, data mining techniques might be a way
to convert performance into measurable business benefits, such as a higher number
of satisfied customers, financial profitability, more effective business processes, and
greater market share. However, the multitude of benefits coming from the use of the
information contained in data has not led to their broader application yet (Pospieszny
et al., 2018). The high number of scientific studies, most of which are conceptual,
does not translate into a high percentage of implementations. The effect is a gap
between the worlds of science and business, which should be bridged.

3 THEORETICAL FRAMEWORK OF PREDICTIVE MODELING:
ARTIFICIAL NEURAL NETWORKS AND DECISION TREES

This subchapter presents synthetically, due to the abundant relevant literature, two
data mining techniques used for the predictive model proposed in this chapter:
(1) artificial neural networks, and (2) decision trees.

Artificial neural networks are systems dedicated to processing information and
modeling complex non-linear dependencies, the creation of which was inspired by a
human nervous system. Artificial neurons composing a network and its structure are
constructed based on biological functioning. The foundation of a neural network is
a neuron, which is responsible for processing information. The components are con-
nected with each other through links with weights that are modifiable while learning.
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The basic network components are characterized by many input signals and one
output signal (Tadeusiewicz & Szaleniec, 2015). The fundamental neuron compo-
nents, in turn, are weights with their values, the internal processing function, and
the activation function. The output signal value calculation stage is divided into two
substages. First, input signals are multiplied by appropriate weights and subjected to
processing by the preset function. This stage is called the internal processing func-
tion. The next stage is the activation function, which serves the purpose of obtaining
the output signal. Activation functions can be any continuous functions generating a
value from the relevant scale in the output neuron. These are usually the following
functions: linear, unit step, sigmoid, and hyperbolic tangent (Stegowski, 2004). In
terms of architecture, the following network types can be distinguished: single-layer —
in such a network, neurons form one layer; multi-layer — its characteristic feature is
the existence of at least one hidden layer; recurrent — there is a feedback between the
input and output layers; hybrid — a mixture of the multi-layer and recurrent networks
(Klamra et al., 2020). In the backpropagation algorithm, each neuron in the input
layer is connected to all neurons in the hidden layer and each neuron in this layer is
connected to each neuron in the output layer. The neuron receives a signal from the
connections linking it to other neurons and then aggregates the inhibiting and excit-
ing impulses it receives and sends another signal (Rajola, 2013). When learning, a
neural network adapts through an iterative procedure, which modifies weights until
it reaches the optimal point, where the discrepancies between the input, output and
the historical values are the smallest. The test set is intended to evaluate the consis-
tency between the output data provided by the network and a range of historical data,
which were not included in the learning phase. Outputs are largely influenced by not
only selected input variables but also a multitude of network configuration factors,
such as, above all, network structure, and particularly the number of hidden layers,
which affect both the results and time of learning. In reality, a network with an exces-
sive number of hidden neurons and a high number of intermediate layers makes the
learning time longer without improving the results. A network with a limited number
of hidden neurons, in turn, might lead to a poor analysis (Rajola, 2013).

Another technique is decision trees. They are predictive models designed to select
the variables that will best explain the target variable by means of a division of the
analyzed data set. A characteristic feature of the method is easy interpretation of the
results. A graphic representation of the tree shows the internal relationships between
data in a simple and intuitive manner. However, decision trees tend to grow, which
might hamper the interpretation of results due to a high number of attributes and
their values. Decision trees are successfully implemented in supervised learning
systems in order to classify objects into a specified number of classes. Tree nodes
are designated with names of attributes, and branches show the values that can be
assumed by attributes. At the same time, they are conditions determining the split
of a feature. Leaves represent the classes resulting from the split. Depending on
the split type, there are binary, tertiary, or multiple clusters. In order to classify the
examined case, we must begin with the root of the tree and pass through successive
nodes to reach the appropriate leaf. Decision trees are suitable for analysis of both
qualitative and quantitative data. They are employed in applications for data mining
and, for instance, segmentation, or construction of prognostic models (Rajola, 2013).
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The algorithms that are most frequently used for building a decision tree are as
follows: C4.5 (an improved version of the ID3 algorithm), CART, and CHAID (Chi-
square Automatic Interaction Detector). What is an essential element in construct-
ing a model is the selection of stopping criteria. The ones applied most commonly
include the maximum number of steps taken in a process, the minimum group size,
the minimum deviation of the parent group, and the minimum capability to explain
the best split at each stage. Pruning, in turn, is not a stopping criterion; it is a pro-
cedure intended to reduce the size of a tree by cutting off less significant branches.
Another essential factor is tree stability. A way to determine that is the random sub-
stitution of certain data to observe differences with reference to the original data set.
One more method is to divide a data set into several random parts and confront the
obtained results. If they are the same in both cases as in the original data set, the tree
is stable (Rajola, 2013).

In this study, the gradient-boosting decision tree model was used. Gradient boosting
is a powerful ML algorithm, which combines weak prediction models, thus forming
a strong and effective classifier. Decision tree models that are trained based on the
residuals of the previous tree are constructed iteratively. This enables the achievement
of the goal by reducing the residual error in the learning process (Denga et al., 2019).

4 PROCESS OF BUILDING A PREDICTIVE MODEL - RESEARCH
AND RESULTS ACCORDING TO THE SEMMA METHODOLOGY

4.1 DESCRIPTION OF DATA AND SELECTION OF VARIABLES

The data used for building the model come from the International Software
Benchmarking Standards Group (ISBSG) repository. It is a non-profit institution
founded by a group of national organizations dealing with software measurement
methodologies in Australia in 1997. They intend to promote the employment of
appropriate methods and data in the IT industry in order to improve the software
development process. The ISBSG collects data in a few repositories holding informa-
tion about various types of software projects executed in a variety of industries along
with information about all significant parameters. The data come from software
enterprises and are gathered in accordance with strictly defined guidelines in order to
ensure their high quality (ISBSG, 2020a; ISBSG, 2020b; Czarnacka-Chrobot, 2023).

The data set received by the authors of this study from the ISBSG contained more
than 9,000 observations (records) and more than 100 variables describing them. It con-
cerned various projects completed in the period 1989-2018. However, the final data set
consisted of more than 5,000 observations, since the study focused only on: (1) new
development/enhancement/re-development projects, while omitting maintenance
projects; and (2) business applications (data driven), while omitting projects such as
infrastructure development or mathematical applications (real-time driven). This arises
from the fact that the aim of the research was to construct a predictive model for busi-
ness software functional size estimation in software development projects (e.g., new
development/enhancement/re-development projects) based on the project information
available at the beginning of its life cycle. It is worth noting here that the timespan
within which the projects were executed is less significant for this aim.
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Due to the aim of the research, the target variable selected for modeling was
Functional Size. The variable describes the number of unadjusted function points
(FP) of the software Functional Size Measurement (FSM) methods (ISO/IEC
14143:2002-2012) recognized by ISO/IEC as a standard of such measurement
(Czarnacka-Chrobot, 2023). At the initial stage, the following 20 variables were
selected, as they might explain the modeled phenomenon and are normally known at
the beginning of the project life cycle (ISBSG, 2020c¢):

1. Industry Sector—the type of the industry in which the software implementation
enterprise operates;

2. Development Type — the type of software development project: new
development, enhancement, or re-development;

3. Development Platform — it defines the primary development platform: PC,
mid-range, mainframe, or multi-platform;

4. Language Type — the type of programming language used in a project, e.g.,
3GL (3rd Generation Language), 4GL (4th Generation Language), applica-
tion generator, etc.;

5. Primary Programming Language — the primary programming language
used in a project;

6. Count Approach — a method used for determining the size of the software:
for most projects in the ISBSG repository, this is one of FSM methods, and
the most popular of them is the IFPUG method devised by the International
Function Point Users Group and standardized, in the principal part, by ISO/
IEC (ISO/IEC 20926:2009), since over 70% of the products of projects are
measured with this method (ISBSG, 2020b);

7. Project Activity Scope — the project phases completed during its execution:
planning, specify, design, build, test, and implement;

8. Resource Level — the level at which data on effort per project are recorded
(there are four levels: 1 = development team effort, 2 = development team
support effort, 3 = computer operations involvement effort, 4 = end users’ or
client’s effort);

9. CASE Tool Used — whether and, if so, what CASE (Computer-Aided
Software Engineering) development support tool is used in a project;

10. Used Methodology — whether a team of developers apply a methodology to
develop software;

11. Ist Operating System — the primary operating system used during a project;

12. Ist Data Base System — the primary database used during a project;

13. Development Methodologies — methodologies applied during the whole
development process (e.g., agile, JAD, waterfall, etc.);

14. Functional Sizing Technique — a technique (tool) applied to support the pro-
cess of measuring the functional size of the product of a project;

15. Architecture — the software architecture: stand-alone, multi-tier, client-
server, or multi-tier with web public interface;

16. DBMS Used — whether a database management system is used while execut-
ing a project;

17. Metrics Program — whether the development organization has implemented
a software process and product measurement program;
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18. Package Customization — whether a project contains packages requiring
customization;

19. Project Type;

20. Upper CASE Used — whether tools providing support at early stages of the
project life cycle, such as requirement analysis and design, are used.

The entire analysis was carried out based on the SEMMA methodology developed
by the SAS Institute (SAS, 2017). The SAS Institute is the firm that offers analyt-
ics software, which supports data modification and data analysis. The proposed
methodology offers a logical list of successive steps taken during data mining. Its
individual stages are as follows: Sampling, Exploration, Modification, Modeling,
and Assessment (SEMMA). In order to explore large quantities of data, two appli-
cations from the SAS Institute were employed: SAS Enterprise Miner Workstation
(Kattamuri, 2017) and SAS Enterprise Guide (Delwiche & Slaughter, 2018).

4.2 DATA SAMPLING AND EXPLORATION: SELECTION OF VARIABLES

The first stage in building a model according to the SEMMA methodology is sam-
pling. At this stage, impute nodes and data partitioning nodes were used. Before
modeling, roles of individual variables in the set were specified. Additionally, the
variables for which missing data exceeded 80% were rejected. Afterwards, the input
data set was divided into three sub-sets: training, validation, and testing. Observations
were selected for the sub-sets based on the 6:3:1 proportion.

The next stage was data exploration understood as a selection of variables.
Preliminary data were analyzed as part of this point. This served as the basis for
selecting the explanatory variables used for modeling.

Due to the high number of levels of the Functional Size target variable value,
it was decided to categorize the variable. Responses from the ISBSG dataset were
grouped into three categories. The division of the target variable into categories and
their number of occurrences are presented in Tables 5.1 and 5.2. As follows from
Table 5.2, the largest category is the first one, which refers to projects with the prod-
uct size falling within the range of 0-100 in IFPUG unadjusted function points. The
smallest category is the last one, which presents products with the largest sizes.

Next, preliminary data exploration, i.e., selection of variables, was performed.
It allowed the verification of the correlation between explanatory variables and the

TABLE 5.1
Target variable categorization

Size of the product of a

Initial functional size values project (software) Assigned value
0-100 FP Small 0
101-500 FP Medium 1
Above 501 FP Large 2

Source: own work.
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target variable as well as the distribution of their values with respect to the response
variable (Kattamuri, 2017). The selection of the variables used when modeling the
phenomenon was based on two approaches. One of them was automatic and involved
choosing the “Selection of variables” node. The method selected for the target
variable was chi-square and the upper threshold for missing data was set at 80%.

TABLE 5.2

Description of the target variable after categorization

Variable Assigned value Number of occurrences Percentage
Functional size 0 2,537 46.6360
Functional size 1 2,215 40.7169
Functional size 2 688 12.6471
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FIGURE 5.2 Cramér’s V coefficient values for selected dependent variables.
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The other approach was the application of the PROC CORR function computing
correlation statistics. This permitted the verification of the correlation not only
between the response variable and the explanatory variables but also between the
explanatory variables themselves. The ultimate explanatory variables used when
constructing the model were selected based on the chi-square coefficient. The signifi-
cance level was determined at 0.05. The next step was the verification of the collin-
earity of the explanatory variables present in the model. The VIF (Variance Inflation
Factor) statistic, which can be determined for each of the predictors, was used to that
end. Cramér’s V coefficient was applied, as it is one of the correlation measures that
determines the level of correlation between two nominal variables, at least one of
which assumes more than two values. The effects of employing those methods can
be seen in Figures 5.1 and 5.2.

The numerical variables were selected based on the WoE (Weight of Evidence)
method. Based on the information criterion indicating the most predictive variables
with respect to the modeled variable, it was decided that the Max Team Size vari-
able, signifying the maximum number of persons working on a project and being a
continuous rather than qualitative variable, would be added to the set. In the case of
the variables the individual categories of which explained only one category of the
target variable, it was decided to remove them. The variables that were character-
ized by high correlation with other explanatory variables were also removed. A list
of the following explanatory variables, which were used in the modeling process,
was created as an effect: Architecture, Development Methodologies, Development
Platform, Development Type, Industry Sector, Language Type, Max Team Size,
Metrics Program, Package Customization, 1st Operating System.

4.3 DATA MODIFICATION

Therefore, the model construction process allowed for the ten explanatory variables
selected at the previous stage, nine of which were qualitative variables and one was
a continuous variable. The contingency tables, i.e., ones showing the distribution of
one variable in rows and another in columns, used to study the correlation between
the two variables (see Tables 5.4-5.13), and charts of distribution with respect to the
target variable after the recategorization process (combination of selected categories
of the variable) only for the variables included in the selected model (see Figures 5.3—
5.12) are presented below. Table 5.3, in turn, shows variables together with their
classes before and after recategorization. The variables were recategorized due to a
high number of levels of variable values or a very small size of their specific levels.

Initially, the Architecture variable was divided into seven categories. Due to
the small size of five classes, they were consolidated into one: Other. Contingency
Table 5.4 and Figure 5.3 present the distribution of categories after the recategoriza-
tion of the variable.

The Development Methodologies variable initially assumed many unique val-
ues, which could be assigned to 12 categories. Due to the high fragmentation of
results, the variable was divided, in accordance with the most common division, into
two substantially differing project management methodologies (Waterfall, Agile),
and the remaining methodologies were consolidated into one category: Other.
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The distribution of categories after recategorization of the variable is demonstrated
in Contingency Table 5.5 and Figure 5.4.

Initially, the Development Platform variable was divided into seven categories.
After categorization, four categories were formed, including three referring to the
most popular platforms. Contingency Table 5.6 and Figure 5.5 present the distribu-
tion of categories after recategorization of the variable.

The Development Type variable was initially divided into three categories, but
enhancement and re-development are often considered to be one type of software
project and therefore they were combined into a single category. Contingency
Table 5.7 and Figure 5.6 present the distribution of the categories of the variable.

TABLE 5.3
Recategorization of explanatory variables

Categories after

No. Variable Categories before recategorization recategorization

1. Architecture e Stand-alone ¢ Stand-alone
e Multi-tier/client-server ¢ Client-server
¢ Client-server ¢ Other
e Multi-tier with web public interface
e Multi-tier
¢ Embedded software
e Other

2. Development e Waterfall

Waterfall
Methodologies e Multifunctional teams ¢ Agile development

* Incremental ¢ Other

* Rapid application development

(RAD)

» Agile development

* Spiral

* Joint application development (JAD)

e Timeboxing

 Unified process

e Scrum

e Lean

* Personal software process (PSP)

3. Development
Platform

4. Development
Type

MR

Multi

MF

PC

Proprietary
Handheld

Laptop

New development
Enhancement
Re-development

PC
MF
Multi
Other

New development
Enhancement and
re-development

(Continued)
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TABLE 5.3 (CONTINUED)

No. Variable Categories before recategorization

5. Industry Sector * Service industry
¢ Communication
¢ Construction
¢ Wholesale & retail
¢ Insurance
e Banking
¢ Medical & health care
 Electronics & computers
¢ Professional services
¢ Manufacturing
¢ Financial
¢ Government
» Utilities
e Logistics
¢ Mining
¢ Education
e Defense
e Human resource
* Estate
¢ Food and beverage
e Other
6. Language Type * 4GL
* 3GL
* ApG
*« 2GL
* 5GL
7. Max Team Size ¢ Continuous variable

8. Metric Program * No
* Yes
¢ Don’t know
9. Package * No
Customization ¢ Don’t know
* Yes
¢ People soft
* TIBCO
10.  Ist Operating e UNIX
System * Windows
« DOS
* MVS
* IMS/VS
¢ Solaris

Categories after
recategorization

Service industry
Communication
Banking and financial
Insurance
Manufacturing
Government

Other

Other
3GL
4GL

From 0 to 5
From 5.5 to 10
From 10.5 to 20
Above 20

No

Yes

No
Yes

(Continued)
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TABLE 5.3 (CONTINUED)

Categories after
No. Variable Categories before recategorization recategorization

10.  Ist Operating « SUN * Windows
System * VME e Other
e Linux
* VMS
* SAP
e HP Unix
* Web client
e IMS
¢ Web application
o AIX
* VSE
e Custom
e .Net
e SINIX
e Other

Source: own work.

Initially, the Industry Sector variable was divided into 21 categories. Due to the
high number of categories and a small share of most of them, it was decided to con-
solidate some classes. The effect was seven categories. Contingency Table 5.8 and
Figure 5.7 present the distribution of categories after recategorization of the variable.

The Language Type variable was initially divided into five categories. However,
the majority of projects were executed using 3GL and 4GL. The remaining catego-
ries were combined into one: Other. Contingency Table 5.9 and Figure 5.8 present the
distribution of categories after recategorization of the variable.

The Max Team Size variable is numerical in source data and, due to the high number
of unique values, it was decided to categorize it. Contingency Table 5.10 and Figure 5.9
present the distribution of categories after the recategorization of the variable.

Initially, the Metric Program variable had three categories, but, as a result of
recategorization, it was decided to merge categories “No” and “Don’t know” into
one. Contingency Table 5.11 and Figure 5.10 present the distribution of categories
after recategorization of the variable.

The Package Customization variable was initially divided into five categories.
Due to the fact that some of the categories recurred, it was decided to merge them.
Categories “No” and “Don’t know” were also combined into one. Contingency
Table 5.12 and Figure 5.11 present the distribution of categories after recategoriza-
tion of the variable.

The Ist Operating System variable in input data assumed a large number of
unique values. After their analysis, it was decided that two categories will be cre-
ated. Contingency Table 5.13 and Figure 5.12 present the distribution of categories
after recategorization of the variable.
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FIGURE 5.3 Distribution of the Architecture variable with respect to the target variable.

Source: own work.

TABLE 5.4
Contingency table for the Architecture variable
Target_ Architecture
variable 0 1 2 Sum
Number 0 373 356 399 1,128
Percentage 12.80 12.21 13.69 38.70
Row pct. 33.07 31.56 35.37
Column pct. 37.45 37.01 41.69
1 444 441 455 1,340
15.23 15.13 15.61 45.97
33.13 3291 33.96
44.58 45.84 47.54

(Continued)
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TABLE 5.4 (CONTINUED)

Target_ Architecture
variable 0 1 2 Sum
2 179 165 103 447
6.14 5.66 3.53 15.33
40.04 3691 23.04
17.97 17.15 10.76
Sum 996 962 957 2,915
34.17 33.00 32.83 100.00

Number of missing data = 2,525

Source: own work.
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FIGURE 5.4 Distribution of the Development Methodologies variable with respect to the
target variable.

Source: own work.
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TABLE 5.5
Contingency table for the Development Methodologies variable

Development
Methodologies

Target_variable 0 1 2 Sum
0 1,154 285 5 1,444
41.14 10.16 0.18 51.48
79.92 19.74 0.35
52.89 49.48 10.64
1 818 185 24 1,027
29.16 6.60 0.86 36 61
79.65 18.01 2.34
37.49 32.12 51.06
2 210 106 18 334
7.49 3.78 0.64 11.91
62.87 31.74 5.39
9.62 18.40 38.30
Sum 2,182 576 47 2,805
77.79 20.53 1.68 100.00

Number of missing data = 2,635

Source: own work.

4.4 MODELING

The next step, in accordance with the SEMMA methodology, was modeling. At that
point, the research was divided into two separate processes. The reason was the use
of input data with missing data. Decision trees handle the difficulty well and there-
fore, after selecting variables, the modeling process was commenced. Many models
differing in terms of the maximum branching, depth, target variable splitting rules,
significance level, and assessment measure were tested in order to select the best
decision tree.

In addition to decision trees, models were constructed with the use of neural net-
works. However, this technique is not robust to missing data, which required the
application of imputation before the final modeling. The imputation was carried out
based on decision trees. By means of this method, a decision tree is built for a vari-
able; it treats other variables as explanatory ones and the variable as a response vari-
able (Skobel, 2020).

The explanatory variables, which were used in the final model, were selected also
at that stage. Diverse variants of independent variables in the model were tested
and the ultimately selected variables were the ones for which their distributions
with respect to the target variable and contingency tables were presented above, i.e.,
Architecture, Development Methodologies, Development Platform, Development
Type, Industry Sector, Language Type, Max Team Size, Metrics Program, Package
Customization, and Ist Operating System.



100 Analytics in Finance and Risk Management

1548
©r2
181
o2
| 417
; 0 1

2 3
Developrment Platform
Target_variable mmm ¢ mm 1 B 2

<0O0OZ2mCpm>xm

- 2 8 885888438888

FIGURE 5.5 Distribution of the Development Platform variable with respect to the target
variable.

Source: own work.
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TABLE 5.6
Contingency table for the Development Platform variable
Target_ Development Platform
variable 0 1 2 3 Sum
0 398 446 870 113 1,827
9.78 10.96 21.39 2.78 4491
21.78 24.41 47.62 6.19
43.17 37.76 56.20 27.10
1 346 565 536 203 1,650
8.51 13.89 13.18 4.99 40.56
20.97 34.24 32.48 12.30
37.53 47.84 34.63 48.68
2 178 170 142 101 4,068
438 4.18 3.49 2.48 100.00
30.12 28.76 24.03 17.09
19.31 14.39 9.17 24.22
Sum 922 1,181 1,548 417 4,068
22.66 29.03 38.05 10.25 100.00

Number of missing data = 1,372

Source: own work.

The final model was created with the use of the gradient-boosting algorithm. From
among all methods employed when modeling, that one performed best. Its results are
presented in Figures 5.13 and 5.14 and Tables 5.14 and 5.15.

Figure 5.13 presents classifications of the target variable for two sets in the
selected model. In the case of the training set, the classification effects are better than
those for the validation set. Category 0 was classified best for both sets. The high-
est number of incorrect classifications was obtained for category 1. Considering the
category’s strength, the highest percentage of incorrect classifications was obtained
for category 2.

In Table 5.14, which presents fit statistics, a small difference between the three
sets for the mean square error can be seen. In the case of the results obtained for
the percentage of incorrect classifications, there are differences between the results
for the training set and the validation and test sets. This might mean that the model
adapted to the training data set.

Figure 5.14 presents a chart of the mean square error for the training and valida-
tion sets along with the increase in the number of leaves. The vertical line indicates
the best number of leaves — this is when the model minimizes the fit statistics for the
validation set. In the case of this model, the number is 43 leaves.

Table 5.15 demonstrates the obtained statistics for the test set. The highest
result was obtained for ROC (Receiver Operating Characteristic). This means that
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FIGURE 5.6 Distribution of the Development Type variable with respect to the target
variable.

Source: own work.

TABLE 5.7
Contingency table for the Development Type variable
Development Type
Target_variable 0 1 Sum
0 452 2,085 2,537
8.31 38.33 46.64
17.82 82.18
29.48 53.37
1 697 1,518 2215
12.81 27.90 40.72
31.47 68.53
45.47 38.85
2 384 304 688
7.06 5.59 12.65
55.81 44.19
25.05 7.78

(Continued)
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TABLE 5.7 (CONTINUED)

Development Type
Target_variable 0 1
Sum 1,533 3,907
28.18 71.82

Source: own work.

Sum
5,440
100.00
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FIGURE 5.7 Distribution of the Industry Sector variable with respect to the target variable.

Source: own work.
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TABLE 5.8
Contingency table for the Industry Sector variable
Target_ Industry Sector
variable 0 1 2 3 4 5 6 Sum
0 39 613 421 535 189 172 116 2,085
0.81 12.77 8.77 11.14 3.94 3.58 242 43.43
1.87 29.40 20.19 25.66 9.06 8.25 5.56
19.02 47.23 51.28 5271 34.81 33.14 29.00
1 92 580 305 383 253 266 191 2,070
1.92 12.08 6.35 7.98 5.27 5.54 3.98 43.12
4.44 28.02 14.73 1850  12.22 12.85 9.23
44.88 44.68 37.15 3773 46.59 51.25 47.75
2 74 105 95 97 101 81 93 646
1.54 2.19 1.98 2.02 2.10 1.69 1.94 13.46
11.46 16.25 14.71 1502 15.63 12.54 14.40
36.10 8.09 11.57 956 18.60 15.61 23.25
Sum 205 1,298 821 1,015 543 519 400 4,801
427 27.04  17.10 21.14 1131 10.81 8.33 100.00

Number of missing data = 639

Source: own work.

the model effectively distinguishes the values of the dependent variable. The Gini
coefficient is also at a high level, which permits the ascertainment that the predictive
power is satisfactory.

4.5 MODEL ASSESSMENT

The last step in the process, in accordance with the SEMMA methodology, was the
quality assessment of the final model. For this purpose, the model was scored based
on the set of data used for modeling, yet without the dependent variable.

The matrix in Table 5.16 and the results presented in Table 5.17 show that the
model identified the best correctly modeled feature (sensitivity, called also recall
or true positive rate) for class 0. This arises from the largest number of projects
included in the category. The model was capable of learning on a larger quantity of
data, which translated into better results for the category. In the case of identifying
negative results by the classifier (specificity), the best result was obtained for class 2.
It also produces the highest ratio of the predicted positive results to true positive
ones (precision, called also positive predictive value). In Table 5.17, the last statistic
presents two values: sensitivity and precision. Due to the fact that the ability to cor-
rectly identify the positive results of the modeled features is the most significant, the
F1 measure statistic was added. Unlike accuracy, it does not take into account true
negative values, which are less significant in this case.
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FIGURE 5.8 Distribution of the Language Type variable with respect to the target variable.

Source: own work.

Table 5.18 presents the results obtained based on the classification matrix for the
whole model. They are compared there with the results demonstrated in the study
(Jackwon et al., 2015).

At first, the sensitivities of both models were compared. When juxtaposed with
the model obtained as part of the study described in this chapter, the comparative
model performs much better when it comes to identifying positive values of features.
This property was considered the most important one when assessing the predictive
power. The results show that this is an area for further improvement. In the case of
other statistics, better results of the model built as part of this analysis are noticeable,
with a particular focus on accuracy, which measures the ratio of the sum of true posi-
tive and true negative results to the sum of true positive, false positive, true negative,
and false negative results.
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TABLE 5.9
Contingency table for the Language Type variable
Language Type
Target_variable 0 1 2 Sum
0 42 1,177 677 1,896
0.98 27.41 15.77 44.15
2.22 62.08 35.71
27.27 43.89 46.43
1 79 1,144 555 1,778
1.84 26.64 12.93 41.41
4.44 64.34 31.21
51.30 42.65 38.07
2 33 361 226 620
0.77 8.41 5.26 14.44
532 58.23 36.45
21.43 13.46 15.50
Sum 154 2,682 1,458 4,294
3.59 62.46 33.95 100.00

Number of missing data = 1,146

Source: own work.

5 CONCLUSIONS AND RECOMMENDATIONS

The aim of this chapter was to propose a model using selected data mining tech-
niques, i.e., neural networks and decision trees, to estimate the functional size of
a product of a software development project on the basis of information about the
project known at the beginning of its life cycle. The estimated functional size of
software is the necessary condition for the proper planning of software project attri-
butes, mainly effort and then costs (and its other parameters, e.g., duration). This, in
turn, facilitates the reduction of losses on investment in unsuccessful and often very
expensive software projects, especially those financed from state budgets. Therefore,
this chapter presents, first of all, the process of building the proposed model based
on data from the International Software Benchmarking Standards Group against the
synthetic review of the relevant literature. The model was constructed in accordance
with the SEMMA methodology: the starting point was sampling, followed by the
exploration/selection, modification, and modeling stages, and — finally — assessment
of the obtained results.

The best results from the verified approaches, i.e., artificial neural networks and
decision trees, were obtained for decision trees by means of the gradient boosting
algorithm. The scoring of the model enabled the assessment of its predictive power.
The resulting accuracy of the final model is approximately 85%, which is a satisfac-
tory outcome.
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FIGURE 5.9 Distribution of the Max Team Size variable with respect to the target variable.

Source: own work.

Contingency table for the Max Team Size variable

TABLE 5.10

Target_

variable 0

0 212
17.06
69.51
33.54

1 325
26.15
50.23
51.42

67
5.39
21.97
18.56

208
16.73
32.15
57.62

Max Team Size

2

21

1.69

6.89
12.73
83

6.68
12.83
50.30

0.40
1.64
5.88
31
2.49
4.79
36.47

Sum
305
24.54

647
52.05

(Continued)
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TABLE 5.10 (CONTINUED)

Target_ Max Team Size
variable 0 1 2 3 Sum
2 95 86 61 49 291
7.64 6.92 491 3.94 23.41
32.65 29.55 20.96 16.84
15.03 23.82 36.97 57.65
Sum 632 361 165 85 1,243
50.84 29.04 13.27 6.84 100.00
Number of missing data = 4,197
Source: own work.
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FIGURE 5.10 Distribution of the Metrics Program variable with respect to the target variable.

Source: own work.
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TABLE 5.11
Contingency table for the Metrics Program variable

Metrics Program

Target_variable 0 1 Sum
0 19 315 334
1.45 24.10 25.55
5.69 94.31
13.01 27.13
1 83 611 694
6.35 46.75 53.10
11.96 88.04
56.85 52.63
2 44 235 279
3.37 17.98 21.35
15.77 84.23
30.14 20.24
Sum 146 1,161 1,307
11.17 88.83 100.00

Number of missing data = 4,133

Source: own work.

In order to compare the produced results, they were juxtaposed with the data
published in a selected scientific study. The model’s strengths and weaknesses can
be observed on this basis. The sensitivity ratio of the presented model deserves par-
ticular attention. Increasing its value will have a beneficial influence on predictive
power, as an effect of which the model could be used for business purposes. At the
same time, the model stands out by its high specificity. This means that it performs
very well in predicting true negative classes. A drawback is the unequal sizes of
the target variable classes. This influences the accuracy of identifying the modeled
features and therefore the categories should be equinumerous. Another aspect is
missing data. Unfortunately, some variables had over 90% of missing data, which
excluded them from the presented process. A better quality of input data permits
the obtainment of a larger amount of information and has a positive impact on the
prediction.

A limitation that may affect the implementation of the proposed solution is its quite
high complexity. It requires experience and knowledge of data mining techniques.
The model has also not been tested in real-world conditions on ongoing projects. This
means that if such a solution is implemented for business purposes, additional work
is likely to be required to improve the usability of the model or to support it by using
other techniques. Therefore, the model can be a supportive approach for those with
sufficient experience and knowledge.
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FIGURE 5.11 Distribution of the Package Customization variable with respect to the target
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Source: own work.

TABLE 5.12
Contingency table for the Package Customization variable

Package Customization

Target_variable 0 1 Sum
0 391 64 455
22.76 3.73 26.48
85.93 14.07
25.79 31.68

(Continued)



Use of artificial neural networks and decision trees 111

TABLE 5.12 (CONTINUED)

Package Customization

Target_variable 0 1 Sum

1 768 95 863
44.770 5.53 50.23
88.99 11.01
50.66 47.03

2 357 43 400
20.78 2.50 23.28
89.25 10.75
23.55 21.29

Sum 1,516 202 1,718
88.24 11.76 100.00

Number of missing data = 3,722
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FIGURE 5.12 Distribution of the /st Operating System variable with respect to the target
variable.

Source: own work.
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TABLE 5.13
Contingency table for the 7st Operating System variable
1st Operating System
Target_variable 0 1 Sum
0 213 517 730
8.22 19.95 28.17
29.18 70.82
24.01 30.34
1 458 856 1,314
17.68 33.04 50.71
34.86 65.14
51.63 50.23
2 216 331 547
8.34 12.77 21.11
39.49 60.51
2435 19.42
Sum 887 1,704 2,591
34.23 65.77 100.00

Number of missing data = 2,849

Source: own work.
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FIGURE 5.13 Chart of target variable classification for training and validation data.

Source: own work.

To recapitulate, although the obtained results can be considered good enough and
meet the assumed criteria, the proposed model can still be improved in terms of sen-
sitivity on condition of access to complete and qualitatively better benchmarking data.
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TABLE 5.14

Fit statistics

Statistics label Training Validation Testing

Sum of sizes 3,262 1,631 547

Sum of products of weights and 9,786 4,893 1,641
numbers of cases

Percentage of incorrect classifications 0.229307 0.366033 0.413163

Maximum absolute error 0.96849 0.991047 0.989136

Sum of square errors 988.6941 775.1904 279.506

Average squared error (ASE) 0.101031 0.158428 0.170327

Root mean square error 0.317855 0.398031 0.412706

Divisor of ASE 9,786 4,893 1,641

Total degrees of freedom 6,524

Source: own work.
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FIGURE 5.14 Chart of the mean square error for the training and validation sets.

Source: own work.

TABLE 5.15
Assessment statistics for the model’s predictive power
Kolmogorov—
Smirnov
Model statistic Gini coefficient ROC
Final model 0.545 0.676 0.820

Source: own work.

Cumulative lift
3.694
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TABLE 5.16
Classification matrix
Predicted Actual classes
classes 0 1 2 Sum
0 1,348 407 44 1,799
165 891 93 1,149
2 9 30 275 314
Sum 1,552 1,328 412
Source: own work.
TABLE 5.17
Assessment of the model’s predictive power for individual classes
Class Sensitivity Specificity Precision F1 measure
0 0.8839 0.7408 0.7493 0.8110
1 0.6710 0.8666 0.7754 0.7194
2 0.6675 0.9863 0.8758 0.7576
TABLE 5.18
Comparison of models
Model Accuracy Sensitivity Specificity Precision
Final model 0.8471 0.7716 0.8853 0.7716
Comparative model 0.6951 0.9310 0.2564 0.6995
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6 Data accounting

Michal Gajda

1 INTRODUCTION

Error tracing and error-impact estimation have been a holy grail of practical use of
automated approaches to risk reporting (Basel Committee on Banking Supervision
2013), large-scale distributed error tracking (Julian 2017), and automated debugging.

Since the processing of risk reports and data analysis pipelines can be frequently
expressed using a sequence relational algebra operations, we propose a replacement
of this traditional approach with a data summarisation algebra that helps to determine
the impact of errors. It works by defining data analysis of a necessarily complete
summarisation of a dataset, possibly in multiple ways along multiple dimensions.

We also present a description to better communicate how the complete summari-
sations of the input data may facilitate easier debugging and more efficient develop-
ment of analysis pipelines.

This approach can also be described as a generalisation of axiomatic theories of
accounting in data analytics, thus dubbed data accounting.

We also propose formal properties that allow for transparent assertions about the
impact of individual records on the aggregated data and ease debugging by allowing
us to find minimal changes that change the behaviour of data analysis on a per-record
basis.

The answer is based on fully bidirectional computation as the first stage of the
analytics pipeline, and generalisation of aggregation functions into complete aggre-
gations that are taken together to be sensitive to all inputs.

This approach will allow us to make more robust data analytics (Gajda 2020a,
2020b) and accounting analytics, based on a formal mathematical underpinning.

2 LITERATURE REVIEW

Basel Committee Best Practices (BCBS) 239 (Basel Committee on Banking
Supervision 2013) is a set of recommendations for financial institutions on how
to organise their risk reporting pipelines. These recommendations also give care-
ful considerations to general principles of data aggregation and reporting, and thus
became the reference for other work on best practices in aggregated reporting.

We also are inspired by practical rules coming from recent opinions on data pipe-
line construction methodology (Gajda 2020a, 2020b).

Reversible computing (Bennett 1973) aims to reverse computation from outputs
to inputs. Bidirectional computing (Bancilhon and Spyratos 1985) attempts to gener-
alise programs to allow picking a subset of either outputs and inputs and computing
the remaining.
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Automated debugging aims to automatically indicate possible places in the
program that may be buggy. Automated program derivation aims to propose valid
programs given both inputs and outputs.

Differentiable computing (Levitt 1983; Abadi and Plotkin 2019) aims to find a
minimum of one function by computing its value and differential at the pivot point.
This differential is then used to correct the inputs towards the more desirable outputs.

2.1 DATABASE VIEW UPDATE PROBLEM

A database view is a computation from input relations to output relations. Database
community has long tried to resolve the view update problem (Chen and Liao 2011),
which tries to reverse the computation of the view so that the update on results is
transformed into an update on source relations.

While this approach was limited in scope to relations, it has a great impact on data
analytics since big datasets are often modelled directly as relations or translatable to
relations (for example, graphs translated into an incidence relation).

Analysis of the problem has led to the identification of view complement, which
contains a relation missing from the view, but essential for computing the update.

In this sense, the database community identified views as non-injective. To achieve
updatable views, they attempted to restore the injectiveness of the views by comput-
ing view complement.

2.2  EVENT SOURCING

Event sourcing replaces the database as a source of truth with a history of events
that happened. This event log corresponds to the general ledger in accounting in the
sense that it can only be appended to, and the state becomes just a view or balance
on the ledger.

2.3 AUTOMATED DEBUGGING

Automated debugging approaches aim to find a location of a bug in the program from
the fault in the output. This may be realised with an approach akin to a bidirectional
program but applied to program source instead of inputs.

2.4 PHILOSOPHY AND AXIOMATISATION OF ACCOUNTING

Accounting is a science that attempts to predict the future performance (Ijiri 2018,
1975) of companies by insight into cash flows and metrics. The mathematical axiom-
atisation of accounting (Ijiri 2018) is based on a concept of time-invariant measure
that partitions money in a way that changes along the time dimension but preserves
a total sum.

The above is consistent with a traditional preference of accountants to use a
monotonic measure of cash flow instead of recording only the sum of money cur-
rently available, and instead of adding and removing money, moving the money
between different accounts.
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This approach, called double entry accounting (Ellerman 2007), is best presented
by presenting a total balance as pair of debit and credit sides. Subtraction of debit
from credit yields a total balance. Both sides are non-negative and strictly monotonic
over time. That means that we have a strictly monotonic measure that is easy to
verify across time.

The next step is a generalisation of double-entry accounting to multiple accounts:
for example, we can make separate accounts for cash balance and bank account
balance.

To deal with the difficulty of putting all elements of the business on a monetary
scale, modern accountants base statements, not just on a ledger of past transactions,
but on an infobase defined as an entire database used to define financial statements
(Warsono, Ridha, and Darmawan 2009).

Note that a valuation-centred approach (like fair value accounting — FVA) makes
it hard to communicate non-monetary information and is subject to currency stabil-
ity. It is also hard to describe barter transactions where one company gives services
directly in exchange for another service, with no money changing hands (Balzer and
Mattessich 1991).

As opposed to FVA, traditional accounting is based on “going-on concern”, which
values assets on a non-liquidation basis, and thus is oriented towards the future per-
formance of the company.

Information content school emphasises that disclosure of business information
attempts to reduce uncertainty regarding the entity. It sees accounting information as
a proactive management support tool that is not focused solely on fair value.

2.5 ACCOUNTING MEASURE

In the work on axioms of accounting measure, Ijiri (2018) notes that all pertinent
objects are quantifiable by amount, volume, weight or another measure, and divided
into a countable collection of classes. There must be a physical measure for each
class, but they are not the same for different classes. The “principle of substitutabil-
ity” tells that two sets of objects with the same quantity can be mutually substituted
for the purpose of exchanges. Non-substitutable objects must be accounted in a class
of itself. Measures must be correct mathematical measures that are non-negative,
zero if a class is empty, and countably additive (monotonic). Some objects may pos-
sess multiple classes that often correspond to different reporting dimensions. Time is
a real variable over which some objects change their classes. But the total measure of
objects over time must be invariant. Measures may be allocated, imputed and com-
pared based on the current and future value of an asset. The default is to use the cost
of replacement at a given point in time.

For example, we can estimate the cost of purchase for a workstation at 1,000$ in
2020. The value of a workstation will decrease due to wear and obsolescence to 800$ in
2021. But since the total measure must remain 1,000$, we divide this value in 2021 into
two classes: The current workstation value is $800, and the written-off value is $200.

Balzer and Mattesich (1991), and Ellerman (2007) made different attempts at axi-
omatising value-based accounting that partitions resources into disjoint groups, but
they go along similar principles.
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For example, Ellerman (2007) gives a solution for monotonic tracking of
information contained in both cash inflows and outflows by splitting them into pairs
of monotonically increasing values of debit and credit used in traditional double-
entry accounting systems.

Some accounting philosophers add that the goal of accounting is more than, to
sum up, the numbers; it is to predict the future state of business and reduce uncer-
tainty about this state (Warsono, Ridha, and Darmawan 2009). Thus accounting
becomes a science of data analysis and summarisation where accounting measure
plays just a small part within a big edifice of information summarisation.

2.6 REQUIREMENTS FOR ERROR IMPACT REPORTING

Here we summarise the basic requirements for error impact reporting in bulk:

The analytics pipeline should not crash for a single failing record, but instead
should run as a whole for a given algebra expression, and provide correct relation(s)
(that contain correct and relevant results) and error-trace relations that complement
correct results with the information needed for error reporting. That means functions
must be total.

No information is lost or discarded. Whenever a piece of relevant information
should not affect the output, we sort it into a different category of information pro-
vided, but irrelevant so it can be put into an error trace relation. We may convert
between types of information, but non-null information must be converted to entities
of non-null information. We treat information as monotonic (it can only increase)
and additive.

Every correct relation that contains data that is valid and relevant at the current
stage of the pipeline, we also keep an error trace with records that were discarded,
and thus they could not impact the processing. This allows us to estimate the possible
impact of erroneous records if they were provided on the input. This means that we
preserve erroneous inputs in the form of error outputs.

2.7 RAILROAD-ORIENTED PROGRAMMING

At the end of the analytics pipeline, we should always be able to provide an automatic
error dashboard that summarises how much data was correctly processed and sum-
marised in the output, and how much data was discarded and for what reasons. This
again means that the dashboard that gives a final summary of the output must be
sensitive to all inputs and all forms of errors.

We should automatically tag the error trace with all information necessary to
discover at which stage of the pipeline the data was discarded. This means that we
should divide the analytics pipeline into summarisation stages, and transformation
stages, and transformation stages should preserve sufficient information about bits of
input to evaluate their impact until final summarisation.

We conclude that the best approach to fulfill these requirements is to attempt to keep
all errored records along with the correct records, and summarise them in parallel.

Railroad-oriented programming methodology (Wlaschin 2012) suggests merging
all error records together in a separate output stream that is also summarised, just
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like the data on the so-called happy path (the main path that yields validated records
for summarisation). This leads to two parallel streams of processing, one forwarding
the valid data, the other forwarding errors and anomalies.

3 PROPOSED WORK

This work attempts to unify approaches of bidirectional programming, railroad-
oriented programming, and accounting to get the best features of all three. That
is, we aim to provide both injectiveness of debugging data pipelines (understood as
finding differences to the program that fixes it), and in order to do so, we maintain
strict injectiveness of view/filter computations and monotonic data aggregations. In
this process, we discover that a unifying theory for bidirectional computation and
debugging can be found on the basis of a mathematical theory of accounting.

To our knowledge, bidirectional computing was so far not applied to monotonic
data aggregations. We also find that this is the first work exploring the connection
between axiomatic accounting (Ijiri 2018) and both bidirectional computing and
monotonic summarisations (Ross and Sagiv 1997).

3.1 MOTIVATING EXAMPLE

We propose the following running example of the container ship contents.
Container ship example table “items’

Inventory table

Purchase

Description price Commodity Quantity Unit Insurance
Sailors Priceless 17 Person 2,000,000$%
Nutella 10$ 20,000,000  Jar
Grain Wheat Grain 200  Tonne
Milk Milk 5,000  Litre
Cat 1 Animal
Nut oil Unknown Nut oil 1,000 Litre
Ship 2,000,000,000$ 1 1,000,000,000$%

Commodity prices reference table

Quote Future
Market Commodity Price Currency Per unit date date
Forward Wheat grain 6.0981 USD Bushel 2021-12-01  2022-02-01
Spot Wheat grain 6.0575 USD Bushel 2021-09-01
Spot Wheat grain Closed USD Bushel 2021-12-01

Spot Milk 33.98 EUR 100 kg 2021-12-01
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Table of reports

Name Description Accounted Unaccounted

Insured value Total amount paid by the Insured value Cat, nut oil
insurer to all parties

Replacement cost  Cost of replacement for the Purchase price or hiring cost ~ Cat, nut oil
owner in case of loss

Weight Total mass transported Weight of commodities Sailors, cat

Weight Total mass transported Weight of commodities Sailors, cat

The point is to show how different values may be computed depending on whether
we consider a total payment by the insurer for the ship loss, the cost of replacing the ship
by a ship owner or purchasing commodities on the market upon unreasonable delay.
Since we will be interested only in complete summarisations of the dataset, we will only
build queries that summarise relevant data and summarise omitted or ignored data. This
is considered the best practice (Basel Committee on Banking Supervision 2013).

3.2 OUTLINE

The similarity between best practices in impact reporting (Basel Committee on
Banking Supervision 2013) and the mathematical theory of accounting measure (ljiri
2018) is not accidental. We may formalise complete summarisations of an input data
set that generalises both the notion of error impact report and the accounting mea-
sure defined above.

But instead of measure, which is a rather narrow numeric value, we generalise to
use a notion of information that is an additive monoid over a given set. The notion of
ownership is translated into partitions of the set. Invariance of a total measure over
time is replaced by invariance of total information monoid during processing.

Data space represents a complete summarisation of a dataset. The language that
can only formulate complete summarisations would work differently from traditional
relational algebra, and thus to define it, we need a mathematical theory.

3.3 DEFINITIONS

Partition of a set we call a family of disjoint sets that cover the space.

Reals R and positive reals R, ={x||x >20Ax e R}.

We use symbol < or any partial ordering, U for tagged disjoint union, with in, for
tagging right and in, for tagging left.

We use U as a classical set union, and U for a union of sets labelled by right label
in,() and left label in; ().

3.4 DATA SPACE

As mentioned before, we will focus on complete summarisations of a given input. By
complete, we mean that they do not lose information.
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We formalise the above notions as data space:
Data space is a tuple with the following D, <p,

D,(M, e, <>):

data carrier set ID;

information set M

partial ordering representing information growth " 1;

measure of data by elements of set M: H—H :2” > M.

information fusion monoid ¢y : Ml - M — M, that is additive in m; For a set
A= {ao, . an} e 2P, we use shorthand notation Zyp(A) = a,0p -+ - Opa,.

neutral element e of fusion monoid contains is the neutral element of M that is
equal to HQHD

we expect information fusion to be invariant2 over any partition of the carrier
set D

vx,y e2”-050
monotonicity of partial ordering with respect to information fusion:
a<bac<d=adc<bdd

We note that our partial ordering can often be derived from well-behaved informa-
tion monoid by equational laws: a0b < a and adb <b.

It describes an additive monoid with partial ordering consistent with this monoid.
That is because we are interested only in complete summarisations of data on the
given carrier set ID.

3.4.1 Examples of data spaces

accounting measure (Ijiri 2018)

any mereological space with a finitely additive metric, which is a family of sets
equipped with operations of Boole’s algebra, and additive metric over these
sets (Arntzenius 2004; Barbieri and Gerla 2021);

typelikes used for recording union types (Gajda 2022) with a partial ordering
derived from the information fusion monoid as a0b <a and adb<b, and
metric ||| as type inference operation.

Banach space (metric space) with set union as information fusion.
Each set also enjoys its identity data space:

H_ id = id
D4 = My
<id = C

<>id = o
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Another exciting example is Paccioli algebra which describes double-entry
accounting:

R, xR,
(d1+d2,c,+cz)

]D)P
(d,, c,)Op (d,, cz)

partial ordering (dl, cl) < (dz, cz), whend, £d, and ¢, <c¢,

This is an example of how we create an additive data space over account balances, by
converting each balance into a pair of strictly positive credit and debit.

4 DATA SPACE SUMMARISATION

Whenever the summarisation of data is performed, we should attempt to perform
similar summarisation on the fields in the error path, or another measure of impact
counting when these fields are absent.

For each table, we indicate possible summarisations by assigning fitting monoid
to a column and indicating other columns that may be used for grouping the results.

4.1 EXAMPLE SUMMARISATION

Column Type Unique Result Aggregation
Order_id Integer Unique Set of identifiers ~ Union

Product_id Integer - Set of identifiers Union

Unit_price Number - Number Min, max, avg

Quantity Number - Number Sum (for each unit type)
Unit_price * quantity Number Derived Number Sum

4.2 FOR EXAMPLE THE TABLE ORDER __ DETAILS FROM TABLE 6.4

Now that we read this example, we also see that reporting monoids exhibit certain
trends:

Sets usually summarise OIDs, unique identifiers, and dimensions;
sum, min, max, average summarise numbers.

Using the same summarisation on the same datatype (unit) is most common.
Summarising together different datatypes (units) is usually a mistake, in which case
we use a containing category, for example, by counting different types of faulty
records instead of summing their values.

Automatic summarisation can perform a summarisation on all permitted aggrega-
tions in order to detect common patterns.
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We can infer that we may assign a heuristic that for every summarisation of
correct data would also summarise incorrect records on those monoids that can still
be used in case of incomplete data.

That should make a reasonable default summarisation for the data outside the
main path (or “happy path”) of the analysis.

4.2.1 Information-preserving operations
Information-preserving operations can be formulated in a general way as bidirec-
tional and thus reversible, or as safeguarding the information measure.

Conjecture: Reversible operations are always preserving any specific information
measure as defined above

4.3 PARTITION OF DATA SPACE

Instead of selecting or projecting data from the input, the lossless operation is to
partition the data set into subsets of desired properties.
For example, for a predicate p, we can mark it as

(]D)accepteds ]D)rejected) = partition(p’ ]D))
]D)accepted = {X | xeDAa p(X)}
]D)rejected = {X ‘ xeDAac« p(x)}

4.3.1 Information-preserving union

The union of two sets is information-preserving if members of each set are clearly
labelled in a way that allows inferring from which input set they come from. This
may be either because they come from disjoint sets, or because they are explicitly
tagged:

D, =D, UD, = {inl (d)]di ID),} u{inr (d)di 11))1}

In some cases, we already have tags that serve the same purpose, that is, there is an
origin function f:

Elf'VX-f(X)z{iiﬁlg ;‘:gl

4.3.2 Information preserving function

’

In case we are interested only in information measures M;,> , M, and M, ..., M,
we can narrow ourselves to the functions that preserve information for these func-
tions, that is:

Given function f:D— 1) we can compute a corresponding mapping of

g: M; — M such that g(m(x)) = m’(f(x)).
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4.3.3 Examples of information-preserving functions

In the simplest example, it may occur that ) — D' and M; — M. When M # M, we
tell that the function f changes the dimension.

Another example would be re-partitioning the dataset with a predicate, or com-
puting additional quantities for each record.

Note that aggregation generally only preserves information that corresponds to
their dimension (for example, summing up quantities only maintains this dimension,
but not the number of records). Later we will discuss how to construct aggregations
preserving multiple dimensions by using tensor products of aggregations on indi-
vidual dimensions.

Derivations of complex data spaces from simpler ones.

Now we address a derivation of complex data spaces from simpler ones.

4.4 TENSOR PRODUCTS

We already saw that data metric space can be derived from a well-behaved informa-
tion fusion monoid.

Below we attempt to assemble data spaces from subspaces that conform to differ-
ent data metrics

4.4.1 Disjoint tensor product
Disjoint tensor product of any two data spaces I); ® D, is a data space such that:

data carrier set is D = D, xID,
information measure || (a, b) | = (B
partial ordering (a,b)<p(c,d) when a<pcab<yd
information fusion (@, b)p(c,d) = (a0p,c, bOp,d)
neutral element ep = (em)l , €, )

4.4.2 Parallel tensor product
Given two data spaces over the same carrier set, we may want to use composite data
metric that represents information conveyed by different data metrics over the same
carrier set:

Parallel product of two data spaces ID,®1D, is a data space such that:

data carrier set is D =D, =D,
information measure x| = (Il I,
partial ordering asp cAb<p, d = (a,b)<p(c,d)
information fusion (a, b)0p(c,d) = (a()ch, bODzd)
neutral element ep = (em)] ,€n, )

Information reconstruction and information projection
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Given two dataspaces I); and 1D, such that the data carrier is the same, but different
information carriers M, and M,, we can make a D =D, © D, by making a tensor
product of information carriers M = M;® M, and using induced partial order and
information fusion monoid:

a <D, ®D,b when both HaHDl <D HbH and HaHD2 <D, HbH]Dz
mOp, gp,N = (mODln, mODzn)

For disjoint information carriers, we may call the component dataspaces I); and I,
projections:

Proj]ﬂ)l (]D)) = ]D)l
Projp, (D) =,

4.4.3 Products of functions

Since we are interested in transformations of data spaces, we denote function prod-
ucts that correspond to the above products on data spaces:

1. Disjoint product of functions:

in, (x) = f(x)
(f®g)("){inl<y)»g(y)

1. Parallel product of functions:

(fog)(x) = (f(x), g(x))

4.4.4 Partial functions

Each partial function f : D > M, can be extended to a total function T(f) : D — M by
using the partition of the data space I into two different fragments ID; and D,:

T(f)(a){in'(f(a))’ if xeD,

in, (a), otherwise

That means that f : D > M, UE

4.4.5 Lookups and joins

Joins may represent lookups of information that may change the impact of processed
records. But it may also be true that even when computing the inner join on cor-
rect data, some error stream data will have absent key fields necessary for the join.
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Because of this, for every join of correct data, we perform a similar outer join on
error path data. Because of this, we need to always perform an outer join on error
path data, with both records that are on the correct path and error records.

We limit information-preserving operations to outer join with a tagging of results
to the left, right, and inner output. The inner output consists of tuples matching by
the join condition c, left part consists of tuples from D, that were not matched by any
of ID,, and right part consists of tuples from ), that were not matched by any of ;.

Dy ><D, = (Dleﬂ» Dinners ID)right)
For a predicate P, we can mark it as:

]D)inner = {(X> Y) | Xe ]D)l AV AS ]D)Z /\p(X, Y)}
]D)left = {XX |€ ]D)l A< Elye]D)zp(X’ Y)}
]D)righl = {y | Xe ]D)Z A< Elyeﬂ)lp(x7 Y)}

Note that join condition c is a filter on a Cartesian product of D, and D), that only
depends on the join columns (usually keys).

4.4.6 Value lookup example

We take an example of looking up the current price of the commodity in the table
including product and quantity of the position. The reference table is keyed by prod-
uct and has description, and current_price. Normal lookup is inner join when we
have a guaranteed match of product_id, which we convert to an outer join, where
the left side corresponds to product_id entries that are missing from the reference
table, and the right side corresponds to product_id entries in reference tables that are
unused.

Either the left and the right side are aggregated into error feedback for the left
table, and unused feedback for the right table to ensure that records are never lost.

This allows us to easily find outdated references, or misspellings like “oli” instead
of “oil” and report them correctly as a summary row with a count of 14 rows, and five
units with an unknown product name of “Nut oli” that was a result of a typographi-
cal error.

4.4.7 Value lookup example

We take an example of looking up the current price of the commodity in the table
including product and quantity of the position. The reference table is keyed by product
and has description, and current_price. Normal lookup is inner join when we have a
guaranteed match of product_id, which we convert to an outer join, where the left side
corresponds to product_id entries that are missing from the reference table, and the
right side corresponds to product_id entries in reference tables that are unused.

Either the left and the right side are summarised into error feedback for the left
table and unused feedback for the right table to assure that records are never lost. The
inner join (middle) contains valid results that are passed on to the summarisation of
correct data.
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This allows us to easily find outdated references or misspellings like oli instead
of oil and report them correctly as a summary row with a count of fourteen rows and
five units with an unknown product name of oli.

4.4.8 Columnar projection and row format

Since we enforce the principle of never discarding the data that can be relevant to
debugging effort, we cannot simply discard fields with projection operator. Because
of this, our records contain two types of fields:

fields relevant to the final output
fields irrelevant to final output and only kept for the debugging purposes

For each record, we have a single value for each relevant field, but possibly a set of
values for each irrelevant field to take account of discarding duplicate relevant records.
That means that we have a sub-relation for each record that keeps only irrelevant fields.
This allows us to implement a lossless projection operation that moves relevant
fields into irrelevant fieldset.
Note that the projection operation is executed in the same way on both correct
relation and error tracking relation that pairs with it.

4.4.9 Per-row data enrichment operations

In SQL syntax, it is common to add a computed field to a query from a single table:
select “Purchase price”** “Amount” as “Total price” from items;

We call these operations data enrichment and can execute them on all rows.
However, in order to maximise debugging potential, we propose a methodology of
automatically shifting computing additional fields as early in the pipeline of opera-
tions as possible. That allows us to provide more information. After the record leaves
the correct stream and goes into the error stream, we no longer enrich it with new
field values relevant to the main computation in order to prevent cascading faults.

We can only enrich these records with more error-specific information, like add-
ing a description of the error found and estimating the impact of this information.

That is why besides fmap operation on correct data stream, we also allow emap
operation on the error stream that enriches error information. We can optionally
schedule this information to be computed in advance when the stage of the pipeline
is reached and before any records are added to the error stream:

pipeline = do
forM filename -> do
emap (@”Filename” :-> filename) $ do

4.4.10 Putting algebra together

The final step is to use these operations in a relevant way: that means that all data
spaces need to be either included in the final aggregation, or used by data spaces
that contribute to it. Just like in linear logic, we are not allowed to use certain
variables more than once, in data space algebra, we are not allowed to forget a
variable.
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4.4.11 Translating relational algebra
Relational algebra is a standard algebra used as a basis for describing database
operations and analytics pipelines.

These primitives are usually implemented on sets of rows (records of the same
shape) called relations. However, they can equally well be implemented on multisets
or lists of records

It uses the basic primitives of:

projection which discards a set of columns and keeps only the columns relevant
for the further processing

selection which selects a subset of records

rename, which renames some fields to others

cartesian product (cross product) of two relations, with outputs being a list of
all possible pairs of rows from both inputs

set operations of union, difference, and intersection

Note that all joins, intersection, and difference operators are technically
implemented as outer joins with a post-processing step.

For convenience, we also provide lambda or map operation that computes a new
field (or fields) from the others (logically redundant, but provided as convenience).
Translation of operations from relational algebra and SQL to data space algebra.

Relational algebra SQL Data space algebra

Projection SELECT field FROM ... Extraction

Selection WHERE ...orHAVING ... Partiton

Rename WHERE ...orHAVING ... Mapping function

Cross product SELECT ... FROM Disjoint tensor product

tablel, table2

Outer join OUTER JOIN Partition induced by NULL on each
table, then parallel tensor product

Natural join INNER JOIN Parallel tensor product on partition
induced by non-NULL for
each table

Union UNION Disjoint tensor product (tagged

union), then partition removing
duplicates, and mapping
removing tags

Multiset union UNION ALL Tagged union, then information-
preserving function that
removes tags

Difference MINUS Partition on the first table that puts
shared elements in the error set
Intersection INTERSECT Partition on each table that puts

shared element in the output set
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Using these operations, we can also implement joins Additionally, there are joins
and aggregation operations provided.

Joins are operations that take two relations and produce rows that are contains
bigger rows that are merged from both inputs.

We also add the aggregate operations:

» groupings which produce a relation with records that are sub-relations with
fields from the same subgroup

e aggregation operations which take any monoid operation over a given field
and produce rows that are monoid sum over entirety of records in a relation

The set of operations above is widely acknowledged as sufficient to provide most
of the ETL and data aggregation needs. Whenever a new database or data analytics
operation is proposed, it is customary to compare it to basic relational algebra opera-
tions. Thus we will propose a set of operations that allow us to get the same results
as relational algebra expressions.

5 DISCUSSION

5.1 ERROR AGGREGATES VS ERROR ESTIMATES

The use of error-tracing relational algebra allows us to easily make general assertions
on how the individual records impact processing (since each total summarisation must
be sensitive to all records). When we expect a given record to be 100% correct, we just
assert its fields are included in a correct record set at the end of the correct path.

If we expect a given record to be discarded, we may just assert that it is present
in error set.

That also means that we may use a failing assertion to quickly point to all possible
code sites or data inputs that may need to be changed in order to fix the issue.

5.2 REPLACING RELATIONAL ALGEBRA IN ANALYTICS

We proposed a replacement of relational algebra with a set of operations that allow
for the same computation, but structured in a way that assure all data is summarised
and included. We justify it by analogy to accounting theory, and thus coin the name
“data accounting” for the process of complete summarisation of a data set in order to
assure conformance to statistical and analytical best practices. We described the pro-
cess of translation of classical relational algebra into this new “data space algebra”.
This algebra allows for a reversible transformation of data and the preservation of
mathematical principles of accounting while aggregating the data. Implementation
of “data space algebra” operations on top of traditional SQL is shortly described.

5.3 LIMITATIONS

Since the use of data space algebra requires us to use information-preserving func-
tions (bidirectional transformations), processing a large amount of data may lead to
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overheads. This disadvantage is usually trumped by the much higher reliability of the
resulting analyses. Even in case some data needs to be discarded, like in the case of
recording events in CERN at rates beyond TB/s, we should use the early aggregation
of discarded data to still preserve some dimensions of the discarded part of data space.

Another limitation is the necessity to change traditional thinking in analytics
from using separate, error-prone transformations to constructing a complete sum-
marisation of the dataset (a dashboard) that simultaneously takes care of all relevant
dimensions and remains sensitive to all inputs. This intellectual barrier may be sur-
passed by placing emphasis on the completeness and correctness of data analytics
pipeline instead of quick reward of partial results.

6 CONCLUSION

We also suggest a common summarisation mechanism for all well-defined columns
within the error table to facilitate the finding of errors.

We provide data space algebra as an alternative to conventional relational algebra
for the purpose of more robust reporting, and suggest using accounting principles for
more disciplined data analysis. We briefly described how to convert traditional rela-
tional algebra expressions so that there one of the outputs gives the same information
as arelational query. Naturally, for a full accounting of input data, we also require addi-
tional information to be summarised in order to ensure that all data is accounted for.
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7 A deep reinforcement
learning approach for
portfolio optimization
and risk management -
Case studies

Filip Wojcik

1 INTRODUCTION

Portfolio optimization is a critical tool for modern investors willing to maximize
their capital utilization in the market and expected returns. As the number of deci-
sion factors and valuable data (produced by multiple automated systems) increases, it
becomes more challenging to include such non-standard predictors in the optimiza-
tion process.

Many portfolio optimization techniques are based on different variants of con-
strained quadratic programming formalizations, taking as inputs expected asset
returns, forms of risk metrics (like covariance matrices), and transaction costs.
Next, the goal is selected (typically a maximization of return while keeping the
risk level constant or minimizing the risk with varying returns), and the prob-
lem is solved either via a closed-form equation or gradient minimizing approach.
Additional elements or steps can be included, like periodical rebalancing or the
inclusion of transaction costs. However, such an approach can be limiting if an ana-
lyst would like to consider more predictive factors or extend the problem beyond a
formalized structure.

Recent studies on DRL revealed that this family of algorithms could achieve sat-
isfying performance results in complex, volatile, and stochastic environments. DRL
originated from “classic” reinforcement learning (RL) that utilizes tabular calcula-
tion or function approximation methods. Portfolio optimization can be perceived as
a Multi-Stage Decision Problem, which directly corresponds with the primary goal
for DRL utilization.

This work presents a literature review of selected portfolio optimization tech-
niques that use deep reinforcement learning algorithms. Approaches based on this
technique are compared to classic methods, highlighting the benefits and drawbacks
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of each. The second part of the study presents experiments conducted on stock
simulators and different assets in challenging market conditions after the COVID-19
outbreak and following pandemic events. DRL agents were compared with bench-
marks (stock market indices and classic optimization strategies) in terms of Sharpe
ratio, cumulative returns, and annual volatility, taking as their input multiple non-
standard factors, like several technical indicators and summary statistics, beyond a
typical quadratic programming setting.

Presented DRL algorithms outperformed benchmarks in terms of cumulative
returns and Share ratio, demonstrating the ability to optimize example portfolios
properly, even in very demanding market conditions.

Experimental results confirm the hypothesis that DRL is a promising set of tools
for complex, stochastic, multi-stage decision problems, with various additional,
potentially valuable information available.

The contribution of this study is two-fold. Firstly, it reviews and summarizes
selected recent attempts to utilize deep reinforcement learning (DRL) algorithms
for portfolio management and stock trading. Secondly, systematic experiments
using a simulated stock market environment were conducted to empirically verify
DRL’s theoretical properties and assess the predictions’ quality in challenging post-
COVID-19 conditions.

This study is organized as follows:

Part 2 Literature review — briefly summarizes theoretical findings and
existing literature in the following contexts:
2.1 Overview of portfolio optimization.
2.2 Reinforcement learning.
2.3 Deep reinforcement learning.
2.4 Reinforcement learning in Economics.
Part 3 Proposed work — presents the experimental goal, setup and results.
Part 4 Results and discussion — contains the result analysis, perspectives and
possible next steps.
Part 5 Conclusions — concludes the whole study and summarizes all findings.

2 LITERATURE REVIEW

2.1  OVERVIEW OF PORTFOLIO OPTIMIZATION METHODS

Portfolio optimization is one of the instrumental tools for modern investors operating
in the financial markets. This area has a long history of research and study, lasting
more than sixty years now (Kolm et al., 2014). The goal of this section is to review
the essential concepts and introduce the fundamental mathematical apparatus that
will be required to understand the experimental studies. There exist many systematic
reviews and surveys of methods developed since 1952 (Fabozzi et al., 2007; Kalayci
et al., 2019; Markowitz, 2014; Rubinstein, 2002; Steinbach, 2001; Zanjirdar, 2020),
which can now be counted in hundreds (e.g., 34,100 research papers submitted on
portfolio allocation in years 1998-2018 and 175 specifically about deterministic the
Mean—Variance Optimization approach (Kalayci et al., 2019)). The focus of this work
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is to review the essential concepts and compare some of the existing methods with
innovative Deep Reinforcement-Learning models.

2.1.1 Financial time series

Input to any portfolio optimization algorithm is a matrix of asset prices, where an i-th
single asset price p is a time-indexed vector of non-negative real numbers, formal-
ized as (Dees & Sidier, 2019; Feng et al., 2016):

Pir=| . [€R] (7.1)
Pir

Therefore, for multiple assets S, S,, ... Sy, the price matrix P is formalized as:

Pt Pai 0 Pwmy
P = pl;z p?z p“:“ eR™M (7.2)
Pir Por 0 Pmr

Raw prices can be volatile and unstable; therefore, most of the time, investors oper-
ate on returns (Dees & Sidier, 2019; Kalayci et al., 2019) defined either as gross
returns (differenced prices) or simple returns (equivalent to the percentage change
in asset price). Formally, asset returns can be presented as (Dees & Sidier, 2019;
Kennedy, 2016):

1. Gross returns:

R =P cRr (1.3)
2. Simple returns (equivalent to percentage price change)

f=PCPO P p (74)
Pe-1 Pt

3. Log returns to avoid numerical overflows

P = 1n[pplj =In(R,)eR (1.5)
t—1



136 Analytics in Finance and Risk Management

A matrix of N asset returns forms a returns matrix, where each row represents a
time step, and each column represents a time series of asset returns (Capinski &
Zastawniak, 2011; Dees & Sidier, 2019):

I, I JiVE

= I lo%) o I

Ripr=| " - S |eRYM (7.6)
I I o I

In this context, a portfolio is defined as a set of asset weights vector such that (Kolm
et al., 2014):

N
w:[a)l,a)z,...,a)N]T,Za)i:l (77)
i=1

where each ; is a weight of i-th asset in portfolio.
Simple portfolio return at time t can be then defined as (Dees & Sidier, 2019;
Kolm et al., 2014):

M
rp (@)= merm =o', eR (7.8)
i=1

Portfolio return matrix (7.6) multiplied by portfolio weights matrix (7.7) over mul-
tiple time steps results in overall portfolio returns time series formalized as (Dees &
Sidier, 2019):

It = ﬁl:T(Dl:T eR" (7.7)

An essential concept in later methods for portfolio optimization is an asset returns
covariance matrix e, where o; defines the standard deviation of r,. Formally
(Capinski & Zastawniak, 2011; Kolm et al., 2014):

O, Oy Ot
G O- cee O-
1,2 2.2 M,2
= . . . . (7.10)
O r Oyr Owmt

where o;; = 6 (variance of j-th asset).
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2.1.2 Markowitz model

Given the elements defined in a previous section, the portfolio Mean—Variance
optimization problem can be defined as a constrained linear model as follows
(Capinski & Zastawniak, 2011; Kennedy, 2016; Kolm et al., 2014):

1. Formulation as maximization problem: maximize portfolio returns while
keeping variance below maximal level o5,
max o' p

0eQ)

Subject to

mTZm <ot (7.11)

Zmzl

2. Formulation as minimization problem: minimize portfolio variance while
achieving at least minimal desired portfolio returns R ;,

mine’ Y ®

weQ)
Subject to
wo>Ry, (7.12)
D o= w
. . My
Where  is a vector of expected securities return gt =| .~ |, i, =& [I‘l] € R and
My

Q) is a universe of all possible portfolio weights combinations.

If portfolio weights have negative weights, this is interpreted as allowance for
short-selling (Capinski & Zastawniak, 2011; Steinbach, 2001). If short-selling is not
allowed (or an analyst does not want to use this possibility), then the optimization
problem is defined as (Dees & Sidier, 2019; Gill et al., 1981):

minimize ®' ®
we)

Subject to
w'o=>R, (7.13)

®=>0

Zmzl
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2.1.3 Markowitz model extensions

One of the typically used modifications to the baseline model is the “risk aversion”
parameter, defining the degree to which the investor is willing to balance the risk
level u)TZ o with expected returns o' (Wilmott, 2007). With this aversion param-

eter o, the model is formalized as the following optimization problem (Dees & Sidier,
2019; Kolm et al., 2014):

maximize ®' p—aon’ Y ©

weQ)

Subject to (7.14)

o=>0

D o=1

Additionally, several objective functions can be selected as the optimization goal.
One of the most interpretable ones is the utilization of the Sharpe Ratio (Sharpe,
1966, 1994), defined as the reward-to-variability ratio. Formally (Dees & Sidier,
2019; Goetzmann et al., 2014):

SR = H'_Rf

(7.15)

Op

Where o« is expected assets returns (as defined above), R¢ is risk-free rate (often set to

zero) and o, is a standard deviation of portfolio returns , [wTZ(D.

When used as the objective function in the Markowitz model, the optimization
problem is formalized as (Dees & Sidier, 2019; Wilmott, 2007):

maximize _or

weQ) (DT Z ®
Subject to (7.16)
®=>0

Zu):l

A popular and very easy-to-understand risk measure is the Calmar Ratio (or
Drawdown ratio), which utilizes a maximum drawdown instead of standard deviation
to measure portfolio instability (Young, 1991). Drawdown in this context is defined
as a (potential) loss that can happen over a defined period (Bacon, 2013). It can be
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calculated as a relative change between the maximum value of the portfolio returns
and the selected time point afterward. Formally (Drenovak et al., 2021):

vV
DD(t) =ﬁ, se[0,t] (7.17)
S .S

Where V,,, is the portfolio value at time t.
Therefore a Calmar ratio can be calculated as (Bacon, 2013):

Calmar ratio CR = »— R,

(7.18)

max

Another essential metric is Value at Risk (VAR), which is used as a risk benchmark.
It measures the expected maximal loss in a target time horizon, with a defined con-
fidence level, under typical market conditions (Larsen et al., 2002; Zanjirdar, 2020).
Formally it can be written as (Zanjirdar, 2020):

P(P,-P >VaR)<a (7.19)

where P, is an initial portfolio value, P; is the portfolio value at the end of the
time horizon, VaR is the deprecation value, and o is the statistical confidence
level. While very useful from the business perspective, this measure lacks some
essential properties like sub-additivity, and is non-convex, non-smooth, and can
have multiple extremes when applied to a finite number of scenarios (Larsen et al.,
2002). For this reason, it is often optimized using heuristic approaches (Larsen
et al., 2002; Nguyen et al., 2021; Zanjirdar, 2020) or gradient optimization method
(Hiraoka et al., 2019).

Typically, operations on the stock market incur some transaction costs. The
inclusion of such a variable in the model makes it impossible to solve using closed-
form optimization procedures and requires the usage of various heuristic methods
(Brown & Smith, 2011; Peng et al., 2011). With transaction costs included, the opti-
mization problem for M assets is formulated as (Dees & Sidier, 2019):

maximize J — 1y BH(DO —(DHI
0eQ)

Subject to (7.20)

0w=>0

D o=1

where J can be any objective function, like the Sharpe Ratio (7.15), (7.16), B is a
transactions cost parameter (that can take different forms — numerical, or percent-
age), m, is the vector of initial portfolio weights.
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In practice, problems, including transaction costs, are approached using complex
metaheuristics. Some examples include:

1. particle-swarm optimization PSO (Chen & Zhang, 2010; Coello et al.,
2004);

2. different forms of evolutionary algorithms (Deb et al., 2002; Liagkouras,
2019; Rong et al., 2009);

3. fuzzy algorithms (Liagkouras & Metaxiotis, 2018; Liu & Zhang, 2015);

4. deep learning (Aboussalah & Lee, 2020).

The more constraints and elements are added to the portfolio optimization problem, the
more complicated it becomes and can be (potentially) unsolvable with classic methods
(Neuneier, 1996). In that sense, the portfolio optimization problem with transaction costs
becomes a “Multi-Stage Decision Problem” (Neuneier, 1996), where the later steps in
the optimization process directly depend on the previous steps and can lead to different
results. Such a formulation makes the portfolio optimization task suitable for Markov
Decision Processes (MDP) modeling (Neuneier, 1996; Sutton & Barto, 2018) and, in
conclusion, for Reinforcement Learning (RL), algorithms described in later sections.

Comprehensive reviews of recent literature reveal multiple additional constraints
and bounds that can be added to the Markowitz model to obtain the best-performing
portfolios. Some of the possibilities include (Kalayci et al., 2019; Kolm et al., 2014;
Markowitz, 2014; Steinbach, 2001):

. Lower/upper limits can be imposed on the asset weights in the portfolio.

. Limitation on the number of assets in the portfolio.

. Limitations connected to the market sector to which particular assets belong.

. Limitations based on the turnover rate for each asset typically utilized in
multi-period portfolio optimization.

5. Short-sale constraints, imposing the weights to be non-negative.

AW N =

All of the methods mentioned above are ways to enrich the optimization task without
changing its very core — a foundation laid by the basic Markowitz Mean—Variance
model.

2.2  REINFORCEMENT LEARNING

Reinforcement learning (RL) is one of the approaches to solving a control problem,
where an artificial entity (an agent) interacts with the environment to achieve some
predefined goal (Goodfellow et al., 2016). As such, it can be considered one of the
subfields of machine learning, concentrated on Markov Decision Processes (MDP).
Typically it consists of the following main elements:

1. An agent is an autonomous entity that aims to learn how to control and
operate in the environment (Dees & Sidier, 2019; Goodfellow et al., 2016).
Typically, the role of an agent is performed by a selected algorithm or
procedure.
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2. An environment is a simulated “world” with which an agent can interact
and operate. This simulation should have some internal state (so the descrip-
tion of the current status), possible actions, and transitions dynamics, so
possibilities to move from one state to another after performing a selected
action (Sutton & Barto, 2018). In theory, the environment suitable for RL
modeling should possess the so-called Markov Property, when the current
state depends only on the previous one and carries sufficient information to
describe the present fully (Li, 2017).

3. A set of rewards is assigned each time an agent acts in the environment.
The reward can be positive (indicating the correct, beneficial move) or
negative (as a penalty for wrong decisions) (Arulkumaran et al., 2017).
The definition of the reward, its scale, and magnitude is subject to so-
called reward engineering — a process of careful design and selection
based on expert knowledge and observation of a simulated environment
(Dewey, 2014).

Formally, the dynamics of agent-environment interactions are defined as follows
(Arulkumaran et al., 2017; Li, 2017; Sutton & Barto, 2018):

.S= {so, S, ...sm} —1is a set of states in which an environment can be.

A —is a set of actions that an agent can perform in the environment.
. r,—is a reward obtained at time step t after performing the action.

T (S, r| S, a,) — is a transition dynamics, an internal environment property

that describes (possibly non-deterministic) state changes after performing
an action.

While the agent interacts with the environment, it leaves a trace — a sequence of
quadruplets (state, action, reward, next state — (st, a1, SH—I) that are a subject for the

later learning process (Fenjiro & Benbrahim, 2018; Mousavi et al., 2018).

The interaction between the agent and the environment is presented in the picture
below (Figure 7.1):

If the environment has a well-defined terminal state — the state at which no fur-
ther actions are allowed, then a control problem in such an environment is called an
episodic task (Sutton & Barto, 2018). Because in the beginning, an agent does not
know either the transition dynamics or the future rewards that it will receive, it needs
to have a possibility to relate past actions with future rewards. The goal defined in
this way is called discounted future reward or return formalized as follows (Dees &
Sidier, 2019):

0

G =Rt + Y Tea Vs o= Y ¥ (721)

k=0

The discounting factor gamma describes the emphasis the agent puts on the future
rewards from the current (t) time step.
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FIGURE 7.1 Interaction between an agent and the environment.

Source: own work based on (Dees & Sidier, 2019; Sutton & Barto, 2018).

The systematic way that describes how an agent acts in the environment is called a
“policy” and is formalized as follows (Arulkumaran et al., 2017; Sutton & Barto, 2018):

n:S—>p(A=alS) (7.22)

where

A —set of actions
S — set of states

It maps the encountered states into actions. Intuitively, a policy is a function that
takes a state as an input and outputs the desired action. The optimal policy is the one
that maximizes the expected, discounted return for the entire episode (Arulkumaran
et al., 2017; Sutton & Barto, 2018):

T = arg mle]E[thﬂ'} (7.23)
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For obvious reasons, an optimal policy is unknown at the time of the training, and
it is the agent’s ultimate goal to estimate its value or approximate as closely as
possible.

In order to find the best possible policy, that agent utilizes additional functions,
out of which two are fundamental for reinforcement learning. Jointly they are
called “Bellman Equations” (Fenjiro & Benbrahim, 2018; Sutton & Barto, 2018)
and they laid the foundation for most of the theoretical apparatus for future RL
algorithms.

1. State-value function
State-value function V (s) estimates the expected future return if the agent
follows policy pi from the present state s. Formally (Fenjiro & Benbrahim,

2018; Li, 2017, Sutton & Barto, 2018):
AV (S) =FE" [ths s] E” {ZV Lo } (7.24)

Intuitively, a state-value function describes “how good” (from the per-
spective of accumulated rewards) a given state is. In the case of a stock
market or portfolio optimization perspective — it might be defined as the
profit and loss up to date or expected portfolio returns given particular asset
weights (Xiong et al., 2018).

2. Action-value function

Action-value function Q(s, a) describes the expected future return if the
agent follows policy pi from the present state s after execution of action a.
Formally:

Q" (s,a)=E"[G,S, =s,A, =a] {Zy T At:a} (7.25)

Its intuitive interpretation is analogous to the interpretation of the (7.24),
but additionally considers the action being performed by an agent.
Those two equations can be expanded in a recursive form that emphasizes the proba-
bilistic nature of the simulated environment dynamics and the policy itself (Fenjiro &
Benbrahim, 2018; Sutton & Barto, 2018):

V7 (s)=E"[G,[S, =s] ZE als ZZp s',1ls, a [r+yV”( )](7.26)

Q" (s,a)=E*[GS, =s,A, =1] (7.27)

-E (s 147 TrEa)Q" ()|
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Bellman equations give theoretical guarantees to find optimal policies, defined by
Bellman-optimality equations defined as (Fenjiro & Benbrahim, 2018; Sutton &

Barto, 2018):

A (s) = mfx[Vﬂ (s)] = max Zp(s', rls, a)[r +yV (s')]‘ (7.28)

acA(s)

s'r

Q (s, a) = Zp(s', 1ls, a)[r+ y max Q (s’, a')} (7.29)

s'r

In general, RL algorithms can be divided into two main categories, summarized in

the table below (Table 7.1):

Another important taxonomy emphasizes the approach of the RL agent to the

learned policy.

1. On-policy agents utilize the policy that is learned. Therefore, they follow
the same plan of executing gradually improved actions. Such algorithms
tend to be more stable but require a longer learning time and are less sample
efficient, as they can only utilize the newest samples.

2. Off-policy agents are not required to use the same policy being learned.
They are more sample-efficient, utilizing samples from any learning phase
in exchange for lower stability of results (larger variance).

TABLE 7.1

Comparison of model-based and model-free RL algorithms

Aspect\category Model-free algorithms

Completeness of the Do not require the complete environment
environment model — prior knowledge of all possible
transitions, states, and rewards is not
required.
Kind of problems Suitable for complicated, real-world
solved problems, where a simulation is just an
approximation and simplified description of

reality.
Algorithms’ Algorithms of this kind are universal and can
characteristics work with almost any kind of simulator or
problem.
Proliferation More frequently used in practice.

Model-based algorithms

Require a complete description
of the operating environment —
transitions, states, rewards, and
possible actions.

Suitable for technical problems,
where strict rules of
environment dynamics can be
applied.

Algorithms of this kind are
designed for specific types of
problems and dedicated
simulators only.

Less frequently used.

Source: own work, based on (Agostinelli et al., 2018; Arulkumaran et al., 2017; Fenjiro & Benbrahim,

2018; Sutton & Barto, 2018; Trask, 2019; Winder, 2020).
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2.3 DEEP REINFORCEMENT LEARNING

Methods described above are considered to be “classic RL” — utilizing relatively
simple, grid-based algorithms, where enumeration of possible states and actions is
fairly possible (Agostinelli et al., 2018). As the problems solved by RL became more
complex, classic methods started to lack enough functionality in terms of:

1. Handling high-dimensional spaces, where states are described using long,
complex vectors (Agostinelli et al., 2018; Busoniu et al., 2017).

2. Handling continuous spaces — when real numbers describe both states or
actions instead of discrete categories (Santamaria et al., 1997).

3. Stability and convergence — when the number of iterations required to get
stable results increases exponentially, along with the state dimensionality
and actions complexity (Boyan & Moore, 1994).

A natural extension to the beforementioned RL approaches was utilizing neural net-
works to approximate the most complicated functions. The common name given
to methods of building multi-layer neural networks is “deep learning” (DL), and
deep reinforcement learning (DRL) is only one of its applications (Goodfellow et al.,
2016). Neural networks are considered universal approximators, theoretically capable
of modeling any function, given the proper training time and data (Cybenko, 1989;
Hornik et al., 1989). This property, combined with very flexible architecture (pos-
sibility to accept state input vectors of different shapes and multiple inputs), made
them especially suitable for solving RL problems (Agostinelli et al., 2018). Initially,
two basic approaches were tested.

Value-based DRL - is an approach where a neural network replaces the state-
action function Q(s,a) as an approximator (Trask, 2019; Winder, 2020). Q table
is no longer needed, and the network computes state-action values for each state-
action combination (Agostinelli et al., 2018). Several variations of this model were
created — starting from simple Deep Q-networks (DQN) (Mnih et al., 2013), double
deep g-networks (DDQN) (van Hasselt et al., 2016), where the over-optimistic learn-
ing is slowed down by using two Q-networks and dueling double deep g-networks
(DDDQN), utilizing additional action-advantage function (Fujimoto et al., 2018;
Wang et al., 2016).

The picture below shows a simplified, intuitive comparison between grid/table-
based RL and Deep Q-Networks, where Q-table has been replaced by its approxima-
tion by the DL model (Figure 7.2).

Policy-based DRL — emphasizes the role of a policy (defined as in previous
chapters) in RL. Policy-based algorithms do not try to search and estimate state and
state-action values for all possible environmental conditions but focus on a strat-
egy maximizing the expected reward. This feature makes them especially useful in
high-dimensional and continuous action spaces, where agents have the possibility to
experience only a small portion of available states (Agostinelli et al., 2018; Fenjiro &
Benbrahim, 2018). Especially notable in this context is the policy gradient approach,
where the probabilistic policy-calculation function can be used directly to calculate
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FIGURE 7.2 Simplified comparison between grid-based RL algorithms and DRL.

Source: own work.

neural network gradients during the learning procedure (Sutton et al., 1999). That
laid the foundations for the basic REINFORCE algorithms family (Williams, 1992),
followed by a Vanilla Policy Gradient (VPG) algorithm (Schulman, 2016; Sutton
et al., 1999) and Proximal Policy Optimization (PPO) (Schulman et al., 2017).

One of the significant issues in utilizing policy-based DRL was its variance and
instability. A specialized family of algorithms, called actor-critic (AC), was intro-
duced to address this issue, especially in continuous action-space settings (Degris
et al., 2012; Konda & Tsitsiklis, 1999) [Degris, 2012; Konda, 1999; Konda, 2003],
and later on, it was extended with additional variations. In principle, in AC methods,
an agent consists of two sub-estimators. “Critic” is responsible for calculating the
value function (it can be state-value or action-value, depending on the algorithm),
and the “actor” optimizes the policy using the critic’s approximation (Fenjiro &
Benbrahim, 2018). May later implementations utilize this concept as a fundamental
baseline, with the most notable being: A3C (Mnih et al., 2016) or A2C (Wu et al.,
2017). The picture below shows the simplified concept of AC methods (Figure 7.3).

Comparison of value-based and policy-based DRL architectures is presented in
the picture below (Figure 7.4).
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Temporal

difference (TD)
Environment state
Actor
Network

action

FIGURE 7.3 Actor-critic architecture overview.

Source: own work based on (Fenjiro & Benbrahim, 2018; Fujimoto et al., 2018; Konda &
Tsitsiklis, 1999; Schulman, 2016).
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State and action is an input to the State is an input to the network.
network The network calculates the policy
The network simply replaces Q(s,a) value for a given state, and output the
function. most promising action.

FIGURE 7.4 Value-based and policy-based DRL architecture comparison.

Source: own work, based on (Agostinelli et al., 2018; Sutton & Barto, 2018; Sutton et al.,
1999).
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Multiple hybrid approaches were invented on the crossing point between the
beforementioned approaches. Most of them utilized some elements of on-policy
learning combined with off-policy memory buffers. Most notable examples are:

1. Deep Deterministic Policy Gradient (DDPG) combines an actor-critic
approach with two networks (one for predicting action-value function and
one for computing targets during learning) (Silver et al., 2014). In that sense,
the algorithm appears to be an extension of Q-learning, but action selection
and exploration is much more similar to on-policy procedures.

2. Twin Delayed Deep Deterministic Policy Gradient (TD3) is a direct
successor of DDPG with multiple additional functionalities that should
stabilize results and ensure convergence. Most notable extensions are an
additional (“twin”) Q-function for estimating Q(s, a), deployed updates of
the target network, and policy regularization (by noise injection) during the
action selection (Fujimoto et al., 2018).

3. Soft Actor-Critic (SAC) is an algorithm published concurrently with TD3,
considered another successor of DDPG, bridging the gap between value-
based and policy-based DRL approaches. It uses techniques similar to those
mentioned in TD3 to stabilize the learning process and online decision-
making — like squashing policy values with fanh function and entropy-based
target values regularization (Haarnoja et al., 2018a; Haarnoja et al., 2018b).

While the approaches mentioned above are modern and efficient implementations of
DRL for complex problems, they all suffer from inconveniences, characteristic of both:
Deep Learning and Reinforcement Learning (Ding & Dong, 2020). Most importantly:

1. The longer the learning horizon (parametrized by, e.g., n-steps in some
algorithms or gamma discounting coefficient), the more unstable and prone
to variance become the results. Thus, results might be unstable and hard to
reproduce in subsequent studies.

2. Asthe learning horizon shortens and more emphasis is put on approximation
(like in the temporal-difference (TD) (Sutton, 1988) or Generalized
Advantage Estimation (GAE) approach (Schulman et al., 2016)) — the pre-
diction bias becomes significant. Obtained results might be suboptimal and
away from the target expected values.

3. Sampling inefficiency — as the state description grows in dimensionality
or the number of available actions increases, DRL models also grow in
size. Therefore, the number of required simulation iterations needs to be
increased so that the agent can experience a large enough part of the envi-
ronment. That might lead to very long and time-consuming learning proce-
dures (Botvinick et al., 2019).

4. Feedback Sparsity and reward attribution — in some simulations, an agent
might not receive any reward for a long time, which makes it unable to
correlate taken actions with positive or negative feedback (Winder, 2020).
Such periods of uncertainty affect the training process negatively and slow
it down (Arumugam et al., 2021).
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There exist some procedures to mitigate those risks, like one-shot imitation learning
(Henderson et al., 2018), meta-learning (Finn et al., 2017), or better reproducibility
by enforcing deterministic behavior (Nagarajan et al., 2018) although instability is
still considered an issue in real DRL applications (Agostinelli et al., 2018; Dasagi
et al., 2019).

2.4  REINFORCEMENT LEARNING IN ECONOMICS

Multiple research studies were published concerning DL, RL, and DRL in Economics
(Charpentier et al., 2021; Mousavi et al., 2018). Most promising directions include
using DRL agents to replace classic optimization systems, especially when the
state description of actions space is beyond the comprehension of classic methods.
A selection of studies and use cases is presented below, grouped by general category

(Table 7.2).

Review of selected research on DRL utilization in Economics

TABLE 7.2
Category Use case
Sales and Dynamic pricing
revenue
optimization
in
E-commerce
Customer
recommendation
systems
Online advert
bidding
processes
Operations Logistics and
research planning
Portfolio

allocation &
trading

Source: own work.

Description

Price adjustment according to the
current demand.

In such context, RL agents operate in
the environment described by
customer purchasing behaviors, and
they can take different actions to
lower/increase prices in response to
the demand.

State descriptions include past user
behavioral data, item ratings, or sales
figures, while actions include the
possibility to recommend an item.

A use case where agents take part in
auctions to choose whose online
advert will be presented to the end
customer, potentially generating
revenue and demand.

DRL systems can help logistics and
planning by solving generalized
versions of the so-called Traveling
Salesman Problem optimization and
resource allocation.

This family of use cases will be

discussed in a separate section below.

References

Levina et al. (2009),
Schwind (2007) and
Zhao et al. (2018)

Kompan and Bielikova
(2010) and Liu et al.
(2018)

Cai et al. (2017), Even
Dar et al. (2009),
Schwind (2007),
Zhang et al. (2014)
and Zhao et al. (2018)

Bello et al. (2019) and
Deudon et al. (2018)
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2.5 REINFORCEMENT LEARNING IN TRADING AND PORTFOLIO OPTIMIZATION

Classic portfolio optimization procedures (some of which were discussed in Section 2.1),
are challenging to implement when the analyst wants to consider additional factors, like
transaction costs, market conditions, natural language analysis for sentiment, and simi-
lar factors (Mosavi et al., 2020). The application of DL and DRL to such cases has been
a subject of intensive studies in recent years. One crucial advantage of DRL over clas-
sic RL and other optimization procedures is the fact that neural networks have a very
flexible architecture that can utilize the data of mixed types: numerical vectors, textual,
correlation matrices, and others at once (Dees & Sidier, 2019). The very design of the
portfolio optimization problem — a sequence of actions resulting in changes in portfolio
structure (number of stocks held) in response to the current market state (current stock
prices and their dynamics) very closely resembles the Markov-Decision Processes of
control and simulation that RL and DRL are naturally designed for (Charpentier et al.,
2021; Dees & Sidier, 2019; Mosavi et al., 2020).

There is no single solution or the best algorithm to solve a portfolio optimization
problem with DRL, as the model needs to be designed especially for every case.
Different authors utilized various DRL algorithm families. The table below shows
some of the approaches proposed in recent years, with a commentary presenting the
most important findings (Table 7.3).

TABLE 7.3
Review of selected research on DRL utilization in trading
and portfolio optimization

Publication Findings & methods

Jin and El-Saawy (2016) Utilization of an early Deep Q-learning approach for portfolio management
using a stock market simulator.

Jiang et al. (2017) Utilization of various deep reinforcement learning algorithms for
cryptocurrency portfolio management.

Xiong et al. (2018) Utilized a DDPG algorithm capable of handling vast, continuous action
spaces, in this case: buy/sell orders for financial instruments.

Lietal. (2019a) Developed an innovative Adaptive Deep Deterministic RL algorithm that
was expected to mitigate the instability of predictions issues and was able
to learn from both: positive and negative errors in forecasts.

Azhikodan et al. (2019)  Utilized recurrent neural network (RNN) architecture (capable of learning
from the vector of historical and past events) and market news parsing
with DRL agents to design a system taking actions in the environment
based on stock price predictions.

Lietal. (2019b) Combined various DRL agents with novel Adversarial Learning to increase
the performance of trading agents.

Lietal. (2021), Liu et al. A series of publications concentrated on building a reliable (in terms of

(2020), Liu et al. reproducibility, stability of results, ease of use, and transparency) market
(2021a) and Liu et al. simulator, combined with various DRL agents and high scalability for
(2021b) complex environments.

Source: own work.
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Market simulators are the central point and standard tools used in the mentioned
research. While different authors use different toolsets, every RL or DRL model requires
an interactive market environment. The main components of such a solution are:

1. Ability to fetch historical stock prices in any format — OHLC (open/high/
low/close) or other, that captures the state of the market in a given time.

2. Pre-processing module that cleans and normalizes such data by filling in
missing information, removing malformed entries, and parsing dates.

3. Feature calculation module that enriches historical row prices with
additional information. It can be a set of technical indicators like correla-
tion/covariance matrix or statistical features (like rolling mean, percentiles,
standard deviation).

4. A simulator engine that responds to agent actions. Specifically:

1. After acting, moves one step (typically a day) forward and reads new
stock prices and technical indicators;

2. Presents the new state description to the agent;

3. Maintains the internal state — the account balance of the agent, current
cash level, and stocks held;

4. Responds to agent actions — the environment simulates a buy/sell/hold
actions and considers transaction fees and additional constraints (like
non-negative balance or possibly allowed short selling).

A diagram of a simplified, generic design of such a simulator is presented below
(Figure 7.5).

Historical stock
prices
Data
cleaning ; ]
1
Cleaned prices N L~
AN /\AJ W .
, / 1
Additional PN N
features " A T\ [ 1
Stock prices with A AN N i / ’(\
features & VAN N Ji
indicators @ WY Mv\ﬁ% ; i JL\,«»
I
Agents' starting
balance I
\\ \//\ fJLT""G
Training period Valldatlon period ! Test/trade period
Model learning Model tuning 1 Final model check
: 1

FIGURE 7.5 A simplified overview of a generic DRL stock simulator.

Source: own work.
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While implementation details may vary across different research studies and
software, the general idea of a simulated DRL market environment remains similar.

3 PROPOSED WORK

This experimental study aims to assess the performance of discussed DRL
approaches in challenging market conditions. Subsequent sections show three practi-
cal case studies comparing the DRL agents, the standard market index benchmark
and the portfolio optimized using the classic Markowitz model.

3.1  RESEARCH PROBLEM
The research problem in all three case studies has been formulated as follows:

Is it possible to teach the DRL agent to construct a portfolio that maximizes
the total return on a predefined time horizon that includes challenging market
conditions (COVID-19 pandemic)?

The following research hypotheses were formulated:

1. The DRL agent will be able to learn the trading strategy during a training
period and apply it during the testing period that it has not encountered before.

2. The DRL agent will be able to outperform the market benchmark index and
the portfolio, optimized using the Markowitz approach, in terms of at least
one of the following metrics: cumulative return, annual return, Sharpe ratio,
Calmar ratio, or annual volatility.

3. DRL constructed portfolio should be readable by a human analyst, so its
changes can be analyzed over time.

3.2  EXPERIMENTAL SETTING

The performance of DRL agents has been evaluated using the FinRL simulator (Li
et al., 2021; Liu et al., 2020; Liu et al., 2021b). It downloads historical asset prices
using Yahoo Finance, and on later stages, these prices are a subject for further re-
arrangement and enrichment according to the analysts’ design. The simulator moves
forward by one time-step (trading day) and presents actual stock prices to the agent.
For DRL agents, the simulated environment has been configured as follows:

1. In each experimental case, the agent can trade using k predefined stocks
(symbols).
2. On each time step (each trading day), the state consists of:
1. Current balance information b, € R, — agents current account balance.
Shares vector h € Z¥ — number of k stock holdings in a portfolio.
k stock prices in OHLC format (Open-High-Low-Close) oy, h,, 1,, p, € R.
Additional technical indicators for each stock. Especially:
Moving average of stock prices p € R* — for 30 and 60 days.
Moving Average Convergence-Divergence (MACD) MACD e R*
(Appel, 1979; Vaidya, 2020).

N AW
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7. Relative Strength Index (RSI) rsi € R* (Wilder, 1978).
8. Commodity Channel Index (CCI) cci € R* (Lambert, 1983).
9. Bollinger Bands — upper and lower bb € R** (Bollinger, 2002).

Action — for each stock (symbol) in the portfolio, the agent can per-
form the following actions: buy amount X/sell amount Y/hold, there-
fore increasing or decreasing the stock holding h by +X, —Y. Therefore

ae {—h, -h+1,-h+2,...,-1,0,1,...,h—2,h—1,h, hmax}k:h, hmax € Z,, where
h indicates the current holding of each stock, and hmax is the global maximum of
stocks to buy (constant number set in the simulator).

Reward function r(s, a, s’) € R is defined as the overall portfolio value (calcu-
lated as the dot product between the stock prices vector and holdings vector plus the
account balance b, p'h +b).

A simplified example of the current state, action, and transition is presented in
Figure 7.6. The agent is presented with two stocks (AAPL and GOOG) and their tech-
nical indicators at time t. The current balance is 1000 USD, current holding is O shares
of AAPL and ten shares of GOOG. The agent decides to buy five shares of AAPL
and sell five shares of GOOG. This operation lowers the balance of the agent. The
simulation moves to the next state (next trading day), and the reward is calculated using
updated stock holdings times current prices plus the remaining balance (Figure 7.6).

Although the library is supposed to replicate the interaction between the algorithm
and the actual stock market, it uses some simplifications and assumptions. Especially:

1. Simulated transaction costs are set on a constant level.

2. No market impact — agent’s actions do not affect stock prices.

3. Full market liquidity — each buy—sell operation succeeds and is performed
immediately.

Returns Prices Technical indicators Agent's portfolio

AAPLret GOOG ret JAAPLprice GOOG price JAAPLmMa30 GOOG ma30 AAPLsharpe GOOG sharpe | AAPL shares GOOG shares balance
Date)
2022-02-16§ -0.001389 0.007784 J172.550003  137.487503 -0.001178 -0.007186 -1.808746 5.749348 0 10 1000

a, = {5; =5}
byyq =1000 + [172.55 137.48]7[-5 5] =1000— 175.31 = 824.68
AAPLret GOOGret AAPLprice GOOG price AAPLma30 GOOGma30 AAPLsharpe GOOG sharpe AAPLshares GOOG shares balance

Date
2022-02-17 -0.021269 -0.037669 168.880005  132.308502 -0.001000 -0.007315 -2.195546 -5.789996 5 5 82468

(S, @p Ser1) = pTh+ b = 1505.94 + 824.68 = 2330.622

FIGURE 7.6 Example state — action — balance — next state — reward in financial simulator.

Source: own work.
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DRL performance was checked using three simulated environments:

1. Trading with stocks of the top ten S&P companies in terms of market capi-
talization. Learning and tuning period 2015-01-01 until 2019-12-31.

2. Trading with two different sets of 30 companies’ stocks, selected randomly
from the top 150 S&P in terms of market capitalization. Learning and tun-
ing period: 2010-01-01 until 2019-12-31.

The “trading period,” where the agent makes decisions with full consequences and
without a possibility to learn from mistakes, was set to 2020-01-01 until July 2022.
Companies with the largest market capitalization (either top ten or random 30 out
of top 150) were selected because of their size, market impact, and fluent liquidity.
These factors help mitigate the beforementioned simplifications and assumptions of
the simulated environment.
Algorithms selected for the experiment were:

1. PPO (Proximal Policy Optimization) — an on-policy algorithm with an
actor-critic variant, known for its improved stability due to the policy clip-
ping function (Schulman et al., 2017).

2. DDPG (Double Deep Policy Gradient) — an off-policy algorithm used with
an environment consisting of continuous state- and action-spaces (Lillicrap
et al., 2016).

3. TD3 (Twin Delayed DDPG) — an off-policy, direct successor to DDPG,
extending it with an application of a double Q-learning approach and vari-
ous learning stability improvements, like a delayed policy update or target
smoothing (Fujimoto et al., 2018).

4 RESULTS AND DISCUSSION

The tables below summarize metrics obtained by all of the approaches in each testing
case. TD3 algorithm achieved the best results in all experimental cases, outperform-
ing other approaches in terms of all metrics except the annual volatility. The highest
advantage has been observed in case 1 (top ten stocks of S&P 500), while in case 3
(random stocks), results were only slightly above those obtained using classic port-
folio optimization.

In each case, the DDPG algorithm achieved the lowest annual portfolio volatility
(Table 7.4).

Charts below present the visual comparison of the portfolio constructed by the
best algorithm TD3 (highlighted as green “Backtest”) with the market index bench-
mark (S&P, highlighted in grey as “Adj Close”) and the classic portfolio optimization
approach (highlighted in grey as “optimized portfolio”) in each case (Figures 7.7-7.9).
Careful analysis of both — visualizations and results table reveals the following:

1. In all cases, the best DRL model (TD3) outperformed other approaches in
terms of final portfolio value, cumulative returns, annualized return, Shape
ratio, and Calmar ratio.
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2. The most significant advantage can be observed in cases 1 and 2, while in

case 3, the TD3 results are slightly better than those obtained by the opti-
mized portfolio.

. In cases 1 and 3, volatility of the TD3 algorithm was substantially higher
than for the optimized portfolio approach, while in case 2, it was compa-
rable. In general, the TD3 approach had moderate volatility compared to
other approaches.

. Analysis of returns distribution reveals that in all cases DRL approach
quickly recovered after the COVID-19 pandemic’s initial period (March—
May 2020), but suffered from losses after the Russia—Ukraine conflict
eruption at the beginning and the mid-2022 period. This relationship is
especially visible in case 3, where TD3 outperformed the optimized portfo-
lio approach almost the entire time while losing the advantage at the begin-
ning of 2022.

TABLE 7.4

Comparison of results obtained by different algorithms

Annualized return
Sharpe ratio

Calmar ratio

Case 1 (top ten of S&P500)

S&P Optimized PPO DDPG D3
portfolio
Final portfolio value  1,215,495,000 1,975,360,000 1,680,900,000 2,054,000,000 3,068,100,000
Cumulative returns 0.215 0.975 0.681 1.054 2.068
0.080 0.312 0.226 0.326 0.551
0.427 0.954 0.935 0.960 1.287
0.235 0.902 1.038 0.822 1.588
0.258 0.350 0.252 0.363 0.407

Annual volatility

Final portfolio value
Cumulative returns
Annualized return
Sharpe ratio

Calmar ratio

Annual volatility

Final portfolio value
Cumulative returns
Annualized return
Sharpe ratio

Calmar ratio

Annual volatility

Source: own work.

1,272,369,000 1,378,563,437

Case 2 (random stocks)

0.272 0.379 0.200 0.217 0.460
0.097 0.130 0.073 0.078 0.157
0.491 0.579 0.432 0.424 0.721
0.286 0.336 0.243 0.229 0.526
0.257 0.284 0.219 0.257 0.244

Case 3 (random stocks)

1,200,352,032 1,216,575,950 1,459,814,492

1,272,369,000 1,527,874,000 1,402,881,000 1,184,113,000 1,547,890,000

0.272 0.528 0.403 0.184 0.548
0.097 0.177 0.139 0.067 0.183
0.491 0.714 0.722 0.388 0.740
0.286 0.448 0.467 0.208 0.516
0.257 0.287 0.212 0.246 0.281
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FIGURE 7.8 Results comparison for case 2.

Source: own work.
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FIGURE 7.9 Results comparison for case 3.

Source: own work.

5. At the same time, TD3 outperformed the market index benchmark in every
case, after the short recovery period, following the COVID-19 pandemic start.

6. Agent’s portfolio over time takes a form of an activity table, recording the
buy/sell/hold orders and the number of stocks held in each time step.

Presented results demonstrate the ability of DRL algorithms to achieve high results
in terms of selected metrics using the complex market simulator. Models of this fam-
ily react to market events and price changes, adjusting their behavior.

Therefore, all research hypotheses that were formulated in Section 3.1 have been
confirmed.

At the same time, the experiment results reveal several properties of DRL algo-
rithms that can be considered benefits or drawbacks when applied to portfolio opti-
mization and trading use cases. Specifically:

1. All of the presented DRL can operate on a rich state representation. They
were trained on a simulator feeding several technical indicators, current
prices, and account information. Additional features could be added to this
setting, namely:

1. Sentiment analysis data from key market-focused new portals.

2. Calendar information, focused on a time of the year period, working
days, holidays, or important financial events (like regular bank status
updates, press conferences, etc.).

3. World geopolitical information about conflicts, wars, or random events.
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2. DRL algorithms are highly stochastic and unstable, and moderately high
portfolio volatility reflects this.

3. Training time for DRL is long — it can span several hours or minutes,
depending on the machine specification. This property makes it inconve-
nient in some real-world situations.

4. DRL agents leave a “trace of activity” — buy/sell/hold orders and current
portfolio composition. They do not produce any solutions to equations or
clear explanations of their actions.

5 CONCLUSIONS AND FUTURE WORK

Experiments presented in this work confirmed research hypotheses that DRL could
outperform market benchmarks and classic optimization strategies in some contexts, in
terms of Sharpe ratio, Calmar ratio, annualized and total portfolio returns. Taking the
properties of DRL algorithms described in previous sections into account, they can be
perceived as valuable, additional tools for portfolio optimization, potentially very flex-
ible, and capable of utilizing information beyond the reach of classic methods. At the
same time, their learning process can be unstable and require significant computational
power or time. Additionally, a lack of clear explanation or rationale behind their actions
can make them unusable in some contexts, especially law-regulated.

RL and DRL are extensive research fields, and some of the shortcomings described
in this work are constantly improved. Examples of recent advancements include the
explainability of DRL (Guan & Liu, 2021; Heuillet et al., 2021; Vouros, 2022), repro-
ducibility of results (Nagarajan et al., 2018), or stabilization of variance (Gao et al.,
2019; Mao et al., 2019).

Additionally, this work’s future extensions might include utilizing a recurrent data
format, where the DLR model processes a predefined time window of past market
observations, most probably with some form of recurrent neural network (RNN)
policy. Apart from using only market data (like prices and stock indicators), addi-
tional data for the model might include sentiment analysis from financial portals and
similar natural language processing tools to judge the potential market impact. The
flexible structure of neural networks makes such a setup possible.
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8 Leveraging the
intelligent internal
audit informatization
for risk management
to pave a route toward
circular economy

Does the forensic accounting
skill make it different?

Huy Quang Pham and Phuc Kien Vu

1 INTRODUCTION

SMEs have been commonly recognized as the backbone of the economy not only for
developed countries (Deen, 2020; Roy et al., 2019) but for also developing countries
(Sohal et al., 2022). It is considered a significant component of the manufacturing
and production carried out by this kind of business. The CEI in SMEs could be para-
mount in gaining process amelioration and thus fostering productivity and profitabil-
ity (Sawe et al., 2021). Admittedly, SMEs have played a main part in transforming
from a linear toward circular economy (CE) (Schmidt et al., 2021).

Recently, the definition of a CE has drawn increasing attention and has been seen
as an economic framework that might significantly improve the sustainability of
firms (Khanra et al., 2021; Reike et al., 2018). CE has thought about how the indus-
trial system may be viewed as a system that integrates economics with ecological
design considerations and suggests a completely different strategy for resource use
(Awan et al., 2020). In the conclusive economic system, closed-loop material flow
could be realized through CE (Yi et al., 2008).

In spite of the many environmental and economic benefits generated from the CE
practices, this implementation has been challenging because numerous risks posed
hindrances. By adopting the RM principles, it could become much easier to tackle
the challenges in terms of risks. In order for CE practices to achieve their benefits to
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the fullest extent, risks must be fully assessed, controlled, and addressed in a proper
manner; otherwise, they would continue to hinder the entire framework of the CEI
in SMEs and how it was perceived (Rahman et al., 2019). RM primarily focused on
achieving the following three objectives: identifying risks, analyzing or evaluating
risks, and initiating appropriate responses to address the risks identified (Ahmeti &
Vladi, 2017).

Internal auditing enabled an organization to reach its goals by investigating and
ameliorating the effectiveness of RM as well as governance systems in a stringent and
disciplined manner. As technological advancement would allow SMEs to minimize
waste and smoothen the CEI process, governmental influencers and practitioners con-
centrated on technological innovation to initiate CE practices (Moktadir et al., 2020).
The amount and pace of data generation have increased tremendously throughout
the fourth industrial revolution, and the wave of informatization has spread to every
facet of life (Siggelkow et al., 2018). Due to the age of profoundly informationalized
big data, the generation and operation of organizations would create an enormous
number of scattered and complicated accounting data. The advancement of big data
technology would assist to put forward the constitution of audit informatization in
an intelligent manner. Data resources are continually being investigated as big data
technology advances and develops. Big data supplied a wider vision for internal audit
informatization, enriched audit data sources, strengthened RM functions, and melio-
rated organizational operation and management which, in turn, enable the SMEs to
succeed in the CEI and RM.

Owing to the development of intelligent technologies, integrating forensic
accounting technologies with fraud detection has become a vital accounting and
management issue (Yang & Lee, 2020) which resulted in the burgeoning demands
for forensic accounting (Baldacchino et al., 2020; Borg et al., 2020; Woods et al.,
2020). The use of science and technology in forensic accounting has been used to
identify dishonest accounting, financial, and corporate practices (Rezaee et al.,
2016). In the current economic scenario, forensic accounting is a crucial instrument
for detecting financial fraud (Kaur et al., 2022), enhancing the effectiveness of RM,
and providing the organization with useful information for decision-making in terms
of organizational operations.

A wide range of studies have called for an examination of the CEI in SMEs in
developing nations, which are motivated by technological innovation applications
and frameworks encouraging the adoption of CE practices, the current manuscript
put forward the enthralling research questions (RQs) as follows.

RQ1. What is the effect of IIAI on CEI?
RQ2. Does RM mediate the interconnection between IIAI and CEI?
RQ3. Does FAS moderate the interconnection between ITAI, CEI and RM?

Rested on main observations, the current research generated several contributions
both for academician and practitioner communities by bridging many voids. This
study’s initial theoretical contribution was to further the field of study on CEI in
SME:s in developing economies. CE has recently attracted a lot of interest from aca-
demics and practitioners (Alhawari et al., 2021). Surprisingly, many professionals
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working in international development (Nikanorova et al., 2020) and academics
have recently started to express concerns about CE practices in poor economies
(Schroeder et al., 2019). Startlingly, while there have been many works focusing on
larger organizations (Kumar et al., 2019), the study on SMEs’ implementation of CE
has been deficient(Dey et al., 2020). The obtained findings in this research cast light
on the marked effect of IIAI in developing economies on CEI. The advancement
in information technologies would enable SMEs to decrease waste and smoothen
the CEI process (Moktadir et al., 2020). Simultaneously, the result analyses in this
study increased the general findings in precedent works on the association between
internal audit and RM (i.e., Coetzee & Lubbe, 2011; Kerazan, 2017; Ojo, 2019).
Accordingly, ITAI was evidenced to enable the SMEs to tackle the grand challenges
which SMEs had to confront with during the process of CEI by intensifying the
effectiveness of RM. On the other end, RM was corroborated to be the prerequisite to
assure CEI could be properly assessed pertaining to risk recognition, risk evaluation,
risk control and risk mitigation. Effective risk management could, in fact, lead to
standardization of risk treatment inside the business (Nichita & Vulpoi, 2016). Last
but not least, the current manuscript also made great contribution to enriching FAS
literature. Building on the perspectives of Kaur et al. (2022), while there is a sizable
body of forensic accounting literature in the European and Western contexts, little
attention has been given to developing nations. Besides, in light of the development
of intelligent technologies, the integration of forensic accounting technologies with
fraud detection has become a vital accounting and management issue (Yang & Lee,
2020) which thus led to the important role of FAS in leveraging the ITAI to manage
risk for reaching the achievement in CEL.

Moving on to the practical aspect, the empirics of this study could generate valu-
able insights for practitioners in sensing and seizing the role of ITAI in CEI within
SME:s. This was because of the fact that implementing CE principles in the setting
of underdeveloped countries was challenging due to a number of possible obsta-
cles (Moktadir et al., 2020). In addition, although the magnitude of RM has been
acknowledged by numerous managers and organizational leaders, there have
been several failures in addressing this in an appropriate manner. As a result, it has
been required of the successful RM to lessen the risks that materialized in order to
achieve organizational goals as effectively as possible. In this regard, the collected
empirical data from the current study may offer insightful knowledge on RM to get
the best CEI outcomes. Several financial scandals have occurred despite the fact that
the governments and regulatory authorities of many nations have published guide-
lines for the ethical code of conduct of businesses (Kaur et al., 2022). In light of this,
these findings also provided managers and organizational leaders in SMEs with pro-
found insights into the critical role of FAS in the process of using IIAI in risk man-
agement and applying CE practices. Moreover, this work also supplied policymakers
and governmental influencers a well-defined idea of how they could formulate and
promulgate regulations and policies pertaining to advanced technologies application,
while also providing insights for policymakers and governmental influencers to heart
on enhancing CEI. Lastly, the outcomes of this work opened novel business opportu-
nities which could be undertaken by hardware and software developers or retailers.
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Apart from the introduction, the other sections in the present manuscript are
structured in the following sequence. The theoretical understanding and founda-
tion which concentrates on illuminating the theoretical foundation and determining
the main concepts are discussed in Section 2. The hypothesized model and hypoth-
eses substantiation are contemplated in Section 3. Afterwards, the methodology
which focuses on the design and the deployment of empirical research is detailed in
Section 4. This manuscript culminates with a result analysis which is demonstrated
in the penultimate section. The theoretical and managerial ramifications are illus-
trated in the final section, along with some suggestions for the creation of new works.

2 THEORETICAL UNDERSTANDING AND FOUNDATION

2.1 THEORETICAL FOUNDATION

Contingency theory. Contingency theory was employed in this study as the theoreti-
cal lens to approach empirical context. One of the top theories providing a robust
foundation for research on organizational design is contingency theory (Donaldson,
2007). Due to its deeply ingrained principles in the organizational literature, this
form of theory, which was found by researchers from Ohio State University in 1950
(Nohria & Khurana, 2010), was employed in studies that were focused on organiza-
tional challenges (Sauser et al., 2009). The organizational design’s main goal was to
accommodate three critical contingencies: unpredictability, strategy, and size (Luo &
Donaldson, 2013). In this context, Wang (2010) said that organizations needed to
adapt to the challenging situations caused by the ambiguity of unit duties and act
more vigorously. The organization’s productivity strongly depended on the compat-
ibility or alignment of the many sources of environmental instability, technology,
organizational scale, organizational structure idiosyncrasies, and organizational
information systems (Munyon et al., 2019). As technologies were considered to
make a significant contribution to the differences in such organizational attributes
(Woodward, 1958), formal structures were typically conglomerated or well-accorded
with the use of various technologies according to the contingency aspect (Nohria &
Khurana, 2010).

2.2 CONCEPTUAL RESPECT

Intelligent internal audit informatization. Internal audit has long been recognized as a
method of objective, independent validation and advice that improved organizational
operations. It helped a company achieve its objectives by rigorously and systemati-
cally evaluating and improving the performance of governance and RM processes.
Whereas the internal audit role in obtaining financial and accounting movement was
to determine whether operations deserved efficacy in achieving objectives and com-
plied with existing standards and expectations (Betti et al., 2021). Additionally, the
internal audit attempted to reduce the likelihood that internal activities and transac-
tions documented in the organizational accounting and main records would result in
severe financial outcome distortions.



168 Analytics in Finance and Risk Management

Under the background of big data epoch, the internal data of the organization
could be revamped and balanced which thus helped the organization to reach the best
development state (Zhu & Huang, 2019). The support of big data could minimize the
subjective assessment and gain the objectivity of outcomes, foster the innovation of
internal audit approaches and the fruitful integration of audit data (Zhu & Huang,
2019). Attributable to the age of profoundly informationalized big data, the genera-
tion and operation of organizations would create an enormous number of scattered
and complicated accounting data. The advancement of big data technology would
assist to put forward the constitution of audit informatization in an intelligent manner.
This was because big data could provide a robust database information and a techni-
cal reinforcement to revamp audit efficiency (Zhu & Huang, 2019). On the other side,
big data technology could be leveraged to audit to detect issues through compara-
tive analysis of organizational financial data (Zhu & Huang, 2019). Additionally, the
internal audit conducted investigations and evaluations of all financial accounting
processes and components in order to provide management with useful information
and objective advice on how to create an efficient and effective use of public assets
(Munteanu et al., 2016).

Risk management. According to Staszkiewicz and Szelagowska (2019), risk is
often defined as any uncertainties that could result in negative changes in profitabil-
ity or losses. It could be understood as anything that causes obstacles to the achieve-
ment of a goal (Coetzee, 2016). According to Kerazan’s (2017) definition, the risk is
the likelihood that an incident may occur, usually with negative consequences. RM
thought about the methods for reducing the risks and uncertainties that a business
faced (Girangwa et al., 2020). It focused on lowering the risks associated with the
chosen attempts to an extent that was acceptable to the company, building on the
perspectives of Bromiley et al. (2015). Ascertaining hazards, analyzing or evaluating
risks, and launching an appropriate response based on the analysis are the three main
objectives of RM (Ahmeti & Vladi, 2017).

Circular economy implementation. There has not been agreement on the exact
conceptualization for CE despite the advice of various academics (Lieder & Rashid,
2016; Schroeder et al., 2019). Planning, purchasing, and reprocessing activities were
carried out as part of CE in order to maximize sustainability for both the ecosys-
tem and human well-being (Murray et al., 2015). Another way to think of it is as
an economic system designed for efficient resource use, waste reduction, and long-
term value containment by keeping the resource in a closed loop for socioeconomic
benefits and environmental protection (Morseletto, 2020). Briefly stated, the 6R
principles — reuse, recycling, redesigning, reproduction, reducing, and recovering —
formed the foundation of the definition of CE (Grdic et al., 2020). Through spe-
cific acts such as eco-design, refurbishing, reproduction (Nasr & Thurston 2006),
product sharing, and industrial symbiosis (Chertow & Ehrenfeld, 2012; Lombardi &
Laybourn, 2012), CEI mentioned on the change from the old linear manufacturing
methods into a circular production practice (Dieckmann et al., 2020).

Forensic accounting skill. Based on the proposal of Enofe et al. (2015), foren-
sic accounting was the application of expert understandings and specific knowl-
edge to discover the evidence of economic transactions. In the meanwhile, Bhasin
(2017) argued that the combination between accounting, auditing, and investigative
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procedures was employed in forensic accounting to perform fraud investigations
in numerous situations. As such, it was considered as the three-pronged technique
requesting merging accounting, auditing as well as inspecting abilities to spot or stop
accounting fraud and other white-collar crimes (Kaur et al., 2022). Forensic accoun-
tants have been considered as special experts who could implement forensic account-
ing practices and obtain the complicated information about law, accounting, auditing
as well as assessment (Renzhou, 2011). These accountants were recommended to
obtain numerous skills in a wide range of scopes, namely skills in terms of account-
ing information system, digital forensics, auditing procedures (Crain et al., 2015),
and cognitive skill (Okoye & Akamobi, 2009).

3 SUBSTANTIATION OF RESEARCH HYPOTHESES

A wide variety of operational and management practice alternations have been
required as a result of the shift from a linear economy to a CE (Rizos et al., 2016;
Unal et al., 2018), this process of transition has thus raised an urgent claim on the
valuable information for decision-making during operational and managerial imple-
mentation. In this regard, the IIAI would enable the SMEs to perform information
integration, intelligent analysis as well as strategic implementation. More concretely,
the information integration not only improved the objective criteria used to conduct
internal audit investigations, but also provided favorable conditions for improving
audit analysis. In order to meet the circumstances of audit system division, informa-
tion integration could also deal with the barriers between organizational informa-
tion and audit information. The phenomena of isolated audit information could be
avoided by actively playing the role of mutual collaboration and sharing of audit-
related information. The role of audit analysis may also be carried out intelligently
with the aid of big data by continuously broadening the sources of information, which
would capture more original, intuitive, and structured as well as unstructured data of
audit-related information. In terms of strategic application, the IIAI would be both
an extension of ideological methods to restructure organizational operations and a
technique for internal audit work. The ITAI would offer quality control for business
operations trend and prediction. In keeping with the same logic, the current study
offered the following first hypothesis.

Hypothesis 1 (H1). IIA] exerts a significant influence on CEI in a positive
manner

The implementation of CE has been difficult due to numerous risks that have pre-
sented obstacles, such as inadequate information management systems, a lack of
appropriate technology, a lack of technical resources (Prieto-Sandoval et al., 2018;
Rizos et al., 2016), and so on, even though CE has been well acknowledged to gener-
ate a number of environmental and economic benefits. The risks related with CEI
could restrain its benefits and prevent it from functioning efficiently. They also
resulted in several troubles in terms of quality and performance, and could even
induce adverse influences on the environment unless risks were adequately handled
or mitigated. As a result, when implementing CE, businesses risk missing their goals



170 Analytics in Finance and Risk Management

and alienating important stakeholders (Jakhar et al., 2019). The hazards associated
with CEI should be carefully examined and addressed in order to reap the advan-
tages to the best extent possible. Building on the perspectives of Oussii and Taktak
(2018) and Sarens et al. (2012), the internal audit function comprises of evaluating the
effectiveness of internal controls, providing oversight and assurance on governance
processes, participating in risk management, and issuing warrants on whether an
organization complied with the law.

Audit informatization could reduce the effort of auditors and filter the infor-
mation needed by internal auditors from the vast data set, as informatization has
proved beneficial for data exploitation (Opresnik & Taisch, 2015; Wu, 2021). By
greatly improving and enhancing audit methodologies and procedures, the ITAI
would alter the traditional control paradigm. Additionally, it reduced the likelihood
of audit errors. The ITAI would give the SME the ability to efficiently and success-
fully carry out the auditing duty as well as timely and continuous data collecting
throughout the project. This came as a result of IIAI’s distinct advantages in data
transfer, computing, and classification. With IIAI’s assistance, supervision may be
carried out from sampling to thorough inspection to reduce errors. The following
hypotheses were taken into consideration for the current investigation based on the
aforementioned analyses.

Hypothesis 2 (H2). IIA] exerts a significant influence on RME in a positive
manner

Hypothesis 3 (H3). /IA] exerts a significant influence on Rl in a positive
manner

Hypothesis 4 (H4). IIA] exerts a significant influence on RE in a positive
manner

Hypothesis 5 (HS). IIAI exerts a significant influence on RR in a positive
manner

Hypothesis 6 (H6). /IAI exerts a significant influence on RMR in positive
manner

Risk was a synonym for “hazard” and linked to the likelihood of unfavorable out-
comes (Chapman & Ward, 2003). RM could be comprehended as the practices of
minimizing uncertainties and risks which an entity had to confront with (Girangwa
et al., 2020). The goal of RM was to enable for organizational managers to decline
operating losses which might emerge in light of sudden and unexpected incidents. As
proposed by Bromiley et al. (2015), RM targeted minimizing the risks pertaining to
the chosen exerts at the level acceptable to the organization.

The implementation of CE has been difficult due to numerous risks that have
presented obstacles, including a lack of financial support, an inadequate information
management system, a lack of adequate technology, technical, and financial resources,
a lack of customer interest in the environment, and a lack of support from public
institutions, all of which collectively resulted in sluggish progress (Prieto-Sandoval
et al., 2018; Rizos et al., 2016). The importance of risk management was that it aided
companies in prioritizing risks based on their seriousness and choosing appropriate
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strategies and responses to those risks (Abdullah & Said, 2019). Organizations may
be able to serve the interests of various stakeholders, boost confidence among stake-
holders, and build stakeholder trust by implementing and adopting RM. In a similar
vein, the hypotheses in the current investigation were posed as follows.

Hypothesis 7 (H7). RME exerts a significant influence on CEI in a positive
manner

Hypothesis 8 (H8). RI exerts a significant influence on CEI in a manner

Hypothesis 9 (H9). RE exerts a significant influence on CEI in a manner

Hypothesis 10 (H10). RR exerts a significant influence on CEI in a positive
manner

Hypothesis 11 (H11). RMR exerts a significant influence on CEI in a positive
manner

With the rapid advancement of the digital economy and the adoption of emerging
digital technologies, the analysis of the enormous volume of heterogeneous struc-
tured and unstructured data would result in a gloomy impact on the integrity and reli-
ability of data. Although these immense outputs could be valuable for the end users,
they, nonetheless, may result in an information overload for these target audiences
(Brown-Liburd et al., 2015). Remarkably, the quality of internal audit abilities could
no longer keep up with the evolving audit requirements, severely impeding the devel-
opment of internal audit (Li, 2022). In this regard, internal auditors were required
to constantly improve and update their professional skills in terms of forensic skill,
analyzing data according to user requirements as well as offer a favorable environ-
ment for comprehensive, reliable, and accurate information (Li, 2022). On the other
hand, RM has also been a challenging and complex action due to the integration of
enormous amounts of gathered data and the uncertainty around vulnerabilities and
disruptions (Papadopoulos et al., 2017) which impacted the efficacy and efficiency of
operations (Comes et al., 2020). Forensic accounting involves a thorough investiga-
tion, and forensic accountants used expertise in authentication, auditing, and fraud
investigation (Mishra et al., 2021; Okoye & Mbanugo, 2020). In this process, forensic
accountants have been seen as playing a crucial role because of their knowledge,
principles, and potential involvement in future audits that have made changes neces-
sary (DiGabriele, 2009). Taken together, the SMEs have been required to be skillful
at forensic accounting to be capable of gathering information from a wide range of
sources, undertaking observations and connections, and turning analyses into more
than the total of its elements. In a nutshell, the hypotheses of this research were pos-
tulated as follows (Figure 8.1).

Hypothesis 12A (H12A). FAS moderates the positive effect of IIAI on CEI
Hypothesis 12B (H12B). FAS moderates the positive effect of IIAI on RMA
Hypothesis 12C (H12C). FAS moderates the positive effect of IIAI on RI
Hypothesis 12D (H12D). FAS moderates the positive effect of IIAI on RE
Hypothesis 12E (H12E). FAS moderates the positive effect of IAI on RR
Hypothesis 12F (H12F). FAS moderates the positive effect of IIAI on RMR
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FIGURE 8.1 Conceptual model.

4 RESEARCH METHODOLOGY

In this empirical study, a cross-sectional survey approach was used. Against this
backdrop, the statistical data were solely captured to assess the perspectives of the
population on particular issues at a certain moment.

4.1 RESEARCH PROCEDURE

The questionnaire survey has been broadly leveraged in management studies to
gather data. Additionally, the questionnaire has been determined to be an appro-
priate technique for participants to complete in order to collect data with a bigger
sample size (Zhao et al., 2021). Extraordinarily, there has been a deficiency of read-
ily available secondary databases in relation to digital transformation within SMEs,
especially in developing economies like Vietnam.

Initially, a thorough literature survey was performed to determine the components
in the conceptual model and it gave rise to a large pool of items for evaluation. In the
current study, semi-structured interviews were used because they allowed for the col-
lecting of open-ended data, the exploration of respondents’ thoughts, the exploration
of their sentiments and opinions towards a particular topic, as well as the analysis
of deeply personal and delicate issues (DeJonckheere & Vaughn, 2019). To find the
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right sample of field respondents, purposive sampling was chosen since it allowed
for the collection of a variety of viewpoints and fresh ideas for discussion (Kummer
et al., 2021). Leaders of SMEs who could provide knowledgeable comments and in-
depth information about the problem from the perspectives of their individual firms
spoke up for the topic of the current study (Lincoln & Guba, 1985). The leaders of
the SMEs were questioned in this regard. The selection criteria for the interviews
included management seniority to ensure adequate decision-making authority and at
least ten years of work experience in the organizations they represented. Based on
Eisenhardt’s (1989) recommendations, the number of instances should vary between
4 and 10, or until the acceptable degree of saturation was reached and the data
became redundant. As a result, nine interviews with leaders of SMEs in the Southern
regions of Vietnam were conducted.

The draft questionnaire was created based on the results of semi-structured inter-
views, and each item was scored on a five-point Likert scale that ranged from “vigor-
ously disagree” to “vigorously agree.” A five-point Likert scale was preferred to a
seven-point scale because it would be simpler, have a higher response rate, and pro-
duce more reliable results (Berberoglu, 2018). Furthermore, the questionnaire was
developed to safeguard respondent anonymity and reduce assessment apprehension
(Campbell & Fiske, 1959; Han, 2015).

Since the questionnaire in this study was formulated in divergent settings — both
culturally and environmentally, a pretest was undertaken to lessen unanticipated
complexity (Alreck & Settle, 1995) as well as to warrant that the instrument quanti-
fied the constructs set out for evaluating the variables of the research, face validity of
the questionnaire was corroborated by five university lectures who were suggested to
measure the content of the questionnaire and provide feedback. Additionally, a pilot
survey with 30 informants who were not incorporated in the primary sample of this
work was carried out with the intent of investigating the viability of the questionnaire
by testifying whether the questionnaire was proper and consistent plus whether the
questions were obviously comprehended, well-defined, and presented constantly. In
proportion to the feedback of the respondents, several adjustments were executed to
the language as well as the wordings of statements. Even several statements were also
reorganized and re-ordered.

4.2 OPERATIONALIZATION OF THE MEASURED VARIABLES

Intelligent internal audit informatization. The measurement scale for IIAI con-
sisted of five ingredients, namely Audit Efficiency, Audit Execution Ability, Audit
Innovation Ability, Audit System Effectiveness, Audit Mechanism Effectiveness
inherited from the findings of Gaosong and Leping (2021) and Li (2022).

Risk management. The measurement scale for RM comprised five components
emanating from the integration of the contributions of Ariffin et al. (2009), Renault
et al. (2018) and Moussa and Norhayate (2022), namely Risk management environ-
ment, Risk identification, Risk evaluation, Risk response, Risk monitoring, and
review. More instrumentally, the measurement scales applied to evaluate Risk man-
agement environment were inherited from the contribution of Renault et al. (2018)
and Moussa and Norhayate (2022). The measurement scales applied to evaluate Risk
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identification were inherited from the contribution of De Bakker et al. (2011); Kloss-
Grote and Moss (2008), and Moussa and Norhayate (2022). The measurement scales
applied to evaluate Risk evaluation were inherited from the contribution of Oztas
and Okmen (2005); Nieto-Morote and Ruz-Vila (2011); Karimi et al. (2010), Moussa
and Norhayate (2022). The measurement scales applied to evaluate Risk response
were inherited from the works of Moussa and Norhayate (2022) and De Marco
and Narbaev (2013). The measurement scales applied to evaluate Risk monitoring
and review were inherited from the works of Hwang and Lim (2013); Kamau and
Mohamed (2015) Spikin (2013); Renault et al. (2018), Moussa and Norhayate (2022).

Circular economy implementation. The CEI was operationalized by various CE
practices stemming from the contribution of Zhu et al. (2010) and Khan et al. (2020).

Forensic accounting skill. The scales for FAS in the current research were
determined as a first-order reflective construct stemming from the contribution of
DiGabriele (2008).

4.3 SAMPLING PROCEDURE AND DATA COLLECTION

In the current study, SMEs served as the analytic unit, while accountants were the
respondents. Accountants were chosen because they were individuals in SMEs
responsible for monitoring, disclosing, and ensuring all organizational information
as well as decision-making procedures. Strikingly, due to the progressive spread of
digital technology, accountants were considered to be a requirement for a favorable
conclusion (Zybery & Rova, 2014).

As SEM has not provided an accurate sample size standard (Liao et al., 2022),
Tacobucci (2010) suggested s a sample size of 200 or higher while Hair et al. (2010)
recommended the sample-to-variable ratio preferred from 5:1 (minimal) to 10:1 (opti-
mal) sample-to-item ratio was appropriate to identify the sample size. The sample of
this work was set up on the basis of convenience and snowball sampling. Whilst
convenience sampling was a form of nonprobability sampling in which individu-
als of the target population met criteria, namely easy accessibility and availability
(Taufique & Vaithianathan, 2018), snowball sampling was a viable form of recruiting
research participants difficult accessible or unknown to the researchers (Naderifar
et al., 2017). As such, the survey happened between the beginning of March 2022
and the end of August 2022, targeting accountants in SMEs in the Southern areas
of Vietnam, resulting in 783 samples for analysis after classifying the 900 samples
circulated.

4.4 STATISTICAL ANALYSES AND COMPUTATIONS

Accordingly, all of the calculations for research model nomological validity in the
current study were executed with the support of the SPSS v26 and AMOS v26. The
analysis encompassed two stages, namely the convergent validity and discriminant
validity, which were first performed and the structural model assessment was sub-
sequently implemented. These approaches were recommended by Alzahrani et al.
(2012) and Hair et al. (2011).
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5 INTERPRETATION OF ANALYTICAL RESULTS
AND DISCUSSION OBSERVATIONS

5.1 SOCIODEMOGRAPHIC CHARACTERISTICS

The samples’ demographic data supported the conclusion that females made up the
majority of participants, with a percentage of 82.76 versus 17.24% for males. In terms
of age, the group “31-40” made up 79.57% of the entire sample, and the group “41-50”
made up roughly 17.50%. Under the provided groupings, “under 30” and “over 50”
made up a meager 2.30% and 0.64%, respectively, placing them last. Regarding aca-
demic qualifications and years of experience, the entire sample had at least an under-
graduate degree and more than five years of experience working as accountants.
Table 8.1 provides an illustration of the sociodemographic data of the participants.

5.2 RELIABILITY AND VALIDITY EVALUATION

The evaluation of the value of Cronbach’s alpha and composite reliability served as
the starting point for the reliability test of the constructs (CR). In order to demon-
strate that the data was internally consistent, Cronbach’s alpha and CR values were
advised to be higher than the cutoff degree of 0.70 for each construct (Bagozzi &
Yi, 2011). The value of factor loadings and average variance extracted (AVE) were

TABLE 8.1

Demographic information

Demographic profile Usable responses Weight (%)
Gender

Male 135 17.24

Female 648 82.76

Age

Under 30 18 2.30

31-40 623 79.57

41-50 137 17.50

Over 50 5 0.64

Experience (years)

Above 5-10 18 2.30

Above 10-15 228 29.12

Above 15-20 352 44.96

Above 20-25 180 22.99

Above 25-30 5 0.64
Education

Undergraduate 760 97.06

Postgraduate 23 2.94
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used to evaluate the convergent validity of the applied scale (Elshaer et al., 2021).
Each factor loading value that was recorded was judged to be good or higher than the
cutoff of 0.5, according to the analysis (Hair et al., 2012). According to the literature,
the result obtained for the AVE likewise exceeded the standard cut-off value of 0.50
(Hair et al., 2013). The reliability and convergent validity of the measurement model
were attained in the current investigation based on the results in Table 8.2.

5.3 DISCRIMINANT VALIDITY EVALUATION

This study’s evaluation of discriminant validity was based on advice from prior pub-
lications (Fornell & Larcker, 1981; Hair et al., 2014). The scores of the shared cor-
relation of the other dimensions in both row and column should be lower than the
values of the AVE square root for each individual dimension (Hair et al., 2014).
Furthermore, the AVE scores must be higher than the highest possible shared value
for each construct (Fornell & Larcker, 1981). Additionally, the variable’s index value
should be lower than 0.80 (Hair et al., 2012). The discriminant validity requirements
in this investigation were met and warranted based on the results in Table 8.3.

TABLE 8.2
Results summary for the measurement model

Items Factor loadings Cronbach’s Composite Discriminant
Variables (abbreviation) ranges alpha AVE reliability  validity

Intelligent internal audit informatization

Audit efficiency AE 0.735-0.796 0.845 0.578 0.846  Yes

Audit execution ability AEA 0.746-0.833 0.817 0.601 0.818  Yes

Audit innovation AIA 0.762-0.859 0.843 0.644 0.844  Yes
ability

Audit system ASE 0.730-0.808 0.802 0.579  0.805  Yes
effectiveness

Audit mechanism AME 0.796-0.886 0.876 0.705 0.877  Yes
effectiveness

Risk management

Risk management RME 0.668-0.855 0.838 0.569  0.839  Yes
environment

Risk identification RI 0.528-0.899 0.819 0.561  0.831  Yes

Risk evaluation RE 0.588-0.820 0.797 0.505  0.802  Yes

Risk response RR 0.701-0.802 0.846 0.581 0.847  Yes

Risk monitoring and ~ RMR 0.688-0.769 0.805 0.510  0.806  Yes
review

Circular economy CEIL 0.672-0.814 0.893 0.543 0.893  Yes
implementation

Forensic accounting FAS 0.728-0.812 0.880 0.600  0.882  Yes
skill
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5.4 OVERALL MODEL FIT EVALUATION

Since the y? evaluation would become incongruous with empirical studies as it
heavily rested on the theory of central y? distribution (Byrne, 2016), a wide range of
model fit indices were used for further model fitness assurance, namely Chi-square
to degree of freedom (y?/df), goodness of fit index (GFI), comparative fit index (CFI),
root mean square error of approximation (RMSEA), and Tucker-Lewis index (TLI)
(Prasetyo et al., 2020). According to Table 8.4, all of the created indices satisfied the
cut-off requirements specified by earlier researchers, proving that the measurement
and structural models completely suited the received data.

5.5 CORRELATIONS AMONG THE CONSTRUCTS

Direct effect. As the SEM dropped within the admissible range, the statistical out-
comes of the hypothesis tests were demonstrated in Table 8.5 as follows.

TABLE 8.3
Results of discriminant validity

CEl FAS RR AE RME RI AME  RMR RE AIA AEA ASE
CEI 1
FAS 0.087 1
RR 0.235 0.099 1
AE 0269 0.021 0.228 1
RME 0.122 0.231 0.068 0.036 1
RI 0310 0.087 0.024 0.037 -0.004 1
AME 0.047 -0.055 0.100 0.168 0.061 0.053 1
RMR 0.246 0.049 0.131 0.096 0.050 -0.028 0.113 1
RE 0.300 -0.026 0.074 0.058 0.033 0.174 0.008 0.071 1
AIA  0.153 -0.095 0.119 0.100 0.031 0.117 0.208 0.028 0.109 1
AEA 0.051 -0.046 0.134 0.144 -0.010 0.060 0.185 0.090 0.083 0.184 1
ASE 0.103 0.041 0.072 0.022 0.104 0.103 0.222 0.093 -0.011 0.354 -0.002 1

TABLE 8.4
Results of measurement and structural model analysis
Suggested Measurement  Structural Global
Fit indices value model model model fit Reference
x2/df 2.5 1.490 1.632 Yes Konecny and Thun (2011)
GFI >0.9 0.927 0.925 Yes Hair et al. (2010)
CFI 20.9 0.969 0.962 Yes Hair et al. (2010)
TLI 20.9 0.966 0.959 Yes Hair et al. (2010)

RMSEA <0.07 0.025 0.028 Yes Guo et al. (2019)
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The first group of key hypotheses proposed that IIAI might significantly affect
each RM dimension. While the effect of IIAI (H3: g = 0.059, p < 0.01) highlighted a
strictly positive interconnection with RI, the effect of IIAI (H2: = 0.027, p < 0.05)
revealed a positive link with RME. ITAI’s impact on RE (H4: § = 0.056, p < 0.01)
received good support. Both the link between IIAI and RR (HS: = 0.097, p < 0.001)
and the relationship between ITAI and RMR (H6: $ = 0.067, p < 0.01) were firmly
established. Additionally, it was shown that ITAI had a favorable influence on CEI
(H1: p =0.044, p < 0.05). As such, H1-H6 were buttressed.

According to the second set of key hypotheses, CEI could be significantly influ-
enced by each RM dimension. To be more specific, the RME had a highly significant
positive correlation with CEI (H7: f = 0.135, p < 0.05). Additionally, it was proven
that the RI was significantly positively connected to CEI (HS8: § = 0.279, p < 0.001).
According to research on the association between RE and CEI (H9), the standard-
ized path coefficient (f) was 0.225 at p < 0.001. As anticipated, the routes connect-
ing RR and CEI were significantly positive (H10: p = 0.163, p < 0.001). The final
set showed that RMR and CEI exhibited a significant, positive connection (H11:
B =0.202, p < 0.001). Thus, H7-H11 were buttressed.

One could distinguish between partial and full mediation effects in the effects
of mediation (Shankar & Jebarajakirthy, 2019). When both the direct and indirect
effects were significant, partial mediation was assumed; however, full mediation was
assumed when the direct effect was considerable but the indirect effect was minor
(Cheung & Lau, 2008). The obtained outcomes depicted in Table 8.6 illustrated that
only the RM partially mediated the interconnection between IIAI and CEI (direct
effect: B = 0.125 and p-value < 0.05; indirect effect: f = 0.177 and p-value < 0.01).

Moderating effect. In order to determine the significance of the discrepancies
between the parameters in the structural model between the groups proposed, MGA

TABLE 8.5

Structural coefficients (f) of the propounded model

Hypothesis

No. Causal interconnection Estimate S.E. C.R. Inference
H1 JIVAN - CEI 0.044%* 0.022 1.993 Buttressed
H2 JIVAN - RME 0.027%* 0.013 2.125 Buttressed
H3 JIVAN - RI 0.059%* 0.020 2.999 Buttressed
H4 JIVAN - RE 0.056%* 0.021 2.661 Buttressed
H5 JIVAN - RR 0.097%#% 0.024 4.026 Buttressed
H6 JIVAN - RMR 0.067** 0.022 3.077 Buttressed
H7 RME - CEI 0.135%* 0.061 2.230 Buttressed
H8 RI - CEI 0.279%#% 0.043 6.545 Buttressed
H9 RE - CEI 0.225%#% 0.042 5.384 Buttressed
HI10 RR - CEI 0.163%#%* 0.045 3.589 Buttressed
HI1 RMR - CEI 0.202%#% 0.043 4.737 Buttressed

Notes: *p < 0.05; **p < 0.01; ***p < 0.001.
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TABLE 8.6

The summary of the mediation effects

Route of paths

IIAI - RM — CEI 0.125%

Notes: *p < 0.05; **p < 0.01.

Direct effect

Indirect effect
0.177%*

Mediation

Partial mediation

TABLE 8.7

Research findings on the whole sample and the moderating role of degree of

Forensic accounting skill

Causal Low forensic
relationship accounting skill
Estimate (n=364)
P Estimate P
IIAI — CEI 0.061 0.241
IIAI — RME 0.025 0.419
IIAI - RI 0.102 0.079
IIAI — RE 0.016 0.721
IIAI - RR 0.129 0.053
IIAI — RMR 0.090 0.104
Model fit Chi-square  df

Constrained 2297.100 1699
model

Unconstrained 2272.373 1688
model

Differences 24.727 11

High forensic
accounting skill

(n=419)

Estimate P
0.067 0.006
0.027 0.003
0.030 0.025
0.055 0.000
0.083 0.000
0.051 0.002
P TLI
0.000 0.955
0.000 0.956
0 —-0.001

Difference
between
parameters
(high forensic
accounting skill
— low forensic
accounting

skill) Hypothesis

testing results
HI12A was
supported
H12B was
supported
H12C was
supported
HI2D was
supported
HI12E was
supported
HI2F was
supported

0.006  -0.235

0.002 -0.416
-0.072  -0.054
0.039 -0.721
-0.046  -0.053

-0.039 -0.102

CFI
0.958

GFI
0.884

RMSEA
0.021
0.959

0.885 0.021

-0.001 -0.001 0

could be used to investigate the existence of the moderating effects (Arbuckle, 2003;
Byrne, 2001). In the present research, MGA was carried out with the support of AMOS
26.0 and the estimation for each analysis was conducted by maximum likelihood and
the covariance matrix. In the MGA of invariance, invariance of the components was
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greatly critical. Unless it could be proved, the evaluation of the structural model had
attained no value. In this case, path differences should be tested in order to seek the one
which differentiated among the groups (Byrne, 2009). As such, this study endeavored
to make the comparison on the y? statistic between a constrained model and an uncon-
strained model. Prior to the measurement invariance test, this study divvied up the
sample by FAS into two divergent groups including high FAS (n = 419) versus low FAS
(n = 364) based on the median of the data. As the result was proved to be significant,
at p < 0.05 (Ay? = 24.727, df = 11), it placed an emphasis on the conclusion that there
were differences between the two groups. Table 8.7 depicted model fits of both uncon-
strained and constrained models and the values of the parameter coefficient of the
path linking of ITAI with each dimension of RM and CEI between the two subgroups.
As could be clearly seen from Table 8.7, the parameter coefficients for the group with
high FAS were substantiated to be greater than those for the group with low FAS. This
implied that high FAS could facilitate the process of IIAI application for the achieve-
ment of RM and CEI. Hence, HI2A-H12F were accepted.

6 FINAL DELIBERATION AND FUTURE ENLARGEMENTS

6.1 THEORETICAL IMPLICATIONS

This chapter also served as a groundbreaking investigation of the interactions between
ITAI and CEI in SMEs in developing nations. In particular, the IIAI generated a more
productive audit period when the internal auditing responsibilities were made as sim-
ple as possible, allowing the SMEs to conduct timely and continuous data collection
throughout the project. The performance of the internal audit as well as the overall pro-
cess would become more reliable with the help of ITAI, and the audit methods would
also become clearer and simpler. By doing this, IIAI would guarantee the accuracy of
business operations trends and prediction analysis. As a result, IIAI has been consid-
ered as both an extension of ideological tactics to energize organizational operations,
particularly in the sectors of CEI and as a technique of internal audit techniques.

This study was groundbreaking because it was uniquely positioned to advance
the most recent studies on the relationship between internal audit and risk manage-
ment. In enterprises, there is a close connection between the internal audit function
and risk management (RM), which has been supported by a number of academic
studies (e.g., Coetzee & Lubbe, 2011; Kerazan, 2017; Ojo, 2019). Internal audit held a
top place in firms, and its commitment to successful corporate governance has been
sharply focused (Soh & Martinov-Bennie, 2011). Accordingly, IIAI was corroborated
to demonstrate a marked impact on RM. Indeed, ITAI could formulate a risk-timely
warning paradigm, the push and follow-up feedback system of risk-timely warning
reports as well as a periodic reporting mechanism to the organizational managers.
Additionally, with the support of IIAI, preliminary investigation, data procurement,
and data processing could be carried out rapidly, simply, and systematically. The
SMEs would simultaneously be able to identify hazards, weaknesses, and even auto-
matic alerts that might lessen the burden on auditors’ work.

SMEs have faced a variety of risks while implementing CE, including govern-
mental risks (Moreno et al., 2017), economic risks (Boyer et al., 2021), organizational
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risks (Shahbazi et al., 2016), hazards related to the CE framework (Scheinberg et al.,
2016), and market risks (Nikanorova et al., 2020). By advancing knowledge of the
remarkable effects caused by RM on CEI, this manuscript enhanced the value of the
existing literature. RM has been viewed as a process that includes early identification
of potential risks, analysis of those risks, and implementation of preventative actions
to totally reduce or control the risk. RM could provide organizations with bene-
fits, namely gaining compliance with regulations, controlling expenses, established
understandings and acceptance of risks within the organization (Berry-Stolzle & Xu,
2016; Choi et al., 2016). Therefore, a successful RM would reduce the risks that the
SMEs had to deal with throughout the shift from the linear economy to the circular
economy. An effective RM would consist of a risk management environment, risk
identification, risk evaluation, risk response, as well as risk monitoring and review.
Along this line, RM was also corroborated to act as a mediator on the interconnec-
tion between ITAI and CEL

Moving to the moderating impact, the obtained findings in the current research
offered interesting perspectives on the role of FAS. In this regard, FAS acted as a
moderator on the interconnections between ITAI and CEI as well as the interconnec-
tion between IIAI and the components of RM. This was due to the notion that foren-
sic accounting involved the application of science and cutting-edge technologies to
identify dishonest accounting, financial, and business practices (Rezaee et al., 2016).
Its functions centered on the analysis, interpretation, and presentation of difficult
financial data with enough pertinent facts (Wijerathna & Perera, 2020). As a result,
the FAS would allow SMEs to successfully utilize all of IIAI’s advantages in RM
and CEL

6.2 MANAGERIAL AND POLICY IMPLICATIONS

Resting on the managerial outlooks, the acquired findings in this study offered
numerous takeaway perspectives to put into practice. The statistical findings from
the current study highlight the fact that IIAI would become the primary force
behind RM enhancement and CEI success. Concerning ITAI, all the managers
in SMEs should enhance their managerial cognitive capacities and place more
concerns on this aspect. In order to warrant the smooth evolvement of IIAI, the
leaders of SMEs should gain awareness of ITAI construction by improving and
increasing the awareness of information-processing and providing a favorable
atmosphere in the organization, so as to assure the stability of the internal audit
environment. Simultaneously, tangible resources, namely infrastructure, digital
platform as well as other essential resources to implement ITAI projects have been
encouraged to be concentrated. Besides, all the managers in SMEs should concen-
trate on developing proficiency for the organizational workforce through proper
training programs to keep them abreast of the state-of-the-art programming sys-
tems. Concretely, the quality of IIAI could be ameliorated by means of the follow-
ing approaches namely intensifying the vocational training, training professional
knowledge, and indispensable professional judgment skills. The internal auditors
should also engage in the formulation and development of the information sys-
tems to seek for the troubles in the information system development process as
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well as generate suggestions in a timely manner so that the information systems
could be effectively taken advantage of. In addition to the internal training pro-
grams, SMEs were urged to organize specialized outside training programs to
take advantage of market conditions and learn cutting-edge information technol-
ogy. The results of the current study also demonstrated the crucial role of FAS,
which was shown to significantly and favorably increase the influence of ITAI on
each component of RM and CEI. As a result, managers in SMEs should also focus
on improving the forensic expertise of their team by sending them to participate
in appropriate training programs.

The markedly significant interconnection between each component of RM on CEI
should be taken into consideration. As such, all the managers in SMEs were advised
to apply exceptional strategies in consistent with the organizational idiosyncrasies
and meticulousness of risk control to succeed in operating. All the organizational
strategies should be in compliance with governmental policies and risk control to
prevent any potential crises as well as to gain more stability for organizational opera-
tions. Against to this backdrop, all the managers in SMEs were suggested to con-
figure the internal processes and to decrease the potential causes of risk to achieve
vigorous RM plans.

Due to the paramount part in revamping and developing the efficiency and effec-
tiveness of advanced information technologies deployment amongst all organiza-
tions, policymakers should set up and promulgate policies as well as guidelines in
relation to advanced information technologies adoption, and simultaneously, take
specific actions in term of budget allocation, buttress and plan for implementing the
advanced information technologies infrastructures. Moreover, the outcomes of this
work were predominant for policymakers in configuring and promulgating policies
and measures in relation to CEL

Endeavors were also requested by hardware and software developers or retailers
to comprehend much more explicitly the challenges and advantages of modern infor-
mation technologies for more state-of-the-art system evolvement fitting appropriately
with the SMESs’ idiosyncrasies.

6.3 RESEARCH LIMITATIONS

This analysis encountered several drawbacks, which bring out the trustworthiness
of the obtained observations in this research as well as open novel avenues for
upcoming academicians in the same field. Against this backdrop, one limitation
of this analysis belonged to its geographical focus, as these analyses only con-
templated the SMEs in the south of Vietnam. They could not be generalized to
other SMEs across Vietnamese region without additional investigations. A future
study should take into account other types of organizations, such as major firms
and corporations, as SMEs were only one area of specialization. In order to dem-
onstrate how the SMEs could profit from the CEI, follow-up researchers were
also asked to do comparative studies and concentrate on emerging as opposed to
developed economies. The third limitation was the sample comprised of accoun-
tants from SMEs in the southern areas of Vietnam, and its observations should be
interpreted with caution. In this manner, it was recommended that future studies
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would enhance the scope of the research by pondering the staff from the other
departments in the SMEs. Thus, it would assist to present the broader obser-
vations and substantial contributions to the prevailing literature. The conve-
nience and snowball sampling methods created the next bottleneck, which may
have affected the study’s generalizability. Future research might benefit greatly
from utilizing a quota sampling strategy to obtain sample data in order to pro-
duce representative and scientific results. The current research was conforming
to other works that cross-sectional data was weak in illuminating the causal
interconnections and thus, it was suggested that follow-up academicians should
incorporate a longitudinal dataset for flawless causal interconnections. Finally,
the conceptualization of ITAI depicted in the current research was predomi-
nantly rested on a semantic aggregation of substantiating clarifications procured
from the flourishing body of literature. Nonetheless, it would incontrovertibly
not be a drawback in the follow-up studies when the several scrupulous explora-
tions would be carried out to reach a more vigorous and rigorous enlightenment
for the above-mentioned concept.
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for guest experience
management in the
hotel industry based
on data analysis

Tam To Nguyen, Ha Thi Thu Nguyen, Linh
Khanh Bui, and Xuan Trung Nguyen

1 INTRODUCTION

The customer experience is a critical area for a company to develop sustainably (De
Keyser et al., 2015). Customer experience refers to customers’ perception of a product or
service’s quality and features after they have used it. So, from a company’s viewpoint,
CX is a key strategic objective in the marketing of companies (Klaus & Maklan, 2013).
And the customer experience is also considered the new competitive strategy for busi-
ness (Klink et al., 2020). These issues have been mentioned many times in business
strategies, marketing strategies, customer service, and business management. Therefore,
many companies focus on customer experience management to understand the psychol-
ogy and desires of customers and develop better products and services (Klink et al.,
2020). Customer experience management is used in measuring customer satisfaction,
customer loyalty, evaluating service quality, customer relationship management, etc.
(Bhattacharya & Srivastava, 2020). In the age of technology and e-commerce, customer
experience management is also expanded to many other goals, such as CX online, social
network analysis, customer data analysis, business intelligence, hot trend prediction,
content marketing, omi-channel engagement, and big data analysis (Blomberg-Nygard &
Anderson, 2016; Gao et al., 2020; Holmlund et al., 2020).

The developments of e-commerce, information technology, and the popularity of
social networks have made companies try to improve customers’ experiences and
their interaction with brands anytime, anywhere. The online experience of the cus-
tomer is determined by every contact point such as Facebook, Twitter, website, and
apps that the customer chooses to use to interact with the firm (Alamsyah et al.,
2018; Jaiswal & Singh, 2020). In the fast-developing digital economy today, big data
analytics is considered a potential tool that helps companies and organizations to
understand the customer’s feelings and customer journey and then make decisions to
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improve customer experience (Kandampully et al., 2018; Alrawadieh & Law, 2019;
Chen et al., 2019; Holmlund et al., 2020). Big data technology has opened a new
door for analyzing large amounts of data automatically without too much human
effort. Ignoring the complexity of simple calculations, computers can support maxi-
mum algorithms and task cycles in the shortest possible time (Alamsyah et al., 2021).
Enterprise business data can also be based on these big data technologies for analy-
sis. It can help to render new reports or future trends or competitor analyses. In an era
where speed and information will dominate the market today, the use of new modern
technologies applied in business is what companies are always looking for in order to
maximize profits (Aluri et al., 2019; Alamsyah et al., 2021).

Tourism is a sensitive industry with technology, the trend of tourism is not out
of the general trend of global e-commerce. Many previous studies highlight the
importance of the Internet in the tourism sector (Antonio et al., 2018; Alrawadieh &
Law, 2019; Kim et al., 2020). Growing international tourism and travel has increased
competition among tourism destinations throughout the world (Kandampully et al.,
2018). In the past, the opportunity to identify a destination was difficult, and mainly
through travel agencies, today the choice of a destination is easier. Booking tours is
also becoming easier through technology devices such as cell phones, social net-
works, and Internet-connected tools (Duan et al., 2016). The websites that support
the promotion of online travel products and booking are booming, including popular
websites such as booking.com, Agoda, and Tripadvisor. Online communities and
social networks bring opportunities for customers: they can share their experiences,
and their feelings, and interact with information (Duan et al., 2016). These online
communities have transformed consumers’ behaviors, and companies need to hold
the chances to access information, enhanced communication, and improve social net-
working. In the online world, guests can find information about products or services,
and reviews of experienced guests that support them in making decisions (Diéguez-
Soto et al., 2017). These reviews are a great help for the next guests looking for infor-
mation about hotels, tours, and other travel products (Jaiswal & Singh, 2020). Many
hotels have begun to be interested in guest reviews because it can help them attract
more tourists to know them and book their services. Managing guest experience
which measures customer satisfaction has become a task for the hospitality industry
in recent years (Kandampully et al., 2018). Mining online guest review data in the
hospitality industry has attracted a lot of attention in recent years (Alrawadieh &
Law, 2019). The power of this data implies part of the meaningful information to
make business easier. The feature of this data is unstructured data or textual informa-
tion. Hence, text mining was considered a perfect technology for extracting hidden
information from these reviews. The text mining technique is considered a powerful
tool when working with reviews in text form. It mines and discovers hidden informa-
tion from the text (Tetzlaff et al., 2019). When combined with machine learning and
statistic, text mining techniques can deal with a large amount of text as customer
reviews on the Internet (Tetzlaff et al., 2019).

Currently, hotel managers think that collecting data on online booking rates, website
hotel presence, online traveler presence, and social media use rate of visitors, analysis
of shared content is still a pending topic, and it is only mentioned in academic studies
(Tetzlaff et al., 2019). Therefore, despite the growing research in this field, but there
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are still many shortcomings in putting it into practice. A general model for exploiting
customer experience in the hotel industry with text mining technology has not been
established, and studies are still fragmented in different directions. In Klaus’s study,
a conceptual model for customer experience quality was proposed, which included
research problems such as customer loyalty, customer satisfaction, and word-of-mouth
(Klaus & Maklan, 2013). Several studies have expanded on this model for the hotel
industry, but most of their conceptual models focus on measuring guest satisfaction
(Diéguez-Soto et al., 2017; Alrawadieh & Law, 2019; Chen et al., 2019; Li et al., 2020).
To enhance the online customer experience management in the hotel industry, further
research is required to analyze different aspects, including hotel star ratings. This study’s
aim is to synthesize previous studies and extend the Klaus model to design a common
framework for managing the Internet customer experience in the hospitality sector.

The next part of this chapter is structured as follows: Section 2 introduces related
studies on online CX and shows the trend of the guest experience in the hotel indus-
try, and Section 3 presents our designed framework for analyzing guest experiences
from online review data. Section 4 shows texting techniques that can be used in ana-
lyzing guest experience, Section 5 presents the results and discussion and Section 6
provides the conclusion.

2 THEORETICAL BACKGROUND

2.1 CUSTOMER EXPERIENCE MANAGEMENT

Customer experience is the response of the customer when they interact with the
product. It is composed of the cognitive, emotional, sensorial, physical, and spiri-
tual responses of the customer (De Keyser et al., 2015). In some studies, customer
experience is a key to determining customer satisfaction (Gao et al., 2020; Jaiswal &
Singh, 2020). In reality, this has positive implications when considering customer sat-
isfaction in assessing the quality of products (Sdnchez-Franco et al., 2019) and study-
ing customer behavior. Customer loyalty will help companies make a larger customer
network than the initial network. Hence, a link relationship is found between cus-
tomer satisfaction and then how it affects customer loyalty. Not only that, a number of
studies have found another effect of CX on buying behavior as word of mouth (Kim
et al., 2020). Customer experience management has become an important task for
companies today. Companies want to understand the customer experience in every
interaction point to design touchpoints with customers, giving customers the most
enjoyable experience possible. In many studies, customer experience management is
the key to leading to customer satisfaction or customer loyalty (Aluri et al., 2019; Fida
et al., 2020). The study by Klaus and Maklan (Klaus & Maklan, 2013) proposed a
model (called CX). In this model, a scale measure of the customer experience model
has four dimensions: moments of truth, outcome focus, product experience, and peace
of mind. In which, product experience emphasizes customer behavior, the outcome
focus on reducing customer’s transactional costs, and moments of truth mention the
importance of service recovery and flexibility. Peace of mind mentioned the positive
feelings of the customer during all the interactions with the service provider: from
before, during, and after the purchase process of the service. Klaus & Maklan also
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proves 03 directions to measure customer experience management quality includes:
(1) Customer experience impacts positive customer satisfaction; (2) Customer expe-
rience has a positive effect on loyalty intentions; (3) Customer experience impacts
word-of-mouth customer behavior. This model is used as a future research direction
for customer experience management. A lot of research mentioned this model for
exploitation, including three problems: customer satisfaction; customer loyalty, and
word of mouth.

Customers’ experience with an e-commerce site reflects their own feeling about
the perceived service, perceived goods, and overall perception (Alamsyah et al.,
2018). Arijit Bhattacharya (2020) proposed a framework for Online Customer
Experience (OCE), their objective was to develop a model for Online Customer
Experience comprising antecedent variables; component variables; and outcome
variables. To evaluate the proposed theory, they performed the test of the medi-
ating effect of online satisfaction and finally, tested the moderating effect of an
online shopper’s gender on OCE. However, what the model proposes leads to online
repurchase intention through the effect of online satisfaction (Bhattacharya &
Srivastava, 2020).

Big data is generated from a many difference sources on the Internet, a signifi-
cant portion of which comes from reviews of customers on online shopping web-
sites. Analyzing big data to find meaningful hidden knowledge by modern methods
and tools has replaced traditional statistics methods (Holmlund et al., 2020). In
comparison with traditional data, Big Data is different in the volume of data; vari-
ety; velocity; veracity, and it can create potential value. Mining big data in busi-
ness helps accelerate companies to transform from business traditional models into
business intelligence models. Big data generated by consumers has attracted much
attention because of its value as public and community data. For instance, online
consumer reviews have brought a positive meaning to improving the quality of
services and products. Due to the development of unstructured natural language
on the Internet, it is not easy to mine this data type. Opinion miningand sentiment
analysis, collectively referred to as text mining, plays an important role in big data
analytics.

A series of research on text mining including identification, entity extraction, data
classification data clustering also becomes more meaningful when it is applied to
customer experience data analysis (Liu, 2020). Maria Holmlund et al. (2020) devel-
oped a strategic framework for customer experience management through big data
analytics. Big data can improve CX by providing analytics, insights, and actions.
They are certain that text mining is the core technology in solving the problems in
this model. More and more companies are realizing the important role positive of
customer experience (CE) through electronic word of mouth (E-WOM) in all sec-
tors. Customers using cutting-edge digital technology today expect a personalized
experience at every point of interaction. Data analysis direction based on text mining
techniques is developing and will support companies to understand more and more
their experience of customers. From that, managers will have strategies or policies to
improve the quality of products or services. In addition, they can use online customer
reviews for their promotion, sales, and increase the company’s revenue (Holmlund
et al., 2020).
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2.2 GUEST EXPERIENCE MANAGEMENT IN THE HOSPITALITY INDUSTRY

The rapid growth of the tourism industry is direct to the growth of the hotel industry,
so that hotels are trying to adapt to the different demands of consumers by developing
different service models (Blomberg-Nygard & Anderson, 2016). Customers’ experience
and customer satisfaction are always interesting topics in the hotel industry. The satisfac-
tion of customers is essential in securing customer loyalty. They also establish a good
reputation and enhance the hotel’s revenue (Kandampully et al., 2018). Therefore, know-
ing consumer psychology is key to understanding that hotels have a competitive advan-
tage when compared to competitors. When understanding whether their consumers are
satisfied or dissatisfied with the products and services provided by the hotel, the hotel
manager will have plans for improving the quality of hotel services and products. It can
raise the ratio of customer return. For the hotel industry, customer satisfaction is a com-
plicated experience in all of the customer journey. Therefore, to measure consumers’ sat-
isfaction with hotels, there are many studies that use User — Generate — Content (UGC)
such as consumer reviews to analyze opinions in this regard, to better understand con-
sumers’ experience (Kim et al., 2020). Recently, the explosion of online hotel booking
websites has made the hotel industry completely change its appearance. Not only inno-
vating in the way of doing business, the competition is also becoming fiercer. Customer
satisfaction and customer loyalty are becoming more and more essential (Aluri et al.,
2019; Li et al., 2020). Therefore, researchers also focus on mining reviews on book-
ing pages to understand the customer experience with the provided services. Although
there are a number of other research directions that deal with issues such as develop-
ing recommender systems or ratings (Ahmed & Ghabayen, 2022). However, that only
focuses on developing the support tools on the system for hotel managers and customers.
The work of Frederik Situmeang (2020) proposed an innovation framework for extract-
ing some latent dimensions and analyzing sentiment. They used advanced techniques for
mining information from customer online reviews. They analyzed 51,110 online reviews
with 1,610 restaurants by using latent Dirichlet allocation (LDA), and they uncovered
30 latent dimensions for determining customer satisfaction (Situmeang et al., 2020).

Alrawadieh Zaid and Law Rob (Alrawadieh & Law, 2019) have confirmed that
understanding the determinants of guest satisfaction has become an interesting area
in the hospitality domain research. They found influential factors that determine the
satisfaction of guests with hotels via examining online reviews and then they analyze
400 online travel reviews which contain 1,664 positive sentences and 236 negative
sentences. They evaluated these factors as service quality, rooms, characteristics of
the hotel (location, design, price...), and food.

A study by Hongxiu Li (Li et al., 2020) discovers the factors effects of customer
satisfaction with hotel aspects by extracting 412,784 reviews created by consumers
on TripAdvisor. These consumers are from different cities in China; the reviews have
been used to analyze customer satisfaction based on the three-factor theory: basic,
excitement factors, and performance factors. The study about relationship quality
in hospitality services (Sdnchez-Franco et al., 2019) analyzed the term occurrence
to identify the topics that are mentioned many times in customer reviews. Then
they investigated the hotel services that are associated with quality. This research
also focused on topic modeling, sentiment analysis, text summarization, and latent
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Dirichlet allocation. They collected data from 33 hotels in Las Vegas registered with
Yelp and have 47,172 reviews.

The aim of Michela Fazzolari (Fazzolari & Petrocchi, 2018) is to extract impor-
tant information from review data. The main purpose is for supporting hotel pro-
viders and potential customers. They proposed a Recommender System model. For
customers, it will help to improve their decision processes. For providers, this system
provides a Market Analysis Tool, which helps analyzes automatically the extracted
information in all the phases, after that it will suggest a marketing plan to providers,
such as tuning their offers according to the geographical origin of the visitors. They
tested with the dataset containing more than 150,000 reviewers with more than seven
million reviews.

3 PROPOSING A FRAMEWORK FOR ANALYZING
ONLINE GUEST EXPERIENCE MANAGEMENT
QUALITY IN THE HOSPITALITY INDUSTRY

Based on the studies that are summarized in (2.2.2) and the customer experience
model in Section 2.2.1, the authors propose a framework for online guest experience
management quality in the hospitality industry, including two main directions as
guest satisfaction and hotel star rating in Figure 9.1. These tasks used text mining
techniques to perform.

In Figure 9.1, there are two main directions for guest experience management
quality: Guest satisfaction and Hotel star rating.

3.1 GUEST SATISFACTION
The customer’s psychological and behavioral states include the following:
- Satisfaction

- Loyalty
- Word of mouth

4 5 Excellent
. @O ®® O 2308 reviews

#139 of 1,081 hotels in Hanoi

®O0®®O Location
OOO®OO Cleanliness
QOOO®OO Sservice
®0O®O \Vvalue

Hotel star
rating

CXMQin
Hotel Industry

Overall

satisfaction

Satisfaction

FIGURE 9.1 Framework for guest experience management quality in the hotel industry.
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Satisfaction,

Travelers' Choice
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In psychological and behavioral states in which customer satisfaction is expressed
as satisfaction with the service just used, the customers tend to perform the
next level behavior such as sharing their feelings by word of mouth to relatives
and friends. In the digital age, they will share their feelings on social networks
(E-WOM). Customers also show loyalty by continuing to use the service again or
referring relatives to use the service they have experienced. As a result, customer
satisfaction is the starting point for customer follow-up activities, businesses now
focus on improving customer experience across every touchpoint to enhance cus-
tomer satisfaction.

A growing area of computer science includes data mining and opinion analy-
sis, also called sentiment analysis. This is the task of automatically classifying
reviews as negative or positive based on models and algorithms (Nguyen Thi Ngoc
et al., 2019). The application of opinion analysis can assess customer satisfac-
tion with the service they have experienced (Alrawadieh & Law, 2019). In the
task of sentiment classification, techniques of natural language processing and
text mining are used and combined with machine learning methods and statisti-
cal models to develop. The common point in many studies is to use a sentiment
dictionary to measure the value of sentences, thereby classifying the positive and
negative of sentences and inferring customer satisfaction. Customer satisfaction
is clearly shown in positive sentences (Li et al., 2020). To create a sentiment lexi-
con, data will be collected from various sources, and an algorithm will be used
to generate it.

The satisfaction of customers in the tourism sector is the most crucial part in
customer experience management. A large number of studies are directly measur-
ing customer satisfaction, this problem is divided into two tasks: evaluating overall
customer satisfaction and analyzing customer satisfaction based on a set of criteria
such as room, price, food, etc. This task uses sentiment analysis in text mining
techniques:

+ Overall customer satisfaction indicates the percentage of customers who are
satisfied with a hotel or a group of hotels in a certain region.

+ Satisfaction according to a set of criteria indicates the percentage of satisfied
customers according to each criterion (room, staff, meal, location, etc.).

3.2 HOTEL STAR RATING

In the current hotel industry, the actual star ratings have many different standards.
For instance, each country has its own standard, so when customers choose three
stars, the hotel service provided is not as they think. Therefore, the star rating accord-
ing to general standards based on customer reviews is also a problem that customer
experience management in the tourism industry aims to solve:

+ Overall rating: Indicates star rating for the hotel, which is the average overall
of the individual reviews

+ Rating for criterion: Star rating according to each criterion, such as room,
location, value, etc.
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4 METHODOLOGY OF CUSTOMER EXPERIENCE IN
THE HOTEL INDUSTRY USING DATA ANALYSIS

4.1 SATISFACTION

Based on related studies, customer satisfaction can be measured by specific values
through the sentiment dictionary model. We use this vocabulary set to apply the
measurement of customer satisfaction to Vietnam’s tourism services. The data is
collected using an automated tool for customer reviews on the TripAdvisor site
and categorizes the positive and negative from the customer’s free-text reviews
(Figure 9.2).

The method of measuring satisfaction is carried out according to the following
steps:

- Step 1. Vietnam hotel data is downloaded through an automatic data collection
tool.

- Step 2. The evaluations are separated and the sentiment dictionary is used to
calculate the value.

- Step 3. Categorize the reviews into two categories: Positive and Negative. The
satisfaction rate of Hotel X:

S (X ) _ number of positive reYlews «100%
total of collected reviews

- Step 4. Measure the overall satisfaction value of the hotel by the average value
of the reviews according to the following formula:

( X) _ value of overall of reviews
total of collected reviews

Crawler tool | TripAdvisor | sentiment
. 4 dictiona

Separating Calculating

Disatisfaction

FIGURE 9.2 Satisfaction measuring model.



A framework for guest experience management 199

For example, Lotte Hanoi Hotel has a total of 358 reviews after collecting. After
classification, the number of positive reviews is 276 reviews.

Rate of satisfaction of guest S (Lotte Hanoi) = %x 100% = 77%.

The total value of 358 reviews is +162.05. Hence the overall value (p(Lotte Hanoi) =

+162.05 _ 6 0464
358

Through the overall value, it can be seen that Lotte Hanoi Hotel has a high sat-
isfaction rate. And the total mean for each review is +0.0464. Therefore, the hotel’s
overall satisfaction value is +0.0464. The higher this value, the higher the customer
satisfaction with the hotel. This value can be used in hotel reviews and ratings.

4.2 HOTEL STAR RATING

Websites often let customers write their own reviews about hotels and rate themselves
from 1 to 5 stars. The overall star rating for hotels on the TripAdvisor site is calcu-
lated as an average of the value of the users who have reviewed it. However, some-
times customer ratings and reviews content don’t match. For example, the review
content expresses satisfaction, but when rating, customers can rate 2 stars. Or some
customers comment but don’t rate stars. In addition, according to the customer’s
search, customers are interested in “location” or “room” or many different criteria.
Therefore, we perform a star rating according to each criterion and finally aggregate
it into an overall star rating using the following steps:

Step 1: Build a set of ranking criteria based on extracting aspects from customer
reviews: room, location, check-in, service, price, surrounding, and staff.

Step 2: Identify the set of adjectives/adverbs with positive and negative mean-
ings extracted from customer reviews.

Step 3: Assign value labels to this set of adjectives/adverbs on a scale of 1 — 5.

Step 4: Star rating according to criteria: Extract the pair of criteria + set of
adjectives/adverbs to get the value of each aspect.

Step 5: Overall star rating of the hotel: Star rating according to each review

Where: rj is the review jth;

score; is the value of criteria ith in the review r;
n is the total of criteria in review r;.
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Overall star rating on the set of criteria for each hotel

m

Z(rank(rj))

Rank (hotel, ) = !
m

And Rank (hotel, ) is the ranking of hotel kth and m is the total of collected reviews.

5 RESULTS
5.1 Dara

The study collected a set of data sources from TripAdvisor. These reviews are gen-
erated by customers who are experienced with Vietnamese hotels. TripAdvisor is
the largest travel community, it has over 200 million monthly visits and over 500
reviews from these travelers. This website has the largest number of countries used,
more than other similar websites. The TripAdvisor website is an address for travel
agencies, travel companies, and guests to discover all reviews from customers — who
have stayed at the hotel and have experiences with the hotels. First, we filter the
Vietnamese hotels that are managed by the Vietnam National Administration of
Tourism through the website http://vietnamhotel.org.vn to get a list of 3-5 star level
hotels. In the next step, we use a crawler to collect data from these hotels. We store
data including the name of the reviewer, the content of the review, and the date of
stay. For Vietnamese hotels rated from 3 stars to 5 stars level, we take four cities
including Hochiminh, Hanoi, Danang, and Nhatrang, the total number of hotels in
04 cities is 15. Each hotel has about 150—700 reviews. The total number of reviews of
all hotels included 3,436 reviews.

5.2  GUEST SATISFACTION

Tested on a dataset of 3,436 evaluations and followed the method described in
Section 3. The sentiment dictionary was downloaded from Stanford’s natural lan-
guage processing database (https://nlp. stanford.edu/projects/socialsent/). Each word
has two values, negative and positive. Table 9.1 shows some words in the Stanford’s
sentiment dictionary and their sentiment value.

The ratings are totaled based on the words present in them. For example, the sen-
tence “It is smaller than I think™ has a sentiment value = of —0.18. Therefore, this is
a sentence expressing the negative equivalent of the customer’s dissatisfaction. The
performance results with the collected data set are as Table 9.2:

Figure 9.3 shows the rate of satisfaction and dissatisfaction of guests with 3 star-
level hotel in Vietnam.

We perform measuring for all 15 hotels. This calculation is done simply by match-
ing the sentiment dictionary with the set of words that appear in the data set of 3,436
reviews. Next, we only calculate the total value of those extracted words. After calcu-
lating the sentiment value of the reviews, the overall mean was +0.86614. Therefore,
when measuring customer satisfaction for random hotels in Vietnam, the value is
+0.86614.
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TABLE 9.1

Some sentiment words and their value

Words Negative score Positive score
Infamous -2.5 0.42
Stupid -2.49 0.38
Guilty -2.48 0.41
Foolish -2.48 0.36
Heathen -2.42 0.39
Pernicious -2.41 0.71
Worse -2.41 0.57
Silly -2.39 0.39
Brutal -2.37 0.47
Naked -2.36 0.54
Despairing -2.35 0.49
Mischievous -2.34 0.56
Drunken -2.29 0.46
Ragged -2.23 0.52
Hungry 2.2 0.53
Disgraceful -2.19 0.51
Selfish -2.16 0.15
Cruel -2.06 0.15
TABLE 9.2

Results of classification in satisfaction and dissatisfaction
Evaluation Number of reviews Rate (%)
Satisfaction 2,848 82.89
Dissatisfaction 588 17.11
Total 3,436 100

5.3 HOTEL STAR RATING

We compare the results of hotel star ratings of hotels in Vietnam on the website
http://vietnamhotel.org.vn to the customer reviews that show the difference between
the hotel ratings with Vietnam standards, and online star ratings according to
Vietnamese standards and according to the following formula:

C

Z (standard_rank (hotel ) — rank (hotel,,))

Deviation (hotel in VN)) = -&=! x100%
C

Standard_rank (hotelk) is the number of stars rated according to Vietnam’s national
standards for hotel k. And c is the total number of collected hotels. The average devi-
ation with 23 hotels is approximately 56%. This result shows that online customers


https://vietnamhotel.org.vn

202 Analytics in Finance and Risk Management

rate less than the number of stars that are rated by Vietnamese standards. The
deviation is about 0.5 stars when compared to reality. Table 9.3 shows the different
results between actual ratings and TripAdvisor site ratings and the article’s analysis
for a number of hotels in Vietnam.

The results in the table show that our rating method and the TripAdvisor rating
method have less deviation than the deviation of the national standard rating and
TripAdvisor site rating.

5.4 DiscussioN

This will lead to increased competitiveness of countries, so in the future, the hotel
industry is well-positioned to take advantage of the boom in tourism. However, hotels
are inherently under pressure from old business models and need to adapt and change

= Satisfaction = Dissatisfaction

FIGURE 9.3 The rate of satisfaction and dissatisfaction of guests.

TABLE 9.3
The deviation between the national standard rating, the our rating method
and the TripAdbvisor site rating

Hotel rating with
Vietnam standard Hotel rating with Hotel rating with

Name of hotels method our method TripAdvisor
Thang loi Hotel 4 4 3

Lotte Hanoi 5 4.7 5

Bao Son 4 3.8 3.5
Intercontinental Danang Hotel 5 4.5 5

Rex 5 43 4
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more than many other types. In the age of the 4.0 Industry, booking platforms and
social media all worked to bring benefits to the hotel industry. While Airbnb has
disrupted and eliminated market share, at the same time Agoda, Booking, and other
platforms allowed for greater reach. The impact of customer reviews is becoming
more and more important in the age of social media, it brings benefits to both con-
sumers and businesses. Travelers today rely on previous online reviews to make
decisions on trip planning, while businesses use them to design marketing strategies
more effectively. However, the large amount of data available makes it impractical
to analyze each of the available online reviews. So, recently, a number of attempts
have been made to propose methods of automatic analysis. Previous studies have
applied a number of manual techniques to collect hotel data. The hotel can provide
questionnaires or face-to-face communication. However, this work is limited by pre-
designed questions and it also lacks creativity. In addition, the data processing and
analysis after collection becomes difficult and it is easy to be error-prone, while only
a few hotels take advantage of these statistics for customer relationship management
or service quality improvement (Gao et al., 2020).

Due to the constant evolution of information technology and automated
analysis techniques, data collection has become simpler thanks to the built-in tools
on the website. Hotel managers do not need to create questionnaires or face-to-face
communication. These techniques come from data science and computer science
fields that help in handling tasks: (1) Create a system that can support customer expe-
rience feedback (2) Automatically convert other languages into English (3) Collect
automatic reviews data (4) Analyze data through text mining algorithms, big data.
From here opens a new expectation for the hotel sector. The main objectives of the
hotel management are promoting a brand, improving service quality, managing cus-
tomer relationships, and maintaining customer loyalty (Aluri et al., 2019). These
goals will be met by understanding customer psychology and customer satisfaction
after experiencing the hotel services. The current technology is too perfect to sup-
port the maximum number of hotel managers. WOM on the Internet has significantly
helped the goals of hotel managers set out in the era of hotel industry 4.0. Most recent
research focuses on customer satisfaction measuring based on online reviews. Some
other studies mentioned hotel ratings or the development of making decision systems
for customers. These studies used machine learning and text mining techniques to
process and analyze data (Alrawadieh & Law, 2019).

Due to the variety of issues to analyze around customer experience management,
the main task of this chapter includes analyzing and summarizing research direc-
tions related to Internet customer experience management in the hospitality sector
and expanding the basic Klaus’s model. This model is complete and effective when
techniques are described in detail for each of the Internet customer experience man-
agement tasks. It not only expands from Klaus’ model, but also suggests techniques
to process customer experienced data through online reviews.

6 CONCLUSION

Recent studies have focused on customer satisfaction evaluation, a trend in customer
experience management, but this amount of data can also be explored for many other
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purposes and for improving the effectiveness of customer experience management,
especially in the hotel industry.

This chapter presented a general framework for analyzing online customer experi-
ence in the hotel industry based on text mining technology. This framework covers
the various tasks of customer experience management in the online hotel indus-
try based on online reviews. The text mining techniques proposed to be able to
quickly process the volume of millions and millions of records collected from the
TripAdvisor page. The study applies text mining as a new suitable direction with
the current e-commerce trend. These are also the general trends of many companies
which want good customer experience management by understanding customers’
psychology, and then companies will have specific strategies to promote products
to increase sales, enhance customer relationships, and improve product quality. The
article has introduced some effect text mining techniques in big data mining about
customer experience management on the Internet. Text mining techniques also need
to combine with some machine learning methods, and artificial intelligence to form
an effective method with higher accuracy. The research directions are presented in
Section 4; we will continue in more detail in the near future.
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’I O Use of automated
accounting information
systems and operational
risk in preparation of
financial statements
An experimental study

Maciej Andrzej Tuszkiewicz and
Ewa Wanda Maruszewska

1 INTRODUCTION

Risk has been a research topic for many years in many disciplines. In finance, up
until the Global Financial Crisis (GFC),! risk research was mostly concentrated on
identification, quantification, and measurement as well as risk management of credit
and market risks (Chernobai et al., 2007; Macerinskiené et al., 2014). The third risk —
operational risk — was neglected (Chernobai et al., 2007). The research made a clear
distinction between risk and uncertainty. Risk is not knowing what will happen in
the future but having the ability to estimate the odds, while uncertainty is not even
knowing the odds (Collier, Berry, 2002). With that, the focus of the research was
only on the quantifiable risks. That is an unreasonable approach to take, as there is an
unlimited situation in which assessment of the probabilities is impossible (Strzelczak,
2008). The unpredictable and uncountable events start from daily situations like a
computer breakdown, through unreasonable behaviour from the employees to the
energy crisis with a drastic increase of its prices. In all those situations, quantification
is impossible; hence the classical risk management approach based on prior literature
fails to provide a viable solution.

Since the GFC, risk research moved its focus to operational risk as many stud-
ies proved that one of the reasons for the GFC outbreak was the lack of proper
operational risk management (ORM) (e.g., Andersen et al., 2012). It further resulted
in the modification of regulations regarding risks issued by the Basel Committee
on Banking Supervision (BCBS), Committee of Sponsoring Organizations of the
Treadway Commission (COSO) and others to include or extend the regulations
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regarding operational risk. As indicated, the role of operational risk is expected to
grow with time, as presented in Figure 10.1.

The operational risk definition specifies four main groups of operational risks: peo-
ple risk, process risk, IT system risk and external risk. The above-presented classifica-
tion encompasses various kinds of operational risk associated with day-to-day business
activities regardless of the sector (financial vs. non-financial) or other entities’ charac-
teristics. It enables a multidimensional perspective of operational risks’ attributes. It is
also suitable for analysing risk linked to both the humans operating within the entities
and to ERP as well as other systems helping managers make their decisions.

Further, Operational Risk Management (ORM) research proved that some types
of operational risk could be assessed and quantified using top-down or bottom-up
approaches (Marshall, 2001)? helping to handle it within business entities. The pre-
dominant opinion is that operational risk is largely a firm-specific risk (idiosyncratic)
(Chernobai et al., 2007). Still, some operational risks cannot be quantified but they
should be assessed. In such situations, especially considering idiosyncratic charac-
teristics of operational risk, different methodologies developed in the literature can
help define and handle various kinds of risks in a certain entity, including the opera-
tional risk arising from the use of information systems by human users.

The use of Information Systems (IS) in entities is an inherent element of business
activities nowadays. Over the years, IS became more complex in terms of incorporat-
ing huge amounts of data describing complicated economic realities. Thus, IS can

Market attribution in Market attribution in
2008 future
Operational risk
20% Operational risk
30%
Market risk
20%
Market risk
30%
Credit risk
70%
Credit risk
40%

FIGURE 10.1 The growing role of operational risk.

Source: own elaboration based on (Strzelczak, 2008).
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speed up and ease up many processes in entities. More advanced functions provide
a deeper analysis of the entity’s financial situation and become a source of business
advantage if used well and purposefully. It is no different in the case of Accounting
Information Systems (AIS), which allow to enter more transactions faster, create
more complex analysis, provide financial reports at the hand of what is needed and
synthesize information across entities within capital groups. However, despite AIS
advantages, incorporating IS into decision-making processes in contemporary enti-
ties creates a risk of the wrong usage of these systems, which may lead to errone-
ous data, hence financial information, and in consequence, result in wrong decisions
based on misleading data. Research around the world proved that beside the proper
design of the system, and the implementation process, the crucial point is how its
users use it. Studies have shown that even though the system may be well designed, it
may not be used properly (Parasuraman, Riley, 1997) or willingly by the users (e.g.,
Nickerson, 1981; Swanson, 1974, 1982, 1988; Kocsis, 2019).

In this research, the authors focus on the operational risk associated with misuse of
the automated AIS output by the users — an accountant in charge of financial statement
preparation. Specifically, we combine people risk and IT system risk under the propen-
sity to use erroneous data provided by automated AIS. The propensity to incorporate
erroneous data into financial statements reflects uncertainties an entity faces in the
accounting domain or a variety of unsystematic risks that are unique to the accounting
domain present in every business entity. Therefore, we attempt to assess operational
risk in our research. Moreover, as prior literature proved that there exists a risk asso-
ciated with the misuse of automated AIS by its users (Klamut, 2018; Sunaryo et al.,
2019), we build on our research on already confirmed relationships. By performing a
2 x 2 experiment, we try to assess the risk of incorporating erroneous data (driven from
automated AIS) into the financial statement. We investigate the effect of two factors on
accountant propensity to incorporate erroneous data provided by the automated AIS:
the amount of workload expected to correct the erroneous data and the materiality of
the data provided by the automated AIS. IT system risk in our research is represented
by automated AIS output that presents erroneous data. In contrast, people risk is repre-
sented by the user, who is given the data, knows about the error in the data and decides
whether to correct the erroneous data or incorporate them into the financial statement.

This chapter is organized as follows. First, to provide a theoretical background,
we demonstrate previous research regarding AIS, AIS automation, risk classification,
categories of operational risks, and operational risk management. Then, we present
the development of our hypothesis and how we designed the research. Further, we
describe the results and the respondents’ characteristics. The final section discusses
the results and presents the study’s implications, limitations, and conclusions.

2 THEORETICAL BACKGROUND

2.1  ACCOUNTING INFORMATION SYSTEMS (AIS)

AIS are described as systems that involve helping decision makers get the informa-
tion they want, when they want it, and how they want it (Borthwick, 1992). They are
created and customized for accounting purposes (McCarthy, 1990). They provide
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accounting and financial information and other information derived from daily
transactions (Astika, Dwirandra, 2020). AIS emerged from two disciplines: account-
ing and information systems (IS), as presented in Figure 10.2.

As shown in Figure 10.2, AIS touches on areas crucial for accounting and often
enhances them with IS innovations. They affect work within four major areas of
accounting, which are: financial accounting, taxation, auditing, and managerial
accounting (Simkin et al., 2014), by using the new technology to be able to provide
necessary information faster and more accurately.

Transactions entered in AIS are restricted by various regulations and account-
ing standards. ERP systems, which encompass AIS, represent the market’s biggest
and most complex AIS. They are created to unify all resources and tasks within the
entity, from budgeting and planning to any ex-post reporting that may be needed.
Thus, they often need to meet multiple opposing regulations to present unified finan-
cial data across many different countries to the management of the whole capital
group. As aresult, it is extremely difficult to design AIS that can present information
with the same degree of accuracy despite input data source (Haight, 2007). That
forces the constant attention of end users to overwatch system output and its exact-
ness to look out for any possible errors.

Furthermore, AIS must be supervised by human users, who need to assess the
output provided by the system and correct it if necessary. That creates operational
risk as there can be mistakes made by AIS users. As a result, it is vital to understand
the components affecting users of AIS and factors that lead to proper use or misuse
of the output data provided by AIS, which is one of the streams of research in AIS,
as presented in Figure 10.3.

Some research investigates the use of AIS. They show the research can head in
myriad ways and consider the topic from many angles. A few possible routes already
set in past studies are
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FIGURE 10.2 AIS as an emerge from accounting and IS.

Source: own elaboration.
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FIGURE 10.3 Directions of research regarding AIS.

Source: own elaboration based on (Gelinas et al., 2017).

AIS users’ satisfaction (Ilias, Razak, 2011; Well, 2014; Maruszewska,
Tuszkiewicz, 2021),

factors influencing ERP usage (Rajan, Baral, 2015), auditing of ERP
systems (Grabski et al., 2011),

critical success factors for ERP implementation from the user’s perspective
(Reitsma, Hilletofth, 2018),

the role of accountants’ trust towards the AIS on decisions (Huerta et al., 2012),
the approach of the accounting user to automation and customization of the
AIS (Tuszkiewicz et al., 2021),

impact of AIS effectiveness on employee (user) performance (Awesejo
et al., 2013; Astika, Dwirandra, 2020)

Accounting professionals’ interactions with the AIS are human—machine interac-
tions that are not always rational and are subject to many behavioural biases not lim-
ited to overconfidence in data derived from AIS, data anchoring, or loss aversion. No
studies look at the matter from the point of view of risk, especially operational risk.
In the authors’ opinion, all the topics mentioned above investigated in the past can be
a source of operational risk and, therefore, should be further investigated.

3 AUTOMATION IN AIS

Automation can be explained as an execution of a function or task by a machine,
which earlier was performed by a human (Parasumaran, Riley, 1997). The range of
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functions covered by automation changes as time passes. Some tasks are considered
automated until people change their way of thinking and consider it natural to be per-
formed by a machine. When a task passes a point of being recognized as something
obvious and natural to be automated, it becomes a machine’s function. Consequently,
studies regarding automation never end, as with time, the subject of the study changes,
and so does its complexity and the questions that seek answers.

Many automations are created as a helping tool for AIS users to ease or speed
up various accounting processes, but not to completely remove the user from the
task. The reason is that the system designers cannot foresee all possible situations
and possibilities of what can happen. Therefore, there must be some level of reli-
ance on the human user (Parasuraman, Riley, 1997). The use of AIS automation can
vary between AIS users, and the level of use and reliance on automation depends on
many factors, for example, trust, workload, and others. Hoff and Bashir (2014) listed
127 research between 2002 and 2013 in the field of trust in automation lonely. The
research within that field takes different approaches in investigating the role of trust
using various methods. The effect of workload was tested and confirmed by Riley
(1989), who also measured the risk associated with it, as well as Parasuraman and
Riley (1997). In their findings, they noted a connection between the amount of work-
load and the likelihood of using automation. The operators with higher workloads
were more eager to choose automation in opposition to operators with low/moderate
workloads. The existing evidence regarding the effect of workload on users’ deci-
sions was so far researched within IS but not in AIS specifically.

AIS users may be given the authority to use the system output, override auto-
mation or disregard the automation. That may lead to possible errors, which were
divided into three groups:

e automation disuse — a case where the user disregards the use of automation
or uses only a part of it,

* automation misuse — over-reliance or under-reliance on automation that may
result in a false outcome,

* automation abuse — a situation where the system is implemented to replace
human operators without a detailed investigation of its implications
(Parasuraman, Riley, 1997).

Within AIS, misuse can be referred to when, e.g., the accountant receives an output
in the form of a complete balance sheet and decides to check every detail of it. On
the opposite, misuse takes place as well when the user over-relies on AIS and never
verifies its output. While it is normal to expect the system to produce correct out-
put, the output should be periodically verified to check for any system failures. AIS
disuse is when, e.g., a system has automatic schemes, but they get disabled by the
accountant to operate manually. AIS abuse could be referred to as a situation when
the implementation team prepares an automatic preparation of financial statement,
which does not allow any adjustments and does not acknowledge the accounting
department prior to it nor checks the correctness of it.

At the same, the use of new technology or change of the existing technology within
the entity usually is connected with operational risk as competence and management
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systems need to be revised and supplemented to ensure proper use of new systems or
tools (Andersen et al., 2012). Lack of proper training and no adjustments to internal
processes, including control process, may result in misuse/disuse or abuse and there-
fore be a source of operational risk in the entity.

3.1 RISK CLASSIFICATION

Risk can be defined as the effect of uncertainty on achieving objectives (ISO, 2009).
While the word ‘risk’ has been used since ancient times and was always used in relation
to uncertain situations (Hamberg, 2000; Picket, 2013), the interpretation of it changes
with time. As per Hamberg (2000), the risk is associated with situations when the
outcome probability can be measured, and when it cannot, it is defined as uncertainty.
According to Kaplan and Garrick (1981), risk includes uncertainty, but it may also
include loss or damage. Further, some authors point out that whatever is considered a
risk at a given time may not be seen as one in the future (Cornia et al., 2014).

Research on risk was mostly focused on identifying risk, gauging it, and manag-
ing it (Kaplan, Garrick, 1981). In this stream of research, the important issue investi-
gated is the ability to quantify the risk to calculate whether the benefits of managing
(reducing it) are higher than the cost associated with it. In this approach, the risk
is treated as a measure of uncertainty. It allows (1) the occurrence of the event that
is positive, (2) views on the risk similar to investment — as long as calculated ben-
efits outweigh the cost — the decision is considered optimal (Chernobai et al., 2007).
However, while it looks well on paper, it led to bias in prediction and quantification.
For example, research around GFC proved that many assessments were overly opti-
mistic by either lowering the possible loss or increasing the potential profit, thus lead-
ing banks to way higher exposition on risks than the safe level (Anderson et al., 2012).

Risk assessment is part of risk management and includes identifying the risk,
possible consequences, likelihood, and possible mitigations of consequences (Popov
et al., 2016). Further, Popov et al. (2016) explain that consequences are the potential
outcomes measured by severity while the likelihood is the estimation of chances.
Risk assessment attempts to predict the worst possible situation that could take place
and how likely it may occur. It is worth noting that Popov et al. (2016) argue that
the estimations can be of qualitative, semiquantitative, or quantitative nature. Picket
(2013) wrote: “Risks are assessed by the potential likelihood and financial impact
they might have, representing a series of challenges to be met and assessed”. By
definition, the entity, after assessing risks, classifies them from the least to the most
impactful. As a result, the entity holds a structured list of all risks from the most criti-
cal ones with high likelihood and high financial impact on the entity to the least ones
allowing the entity management to make a decision accordingly to their strategy.
Figure 10.4 indicates the described classification of risk determined by the potential
likelihood and financial impact.

Figure 10.4 indicates that to assess the risk, one should have information about
both dimensions: the measured likelihood and the description of financial impact.
The above means that this approach to risk is possible only in case of risk that can be
quantified in the form of likelihood, as demonstrated by prior literature on financial
and operational risks. In case of human error arising from IS user interaction with the
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system, the likelihood of risk occurrence might be hard to precisely measure; thus,
the description of likelihood as low or as a medium can serve this classification’s pur-
pose. So, discussing both AIS and users of AIS together with the likelihood of errors,
it can be stated that the distinction between low and high likelihood of error can be
diversified. For example, the likelihood of incorrect depreciation, foreign currency
rate, or finished product calculations can be classified as low. They are based on the
formulas that are basic equations in financial accounting, and little or no judgment
is required during the accounting period. This results in a low likelihood of risk of
erroneous data generated by the automated AIS. Apart from issues characterized by
a low likelihood of errors in the automated AIS, provisions or impairment of long-
term and current assets can be selected as accounting concerns with a high likeli-
hood of errors in the automated AIS. Impairment or provisions can only partially be
automated and, in many cases, require including a judgment of the AIS user, that in
the case of financial statement preparation, is an accountant. Further, depending on
the sector and resulting from the sector’s characteristics, the financial impact of both
low and high likelihood risks can have a very different financial impact. For exam-
ple, depreciation amounts influence not only the net value of tangible and intangible
assets but also the value of assets manufactured using certain tangible or intangible
assets. Impairment of receivables, especially in the case of entities in the trading sec-
tor, can dramatically change the picture of total assets.

From the above, it can be concluded that financial data generated in the auto-
mated AIS that are the basis for financial statement preparation are subject to risk.
The commencement of the risk is linked to humans, that is, users of automated AIS,
and to automated AIS. The risk of erroneous financial accounting data is difficult
to measure in the form of likelihood. Thus, we may use the suggested classification
and describe the probability of the occurrence of a certain data error. In addition, the



214 Analytics in Finance and Risk Management

financial impact might be enormous, misleading the users of financial statements.
Widening our knowledge of how users of automated AIS behave in response to the
event of such risk seems important. It will enable taking appropriate, dedicated
actions directed to risk mitigation.

4 CATEGORIES OF OPERATIONAL RISK

The financial sector developed one of the most commonly used definitions of operational
risk (Strzelczak, 2008). Institutions: International Swaps and Derivatives Association
(ISDA), British Bankers’ Association (BBA), Risk Management Association (RMA),
and Basel Committee on Banking Supervision (BCBS) define operational risk as the
risk of loss resulting from inadequate or failed internal processes, people and systems
or from external events (BIS, 2006). Strzelczak (2008) indicated that operational risk
could be referred to as a range of possible failures in the entity’s operation that is not
related directly to market or credit risk. Operational risk is different from all other risks
as it is related to all sorts of processes, people’s decisions and behaviour, and internal
and external events, therefore making it very difficult to measure (Ames et al., 2015;
Muhtaseb, Eleyan, 2021). From all those definitions, the consensus is that operational
risk is associated with potential management failures, faulty controls, IS errors, human
mistakes, fraud, misuse of information, and further on.

Operational risk is often divided into four main categories distinguished in the
definition (Chernobai et al., 2007):

e People risk — relates to all projections of loss due to errors, misuse of infor-
mation and illegal actions undertaken by employees, improper organization
of their work or their lack of qualification. It can involve human error, insuf-
ficient training or bad management of personnel, lack of duty segregation,
and dishonesty.

e Process risk — it is the risk of loss associated with ineffective and/or
inefficient processes. In other words, it is the risk you take on whenever you
embark on completing a process. It may arise from products and service
risk, imperfect control systems, and lack of security.

e System and technology risk (IT system risk) — it is a type of risk that should
be considered in connection to other types of risks (Fheili, 2011). It may
refer to the security of IS, its vulnerability to viruses and cyber-attacks, but
also to poor quality and inadequacy of data provided by IS.

e External risk — it is the risk of loss due to the changes in the environment,
such as changes in legislation, economics, politics, etc.

Examples of each of the risks are presented in Figure 10.5.

While the categorization presented above may exist separately, it is noticeable that
the situations creating risk within a specific category may as well create another risk
specified in a different type of risk. Therefore, one may say that some of the risks are
closely associated with each other and specific events that may occur.

This is valid for financial accounting data derived from automated AIS that are
the basis for financial statement preparation. The user of AIS can be the source of
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Operational Risk

People Risk IT System Risk Process Risk External Risk

*Concealling losses *Technology failure | sInadequate *External frauds

*Misuse of *Security supervision *Natural disasters
information Inadequate testing *Inappriopriate *Non-natural disasters

*Health & Safety «Inadequate setup process setup

*Frauds «lack of maintance *Failures in filling the

+Errors and mistakes reports

FIGURE 10.5 Categorization of operational risk.

Source: own elaboration based on (Moosa, 2007).

risk of erroneous data derived from automated AIS if the accounting system requires
individual judgments to book for certain events or in the process of financial state-
ment preparation. On the one hand, depreciation of tangibles and intangibles or man-
ufactured goods measurement can be primarily classified as IT system risk as high
automation of these calculations is achievable. On the other hand, foreign currency
exchange risk can result from both: human error due to a mistake while entering the
data from the invoice, as well as IT system risk arising from incorrect import of for-
eign currency input from the other IS that is external to the entity’s AIS.

Other issues related to human risk are also valid for financial accounting con-
ducted with the use of automated AIS. Intentional or unintentional misuse of infor-
mation regarding reasons for impairment of assets, lack of I'T qualifications of young
or new accountants hired in the entity, or lack of segregation of duties in small and
medium companies can be mentioned, among others. Regarding IT system risks,
inappropriate processing methods can be mentioned in case of a lack of updating of
AIS procedures, although the old procedures are no longer appropriate for the entity
with new segments, products, business models, or changed manufacturing processes.

Analysis of operational risk indicates that risk linked to financial data generated
in the automated AIS, that are the basis for financial statement preparation, can be
classified as operational risk. The risk of erroneous financial accounting data can be
categorized as human risk, mainly due to judgments required by accounting legisla-
tion. In addition, the risk of erroneous financial accounting data can be categorized
as IT system risk due to the impossibility of automating certain accounting proce-
dures for unlimited time with no regard to changing business environment. Thus,
investigating how users of automated AIS change the operational risk with their deci-
sions when working with the automated AIS seems crucial for the preparation of
appropriate, dedicated actions directed to risk mitigation.

5 OPERATIONAL RISK MANAGEMENT

Operational risk management (ORM) plays a vital role not only in the finance and
investment sectors but in each entity that fights to stay on the market or overtake
its competitors. The task of ORM is to identify, assess, monitor, control, and miti-
gate operational risk in a comprehensive manner (Popov et al., 2016). Effective
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risk management improves stability and enhances financial performance (Hopkin,
2018; Sathyamoorthi et al., 2019), while inadequate or poorly designed risk manage-
ment may lead to an economic slowdown (Fraser, Simkins, 2010; Bezzina, Grima,
2012). Unfortunately, operational risk linked to financial data generated in the auto-
mated AIS and its management did not gain much attention from researchers yet.
This is surprising, especially when considering that operational risk management is
viewed as a continuous responsibility of the board (Ingley, Walt, 2008) encompass-
ing three main objectives: meeting/exceeding the organization’s objectives, adhering
to control-based objectives, and complying with regulatory requirements (COSO,
2013). Although the above-mentioned three objectives, at first sight, may not be con-
sidered as financial aspects of business, neglecting each may result in a financial loss
at all levels of the organization (Jongh et al., 2013).

Several studies concluded that many of the economic breakdowns noted in the
‘90s and ‘00 resulted from a lack of ORM (Consiglio, Zenios, 2003; Holmes, 2003;
Giraud, 2005; Chernobai et al., 2011; De Jongh et al., 2013). According to Anderson
et al. (2012), the main causes of the GFC were severe violations regarding ORM,
mostly due to the lack of attention towards it and its processes. Operational losses
noted in 2008, at the peak of the crisis, exceeded those noted in 2007 by four times
(Cagan, 2009). It is worth noting that the frequency of losses did not change sig-
nificantly, but their severity (impact) increased during the crisis (Esterhuysen, 2010).
This proves that research around operation risk and its management is necessary, and
new tools for assessing risks as well as possible measurements of them are needed.

In the scope of accounting data and ORM, Enron, Parmalat, and WorldCom, among
others, can be mentioned as examples of huge financial losses for investors and other
stakeholders that resulted from neglecting the operational risk of financial data used
for the preparation of financial statements. Most of the literature devoted to risk, risk
management and accounting is concentrated on management accounting (Siti et al.,
2011; Michalski, 2009; Soin, Collier, 2015; Hind, Derar, 2021). Operational risk linked
to financial accounting with its product in the form of financial statements did not gain
attention so far. It is all more surprising that financial statement analysis is considered
the most related to operational risk management among product profitability analysis
and total quality management. It seems that ORM within accounting data takes place
only from the phase of financial statement analysis, taking for granted the data used
for the preparation of financial statements. A few examples within literature examin-
ing risk management and financial accounting include the use of accounting for ORM
and risk management in general (Klamut, 2018), the effect of the involvement of CFO
in risk management implementation (Ojeka et al., 2019), the effect of risk management
program on reduction of accrual estimation error (Johnston, Soileau, 2020), the effect
of selected risk management tools on the quality of financial statement (Madu, Hassan,
2021), and the effect of auditing on financial reporting (Sunaryo et al., 2019; Mardessi,
2022). While they touch on problems within financial accounting, and some of them
directly on the quality of financial reporting, they mostly discuss risk management in
general, without a specific focus on ORM. In addition, although some of the research
investigated a topic of people risk, none of them used methods that actually included
people in the research, as their research was based on secondary data drawn from
reports or financial statements.
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6 HYPOTHESIS DEVELOPMENT AND RESEARCH DESIGN

The human-automation relationship has been a subject of research for many years.
Examples of research are, e.g., job performance (Smith, Carayon, 1995), team effec-
tiveness (Bowers et al., 1996), organizational behaviour (Gerwin, Leung, 1986), or
the effect of automation design (Hancock, 1996). There is also a significant amount
of research related to the decision-making process in IS (Swieringa, Weick, 1982;
Snowball, 1986; Hannan et al., 2006; Obermaier, Miiller, 2008), but to date, the
research did not consider its implications to ORM. Misuse of information as a
source of operational risk has been pointed out in the literature before (Moosa, 2007;
Strzelczak, 2008). The lack of research around this topic may be due to the fact
that research within ORM focuses on those risks that can be quantified and further
insured or hedged. The crisis in the last 15 years has proven that there is a need for
a wider variety of research methods in operational risk, as the to-date method does
not meet the need as they were not able to measure all possible operational risks that
take place during business activity.

Based on the literature review, the authors designed research to assess operational
risk related to the human—machine relationship in the scope of automated AIS. We
investigate the operational risk that can be categorized as people risks and IT system
risks. In our experiment, IT system risk exists due to automated AIS that creates
erroneous output data that was noticed by the user of AIS, the accountant. People risk
is the possibility of misuse of information by the accountant, that receives erroneous
data from automated AIS and makes the decision whether to correct it (right behav-
iour) or use the erroneous data in the financial statement. While this situation could
be viewed as a process risk as well, the authors think it isn’t crucial to this risk, as
the process of preparation itself may be proper (and we do not examine whether there
are mistakes in how the process of the financial statement is prepared). The focus of
this study is on the decision of the accountant to correct or not the erroneous data
received from automated AIS. As the erroneous data derived from the automated
AIS and incorporated into financial statements can have a huge financial impact, we
want to investigate the likelihood of the occurrence of a propensity to use erroneous
data in the preparation of financial statements.

Theoretical background confirmed that past research investigated several factors
influencing intention behaviour and, consequently — user decisions. Parasuraman and
Riley (1997) and others mainly presented factors closely connected to the usage of
the AIS. They can cause misuse, disuse, or abuse of IS — workload, understanding of
the system, its appearance, trust, experience in using the system, and mistakes dur-
ing the implementation. The factors that have come to light are also valid for the use
of AIS. Thus, the authors decided to divide the possible factors into two categories:

e factors directly connected with AIS use,
e other factors (e.g., organizational).

Theauthors intended to include (in the research design) one factor from each cat-
egory to investigate the main effect on the user’s decision as well as to examine
the joint effect. Out of many different factors, the authors decided to choose two.
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The first factor is workload which is understood as an effort required to correct the
erroneous output data derived from the automated AIS. A study investigating users
who obligatorily have to work with IS was performed before, but it concerned simple
classification automation (Parasuraman, Riley, 1997) or pilots (Harris et al., 1993).
Therefore, we concentrate on AIS users who obligatorily have to work with partially
or fully automated AIS, which are complex IS for performing their job tasks where
they often need to multitask.

The second factor in our experiment is the materiality of data. In research regard-
ing operational risk, the important piece is the assessment of the size of the risk and
its possible implications of it. Using data that materially differs from the actual value
that should be entered into the financial statement harms the quality of the financial
statements and their reliability. The recipients of the financial statement, due to mate-
rial differences, could make a different decision than they would normally make if
they had a reliable and accurate financial statement available. While it is impossible to
show an exact value of loss due to material differences in the financial statement, it is
clear that accurate financial statements influence the value of an entity and its market
capitalization, among other things that largely depend on financial information. Any
published information about the unreliability of data in the financial statements results
in a drop in the entity’s market value, thus creating an actual loss of investors (a few
examples from the past: Enron, General Electric Co., WorldCom, Lehman Brothers).
Furthermore, the size of the error in the financial statements may influence the reac-
tion size. Small errors — low material — will most likely result in a small drop in market
value, if at all. In contrast, significant mistakes in the published financial statement
may result in a large drop in market value, hence a large loss and impact on the entity’s
activity. Including the materiality of AIS output as one of the factors investigated in
accountants’ propensity to incorporate erroneous data into financial statements will
show whether the operational risk associated with using erroneous AIS output data is
affected by low/high materiality. Depending on the result, the implications for practice
are different. Suppose the materiality of error is significant for the preparation of the
financial statement. In that case, the mitigation of the risk should focus on a better
control process regarding transactions of material value. In contrast, if the materiality
of data is not significant for the decision-making process, then the processes for mini-
mizing the risk may disregard this factor, as the cost of more restricted control will not
result in risk reduction, which is counter cost-effective.

Based on the above theoretical review, we formulated three hypotheses:

HI1: Accountants will be more likely to accept erroneous data incorporated into
the financial statement when the workload to correct the automated AIS
output is heavy (main effect of workload).

H2: Accountants will be more likely to accept erroneous data incorporated into
the financial statement when the materiality of the automated AIS output is
low (main effect of materiality).

H3: There is a joint effect of workload and materiality on the propensity to use
erroneous AIS output. Specifically, we assume that when the workload is
low, and materiality is high, the accountants will show the lowest propensity
to use erroneous AIS output.
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7 RESEARCH METHOD

In order to test the hypotheses, we developed a questionnaire. We conducted a
computer-assisted web survey using Lime Survey software. The data gathered in the
experiment were stored in MS Excel and uploaded into SPSS to perform the required
tests. We used frequency, descriptive statistics, and univariate analysis of variance
ANOVA for statistical analysis purposes. The significance threshold was set at 0.05.

The questionnaire consists of three sections: the experimental scenario, the
manipulation check, and the demographics. The first section: experiment resembles
other experiments aimed at decision-making by accountants and managers and is
based on methodological clues described in Swieringa and Weick (1982), Snowball
(1986), and Obermaier and Felix (2008). The aim of the experiment was to inves-
tigate whether the workload (low/heavy) and the materiality (low/high) influence
the propensity to use erroneous AIS output in the financial statement preparation
process. We conducted a 2 x 2 fully crossed factorial experimental design with the
dependent variable defined as the propensity to use erroneous AIS output and two
independent variables: low/heavy workload and low/high materiality of data used in
the financial statement preparation process.

Participants of our laboratory experiment were provided with a scenario describ-
ing their role as an accountant working with automated software such as ERP or
other software dedicated to financial accounting. Participants played the role of an
accountant, in a manager position, who oversees financial statement preparation.
The preparation of the financial statement is mainly based on the data provided by
AIS that is automated due to algorithms developed in accordance with the assump-
tions adopted in the entity’s accounting policy. During the actions aimed at financial
statement preparation, the accountant noticed that the value of accounts receivables
is overstated due to omitted write-offs of some customers. The identified erroneous
data fall within the scope of the financial statement, and thus, the accountant should
decide whether he/she will use the output data as generated by the automated AIS or
will make an effort and will correct the data.

The first experimental group was presented with a sentence saying that the omitted
write-offs’ materiality is low, while the workload needed to correct the error is heavy
and will result in neglecting other employee duties. Participants assigned to the second
experimental group read the scenario with the information about low materiality and
low workload required to correct the error, while in the third group, both the work-
load and the materiality were heavy/high. Finally, in the fourth experimental group,
respondents were informed about the high materiality of error found and about the low
materiality of the omitted write-offs. All scenarios were of descriptive character, with
no numerical information anchoring the respondents on the value of receivables or
write-offs to eliminate cognitive bias. As a result, the scenarios developed for this study
enable us to investigate people risk (users of the automated AILS) in the form of accoun-
tants’ decisions about the incorporation of erroneous data into financial statements.

Since the materiality of the error found was described as material with a descrip-
tion of low or high, the expected decision was to correct the value of receivables and
book for the write-offs that were omitted. The decision to correct the erroneous auto-
mated AIS output is in accordance with the underlying assumptions of the financial
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accounting that are valid for all entities that are obliged to follow the accounting
legislation. In contrast, the decision to use the erroneous automated AIS output indi-
cates people risk resulting in the incorporation of erroneous data into financial state-
ments. In order to make a decision, the respondents were asked a question:

Indicate if you would choose to use the data provided by the system for the preliminary
version of the financial statement prepared for the auditor OR you choose to manually
correct the data provided by the accounting system. Use a scale from 1 to 10 to answer
this question, where: 1-5 indicates “I would use the data provided by the accounting
system for the preliminary version of the financial statement” and 6-10 means that
“I would correct the data provided by the accounting system for the preliminary ver-
sion of the financial statement”.
Marginal responses were:
1 — means that you would definitely use the data provided by the accounting
system for the preliminary version of the financial statements
10 — means that you would definitely correct the data provided by the accounting
system for the preliminary version of the financial statements.
The degree of decisiveness (regarding the use of data or their improvement)
decreases as you approach the middle of the scale.

After the experimental scenario, the respondents were presented with three questions
used as verification of the cause-and-effect relationship between the scenario and the
research outcome

1. Accounting information systems can generate incorrect reporting
information.

2. The workload required to correct the information provided by the accounting
information system may affect the decision of whether accountants will
undertake to correct the information generated in the system.

3. The degree of materiality of accounting data influences the decision to man-
ually correct their recognition in the financial and accounting information
system.

The degree of compliance with the above-mentioned statements was marked by
respondents using a 5-point Likert scale where “1” indicated strong disagreement
and “5” indicated strong agreement. Participants who answered “1” or “2” to at least
two questions were eliminated from the group of respondents.

Finally, respondents were asked about some demographic characteristics such
as gender, experience with AIS, and professional undertakings in the scope of
accounting.

Participation in the study was voluntary, and no remuneration was offered to par-
ticipants. Participants were randomly assigned to four experimental groups.

7.1  RESEARCH RESULTS

We gathered 141 questionnaires collected from Polish accountants working with AIS.
The final number of 138 answers was based on answers to three questions verify-
ing the cause-and-effect relationship between the scenario and the research outcome
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(Table 10.1) and verification of respondents’ declaration in the scope of accounting
education and professional experience with AIS (Table 10.2).

Three participants did not agree with two or three statements presented in
Table 10.1 and were excluded from further analysis. The demographic data of 138
participants are presented in Table 10.2. No differences were found among respon-
dents in the scope of demographic characteristics.

Among demographic data, respondents answered an open question indicating the
name of the AIS software they are working with. Numerous respondents declared
working with SAP, Comarch ERP, ENOVA, or Microsoft Dynamics. Others men-
tioned Insert, Symfonia, Rachmistrz, Optima, or Impuls. All the above-mentioned
accounting software represents automated AIS.

Respondents who proclaimed an experience with automated AIS also in majority
declared professional experience in finance or accounting departments. Most of our
young respondents were women (79.7%) occupying lower-level (37.0%) and middle-
level positions (35.5%), mainly in micro (26.1%) and small entities (25.4%).

We conducted the one-way analysis of variance (one-way ANOVA) to determine
whether there were any statistically significant differences between the means of four
experimental groups. The dependent variable was each respondent’s propensity to
incorporate erroneous data provided by the automated AIS for the preliminary ver-
sion of the financial statement prepared for the auditor. Indicating “1” respondents
showed the decision to withdraw from the correction of the erroneous data found and
confirm the acceptance of erroneous data provided by the automated AIS. In other
words, choosing “1,” their decision was not compliant with the accounting underly-
ing theoretical foundations and the accounting act, thus confirming the people’s risk
due to intentional or unintentional human error. Specifying “10” implied a propen-
sity to correct the erroneous data provided by the automated AIS, that is, specifying
professional decisions in accordance with both the accounting theory and legislature.

TABLE 10.1
Verification questions

N Min Max Mode Mean SD

Accounting information systems can generate 141 1 5 4 3.539  1.186
incorrect reporting information

The workload required to correct the 141 1 5 4 3.829  1.068
information provided by the accounting
information system may affect the decision of
whether accountants will undertake to correct
the information generated in the system

The degree of materiality of accounting data 141 1 5 4 4.028  1.034
influences the decision to manually correct
their recognition in the financial and
accounting information system

Where: 1 — definitely disagree, 2 — disagree, 3 — neither disagree nor agree, 4 — agree, 5 — definitely agree.
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TABLE 10.2
Respondents’ demographic data
Frequency Percentage Frequency Percentage
Professional experience Years of
professional
experience
I have already worked/I 101 73.2 Up to one year 51 37.0
am currently working in
the accounting
department
I have no experience in 16 11.6 From one to four 47 34.1
the accounting years
department, but I have
experience working in
the financial/economic
finance department
I have no experience in 4 2.9 Above five to nine 20 145
accounting, finance, or years
economics
Other (e.g., banking, 2 1.4 Above ten years 20 14.5
insurance)
No experience 15 10.9
Size of entity the
respondent gained his/
her experience Occupied position
0-10 employees 36 26.1 Lower-level 51 37.0
(micro-enterprise) employee
>10-50 employees (small 35 25.4 Middle-level 49 355
enterprise) employee
>50-250 employees 21 15.2 Middle-management 16 11.6
(medium enterprise) employee
>250 employees (large 31 22.5 Top management, 7 5.1
enterprise) owner
Gender of respondents Education
Female 110 79.7 Elementary 1 i
Male 26 18.8 High school 57 41.3
Do not want to inform 2 1.4 Bachelor’s degree 39 28.3
Masters’ degree 41 29.7

Descriptive statistics for all four groups show that the propensity to use erroneous
AIS output is rather low among respondents, as most of them chose to manually
correct the data derived from AIS. When the workload required to correct the data
derived from AIS was heavy, the propensity to use erroneous data was 5.385, while
when the workload was low, the mean was 7.51 (F(1, 137) = 20.493; p < 0.001). The
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TABLE 10.3
Mean propensity to correct the error found for workload and materiality
variables (including standard deviation and N)

Workload Totals
Heavy (2) Low (1) Mean/SD/N
Materiality Mean/SD/N Mean/SD/N
High (2) (3)5.37/2.921/35 (4) 7.55/2.488/34 6.42/3.011/69
Low (1) (1) 5.40/2.982/35 (2) 7.47/2.699/34 6.44/2.913/69
Totals 5.385/2.930/70 7.51/2.577/68 6.43/2.952/138

Where: “1” — 1 would definitely use the data provided by the accounting system for the preliminary version
of the financial statements, while “10” — I would definitely correct the data provided by the
accounting system for the preliminary version of the financial statements.

TABLE 10.4
Two-way analysis of variance results for respondents’ correction decision

DF = degrees of  SS=sumof  MS = mean

Source freedom square square F = F-value Pr>F
Model 3 156.489 52.163 6.738 <0.001
Error 138 1,037.424 7.742

Corrected total 137 R-sq=0.131
TABLE 10.5

Test of hypotheses 1-2 using the type Il MS for the subject as an error term
Source DF Type 111 SS F p
Workload 1 156.342 20.194 <0.001
Materiality 1 0.031 0.004 0.950
Workload x materiality 1 0.118 0.015 0.902

materiality did not influence the propensity to use erroneous data, as the mean was
6.42 when materiality was high and 6.44 when materiality was described as low (F(1,
137) = 0.003; p = 0.954). Table 10.3 also indicates that respondents showed the high-
est propensity to correct output data when the workload was low and the materiality
was high, as the assumption building H3.

The results presented in Tables 10.4 and 10.5 confirm the significance of the
whole model and confirm HI, stating that accountants are more likely to accept
erroneous data incorporated into financial statements when the workload to correct
the automated AIS output is heavy. The results of the experiment do not confirm H2
assuming that accountants will be more likely to accept erroneous data incorporated
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into financial statements when the materiality of the automated AIS output is low.
Results also negate H3 assuming the joint effect of workload and materiality.

In addition, we asked respondents about the most important responsibility that
influences their decision about the use of erroneous data/about the manual correc-
tion of data derived from AIS. Respondents were given three possible answers: legal
responsibility based on the accounting act, employee responsibility towards the
supervisor, and ethical responsibility derived from the code of ethics. There was
also the fourth possibility to write the respondent’s own answer. The overwhelming
majority indicated legal responsibility (n = 103; 74.6%). Similar numbers of respon-
dents decided that employee responsibility (n = 15; 10.9) and ethical responsibil-
ity (n = 17; 12.3%) are the most important for the decision-making process in the
described scenario. Three respondents chose to write that all three responsibilities
are equally important (n = 3; 2.2).

7.2 IMPLICATIONS FOR PRACTICE AND RESEARCH

At present, the work of accountants is inevitably linked to the use of AIS. In times of
numerous business operations, the use of automated systems helps not only to work
faster and more efficiently but also seems the only possible way to embrace all data
about the entity. Thus, deepening our knowledge about the relationship between the
accountant and the AIS seems crucial to find out what the current accounting prac-
tice looks like and what risks are associated with it.

We contribute to the prior AIS and ORM literature by indicating that there exists
an operational risk associated with the misuse of automated AIS output by users — the
accountants in charge of financial statement preparation. Drawing on the advantages
of the experimental method, which allows isolation of the effects of manipulated
stimuli on user responses from other confounding variables and thus unveils relation-
ships, we showed that the propensity to use erroneous AIS output is rather low among
respondents gathered from accounting professionals working in Poland.

Although most of the respondents decided to correct the erroneous data derived
from the automated AIS, we confirmed the main effect of workload, which suggest that
automated AIS can make their users careless, generating an operational risk of data
misuse. Respondents in our experiment showed a higher propensity to use erroneous
data for the preparation of financial statements when the workload required to correct it
was heavy compared to low-workload respondents. Further, we found no statistical sig-
nificance when it comes to the materiality of erroneous data. This experimental finding
is interesting, as the majority of respondents (n = 110; 78%) agreed with the statement,
“The degree of materiality of accounting data influences the decision to manually cor-
rect their recognition in the financial and accounting information system”. It suggests
that although they acknowledge the importance of materiality as one of the qualitative
characteristics of financial statements, they do not pay attention to it when it comes to
decisions about the use of erroneous data, and as a result, workload prevails.

This finding is important for practice, although discouraging. Considering we
haven’t observed any differences among respondents based on their education or pro-
fessional background, it suggests that the management of workload employees work-
ing in accounting departments is important for the quality of financial statements
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produced within the entity. It also suggests that despite the users’ level of education
or professional competence, accountants’ propensity to incorporate erroneous data
into financial statements is affected by the workload only. As follows, we call for a
review of accounting personnel management, especially in the area of the amount of
workload that the accounting personnel experience.

The assessed risk can be described mainly as people risk since it is derived from the
misuse of automated AIS by its users. We did not investigate illegal actions taken by AIS
users, although respondents were aware of the deterioration of the quality of financial
statements in case of incorporating erroneous data into the report. Our results suggest
that although accountants’ propensity to incorporate erroneous AIS output into financial
statements was low, the operational risk can be assessed as people, users of AIS, have
an opportunity to misuse AIS. What is also important is that the misuse showed in our
study is of discrete character which makes it hard to control within the entity.

Further, it can be described as an IT system risk as it is represented by automated
AIS output presenting erroneous data. While we did not investigate in depth when
the automated AIS may give output containing errors, it is important to note that
when it does, there is a risk for the error to transfer to the financial statement. The
approach to connect I'T system risk with other types of risk was voiced before (Fheili,
2011). While ORM should focus on the management of users’ workload, the risk can
also be mitigated by increasing the quality of AIS and its output. When the chance
of automated AIS giving erroneous output lowers automatically, the possibility to
transfer it by AIS users lowers, as they face fewer situations in which they may inten-
tionally or unintentionally do it.

We contributed to the literature on operational risk and ORM firstly by focusing on
operational risk in financial accounting. Up to now, most of the research regarding risk
in accounting has been focused on management accounting (Siti et al., 2011; Michalski,
2009; Soin, Collier, 2015; Hind, Derar, 2021). There is only a few research that focuses
on operational risk in financial accounting (Klamut, 2018; Johnston, Soileau, 2020;
Madu, Hassan, 2021; Mardessi, 2022), but they investigate the financial statement,
which is already published, not the preparation of it. In addition, we contributed to the
literature on ORM by introducing a different method of ORM — an experiment. The
use of experiments in the research allows us to directly include people in the research,
which is important when people’s risk is investigated and even more important when we
examine the risk regarding misuse or faults made by people. The majority of research
on ORM in accounting investigates the issue using secondary data like financial state-
ments or other reports (e.g., Sunaryo et al., 2019; Madu, Hassan, 2021; Mardessi, 2022).
Only a small portion of them include people in the research, but with the use of ques-
tionnaires (e.g., Siti et al., 2011; Hind, Derar, 2021), which is a step forward but missing
the ability to check the influence of specific factors (here, workload and materiality) on
people’s (here users of AIS) decisions.

7.3 STUDY LIMITATIONS AND FUTURE RESEARCH

Our research is not free from limitations that should be considered when interpreting
the above-described results. The first limitation refers to the small number of respon-
dents encompassed in the study as well as their geographical homogeneity. Although
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our subjects were chosen from practitioners of accounting, the results should not be
generalized to the whole population of accountants, although it offers insights into
user misuse of accounting data derived from the automated AIS. The second limita-
tion is linked to the method we used. As with all experimental laboratory studies, the
results might only be valid in a particular setting, that is, in the accounting domain
and should not be generalized to other types of technology. We used self-developed,
simplified scenario of preparation of financial statements with the use of automated
AIS (Maruszewska, Tuszkiewicz, 2023). Limitations of this study open up various
avenues for future research.

First, for future research, this study proposes the use of experimental research
in investigating the human—machine relationship in the scope of AIS. Most past
research focused on the use of IS chooses exploratory factor analysis and/or confir-
matory factor analysis. The result also suggests that multiple empirical approaches
should be simultaneously considered in future research on human—machine relation-
ships and their consequences for practice.

Second, further research can be directed to the role of accountants’ trust towards
output data derived from AIS in the case of automated systems helping in the prepa-
ration of financial statements. Also, studies investigating the subject of automation
within AIS and its relationship with the decision to incorporate erroneous data into
financial statements seem interesting. In our study, we used impairment of receiv-
ables, but there are many other financial statement positions that can result in dif-
ferent behaviour of users of AIS. Regarding AIS, we did not investigate the issue
of when the automated AIS may give erroneous data. Therefore, one of the future
research streams could focus on the improvement of AIS quality and its proper setup
to mitigate the I'T system risk and the possibility of an erroneous outcome. The focus
in research may also be directed towards the use of specific AIS and whether there
are differences in misuse of erroneous data between AIS systems. Future research
could also focus on the approach of AIS users towards technology and possible risk
assessment and mitigation in this area. The possibility of misuse of AIS output can
be influenced by other factors like the approach to using technology (Venkatesh
et al., 2003) or satisfaction from the use of AIS (Maruszewska, Tuszkiewicz, 2021).
Finally, our current research design could be enhanced by introducing further ques-
tions that could suggest ways of mitigating the existing risks as well as modification
of the experiment or using different experiment designs to better assess the risk asso-
ciated with the use of automated AIS. This could be done by introducing different
factors or performing the research in laboratory conditions by inviting the experi-
ment participants and asking them to perform certain actions on specific AIS while
their actions are monitored.

8 CONCLUSION

The study offers insights into AIS users’ propensity to incorporate erroneous data into
financial statements. In line with prior studies, we confirmed the importance of the
human—machine relationship for the successful use of AIS and for high-quality finan-
cial statements. Further, we found that there can be assessed an operational risk associ-
ated with false usage of the automated AIS by the users that can directly influence the
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quality of financial statements produced in the entity. The combination of the wide-
spread use of automated AIS in entities nowadays and the existing need to overwatch
AIS output creates an operational risk that might be hard to measure its likelihood, but
for sure, it can be described in terms of its financial impact on the entity. We hope that
future research can build on the findings of this study and offer greater insights into the
relationship between the user of AIS and the system itself, together with ORM sugges-
tions dedicated to financial accounting and financial statement preparation.

NOTES

1 Refers to the period of extreme stress in global financial markets and banking systems
between 2007 and 2009.
2 More information on specific methods can be found in (Finke et al., 2010).
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’I ’l Machine learning
in analytical
procedures in audit

Anna Karmarnska

1 INTRODUCTION

The widespread use of emerging technologies increases operational efficiencies,
and the complexity and size of organizational information assets are ever-increasing
(Sekar, 2022). This unavoidable process disturbs traditional audits and transforms
techniques of financial analysis. The value of machine learning (ML) in financial
analysis is becoming more apparent each day (Tatsat et al., 2020). The most basic of
technological advancement, Robotic Process Automation, automates an audit pro-
cess such as collecting data, whereas ML uses algorithms and builds models to ana-
lyze data and make correlations and predictions (with human oversight) (Hoggett
et al., 2019).

One of the methods of audit, analytical procedures (APs) refer to a family of rela-
tively inexpensive, expectation-based evidence-gathering tools available to an audi-
tor to efficiently assure financial statements (Kwaku & Leiby, 2014).

The main objective of this study is to examine the usefulness of ML methods for
analytical procedures in the audit of financial statements. For this purpose, an ML
model was developed that predicts the value of costs of social securities and other
benefits based on costs of salaries and wages.

As the model performs the analytical procedure using a simple algorithm, it can
be applied by small audit firms without expert-level knowledge of ML. It is based on
linear regression and the real dataset of firm-year observations of companies listed
on the Warsaw Stock Exchange on Poland. It was implemented with the open-source
programming language Python and its libraries.

The chapter focuses on addressing the following research question: Can ML
models be useful in analytical procedures in an audit? According to the literature
review, there is still an existing gap in the academic papers on this topic. The litera-
ture search, which was performed with the terms “machine learning” AND “audit”
in bibliographic databases: Emerald Management (eight papers) and the ISI Web of
Knowledge (60 papers), clearly confirms the research gap.

The chapter reads as follows: Section 1 is an introduction. The theoretical frame-
work is presented in Section 2. Section 3 is devoted to the literature review. The meth-
odology used in this research is described in Section 4, and the results in Section 5.
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Finally, the discussion is described in Section 6. Finally, Conclusions and policy
implications/recommendations are drawn in Section 7.

2 THEORETICAL FRAMEWORK

A financial statement audit can be defined as the examination of an entity’s financial
statements by an independent auditor (Karmanska, 2022). It is an activity of collecting
and evaluating evidence of financial and non-financial information to report the level of
conformity with established criteria (Setiawan et al., 2021). The purpose is to enhance
the degree of confidence of intended users in the financial statements by expressing an
opinion to the auditor on whether the financial statements are prepared, in all material
respects, by an applicable financial reporting framework (Sifa et al., 2019).

The opinion must be based on relevant and reliable evidence to reduce audit risk
to an acceptable low level. The audit team performs procedures such as inspection,
observation, external confirmation, recalculation, reperformance, inquiry, and ana-
lytical procedures to obtain audit evidence (ISA500.A14-25).

The International Standard on Auditing 520 (ISA 520) and the United States of
America Auditing Standard 2305 (AS 2305) are pertinent to analytical procedures.
The definitions of APs are presented in Figure 11.1.

Analytical procedures include among others the following techniques (Flood, 2020):

e comparisons of the current and comparable prior period(s),

¢ developing expectations among elements of financial information within the
period,

e ratio analysis,

ISA 520 AS 2305

*APs are evaluations of financial
information through analysis of plausible
relationships among both financial and
non-financial data. They also comprise of
consideration of relationships, for
example:

3 among elements of financial
information that would be expected to
conform to a predictable pattern based
on the entity’s experience, such as gross
margin percentages,

3 between financial information
and relevant non-financial information,
such as payroll costs to a number of
employees (ISA.520.A2).

FIGURE 11.1 Definitions of APs.

*APs are an important part of the audit
process and consists of evaluations of
financial information made by a study of
plausible relationships among both
financial and nonfinancial data (Public
Company Accounting Oversight Board
(PCAOB), 2010).

® APs involve:

ecomparisons of recorded amounts, or

eratios developed from recorded
amounts, to expectations developed by
the auditor.

Source: The International Standard on Auditing 520 (ISA 520) and in the United States

of America Auditing Standard 2305 (AS 2305).



234 Analytics in Finance and Risk Management

e trend analysis,

e variance analysis,

e preparation of common-size financial statements, and
* regression analysis: linear and nonlinear.

The analytical procedures can reduce the cost, and increase the efficiency and effec-
tiveness of the audit. The previous studies confirm a significant positive relationship
between the implementation of analytical procedures and the quality of auditors’
reports. For instance, it can be concluded from the results of studies conducted in
Jordan (Al Qtaish et al., 2021) and Iraq (Matrood et al., 2019).

Analytical procedures help identify inconsistencies, unusual transactions or
events, amounts, ratios, trends, and errors, such as duplicate expense claims, unau-
thorized expenditures, incorrect amounts, and suspicious suppliers or invoices that
indicate matters that may have audit implications.

Unusual or unexpected relationships that are identified may assist the auditor in
identifying risks of material misstatement, especially risks of material misstatement
due to fraud (ISA315.A27).

Lachowski, a practitioner with rich experience in audit, noticed that the impor-
tance of analytical procedures has grown in the last 20 years (Lachowski, 2019). The
author sees the reasons for this phenomenon in the increasing volume of business
transactions carried out by enterprises, the development of advanced technologies
for data processing, and the simultaneous pressure to limit the duration and cost of
audits (Lachowski, 2019). Moreover, the author claims that the trend of usage APs
will continue to intensify in the future (Lachowski, 2019).

Another practitioner from the audit firm BDO, Mtynski classifies APs into three
groups (Mtynski, 2015):

e comparison to expectations — it consists of formulating the expected value
for a given phenomenon, based on the knowledge of the entity’s operations
and the environment, the example can be a comparison of monthly costs in
the current and previous year,

e examination of the main dependencies — the auditor must identify the main
processes in the company and the interdependencies between them, the
example can be a relationship between the costs of salaries and wages and
the costs of social security,

¢ tests carried out with the use of advanced statistical tools — they require the
auditor’s advanced knowledge in econometrics and statistics as well as the
use of advanced data processing programs.

According to the author, despite the fact that the usage of advanced statistical tools
provides the best results, namely the highest certainty of detecting anomalies, the
requirements concerning advanced knowledge make that, in practice, the first two
groups of APs are rather used (Mtynski, 2015).

APs are employed throughout the audit process by all audit firms, though auditors
from Big 4 firms are found to use APs to a greater extent than auditors from non-Big
4 firms (Samaha & Hegazy, 2010).
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The application of relevant knowledge and experience (professional judgment) is
essential to the proper conduct of an audit (ISA200.A24). Using professional judg-
ment, the auditor develops expectations by identifying plausible relationships between
items of financial information that are expected to conform to a predictable pattern. For
example, in a production company, the auditor can predict a higher share of fixed assets
compared to a commercial company, in that current assets usually dominate. In the
case of a company that finances its operations with a loan, the auditor expects interest
in the profit and loss account. The margin should depend on the type of products sold,
so the auditor awaits the relationship between revenues from sales and the cost of sold
goods. The effective tax rate should be equal to corporate income tax of 19% or more
in the case of tax non-deductible costs. Another example is seasonality, in periods of
higher sales, inventories and receivables should be also higher.

Auditors use analytical procedures in any stage of the audit such as planning,
execution, and conclusion. In planning, APs are adopted in preliminary analytical
reviews. According to ISA 315, the auditor must perform a risk assessment to obtain
an understanding of the entity’s environment and the applicable financial reporting
framework. For example, the auditor can examine an entity’s financial performance
relative to prior periods and relevant industries (ACCA, 2022). In an essential part of
the audit, APs are used alongside tests of details of classes of transactions, account
balances, and disclosures as substantive procedures to detect material misstatements
at the assertion level. Finally, in the last stage of the audit, the auditor shall design
and perform APs that assist the auditor when forming an overall conclusion as to
whether the financial statements are consistent with the auditor’s understanding of
the entity (ISA.520.6). ACCA recommends four distinct steps inherent in the process
to using the substantive APs (ACCA, 2022), that are presented on Figure 11.2:

The first step is the auditor’s development of accurate and objective prediction of
an amount or ratio, a percentage, a direction, or an approximation. In the next phase,
the auditor should indicate the difference from the expectation that can be accepted
without further investigation. In the third step, the auditor calculates the expected
value and the difference between expected and recorded values. Finally, the auditor
should investigate significant differences and draw conclusions based on the calcula-
tions (ACCA, 2022)

3 LITERATURE REVIEW

Adopting modern technologies is based on the technology acceptance model (TAM)
that indicates two main factors: an individual’s perceived usefulness is the degree to
which a user believes that using the technology will improve the performance and
perceived ease of use — the degree to which a user believes that using the technology
will be free of effort (Davis, 1985).

ML is a key branch of Artificial Intelligence, it can be described as a broad dis-
cipline, that automatically learns correlations, patterns, and trends from historical
data without being explicitly programmed by humans (Huang et al., 2022), while
Supreme Audit Institutions define ML as a field of computer science dealing with
methods to develop (‘learn’) rules from input data to achieve a given goal (Supreme
Audit Institutions of Finland Germany the Netherlands Norway, and the UK, 2020).
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The development of an appropriately precise, objective expectation - a prediction of
a recorded amount or ratio, i.e. a specific number, a percentage, a direction or an
approximation

Definition a maximum acceptable difference (threshold) from the expectation that
can be accepted without further investigation

Computing the expected value and the comparison of with the recorded amounts
to identify the significant difference

Investigation of significant differences and formation of conclusions.

FIGURE 11.2 Four distinct steps inherent in the process of using the substantive APs
(ACCA, 2022).

Source: ACCA (2022). Analytical procedures. https://www.accaglobal.com/my/en/stu-
dent/exam-support-resources/professional-exams-study-resources/p7/technical-articles/
analytical-procedures.html.

The technology of ML ensures powerful tools to isolate and analyze data from
large databases (Damrongsakmethee & Neagoe, 2017). An audit data warehouse
of historical data can be used to construct prediction models, providing suggested
actions for audit procedures (Sun, 2019). These models can be used in analytical
procedures to perform data analysis to understand patterns and make predictions.

Previous studies stipulate numerous benefits of implementing ML in the audit
field. For instance, Ucoglu indicates the following advantages: consistency in
decision-making, the ability to process huge amounts of structured and unstructured
data, shorten the data processing cycle, error reduction and increased reliability
of financial information, and boosted efficiency and effectiveness (Ucoglu, 2020).
Another strength of algorithms compared to human work lies in reducing human
error thus greater precision and accuracy are more probable (Tiron-Tudor & Deliu,
2021). Moreover, the automation of repetitive and redundant tasks significantly
improves audit speed and quality (Dickey et al., 2019).

ML techniques transform the previously used methods of audit. Huang et al. claim
that thanks to ML, it is possible to introduce the approach of full population testing
(Huang et al., 2022). In this way, audit procedures can be executed on entire data
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sets rather than on samples of transactions taken from them. Full population testing
eliminates the risk of sampling and improves audit quality (Huang et al., 2022).

The next significant issue of ML algorithms is enhanced communication with
those charged with governance in an audit of financial statements (Elliot et al., 2020).
Those charged with governance are the persons with responsibility for overseeing
the strategic direction of the entity and obligations related to the accountability
of the entity, for example, members of a management board, and owner-manager
(ISA260.10). According to auditing standards, the auditor shall communicate with
those persons significant findings from the audit (ISA260.16).

By creating complex ML-based models, auditors can also improve financial state-
ment fraud detection. Financial statement fraud can be described as material omis-
sions or misrepresentations resulting from an intentional failure to report financial
information in accordance with generally accepted accounting principles (Hajek &
Henriques, 2017). For another example, Hooda et al. analyzed the annual data of 777
firms from 14 different sectors and surveyed a wide range of ML methods such as
logistic regression, Bayesian methods, decision trees, neural networks, and ensemble
methods to establish a fraud early warning system (Hooda et al., 2018). Their results
demonstrate an accuracy of 93% for suspicious firm classification.

There is also growing literature applying ML to predict economic indicators and
trends. For example, Anand et al. employed a method from machine learning to
generate out-of-sample predictions of directional changes (increases or decreases) in
five profitability measures, return on equity (ROE), return on assets (ROA), return on
net operating assets (RNOA), cash flow from operations (CFO), and free cash flow
(FCF) (Anand et al., 2019). The authors use random forests with classification trees
with a minimum set of independent variables. The classification accuracies are in the
range of 57%—64%.

In another instance, Chen et al. use logistic regression and high-dimensional
detailed financial data to predict the direction of one-year-ahead earnings changes.
Their models show significant predictive power: the area under the receiver operating
characteristics curve ranges from 67.52% to 68.66% and is significantly higher than
the 50% of a random guess (Chen et al., 2022).

Meanwhile, Amel-Zadeh et al. compare a set of ML models in their ability to pre-
dict the sign and magnitude of abnormal stock returns around earnings announcements
based on past financial statement data alone (Amel-Zadeh et al., 2020). The authors
discovered that random forests dominated all other models and non-linear methods
performed better for predictions of extreme market reactions, while the linear methods
were better in predicting moderate market reactions (Amel-Zadeh et al., 2020).

ML technology is also useful in examining specific elements of financial state-
ments such as notes. Neither standard within IFRS gives a uniform format for the
notes. According to International Accounting Standard 1 (IAS 1.112), the notes should
disclose any information required by IFRSs that is not presented elsewhere in the
financial statements and provide additional information that is relevant to an under-
standing. The notes to the financial statements are usually extensive and long, more-
over, results of studies show that the notes are significantly lengthier in the post-IFRS
period (Cheung & Lau, 2016). Sifa et al. propose Automated List Inspection (ALI). It
is a tool that utilizes methods from ML, and natural language processing, combined
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with domain expert knowledge to automate financial statement auditing (Sifa et al.,
2019). According to the authors, the solution matches relevant text passages from the
notes to the financial statement to specific law regulations, and ensures the accuracy
and valuation of the reported numbers. In this way, ML techniques allow the automa-
tion of recurring and time-consuming tasks, which provides auditors more time to
focus on more complex and value-added tasks. The further challenge for authors is
checking the consistency of information both within the notes to the financial state-
ment (Sifa et al., 2019).

According to their authors, all the models described in the above studies bring
benefits in audit and are characterized by a high prediction ability. However, due
to their complexity, in practice understanding, and usage of the models can be dif-
ficult for auditors. Though auditors must possess extensive knowledge of various
fields such as accounting, finance, law, and management, in Poland the qualify-
ing examinations for apprentices do not comprise numerical methods, statistics, or
computer science. Continuously progressing technological development forces the
change of curricula and hence the requirements for auditors. Many researchers indi-
cate the need in the Digital Era 4.0, to pay attention to the knowledge, competencies,
and learning of information technology related to auditing (Setiawan et al., 2021).
Professional organizations, for example, Supreme Audit Institutions (SAls), disclose
the following areas of expertise for auditors:

¢ agood understanding of the high-level principles of ML algorithms and up-
to-date knowledge of the rapid technical developments,

e ability to understand common coding languages and model implementa-
tions, and be able to use appropriate software tools,

e a basic understanding of cloud services (Supreme Audit Institutions of
Finland Germany the Netherlands Norway and the UK, 2020).

The auditor is responsible for the engagement strategy and method selected (Tiron-
Tudor & Deliu, 2021). Though the auditor may use the assistance of the expert, for
example, a data scientist or a programmer, the sole responsibility for the audit opin-
ion expressed rests with the auditor (ISA620.3). Therefore, the auditor should obtain
a sufficient understanding of the field of expertise of the expert, determine the nature
and aims of the work as well as evaluate the adequacy of that work’s results for the
auditor’s purposes (ISA620.10). The above demands indicate that the auditor must
know ML techniques if he or she wants to use them. It is noteworthy that the assis-
tance of external experts is costly and may be beyond the reach of small businesses
due to a lack of resources and competence. According to many authors, one of the
most significant barriers to implementing algorithms is the high cost of their cre-
ation (Tiron-Tudor & Deliu, 2021). Additionally, the incorrect use of technology may
create biases or a general risk of overreliance on the output of the audit procedure
performed (IAASB, 2020).

Generally, ML techniques can be divided into supervised and unsupervised
learning (Dickey et al., 2019). Supervised learning algorithms use labeled examples,
which means that there are inputs with known outputs. Therefore, supervised learn-
ing is used in situations where historical data can be used to predict future outcomes
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(Dickey et al., 2019), while unsupervised learning is adopted where there are no
labels on the output variables (Dickey et al., 2019).

Hoogduin gives some examples of ML techniques in the audit (Hoogduin, 2019).
As unsupervised learning, it can be the clustering of financial statement ratios or
journal entries (Hoogduin, 2019). The most widely known supervised technique is
regression analysis, which may be deployed among others in the analysis of deprecia-
tion charged against the historical cost of fixed assets, interest expense against the
balance of long-term debt, or a margin analysis between revenue and cost of sales
(Hoogduin, 2019).

Claudiu et al. examine the audit procedures and potential of ML algorithms and
tools that can be used to enhance the quality of the financial statement audit (Claudiu
et al., 2018). According to the authors, ML algorithms are beneficial in risk assess-
ment, analytical procedures, substantive procedures, and tests of controls. For exam-
ple, in analytical procedures, ML techniques of regression can be used in predicting
the value of expenses and revenues as well as raw materials consumptions expecta-
tion to detect unusual amounts in financial statements (Claudiu et al., 2018).

Artificial intelligence systems based on ML models are currently under rapid
development, with successful applications (Supreme Audit Institutions of Finland
Germany the Netherlands Norway and the UK, 2020).

Although undoubtedly, ML is the future of audit, costs to develop and deploy
the technology can be high. For instance, EY reports a US$10b investment plan
for the years 2022-2024 to strengthen audit quality, through the implementation of
technology-driven innovations in risk-based and other audit procedures, including
the detection of fraud (Lloyd, 2021).

Especially audit firms from the Big 4 developed machine learning tools that are
used for fully automated audits (in certain areas, such as cash audits), data analysis,
risk assessment, and extracting information from unstructured documents such as
contracts, pictures, and photos (Ucoglu, 2020).

As Handoko notices that audit firm size provides reinforcement in the affect in
the context of technology and in the organizational context in the implementation of
machine learning in auditing (Handoko, 2021). The author claims the big four audit
firms are common with larger budgets than small firms, therefore greater invest-
ments can be used to provide support for technology adoption (Handoko, 2021).

Therefore, it is essential to develop ML models available for small audit firms with
tight budgets. Such models should be designed for auditors with some knowledge of
quantitative methods and based on open-source software.

4 METHODOLOGY

This research presents the fundamental knowledge on the design and implementation
of a machine learning model based on selected algorithms tested on the real dataset
of firm-year observations of companies listed on the Warsaw Stock Exchange.

The objective of this study is to develop an ML model to predict the value of the
costs of social security and other benefits from the value of salaries and wages.

The model was implemented with the programming language Python. Thanks to
its popularity, flexibility, and rate of adoption, Python is often the preferred language
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for ML development (Tatsat et al., 2020). In the study, many available open-source

libraries and packages to support machine learning techniques were employed,

among others: Pandas, NumPy, and Scikit-learn. Pandas is a library for data manip-

ulation and analysis, NumPy allows many high-performance operations on single-

dimensional and multidimensional arrays, while Scikit-learn offers a wide range of

algorithms and utilities used in ML (Pedregosa Fabian et al., 2011; Tatsat et al., 2020).
The steps used in the research are the following:

e problem definition,

* load the data and packages,

e data preparation (data cleaning, data transformation),
* data analysis (calculation statistics, visualizations),

» splitting the sample into training and test sets,

e using training data to fit a model,

* making predictions based on the data,

e computing accuracy of the prediction (score),

e identification of anomalies.

The accounting records of costs are characterized by the occurrence of a high volume
of similar transactions. When examining costs, the main aim of the auditor is to
answer the following questions (Fedak, 1998):

1. Have the costs been presented completely, in the right amount, and in the
appropriate period?
2. Have the costs been classified as a proper item in the profit and loss account?

To answer the first question the auditor usually carries out the substantive analytical
procedures. When the data set is large, APs may be more effective and efficient than
substantive tests of details (Appelbaum et al., 2018).

Undoubtedly, employee benefits are significant expenses in enterprises. Labor
costs are the sum of gross wages and salaries (including advance personal income
tax payments and contributions to compulsory retirement, disability, and sickness
insurance paid by the insured employee) and non-wage expenses (including employ-
ers’ retirement, disability, and accident insurance contributions as well as further
training expenses, expenditures on occupational health and safety, social benefit
funds) incurred by the employer to recruit, maintain, retrain and train further staff
(Statistics Poland, 2021).

The primary form of employment in Poland is a fixed-term employment con-
tract based on the Labour Code (consolidated text, Journal of Laws of 2020, item
1510). However, due to the principle of freedom of contract in Poland, civil law con-
tracts (a contract of mandate and a specific-task contract) is a popular flexible form
of employment, especially for young people. The flexible forms are attractive for
employers because they do not provide employees with any protection or rights guar-
anteed by the Labour Code and the lower tax wedge associated with these contracts
stems from various regulations on social security contributions (Lewandowski &
Magda, 2017).
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The Act of 13 October 1998 on the social insurance system (consolidated text,
Journal of Laws of 2022, item 1009) regulates social insurance contributions in Poland.
The employer (payer) is obliged to pay social insurance contributions based on the
gross consideration using the following rates (The Social Insurance Institution, 2021):

e old-age pension insurance 9.76%,

 disability pension insurance 6.5%,

e and accident insurance 0.67%-3.33% (a differentiated rate for various
groups of activities).

Additionally, depending on the circumstances such as age and occupation, the
employer also pays contributions to Labour Fund 2.45%, Guaranteed Employee
Benefits Fund 0.1%, Bridge Pension Fund 1.5%, and Employee Capital Plans 1.5%.
To summarize in 2022, the contribution paid by employers for a fixed-term employ-
ment contract is within the range of 16.93% to 25.14% of the gross salary. For civil
law contracts, the calculations are more complicated as some contracts are exempt
from social security, for example, students up to the age of 26, copyright fees, and
contracts for specific work.

According to Statistics Poland, in 2020 the main components of labor costs were
personal wages and salaries at 81.1% and other costs at 18.9%, of which social insur-
ance contributions accounted for 14.7% (Statistics Poland, 2021), i.e., on average
the social insurance costs and other benefits constitute 22.3% costs of salaries and
wages. Based on the above numbers, a thesis was formulated that there is a linear
relationship between the costs of salaries and wages and costs of social securities and
other benefits.

Simple (univariate) linear regression is a popular technique commonly used in
widely studied and applied models across many fields and disciplines (Raschka,
2015). It is also used in this study to build the model that predicts the value of costs
of social security and other benefits based on the value of costs of salaries and wages.

Regression is a process of predicting continuous values using previously labeled
data. The relationship between the dependent variable and the independent vari-
able or variables is defined in terms of a straight line. In determining the variables,
the auditor will use knowledge of the client and previously audited historical data
(Flood, 2020). Additionally, in developing regression models, the auditor also may
use external independent variables, such as gross national product, disposable net
income, unemployment rate, and so on (Flood, 2020).

The linear regression formula is as follows:

social _ security _costs = B, + B, salaries _wages

In the ML algorithm, the relationship is trained on historical data. The regression
analysis predicts the value of social security costs and other benefits and can help
auditors identify unexpected outliers and anomalies.

The study employs a sample from the Notoria online database. It is a database
containing an updated, standardized format of financial statements for all companies
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TABLE 11.1

Description of variables

Variable Definition

Ticker Unique series of three letters assigned to a security for trading purposes
Market GPW is the main WSE’s regulated market

NC — NewConnect, is the WSE’s alternative trading platform for smaller and
start-up issuers

Sector A general field of business

Year Reporting period

Framework Financial reporting framework
Local — the Act of Accounting
IFRS

salaries_wages Value of gross salaries and wages

social_security_costs ~ Social security and other benefits costs

share social_security_costs/salaries_wages

Source: own elaboration based on analyzed data.

listed on the Warsaw Stock Exchange (WSE) (Notoria Oferta, Dane Finansowe Dla
Inwestorow, 2022).

In the study, only the standalone financial statements were used. The data from
consolidated financial statements were omitted in order not to duplicate the values.
The second reason for the choice was that in the Notoria database, there were more
statutory financial statements than consolidated ones. The bank and insurance sec-
tors were not included in the developed model due to specific accounting principles
and divergent forms of financial reporting. The financial statements were prepared
both according to the local Polish rules (the Act of Accounting) and the International
Financial Reporting Standards (IFRS). The vast majority of observations (99.5%)
come from companies registered in Poland, in addition in the sample, there were
observations from Germany, Cyprus, the Czech Republic, Estonia, and Luxembourg.

The data was downloaded from the database on 20.08.2022. The data of each
company is in a separate Excel file, but the uniform format of spreadsheets allowed
for automatic processing. The labor costs are presented in the Profit and Loss Account
in the variant by function in two separate lines of operating expenses as salaries and
social security and other benefits. Those lines were copied along with others such as
ticker, market, sector, and year, to the file with observations.

The variables used in the study and their descriptions are presented in Table 11.1.

5 THE RESULTS

Initially, 27,360 firm-year observations were in the sample. However, in the next
phase of cleaning data, observations with missing data were removed from the sam-
ple. Data is the basis upon which an ML model is designed and performed, therefore
low-quality data can lead to incorrect decisions and unreliable analysis. In addition,
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some variables, such as salaries_wages, and social_security_costs were converted
to numeric values and the variable share was calculated as the relationship between
social_security_costs and salaries_wages. Finally, the sample consisted of 5,236-
year observations from the period 2003 to 2022. In the sample, there is a total of
758 firms from 90 different sectors. To simplify the analysis, each observation was
assigned to one of 11 sectors based on the Global Industry Classification Standard
(GICS) (MSCT, 2022).

The next, very important, step is Exploratory Data Analysis (EDA). It always
precedes machine learning algorithms (Raschka & Mirjalili, 2019). EDA involves
graphics and numerical summaries and visualizations to explore data and identify
potential relationships between variables.

Table 11.2 presents a description of the sample. A limited number of observations
are made from the years 2003 to 2008, due to missing data the observations were
removed from the sample. However, thanks to data homogeneity and a small popu-
lation of observations from 2003 to 2008, quite large differences in the number of
observations between years did not affect the research results. Additionally, the aver-
ages of the relationship between social_security_costs and salaries_wages (variable
share), for market, years, and sectors were calculated.

The differences in the average share for sectors can be observed (Table 11.2). In
Poland, in some industries for instance information technology or communication
services, there are popular civil law contracts such as copyright fees, which are not
subject to social security; therefore the average variable share is lower.

Table 11.3 presents the statistics of the numeric variables used in the study. A high
variance indicates that the collected data has higher variability, i.e., the data is gener-
ally further from the mean.

Figure 11.3 shows the scatterplot matrix. It is a grid of several scatter plots of
numeric variables that includes individual scatter plots for every combination of vari-
ables and shows the relationships between them.

Additionally, Figure 11.4 presents the fragment of the chart scatter plots for a
combination of variables.

Figures 11.3 and 11.4 demonstrate the linear relationship between variables: sala-
ries_wages, and social_security_costs. In further analysis, the heatmap was used
to plot rectangular data as a color-encoded matrix (Figure 11.4). Additionally, to
measure the linear correlation between salaries_wages and social_security_costs,
the Pearson product-moment correlation coefficient was employed. The results pre-
sented in the heatmap (Figure 11.5) indicate that variables: salaries_wages and
social_security_costs have a statistically significant strong linear relationship of
0.879, (p < 0.01). The direction of the relationship is positive (i.e., variables are posi-
tively correlated), meaning that these variables tend to increase together (i.e., greater
social_security_costs are associated with greater salaries_wages).

The normality assumption was not tested, as training a linear regression model
does not require that the explanatory or target variables are normally distributed
(Raschka & Mirjalili, 2019).

The subsequent step is to divide the sample into two subsamples: the training
sample serves to fit the model, and the test sample is used to evaluate the predictive
ability of the model.
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TABLE 11.2
The description of the sample
Number of firm-year % of
Variable observations observations Average of share
Market
GPW 1,847 35.28 16.68
NC 3,389 64.72 15.45
Year
2003 2 0.04 11.00
2004 11 0.21 17.34
2005 11 0.21 17.39
2006 8 0.15 13.96
2007 10 0.19 9.73
2008 42 0.80 13.01
2009 123 2.35 14.76
2010 252 4.81 15.17
2011 317 6.05 15.94
2012 350 6.69 15.03
2013 350 6.69 16.13
2014 447 8.54 1591
2015 479 9.15 15.57
2016 486 9.28 16.43
2017 492 9.40 16.87
2018 483 9.23 16.05
2019 472 9.01 16.84
2020 452 8.63 15.49
2021 443 8.46 15.17
2022 6 0.11 19.89
GISC sector
Consumer discretionary 399 7.62 13.35
Consumer staples 359 6.86 19.71
Energy 170 3.25 16.49
Materials 406 7.75 19.96
Industrial 445 8.50 19.53
Healthcare 349 6.67 14.64
Financial 910 17.38 14.66
Information technology 930 17.75 14.14
Real estate 636 12.15 16.65
Communication services 514 9.82 13.27
Utilities 118 2.25 18.28
Financial reporting standard
Local 3,651 69.73 15.71
IFRS 1,585 30.27 16.27

Source: own elaboration based on analyzed data.
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TABLE 11.3
The statistics of the numeric variables used in the study
salaries_wages social_security_costs share
N 5,236 5,236 5,236
Mean 18,919.66 4,373.29 0.16
Variance 12,563,036,820.49 1,831,906,026.01 0.02
Std 112,084.95 42,800.77 0.12
Min 0.55 0.00 0.00
25% 379.72 37.10 0.11
50% 1,343.40 184.35 0.17
75% 4,564.35 768.45 0.20
Max 2,992,000.00 1,257,000.00 5.32
Source: own elaboration based on analyzed data.
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FIGURE 11.3 The scatterplot matrix.

Source: own elaboration based on analyzed data.
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FIGURE 11.4 The fragment of the chart scatter plots for a combination of variables.

Source: own elaboration based on analyzed data.
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FIGURE 11.5 The heatmap.

Source: own elaboration based on analyzed data.
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One of the most important issues in developing supervised ML models is suf-
ficient separation between training and testing (validation) data. When a part of the
data is used both for shaping the model (during the training phase) and verifying the
performance of the model (during the testing or validation phase), the performance
metrics of the model will be inflated (Supreme Audit Institutions of Finland Germany
the Netherlands Norway and the UK, 2020). Such a situation leads to ‘overfitting’
i.e., a loss of performance of the model on new data. As the testing dataset is not a
part of the dataset used to train the model, it provides a more accurate evaluation.
In practice, the most commonly used splits into training and testing sets are 60:40,
70:30, or 80:20, the split depends on the size of the initial dataset (Raschka, 2015).
The model is trained on these training data (80% of the sample — 4,203 observations)
and then tested on the independent new sample (20% of the sample — 1,033 obser-
vations) of testing data. To avoid overfitting the model, the split should guarantee
randomness. A mask was created to select random rows of firm-year observations.

Afterward, the model is trained to predict the outputs using the package scikit-
learn (Pedregosa Fabian et al., 2011). The model fits a linear with parameters: coeffi-
cient , and intercept B, to minimize the residual sum of squares the observed targets
in the dataset, and the targets predicted using the linear approximation.

The model is as follows:

social_security costs =—1,280.81190291+0.31646039 * salaries _wages

Figure 11.6 presents the linear regression as the red line for all samples, while
Figure 11.7 shows the fragment of the chart.
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FIGURE 11.6  The linear regression.

Source: own elaboration based on analyzed data.
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In the next step, the accuracy of the regression model was calculated. Evaluation
metrics play a crucial role in the development of the model as they are a measure of
how well a model performs and how well it approximates the relationship (Yashwanth,
2020). They also indicate areas to be improved. In ML regression techniques, dif-
ferent evaluation metrics are used to evaluate the accuracy of the model. However,
the most common are: Mean Absolute Error (MAE), residual sum of squares (RSS),
and R-squared that were calculated in the study. The results, presented in Table 11.4,
confirm that the goodness of fit is high. It means that the values expected based on
the model are close to the observed.

The mean absolute error (MAE) is the mean of the absolute values of the indi-
vidual prediction errors over all instances in the test set. Each prediction error
is the difference between the true value and the predicted value for the instance
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FIGURE 11.7  The linear regression.

Source: own elaboration based on analyzed data.

TABLE 11.4

The model evaluation metrics

Metrics Value
The mean absolute error (MAE) 2,275.002
The residual sum of squares (RSS) 301,537
R-squared 0.916

Source: own elaboration based on analyzed data.
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FIGURE 11.8 The violin plot for variable share.

Source: own elaboration based on analyzed data.

(“Encyclopedia of Machine Learning,” 2010). The larger the number the larger
the error, for the model MAE is equal to 2,275.002. The residual is the difference
between the actual and predicted value (Yashwanth, 2020), therefore the residual
sum of squares measures the amount of variance in a data set that is not explained
by a regression model. For the model, the residual sum of squares (RSS) is equal to
301,537. Finally, R-squared is a goodness-of-fit measure of the performance of the
model. If R-squared is high, then the model represents the variance of the dependent
variable (Yashwanth, 2020). The value of R-squared shows how close the data points
are to the regression line. If they are very close to the fitted regression line, then the
model accounts for a good amount of variance, thus resulting in a high R-squared
value (Yashwanth, 2020). For the model, R-squared was equal to 0.916. It means
that 91.6% of the variance in the dependent variable social_security_costs can be
explained by the independent variable salaries_wages.

The last phase of the procedure is anomaly detection. For this purpose, the outli-
ers, i.e., observations extremely high or low were identified for the variable share. In
the case of continuous variables, one of the methods is to use the interquartile range
(IQR), an outlier is any observation that is more than 1.5 IQR away from the first or
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third quartile (Walker, 2020). For the analyzed sample this distance is within the
range —0.0286 < 0.3392. As the variable share takes only a positive value, the outli-
ers are observations with a variable share higher than 0.3392. In the sample, there
are 66 such observations with a variable share higher than 0.3392, which represents
1.26% of the whole group. All outliers that were identified by the auditor should
be reviewed and explained in detail. The outliers can be presented on the violin
plot, which joins a box plot and a kernel density plot, and shows peaks in the data
(Figure 11.8) that indicates outliers.

6 DISCUSSION

This study explores the use of ML algorithms for analytical procedures in audits.
Both academia and as well as practitioners agree with the statement that ML algo-
rithms and models are essential and beneficial in audits. However, often the models
proposed by scientists are comprehensive and require advanced specialistic knowl-
edge, which is a significant barrier for audit firms (Lachowski, 2019; Mtynski, 2015),
especially for small ones. Therefore, there is a need to create and promote simple,
easily understandable, and low-cost ML models. In this way, it is possible to encour-
age auditors to implement emerging technologies that assist in a higher-quality audit
process.

This study aimed to develop such an ML model, which can be used in ana-
lytical procedures performed by auditors to predict the value of the position of
financial statements and detect outliers. For this purpose, the most widely known
and least complicated machine-learning technique was chosen, namely regression
analysis.

The advantages of the developed model include, among others:

e versatility, as the model was developed and tested on observations from
the period 2003 to 2022, data from all markets and sectors (except banks
and insurance companies) was used, and the financial statements in the
sample were prepared under the local and international financial reporting
framework,

* intuitiveness, simplicity of construction, and easy interpretation due to
employed linear regression,

* no-cost, as an open-source programming language and its libraries were
used to develop the model,

* high accuracy of the model — R-squared was equal to 91.6%, i.e., 91.6%
of the variance in the dependent variable social_security_costs could be
explained by the independent variable salaries_wages.

The model predicts relationships among two elements of financial information
within the period. However, it can be expanded into more variables, including non-
financial information. Further research lies in the area of developing, for particular
sectors, more comprehensive ML models based on non-linear regression that can be
used for auditors in conducting analytical procedures in different areas of financial
statements.
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7 CONCLUSIONS AND POLICY IMPLICATIONS/
RECOMMENDATION

Disrupting technologies such as ML brings significant changes for the audit profes-
sion. Thanks to the employment of algorithms, auditors can increase efficiency and
reduce risk. The Big 4 firms: Deloitte, EY, KPMG, and, PwC are reporting usage of
ATl And ML applications in areas such as audit planning risk assessments, tests of
transactions, analytics, and the preparation of audit work papers (Karmanska, 2022;
Munoko et al., 2020). The chapter presents an example of using one of the ML algo-
rithms for analytical procedures. Analytical procedures are used to obtain relevant
and reliable audit evidence and can be more efficient than in reducing the risk of
material misstatements at the assertion level to an acceptably low level (ACCA,
2022). One of the techniques of analytical procedures is regression analysis. It is
a popular and uncomplicated algorithm used in machine learning. The aim of this
study is to examine the usefulness of ML methods for analytical procedures in the
audit of financial statements. The developed ML model based on linear regression
predicts the value of costs of social securities and other benefits based on costs of
salaries and wages and detects outliers with high accuracy (R-squared 91.6%).

The insights are likely to be of interest to different users of financial statements.
First of all, the study can be useful for audit practitioners to understand the meaning
of ML and its role to improve audit efficiency and effectiveness. To a greater extent,
it can be interesting for auditors from smaller audit firms, because it shows the pos-
sibility and benefits of implementing simple and cost-effective ML models.

Second, the accountants and managers can use the study to create models to ver-
ify items of financial statements and accounting vouchers in the books.

Third, the government and regulatory bodies such as Social Insurance Institutions
can use the findings of the study to develop ML models-targeted interventions aimed
at firms that are more susceptible to avoidance of paying social contributions.

Fourth, investors can use machine learning models to predict future financial
trends using the data from the financial statements.

Fifth, for academia, the study expands the science of machine learning in the
audit. In addition, the study indicates a methodology that allows other researchers to
explore the patterns in the big set of data.

However, the findings have to be interpreted in light of certain limitations. The
main one concerns constraints of machine learning algorithms. While ML offers an
innovative approach to problem-solving in various fields and domains that require
processing a large amount of data, one should be aware of its potential limitations
and pitfalls. The main problem of ML models is related to the lack of good-quality
data. The ML techniques need a big amount of reliable data for efficient analysis,
training, and performance. Lack of high-quality data means significant reduction in
the model’s accuracy and can lead to inadequate outcomes. Therefore, before using
the data the audit team should assess its reliability by considering the source and
the conditions under which it was gathered, as well as other knowledge that may
have about the data (Public Company Accounting Oversight Board (PCAOB), 2010).
The next concern of ML is related to the bias at any level of development of the
models, the inherent error can come from various sources: data collection, retrieval,
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processing, etc. It can be also observed as a risk of overconfidence in the use of
automated tools and techniques in audits (Karmariska, 2022). It should be underlined
that adoption of ML does not eliminate the need to exercise the auditor’s professional
judgment and skepticism. The emerging technologies can increase audit efficiency
but do not replace human-powered creativity, experience, and critical thinking.
Finally, the algorithm is trained on a historical dataset as input to predict new output,
but the output may not reflect past events.

Further limitations are related strictly to the research. The first one is the fact that
despite the existence of many ML techniques and algorithms, the study focuses only
on one of them. The other limitation concerns the fact that this study focuses mainly
on companies listed in Poland.

After a thorough analysis, the following recommendations are hereby made:

1. The policymakers and professional bodies should verify legal provisions
and standards in the field of accounting and audit to reflect the challenges of
the increasing use of automated tools and ML techniques.

2. More emphasis on the education of accountants and auditors, chang-
ing universities’ curricula, STEM (Science, Technology, Engineering,
Mathematics) should be imperative.

3. Small audit firms should require specialized knowledge, invest in new tech-
nologies, and implement ML models; otherwise, they may lose their com-
petitive advantage.
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'IZ Application of advanced
tools to bolster the
business performance
of companies in
the new normal

Subhash Chander Arora and Vinod Kumar Singh

1 INTRODUCTION

In this digitalized world, the use of automated and advanced tools like Artificial
Intelligence (Al), Machine Learning (ML) and blockchain technology is getting
increased acceptance so as to better serve the market demands (Enholm et al.,
2021). In layman’s language, the concept rotates around coming up with machines
and systems that operate like humans (Makarius et al., 2020). The term was
first coined by John McCarthy in the year 1956 to define scientific and technical
knowledge of developing smart computer programs so as to carry out activities of
visualization, decision-making, language translation, answering queries, navigat-
ing journey, speech recognition thereby reducing human workload (Mikalef et al.,
2021).

Today, these terms have common parlance (Figure 12.1), social experts are study-
ing the legal and ethical implications of these tools to run the business enterprise;
engineers and computer scientists are working tirelessly to develop new algorithms
whereas people from management background are more concerned about the effect
of such technologies on customers, competitors, firms, logistics and market response
(Boukherouaa et al., 2021). In order to increase the market competitiveness, com-
panies are reengineering their existing products and services, reconsidering their
business strategies and have been identifying attractive business prospects that may
result in significant advantage through the deployment of AI (Campbell et al. 2020).

Al is being viewed as an innovative technology with potential to change the com-
pany’s prevalent business model and organizational system (Lee et al., 2019). It prom-
ises numerous advantages for organizations in terms of added business value (Mishra
& Pani, 2020). However, to understand the notion of Al, it is necessary to first under-
stand the two terms individually. Intelligence can be defined as one’s ability to learn,
reason, understand and comprehend things (Lichtenthaler, 2019). Artificial, on the
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other hand, refers to anything created by humans, rather than occurring naturally in
the external environment (Mikalef & Gupta, 2021).

By bringing these two terms together, Artificial Intelligence (AI) can be described
as building machines especially computer programmes capable of simulating or
performing actions or tasks without human intervention (Wamba-Taguimdje et al.,
2020). Thus, Al is a technology of making machines learn from actions over a period
of time and take decisions on your behalf. The machine is able to do the job of a
human without any manual intervention (Zheng et al., 2017). Al includes program-
ming computers for certain qualities such as information processing, giving logic,
solving problems, studying behavioural patterns, self-learning and strategizing, etc.
(Collins et al., 2021).

An example of this is the chatbots that helps clients, customers at banks and other
corporate offices through voice and text display interface (Castillo et al., 2020). This
includes conversational intelligent agents such as Cortana, Apple’s Siri and Amazon’s
Alexa which provide the ease of making phone calls, controlling other smart home
devices like light bulbs and playing music or providing necessary update/news/
information on voice commands (Prentice et al., 2020). But Al is not just a chat-
bot installed to improve customer affairs, it is much more than that and influences
not just the business model but the entire operating paradigm of an organization
(Riikkinen et al., 2018).

Another word that is commonly used and frequently mixed up with Al technology
is cognitive technology (Zheng et al., 2017). According to Bytniewski et al. (2020),
cognitive technologies mimic or duplicate human thought and behaviour, giving com-
puters the capacity to think and behave much like people. Moreover, prior knowledge
of the popular belief that such technologies should function as augmentation agents
for tough and time-consuming tasks is necessary (Mikalef & Gupta, 2021).

1.1 BACKGROUND OF THE PROBLEM

Al is being used in manufacturing to provide services to banking and fintech indus-
tries (Duan et al., 2019) and in varied disciplines such as tourism, hospitality, market-
ing and psychology to name a few (Alsheibani et al. 2018). The tool has the power
to help companies redefine the ways in which they used to function, create ground-
breaking products or services for their customers and change the overall experience
of various stakeholders operating in the market (Enholm et al., 2021). Today, com-
panies are incorporating Al systems into their operations and managerial activities
due to increased digitalization in the form of IT-enabled infrastructure which can
ultimately lead to enhanced market value (Afiouni, 2019). Tough times during the
past two years necessitated companies to embrace, imbibe and weave Al ecosystem
into their business functioning and strategies (Boukherouaa et al., 2021).

Although past studies identified and studied different facets of Al implementation
in different segments ranging from banking industry to fintech companies, limited
literature was extracted in terms of its application in the context of companies operat-
ing in other diverse fields such as manufacturing and other operations-based organi-
zations. Technology giants worldwide and concerned leaders are still understanding
how AI works and how it can be used in their own domain. Moreover, much work
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has been carried out in technology-rich and other advanced economies like those
of Europe, Japan, USA and South Korea. Therefore, what is the present state of Al
adoption in a developing country such as India and how it can act as a boon in the
functioning of a company came to the attention of this venture. By investigating the
potential of these tools for Indian business houses, the study can fulfil the existing
gap in AI-Business relationship in the Indian market. Moreover, actual benefits from
these technologies can only be reaped if one has desired knowledge of their applica-
tion and consequences.

2 REVIEW OF LITERATURE AND PROPOSED WORK

Organizations are incorporating new methods, processes and technologies so as to
ensure their long-term survival (Soni et al., 2020). Implementation and upgradation
of innovative tools like Al and other informatics science into the company is being
catalyzed by many factors working simultaneously (Sestino & De Mauro, 2022).
This brings us to the question as to what are the things that make companies go for
AT adoption in their internal and external processes.

One thing is clear and predominant, that the nucleus for Al is data and to make
sense of this data, companies are increasingly resorting to business analytics (BA)
which not only helps in generating actionable insights but also makes organizations
ready for any discrepancy based on market requirements (Fosso Wamba et al., 2015).
This BA involves the use of advanced capabilities and technologies to collect, trans-
form and analyze data to support better decision-making (Ashrafi et al., 2019). The
concept is not new but has recently re-emerged as a new and important research
direction for the development of capabilities to handle big data. Past researchers have
demonstrated a positive relationship between BA and organizational performance
(Ramanathan et al., 2017). Studies by GE and Accenture argued that almost 90% of
global firms believe in Al-driven systems and models to guard against volatile ten-
dencies of the market and to stay competitive (Delen & Zolbanin, 2018).

Furthermore, the term Big Data is used for data sets that are enormous or large
in size (Mariani & Wamba, 2020). These data sets are information assets with char-
acteristics like high variety, large volume and great velocity and require distinct and
varied processing so as to support better decision-making, generate new insights and
optimize business processes (Fosso Wamba et al., 2015). Big data has gradually pen-
etrated all walks of life and has become an attractive avenue for scholarly research.
Al can process these large amounts of information at a high speed that goes beyond
humans’ cognitive capabilities (Jarrahi, 2018). The purpose here is to bring Al and
human expertise together for better efficiency and synergy with little intent to replace
humans with AI (Schmidt et al., 2020).

Besides data that is beyond manual handling, there are other aspects like infra-
structure and external environment which lead to the deployment of Al into busi-
nesses (Pumplun et al., 2019). To handle this data in an apt manner, the organizations
primarily need two things: state-of-the-art processing infrastructure and advanced
algorithms (Alsheibani et al., 2018; Wamba-Taguimdje et al., 2020). But, it is possible
that many of the companies do not have timely access to all these required resources,
therefore, large companies such as Google and Microsoft have started to provide



Application of advanced tools 259

this infrastructure facility (Google Cloud Al) for machine learning over the cloud
(Borges et al., 2020). This mechanism allows other organizations to have online
access to the necessary infrastructure for deploying Al within their own premises.

Further, intense competition or serving customers better than others also catalyze
the process of Al adoption in the macro environment (Demlehner & Laumer, 2020;
Pumplun et al., 2019). In order to preserve the intended competitive advantage, a firm
must respond to changes in the external environment (Roberts & Grover, 2012). In
order to improve customer experience over time, firms are driven to acquire cutting-
edge IT tools and/or innovations in order to maintain the desired competitive edge
(Ashrafi et al., 2019). With the availability of resources, every firm is trying to grab
the attention of potential customers in the market by putting their own products as
superior to others (Chatterjee et al., 2021). Thus, organizations must continuously
respond to such dynamics so as to preserve their position in the minds of the custom-
ers (Dedrick et al., 2013).

2.1 Al TECHNOLOGIES

Automation, data analytics and Natural Language Processing (NLP) are among the
top applications of Al (Enholm et al., 2021). People are no longer required to under-
take repetitive activities as a result of automation (Davenport et al., 2020). It frees up
employees’ time to focus on higher-value work by completing monotonous or error-
prone tasks. Data analytics allows organizations to gain insights that were previously
non-existent or inaccessible due to limited capacity, by discovering new patterns and
correlations in data (Ramanathan et al., 2017).

A crucial part of most Al systems, that is, the learning process takes the form
of ML, which is based on statistics, algebra and decision theory (Canhoto & Clear,
2020). A branch or application of Al techniques that is frequently employed by com-
mercial businesses is machine learning (Baier et al., 2019). It gives the systems the
capacity to autonomously learn from experience and get better without explicit pro-
gramming. The majority of the most recent technological successes including self-
driving cars, digital assistants, robotics and other smart home gadgets are the result
of advances in ML, particularly deep learning algorithms (Boukherouaa et al., 2021).

The business world is changing very fast and people are optimistic about the impor-
tance of Al to their enterprises over the next few years (Ransbotham et al. 2017).
A study by MIT in 2018 revealed that 58% of corporations believed Al would sig-
nificantly change their business models by 2023 (Gupta, 2022). AI/ML systems, being
argued as a force of disruption (Davenport & Ronanki, 2018) are reshaping client expe-
riences, interpersonal communication, investment decisions and borrowing and lend-
ing interface through automated mortgage underwriting and identification of clients
(Khandani et al., 2010). The technological revolution is transforming the functioning
of business enterprises in terms of employee efficiency, cost savings through automa-
tion routes, better product offerings, fraud detection and risk management, operational
efficiency and other regulatory compliances (Alsheibani et al. 2018).

The COVID-19 pandemic has further fuelled the intake of AI technologies in
the commercial sector (Sahay et al., 2020). Banks are gaining by adopting Al tools
in their processing of loan applications, underwriting services, risk management,
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FIGURE 12.1 Popularity of related terms among web users between 2010 and 2019 (Sestino
& De Mauro, 2022).

strengthening oversight procedures and detection of fraudulent activities (Riikkinen
et al., 2018).

Businesses today are getting heavily reliant on AI and ML tools on account of
the enormous data that is at their disposal (Enholm et al., 2021). Al has the poten-
tial to carefully and successfully analyze this large amount of data, minimizing
human error in interpreting this data and providing useful insights to understand
future developments (Makarius et al., 2020). Besides, it has the potential to upscale
operational and employee efficiency, trim down safety risks at the premises, enable
better decision-making and come up with tailor-made solutions for individual clients
(Lui & Lamb, 2018). Business houses, big or small, are incorporating the Al-enabled
technologies in their day-to-day operations and back-office related activities almost
uncompromisingly (Roh et al., 2019). Major applications include sales increase and
prediction, profit maximization, inventory management, security, fraud detection
and portfolio management (Eriksson et al., 2020).

Machine learning can be either shallow or deep (Wang et al., 2019). Shallow-
structured learning architectures are the most traditional where the system learns
from the data described by predefined features (LeCun et al., 2015). In contrast, deep
machine learning or deep learning, can derive structure from data in a multi-layered
manner (Afiouni, 2019). What differentiates deep learning from more traditional
machine learning is the use of an artificial neural network architecture (Wamba-
Taguimdje et al., 2020). Neural network solutions refer to the human brain’s func-
tionality by imitating human neurons (Schmidt et al., 2020).

Some other key Al technologies that have been studied in empirical studies include
Natural language processing where Al systems can communicate by understanding
and generating human language (Jarrahi, 2018), it is beneficial because it empowers
search engines to be smarter, chatbots to be more helpful and boosts accessibility
for those with disabilities such as hearing impairments; Image recognition where
facial and signature recognition is being used to carry out the due diligence process,
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identify and verify the customers, strengthening systems security (Enholm et al,
2021); Speech Synthesis System which includes text-to-speech and speech-to-text
solutions (Lichtenthaler, 2019).

Today, most of these technologies are used in combination with machine learn-
ing or deep learning to provide industry-based solutions. For instance, in the case of
chatbots, language models are being built using both semantic analysis and machine
learning (Baby et al., 2017). The functionality enabled through NLP allows chat-
bots to understand and communicate using the human language. On the other hand,
machine learning algorithms facilitate chatbots to learn and evolve as they get access
to more data (Castillo et al., 2020).

2.2 APPLICATION OF Al TOOLS AND CAPABILITIES

As already discussed, the discipline of Al could be defined as a set of studies and
techniques, dealing with computer science and mathematical aspects of statistical
modelling, carrying significant economic and social implications, aimed to create
technological systems capable of solving problems and carrying out tasks and duties,
normally attributable to the human mind (Wamba et al., 2017). The capability of
acquiring large sets of data from the environment and processing it with said tools is
changing the corporate sector landscape (Dhanabalan & Sathish, 2018). Al is a cru-
cial growth factor for multiple sectors across all industries and enables companies to
know and address weaknesses, build upon their strengths and improve their teams’
skill sets (Sestino & De Mauro, 2022).

2.2.1 Risk and compliance management

Recent developments in AI/ML are altering the scope and functioning of technology
in regulatory compliance (Financial Stability Board, 2020). In reaction to regulatory
tightening and increased compliance costs in the aftermath of the Harshad Mehta
scam of 1992, Satyam scandal in 2009 and Global Financial Crisis of 2008, regula-
tory technology has grown in prominence. For the most part, compliance and report-
ing processes have been digitized using technology (Zetzsche et al., 2017). But recent
developments in AI/ML are redefining risk and compliance management by utiliz-
ing large data sets, frequently in real time and automating compliance judgments
(Boukherouaa et al., 2021). As a result, there has been a major improvement in com-
pliance quality and cost reduction. Due to the significant expenses associated with
human selection, AI and ML are replacing human analysts in executing corporate
tasks (Ransbotham et al., 2017). Al is built on ML which continuously learns new
things and help in improvising the previously time-consuming tasks (Boukherouaa
et al., 2021).

2.2.2 Forecasting

Novice algorithms’ data sets are being used for forecasting macro-economic exter-
nalities, meeting customer demands, foreseeing payment capacity, monitoring busi-
ness conditions and other financial variables and their inter-relationships (Vidgen
et al., 2017). Compared to conventional statistical or econometric models, they typi-
cally perform better (Khandani et al., 2010). This is utilized in the financial industry
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in areas including credit risk assessment, determining risk appetite and tracking the
movement of economic and financial factors (Bolhuis & Rayner, 2020). Expert sell-
ers and sales companies are rethinking the balance between humans and machines in
sales. Automation by Al is already affecting sales and will continue to do so (Kumar
et al., 2019). According to a study by Harvard Business Review, companies using Al
for sales can increase their leads by more than 50%, reduce call time by 60%-70%
and have cost reductions of 40%—60%. Artificial intelligence enables the creation of
automated and accurate sales projections based on all client interactions and histori-
cal sales results (Kleinings, 2022). Moreover, Al aids in lead prioritization. These
tools help sales professionals prioritize customers based on their probability to con-
vert (Malthouse et al., 2013). With AI, the algorithm can rank the opportunities or
leads in the pipeline based on their chances of closing successfully by compiling
historical information about a client and social media postings and the salesperson’s
customer interaction history (Chatterjee et al., 2021).

Such AI/ML technologies could assist in more precise monetary and macropru-
dential policies, enhance internal operations and help banks better comprehend eco-
nomic and financial events (Lui & Lamb, 2018). Additionally, they might be able to
foresee the development of systemic problems, strengthen the framework for risk
management and hasten crisis response (Boukherouaa et al., 2021). Despite these
potential advantages, using AI/ML processes for policymaking should still be done
with caution. In order to make better-informed policy decisions, banks and other
financial institutions have concentrated their experiments and research on enhancing
their ability to foresee short-term events and monitor market sentiment (Khandani
et al., 2010).

However, there are challenges especially in case of non-traditional data with
social media content, browsing history and others (Malthouse et al., 2013). A number
of issues are raised by the use of non-traditional data in financial forecasting includ-
ing the governing legal and regulatory framework, ethical and privacy implications
and data quality in terms of cleanliness, accuracy, relevance and potential biases
(Rana et al., 2022).

2.2.3 Transferability of funds

The application of these tools is also influencing the investment environment of the
business enterprises. Managing finance is a challenging task in the materialistic
world for people and business houses. But this problem won’t exist any longer due to
emergence and utilization of Al and its enabling technologies in the fund manage-
ment field (Ashta & Herrmann, 2021).

Conventional technology is already helping the companies and institutions in
managing their big data and high trading activities but modern tools are reshaping
the interaction interface between the respective parties leading to product custom-
ization, tailor-made portfolio management, risk quantification, enhanced efficiency,
better decision-making in terms of analytics and cost reduction due to enhanced
automation (Mikalef et al., 2021). This is especially true in the case of evolution
of BHIM UPI which makes the transferability of funds easier and convenient and
other digital platforms which provide the ease of monitoring various lucrative invest-
ment opportunities (Riikkinen et al., 2018). The application of Al has proved to
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be successful in many other areas such as providing automated customer support,
claims management and financial advisory services (Dhanabalan & Sathish, 2018).

2.2.4 Anomaly and/or fraud detection

Algorithms can be applied to detect rare items, outliers and/or missing/incomplete
data. In the financial sector, issues related to insider trading, fraudulent use of credit
card and insurance policy manipulation are some of the identified applications
(Chandola et al., 2009). Giant organizations have excess funds to manage on a regu-
lar basis (Ashta & Herrmann, 2021). There are continuous inflows and outflows and
thus companies resort to Al-enabled technologies so as to avoid financial pollution
(Rajamohan & Dhanabalan, 2013). Al is the topmost technology that comes with
security and fraud detection techniques (Yigitcanlar et al., 2020). It can be used to
assess the earlier spending pattern and behaviour of an individual towards various
transactions and from which it would identify the odd behaviour such as whether
there has been any attempt to take out the money unusually from an account which
is in a state of query (Ashta & Herrmann, 2021).

2.2.5 Prudential supervision

In their risk-based supervision process, many supervisory agencies and corporate
houses are actively investigating the usage of AI/ML systems (Rana et al., 2022).
There is a place for AI/ML, especially in data collecting and data analyses, even if
decisions will ultimately depend on the supervisors’ judgment (Financial Stability
Board, 2020). With AI, managers can get more information from any sort of data and
use that information to make more informed, data-driven decisions. Al can notice
patterns that humans miss, improving the effectiveness of supervision. By alert-
ing managers to irregularities in real time, it can help improve supervisory agility
(Ashrafi et al., 2019). Furthermore, Al-powered solutions for supervisory technology
can deliver predictive analyses that have the potential to raise the standard of super-
vision (Roberts & Grover, 2012). Despite all of its potential, AI/ML is not a panacea
and human judgement and an organization’s risk culture will always play a major role
in how well supervision works (Boukherouaa et al., 2021).

AI/ML in micro-prudential supervision could enhance the evaluation of risks in
business and financial institutions such as credit and liquidity hazards, governance
and risk culture allowing supervisors to concentrate on risk analysis and other futur-
istic assessments (Yudkowsky, 2008). Risks and trends could be assessed at the sec-
toral level improving the quality of macro-prudential supervision (Roberts & Grover,
2012). For market surveillance objectives, AI/ML systems are also used to look for
collusive behaviour and price manipulation in the securities market (Mizuta, 2022).
Moreover, the resultant impact of Covid-19 in the form of distant working also drives
authorities to regulate remote supervision so as to sustain corporate efficiency.

2.2.6 Effective promotional campaigns

To improve operational efficiency while increasing customer experience, many orga-
nizations and marketing teams are rapidly adopting intelligent technology solutions
such as AI (Vidgen et al., 2017). This permits marketers to attain beneficial customer
insights, automatize everyday assignments and enhance workflows (Davenport et al.,
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2020). By evaluating piles of data about the consumers, business can leverage Al
to forge more personalized experiences (Kumar et al., 2019). The compilation and
analysis of past purchase behaviour patterns and previous on-site activities and inter-
actions can help deduce a defined customer persona (Hair, 2007). Al instruments
help produce email content and personalized documents using algorithms that look
at a subscriber’s website experience and browsing data history (Mikalef et al., 2021).
This saves a lot of time for the business by recognizing what areas the marketing
team should focus upon (Eriksson et al., 2020). ML algorithms also help identify
the products or the content for your business displays to match the buyer’s interests,
diminishing the product return rate (Kumar et al., 2019).

With Al, marketers can acquire a deeper insight into their target consumers
(Chatterjee et al., 2021). The data obtained can then be utilized to increase conversions
while also reducing marketing teams’ workload. While Artificial Intelligence is still
far from being able to construct whole new websites, it can assist in improving the visi-
tor experience on a website through intelligent personalization (Kleinings, 2022). In
search engine optimization, the term “search volume” informs us of how many people
are searching for specific terms and phrases while looking for items or services. ML
algorithms are now being used to gain a better grasp of the intent behind search term
usage as well as the substance of searches (Malthouse et al., 2013).

Additionally, AI may be used to analyze attitudes, views and feelings about a spe-
cific good or service (Jelonek et al., 2019), which is becoming increasingly important
for businesses as it allows them to gain in-depth knowledge about how their clients
view their products (Bytniewski et al., 2020). Al can be used in public relations to
track social media and forecast media trends (Galloway & Swiatek, 2018). Al can be
used in marketing to categorize clients based on their tastes and lifestyles (Mishra &
Pani, 2020). Al is utilized in the fashion industry to predict future trends, antici-
pate consumer behaviour and improve recommendation systems (Wamba-Taguimdje
et al., 2020). Better market and consumer targeting enables businesses to give one-
to-one marketing by tailoring the mutual experience (Afiouni, 2019; Mishra & Pani,
2020). As a result, AI improves marketing accuracy and effectiveness by focusing
on the proper target market. Companies might offer products that stop customers
from leaving, forward specialized services or tailored deals which satisfies needs and
leads to customer satisfaction (Schmidt et al., 2020).

2.2.7 Customer being priority

Businesses work hard to ensure that consumers appreciate their experience with
an organization or service and want to tell others about it (Chatterjee et al., 2021).
Promptly resolving issues is one of the most efficient ways to keep customers happy
(Hair, 2007). But, for scaling businesses, this may be challenging as more and more
requests come in. As a result, businesses are introducing Al into customer service
teams to enhance the customer service experience (Kumar et al., 2019). Chatbots,
powered by Al, as front-line customer service agents can help organizations handle
jobs, fix issues and even communicate with potential consumers (Kleinings, 2022).
Al-powered chatbots can assist a vast number of consumers 24/7 without a human
employee. Using chatbots as a first encounter can assist in identifying consumer needs
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and guarantee that they get connected to the right people (Galloway & Swiatek,
2018). At the same time, it can cut down on wait times and the amount of time that
customer service agents spend answering the same questions (Wang et al., 2022).

On the other hand, voice-bots reduce the number of calls and are capable of lis-
tening to the caller, interpreting their mood and detecting the seriousness of the situ-
ation (Baby et al., 2017). An Al voice-bot, similar to a chatbot, may be trained to
offer responses to common questions on its own, much like a chatbot but in a speech
format. Because they are capable of understanding queries, they may also be used
to improve call categorization and make sure that callers get connected to the most
appropriate department (Wang et al., 2022).

2.2.8 Usage in operations

The use of Al in Business Operations (AIOs) helps many organizations tread the
path toward a successful digital transformation (Enholm et al., 2021). What’s more,
the need for corporate agility made operations complex, making it challenging for
humans to keep up (Ashrafi et al., 2019). AIOs help with this by automating certain
processes and freeing up staff time for higher priority projects. Businesses can save
a lot of money with an Al application that employs machine learning (Gupta, 2022).
Al can automate cybersecurity and software maintenance tasks. It can also detect
possible threats faster than humans, potentially saving companies from cyber-attacks
(Lee et al., 2019). Al applications help IT staff with maintaining the organization’s
systems and keeping things running smoothly. Globally, businesses are actively
adopting advanced technology. Business processes are being automated by first digi-
tizing them and then allowing users to use apps based on new technology, whether
it is in banking, travel, healthcare or e-commerce (Miller, 2018). The use of robotics
and blockchain technology can assist with managing information, process efficiency
and reducing IT operational friction (Ransbotham et al., 2017).

2.3  RisKS UNDERWAY

AT has been acknowledged as revolutionary with its ability to change business world
dynamics (Rana et al., 2022). However, the concept is not free from drawbacks and
the integration of Al into organizational activities heralds the emergence of new
obstacles and difficulties (Duan et al., 2019). Businesses that rely on cutting-edge
methods should exercise caution when implementing AI/ML procedures into their
daily operations (Vidgen et al., 2017). This is due to the fact that the application of
AI/ML depends on the availability of substantial amounts of timely, high-quality
data (Lichtenthaler, 2019). Additionally, even though businesses devote time, energy
and resources to the adoption process, the benefits of Al may not materialize as
anticipated (Makarius et al., 2020). The employment of Al, therefore, has a number
of negative effects beyond only skewed results including black-box algorithms, secu-
rity issues, lack of transparency and accountability, harm to society and the envi-
ronment and concerns about systems’ security (Yudkowsky, 2008). Several current
instances demonstrate that with a lack of proper governing Al policies, serious and
unwanted repercussions are bound to occur (Keding, 2020).
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2.3.1 Privacy of data

Consider the example of digital watches these days that capture the human body’s
blood pressure level, oxygen level, heartbeat rate and pulse rate besides providing
time. The beauty of data science is that the company manufacturing these watches
can record the individual data for each of these watches and can trade this data with
some third party like insurance companies. These insurance providers, with the help
of data analytics, can then decide the premium to be charged from different custom-
ers on predetermined health parameters.

Here, businesses must exercise caution and protect the privacy of customer and
employee data (Lee et al., 2019). As a result, companies’ ability to fulfil their social
obligations will face numerous new obstacles as a result of the deployment of Al
(Kumar et al., 2019). Other instances include bigotry and discrimination-related
issues. When designing and training AI/ML systems, human bias has the potential to
introduce bias into the algorithms. There have been numerous news stories on biased
Alresults involving racial and gender prejudice (Vigdor, 2019; Zuiderveen Borgesius,
2020). For instance, Amazon found that its internal hiring tool was excluding female
candidates because it was programmed to favour men over women in previous hiring
choices. Such outcomes may negatively impact the companies’ reputations and can
result in customer defection and huge financial losses including those imposed by the
government in the form of compensations, fines and penalties (Engler, 2021).

2.3.2 Clustered data

The landscape of processing and analyzing data has been completely changed since
the dawn of this century. The calibre of the data itself is an important part of the data
utilized to train the Al (Baier et al., 2019; Lee et al., 2019). Having high-quality data
is essential for making accurate forecasts (Alsheibani et al., 2018). Al is data-based,
thus if the underlying data is prejudiced or discriminatory, the outputs may also be.
Al systems do not comprehend the inputs they receive or the outputs they produce
(Keding, 2020). According to Lee et al. (2019), the guiding concept of Al is “garbage-
in, garbage-out”, which states that if loaded data is of poor quality, so will be the
insights produced by the AI, making them useless in the context of organizational
goals. Locating and cleaning up these many data sources, then combining them with
already existing Al systems needs special attention (Davenport & Ronanki, 2018).

2.3.3 Cyber security

Adoption of these advanced technologies widens the risk of potential attacks and
introduces new, distinctive security dangers (Rana et al., 2022). AI/ML systems are
susceptible to novel vulnerabilities in addition to the usual cyber threats from human
or software errors. The uses of Al have allowed researchers to accomplish a lot of
good. However, Al systems can be employed maliciously or even dangerously if, in
the wrong hands (Boukherouaa et al., 2021). These attacks concentrate on changing
data at a certain point in the AI/ML lifecycle to take advantage of built-in limitations
in AI/ML algorithms (Comiter, 2019). Such manipulation enables attackers to avoid
detection and causes AI/ML to make poor judgment calls or gather/produce irrel-
evant data (Mizuta, 2022). The intricacy of ML models and the potential effects they
could have on financial sector institutions necessitate ongoing oversight to ensure
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that such malware attacks are noticed in due time and prevented accordingly (Collins
et al., 2021).

Along with general cybersecurity worries, the other unique cyber dangers to Al/
ML malfunctioning can be roughly categorized into: Data poisoning — By including
unique samples in a machine learning algorithm’s training data set, data poisoning
attacks seek to alter the algorithm’s behaviour during the phase (Enholm et al., 2021).
The AI will improperly learn to categorize or recognize information as a result of
these attacks. Data poisoning attacks necessitate privileged access to the model but
once carried out successfully and provided the malicious behaviour does not inter-
fere with routine diagnostic testing, compromised models may be invisible to human
oversight; Input attacks allow attackers to manipulate data inputs using manipulated
algorithms to trick Al systems while they’re operating; Model extraction or model
inversion allows attackers with read-only access to the model to recover pre-existing
inputs or data using model inversion assaults (Rana et al., 2022). The General Data
Protection Regulations passed by the EU fails to address these kinds of concerns
(Boukherouaa et al., 2021).

Moreover, regulators in the banking sector are growing more concerned about
cybersecurity related to AI/ML. Cyber dangers from Al and ML could jeopardize
the financial sector’s integrity and trust (Fosso Wamba et al., 2015). The ability of
the financial sector to effectively assess, price and manage risks could be compro-
mised by corrupt systems, which could result in the accumulation of hidden systemic
problems (Miller, 2018).

2.3.4 Rigid culture

Job automation is generally viewed as the most immediate concern, especially for the
employees. It’s no longer a matter of if Al will replace certain types of jobs, but to
what extent (Dedrick et al., 2013). In many industries particularly but not exclusively
where workers perform predictable and repetitive tasks, disruption is well underway
(Demlehner & Laumer, 2020). According to a Brookings Institution study, 36 million
people work in jobs with “high exposure” to automation, meaning that before long,
at least 70% of their tasks ranging from retail sales and market analysis to hospitality
and warehouse labour will be performed using Al (Gupta, 2022).

Machines are being used instead of humans to take more efficient decisions
(Mishra & Pani, 2020). The implementation of Al may modify the roles of the orga-
nization’s employees because in many of these situations, people were in charge of
doing these routine activities. The adoption of Al is a difficult process that involves
numerous organizational and technological challenges (Enholm et al., 2021). The
abilities of the organization’s human resources are crucial to the application of Al
(Nam et al., 2019).

Negative impressions can cause digital transformation to be stiff and to become
lifeless (Lichtenthaler, 2019). Prior thoughts in the form of the intricate nature of Al
can invite new risks (Lee et al., 2019). According to a study, a company’s culture
might have a significant impact on the decision to implement Al (Mikalef & Gupta,
2021; Pumplun et al., 2019). Healthy organizational cultures are more likely to adopt
Al technologies because they are passionate about and eager to capitalize on novel,
opportunistic ideas (Mikalef & Gupta, 2021). However, forceful implementation of
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such tools, the absence of skilled workforce or apprehension of existing employees
to technology adoption can have serious negative outcomes for the organizational
productivity (Enholm et al., 2021).

2.3.5 Trust issues between human and technology

It has been demonstrated that Al systems can automate manual operations or carry
out actions that mimic human intellect (Zheng et al., 2017). Employees would have
to collaborate or make choices using Al technology. They must therefore have faith
in the AI system and comprehend how it functions in order to draw conclusions
(Makarius et al., 2020). Building trust between people and robots can be challeng-
ing since human—machine interaction is a complex process. Thus, employee faith
in Al implementation can be a barrier to its implementation with employees show-
ing strong resistance to change for the sake of technology (Enholm et al., 2021).
Increased tensions, disagreements and sentiments of mistrust towards the technology
itself as well as towards the top management units that support its deployment are
anticipated to result from the introduction of Al and the replacement or relocation of
a number of conventional employment roles (Huang et al., 2019).

Further, if left unchecked, it’s possible for AI’s imperfections to cause physical
harm. Let’s look at self-driving cars, an Al application that is beginning to take
hold in today’s automobile market. If a self-driving car malfunctions and goes off-
course, that poses an immediate risk to the passenger, other drivers on the road and
pedestrians. This is going to put the functioning of automobile makers who are man-
ufacturing Al-enabled vehicles in deep peril. Therefore, the twin challenges of man-
aging the people within the organization in dealing with Al and ensuring successful
corroboration between users of technology and the technology itself deserves careful
attention (Yigitcanlar et al., 2020). The security issues here could be enhanced in
light of the culmination of AI/ML opacity (Rana et al., 2022).

2.3.6 Increased regulations

The use of AI/ML by the supervisory team is important to carefully assess the
risks and challenges that come with authority (Lichtenthaler, 2019). Data standard-
ization, quality and completeness will be necessary for AI/ML-driven supervision
to be effective, which could be difficult for management and regulated institutions
to achieve, especially when using non-traditional sources of data like social media
(Financial Stability Board, 2020). Resource and talent shortages could make it
difficult for supervisory agencies to use AI/ML in an efficient and secure manner
(Ashrafi et al., 2019).

Data scientists and experts in AI/ML could be added to the workforce to address
this. Finally, implementing AI/ML systems exposes managers to dangers like
those related to embedded bias, privacy, cybersecurity and outcome explainability
(Boukherouaa et al., 2021). Stakeholders may regard bias as a possible source of
operational and reputational issues given that it may develop as an unexpected
result of AI/ML systems (Mayson, 2019). Therefore, appropriate plans need to be
chalked out to properly mitigate and detect biasedness, ensure robustness of algo-
rithms and risk management in terms of operational framework for the organiza-
tion (Miller, 2018).
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Computer programs that systematically and unfairly discriminate against some
people or groups of people in favour of others are known as embedded bias (Friedman &
Nissenbaum, 1996). Processes utilized by AI/ML for customer categorization may
be biased due to differences in pricing or service quality (Silberg & Manyika, 2019).
AI/ML models can learn to be prejudiced by using biased methods and data sets
which frequently leads to bias in choices made by these systems (Rana et al., 2022).
Data biases, such as incomplete and erroneous information may increase financial
exclusion and foster mistrust of technology, especially among the poorest (Sahay
et al., 2020).

Explainability of AI/ML systems outcomes is an important but complex and multi-
faceted issue, particularly when used in the financial sector (Arrieta et al., 2020). These
applications are being described as black boxes because they are not easy to compre-
hend, they are not directly explainable by the user, their inputs might be unknown and
they are an ensemble of models rather than a single independent model (Guidotti et al.,
2019). This characteristic could make detection of the appropriateness of ML decisions
difficult and could expose organizations to vulnerabilities such as unsuitable modelling
techniques or incorrect decision-making with potential to undermine the trust factor in
a dynamic business environment (Silberg & Manyika, 2019).

Stronger explainability, however, could make it easier for outsiders to decipher
and manipulate the algorithms, posing concerns for the entire financial system
(Huang et al., 2019). As a result, there is a trade-off between model explainability
which refers to the model’s ability to approximate various functions and model flex-
ibility, which is directly tied to the model’s parameter count (Guidotti et al., 2019).
Compared to linear models, which generate results that are straightforward to inter-
pret but are less accurate, ML models are more adaptable and accurate but less expli-
cable (Boukherouaa et al., 2021).

In May 2018, the General Data Protection Regulations (GDPRs) were enforced by
the European Union to regulate activities such as processing of personal data of citi-
zens living in Europe and Scandinavian countries. As a result of this new rule, busi-
nesses using Al solutions struggle to upload or disclose the personal data gathered for
use in training their intelligent robots (Pumplun et al., 2019). To comply with these
new regulatory restrictions, many data sets must be anonymized, which makes the
employment of sophisticated, self-learning algorithms more challenging or perhaps
impossible (Pumplun et al., 2019). Explaining the reasoning behind AI/ML-based
financial decisions is becoming an increasingly critical problem (Ashta & Herrmann,
2021). GDPR makes AI deployment more complicated (Baier et al., 2019), which
may prevent Al from being gradually adopted. The intellectual property involved in
Al algorithms and the data are further legal considerations that may prove to be bar-
riers to the adoption of Al (Baier et al., 2019; Demlehner & Laumer, 2020).

2.3.7 Financial instability

Businesses that lack in-house skills or are unfamiliar with Al often have to outsource,
which is where challenges of cost and maintenance come in (Duan et al., 2019).
Due to their complex nature, smart technologies can be expensive and businesses
can incur further costs for repair and ongoing maintenance (Dhanabalan & Sathish,
2018). The computational cost for training data models can also be an additional
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expense (Soni et al., 2020). Moreover, financial stability concerns regarding the Al/
ML algorithms’ resilience in the face of structural changes and increased intercon-
nection due to a disproportionate reliance on a small number of AI/ML service pro-
viders may potentially surface (Rana et al., 2022).

In the event of significant and abrupt changes in the input data leading to the
breakdown of established correlations (especially in response to a crisis), these
sophisticated models and the underlying algorithms may not perform well, poten-
tially leading to inaccurate decisions with unfavourable effects for business and
financial institutions or their clients (Boukherouaa et al., 2021). To protect the finan-
cial system’s integrity and safety, strong governmental responses will be needed in a
time bound manner (Sahay et al., 2020).

In addition, ML algorithms are still vulnerable to abrupt structural changes in the
data caused by unforeseeable events and the inaccuracies that arise could reduce the
effectiveness of an institution, such as a bank’s capacity for crisis monitoring and
reaction (Afiouni, 2019). The acquisition of accurate and representative data as well
as security issues may offer difficulties for various sectors (Bolhuis & Rayner, 2020).
If the concerned companies lacked the tools and expertise necessary to operate Al/
ML properly or to reduce the dangers involved, these worries would only grow.
Other difficulties can include the costs in installing the necessary infrastructure,
hiring right and capable employees and relying on external partners in providing the
required expertise and assistance (Lui & Lamb, 2018).

In a recent paper, the European Commission outlines seven crucial factors
that businesses should take into account when using Al applications (European
Commission, 2019). These include characteristics like openness of Al applications,
accountability, safety and security, societal and environmental well-being, design for
universal access, as well as human agency and oversight which go beyond factors like
data sensitivity. The rationale behind incorporating such things is to maximize pub-
lic welfare and minimize the potential risks being faced by organizations in terms of
data revolution (Arrieta et al., 2020).

3 THE DISGUISED SIDE OF Al SYSTEMS AND REMEDIES AHEAD

The tech community has long debated the threats posed by artificial intelligence.
Automation of jobs, the spread of fake news and a dangerous arms race of Al-powered
weaponry have been proposed as a few of the biggest dangers posed by Al (Borges
et al., 2020). Moreover, the high success of these processing applications and the
resultant benefits can further bridge the digital distance between the developed and
developing countries such as USA and India respectively (Yigitcanlar et al., 2020).
These economies lack the requisite investment and are lagging behind in terms of
access to research and human resources (Dedrick et al., 2013). To close this gap,
policymakers will need to create a framework built on four major policy pillars:
infrastructural investment, conducive business environment policy, skill investment
and risk management framework (International Monetary Fund, 2020).
Collaboration between nations and between the public and private sectors may be
able to reduce the threat of a growing digital divide (Dedrick et al., 2013). Global ini-
tiatives have so far called for cooperation on investing in digital infrastructure, such
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as the creation of norms, to avoid ethical hazards linked with AT (UNESCO, 2021).
Multilateral organizations could be crucial in information transfer, capital-raising,
capacity-building and facilitation of a peer-learning strategy that can help strengthen
digital policy efforts in emerging economies of Asia and Africa (Jelonek et al., 2019).
In a similar vein, less developed and underdeveloped economies might be added to
the membership of globally recognized Al groups like the Global Partnership on
Artificial Intelligence and the OECD Network of Experts on AI (OECD, 2019).

Despite the possibility of bias in AI/ML systems, they might be able to lessen
current prejudices (Duan et al., 2019). As per the study conducted by Mayson (2019),
AI/ML systems might lessen decision makers’ irrational biases since ML algorithms
can minimize biases that result from the subjective interpretation of facts. Miller
(2018) pointed out that despite being prone to embedded bias, Al systems can none-
theless enhance decision-making by reducing human prejudice. Finally, even though
many AI/ML systems may be seen as being opaque to humans and being beyond
their comprehension, their prediction and decision-making processes can be exam-
ined more thoroughly than those by other individuals, allowing for the identifica-
tion and correction of any biases that may already exist (Jarrahi, 2018). By creating
and implementing a larger framework for the governance and moral application of
AI/ML, policy responses to embedded bias issues in AI/ML applications could be
enhanced (Boukherouaa et al., 2021).

The financial sector’s regulatory perimeter for cybersecurity standards should be
widened to include cyber threats specifically related to AI/ML (Duan et al., 2019). It
should be mandatory for developers and users of AI/ML applications in the financial
sector to implement mitigating measures as part of their overall cybersecurity strat-
egy (Keding, 2020). These can include methods for detection and reporting, strong
safeguards for training data streams and measures to protect the privacy of models
and data (LeCun et al., 2015).

AI/ML raises new, distinct privacy concerns. There are well-known privacy risks
with big data, and technologies have been created to help safeguard data anonymity
and data subjects’ privacy (Fosso Wamba et al., 2015). To address these issues, legal
data policy frameworks are being implemented all around the world (Yudkowsky,
2008). However, the ability of AI/ML models to effectively stop data leaking from
the training data set presents fresh privacy issues (Roh et al., 2019). Similarly, after
using the data, AI/ML may remember details about the training set’s participants, or
the model’s conclusions may infer or explicitly reveal private information (Wamba
et al., 2017). More work is needed to update the legal and regulatory framework that
mandates AI/ML systems and related data sources to adhere to enhanced privacy
standards as well as pertinent anti-money laundering/combating the financing of ter-
rorism requirements (Boukherouaa et al., 2021).

Strong AI/ML algorithms will protect financial stability and the integrity of the
financial system while also fostering public confidence in an Al-driven financial sys-
tem (Lui & Lamb, 2018). Given the relatively low concentration of AI/ML service
providers and the insufficient oversight capacity in many countries to effectively
engage financial institutions utilizing AI/ML systems, this is particularly critical
(Khandani et al., 2010). In order to guarantee the robustness of ML models with
respect to cyber threats and privacy protection, as stated above, as well as with respect
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to their performance, a joint effort by industry and regulators would be needed (Baier
et al., 2019). The latter deals with concerns linked to having an adequate governance
system in place for the AI/ML development process and avoiding misleading signals
produced by ML models during times of structural upheaval (Borges et al., 2020).

In a data environment that is largely stable and generates reliable signals, AI/ML
systems have done well in the financial sector, but this might swiftly alter during
times of fast structural depletion (Sahay et al., 2020). In an environment that is suffi-
ciently stable, AI/ML models can reasonably take into account changing data trends
without suffering a large loss in forecast accuracy (Chatterjee et al., 2021). When
the structure of their data environment changes or when a formerly trustworthy sig-
nal loses its reliability or when behavioural correlations significantly change, they
are faced with a more difficult task (Davenport & Ronanki, 2018). A good example
is the newly noted misalignment of AI/ML-generated risk evaluations during the
COVID-19 epidemic. ML models’ performance was significantly impacted by the
crisis because they weren’t initially trained for it (Enholm et al., 2021).

For the development of AI/ML systems, new governance frameworks are required
to increase prudential monitoring and prevent unforeseen outcomes (Gupta, 2022).
Given how much the process of developing AI/ML systems resembles that of devel-
oping software, effective quality control and process agility are needed (Wang et al.,
2019). The procedure might cover every stage of development, testing and deploy-
ment while concentrating on the pertinent risks and controls. The best practices of
software development such as the separation of roles and ongoing monitoring should
be followed while conducting tests for inherent bias, data tainting, other security
threats and performance (Zetzsche et al., 2017).

Though their impact on financial stability has not yet been completely determined,
the broad adoption of AI/ML technologies in the financial sector has the potential to
be transformative (Ransbotham et al., 2017). As mentioned above, AI/ML systems
may bring increased efficiencies, better risk assessment and management, appropriate
pricing, improved regulatory compliance and new tools for prudential surveillance
and enforcement, all of which will positively affect financial stability (Canhoto &
Clear, 2020). However, due to the opaqueness of Al decisions, these systems pose
new and distinct hazards like manipulation of information, vulnerability issues, pri-
vacy concerns and lack of robustness (Collins et al., 2021). These risks undermine
public confidence in the honesty and security of a financial system powered by Al
and ML (Galloway & Swiatek, 2018).

Additionally, they have the potential to create new systemic risk sources and chan-
nels (European Commission, 2019). More specifically, because of the high degree of
specialization in AI/ML systems and the network effects that could make the finan-
cial system more susceptible to single points of failure, AI/ML service providers
could become systemically significant players in the infrastructure of the financial
market which might give birth to unexpected systemic risks throughout economies
(Financial Stability Board, 2020). Therefore, democratization of Al is needed so as
to build a pool of experts and technology-savvy engineers to narrow the skill gap and
to take care of any future contingencies.

Additionally, the extensive application of AI/ML may make financial conditions
more procyclical (Comiter, 2019). The procyclicality may be automated, accelerated
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and maybe hidden using AI/ML. Additionally, a flawed risk assessment and response
by ML algorithms in the instance of a tail risk event could hasten the shock’s propa-
gation throughout the financial system, complicate or even impair the effectiveness
of the policy response (Canhoto & Clear, 2020). These issues call for extensive regu-
latory action as well as cooperative initiatives.

A sufficient governmental response necessitates the creation of unambiguous
minimum standards and norms for the industry as well as a larger emphasis on gain-
ing the required technical capabilities (Mizuta, 2022). Collaboration between finan-
cial institutions, central banks, financial supervisors and other stakeholders is crucial
so as to avoid duplication of effort and to help mitigate potential risks (Lui & Lamb,
2018). Many prominent countries in the AI/ML space have relied on clearly stated
national Al strategies to encourage the development of AI/ML while preventing reg-
ulatory lapses (Kleinings, 2022).

4 CONCLUSION, LIMITATIONS AND FUTURE RESEARCH AGENDA

Today, Al has become the de-facto technology used by all large and small, start-up
and fintech companies to build their platforms. It is estimated that within the next
few years, Al-powered financial services will be the only medium of interaction
for users, making financial products and lending available to the masses even in
the remote towns of the country, thereby making financial inclusion a close reality
(Riikkinen et al., 2018). It could be understood from the above-furnished details
that AT would be the future for the business segments of the country in serving their
customers and in achieving greater financial progression (Anon, 2020). But, careful
thought needs to be given to find out where the parity lies in investing in Al resources
and the expected return that might occur along the overall supply chain (Ashrafi
et al., 2019).

Businesses are still having trouble integrating and using Al in their day-to-day
operations. A comprehensive understanding is consequently required so as to pick
out how Al technologies create business value and what kind of business value is
anticipated (Canhoto & Clear, 2020). Although it is believed that organizations may
get significant business value from bringing in Al, only a very limited number of
businesses have, yet, embraced and deployed Al applications beyond pilot projects
(Anon, 2020). Due to recent improvements in computer technology, network speeds,
the large amount of available data and processing methods, Al has attracted a lot of
attention in recent years (Baby et al., 2017). However, there is much ambiguity on
what Al actually is (Alsheibani et al., 2018).

Bots are the kind of innovation in the Al-powered sector which are reinstating the
role of humans and their usage has been growing gradually (Prentice et al., 2020).
Hence huge investments are being made on this by different industries those who
are envisaging this technology as a prolonged cost-cutting investment (Wang et al.,
2022). It helps industries in reducing human-induced losses, achieving better cus-
tomer satisfaction and saving money from recruiting humans and also keeps away
from human errors in this process (Chatterjee et al., 2021).

Historically, analytics were used almost exclusively to support internal decisions.
That’s still useful, of course, but now companies are also using data analytics to
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create new products and services (Campbell et al., 2020). And it’s not just the digital
players you would expect like Google and LinkedIn but also players in FMCG, auto-
mobiles, fashion and clothing (Mariani & Wamba, 2020). This is a new option for
organizations that managers need to understand and explore. And in today’s business
world, not knowing about analytics can be dangerous to you and your company’s
prosperity (Chandola et al., 2009). Furthermore, AI-BA integration will feed no tan-
gible convenience or become opaque in light of malformed data or poor governance
(Rana et al., 2022).

The deployment of AI/ML systems in businesses providing financial and other
services will continue to accelerate. Rapid advances in modelling and use-case adap-
tations as well as major advancements in processing power, data storage capacity and
big data are what are driving this development (Castillo et al., 2020). The COVID-19
epidemic is quickening the transition to a contactless world and increasing use of
digital financial services will increase the appeal of AI/ML systems to those who
provide these services and those who avail it (Kleinings, 2022).

Using AI/ML will have many advantages. For instance, companies and finan-
cial institutions can benefit from AI/ML systems’ potential in terms of significant
cost reductions and efficiency improvements, new markets, products, improved risk
management, new customer experiences and lower prices as well as strong tools for
regulatory compliance and prudential oversight. However, it will also keep the win-
dow of considerable financial policy issues and uncertainties wide open (Chatterjee
et al., 2021).

These technologies raise moral concerns and new, distinct threats to the general
integrity and safety of the financial system, the full scope of which has not yet been
determined (Castillo et al., 2020). The fact that these innovations are still developing
and changing as new technologies are put into use, makes the task that commercial
firms are facing even more difficult (Lee et al., 2019). These developments neces-
sitate enhancing oversight monitoring mechanisms and actively engaging stakehold-
ers in order to pinpoint potential hazards and adopt corrective regulatory measures
(Lui & Lamb, 2018).

The development of AI/ML in consumer markets should be universally welcomed
by regulators and they should make the necessary preparations to take advantage of
its potential benefits and reduce its hazards (Mayson, 2019). This entails timely insti-
tutional capacity upgrading, the acquisition of pertinent skills, the accumulation of
knowledge, the enhancement of external communication with stakeholders and the
expansion of consumer education. The financial sector has found that deploying Al/
ML systems works best when there is a national Al strategy in place that incorpo-
rates all pertinent public and commercial authorities (Soni et al., 2020).

At the regional and international levels, cooperation and knowledge sharing are
becoming more and more crucial (Ashta & Herrmann, 2021). As a result, operations
may be coordinated and information and experience could be shared to assist the safe
deployment of AI/ML systems. To make sure that less developed economies have
access to knowledge about techniques and processes, use cases and regulatory and
supervisory approaches, cooperation will be especially crucial (Miller, 2018).

Finally, because AI/ML technology is still emerging and is being used by a vari-
ety of partners, neither users, technology providers, developers nor regulators fully
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comprehend the technology’s merits and shortcomings at this time (OECD, 2019).
Due to the possibility of numerous unanticipated hazards, countries will need to
improve their monitoring and prudential oversight (Riikkinen et al., 2018). Making
machines smarter is the wisest way to make effective use of current human resources
towards innovating new strategies for the betterment of the organization and the
economy (Sestino & De Mauro, 2022).

Al assists in human decision-making. This is because algorithms are evolving and
computing power is getting smarter (Mikalef et al., 2021). True, Al cannot complete
all common-sense jobs yet it processes and interprets data faster than the human brain.
It then provides us with many composite courses to figure out the possible conse-
quences of actions undertaken and streamline business decision-making (Mariani &
Wamba, 2020). When this coalesces with human interaction, it helps to meet con-
sumers’ demands. We live in a world where virtual interactions/shopping is increas-
ing day by day. Irrespective of B2B or B2C businesses, the virtual work is buzzing
24x7 where customers can interact with your business at every possible hour (Soni
et al., 2020). Hence, it is high time that we look closely and understand what the cus-
tomer needs really are. Only when one has this clarity, can one begin looking for the
correct data and its Al applications.

Al and Machine Learning have revolutionized and will continue to revolutionize
businesses for many years to come. From IT operations to sales, implementing Al into
business environments cuts down on time spent on repetitive tasks, improves employee
productivity and enhances the overall customer experience (Ramanathan et al., 2017).
It also helps avoid mistakes and detect potential crises at a level unattainable to humans.
No wonder organizations are leveraging it to improve a number of business areas, from
logistics all the way through to recruiting and employment. Before incorporating Al
into internal operations, it is essential to have a clear understanding of what you want
Al to do to your data. It’s our conviction that companies at the forefront of Al will reap
the financial advantages and dominate the competition in the future.

4.1 LIMITATIONS

The present work ought to investigate the increased acceptance of modern sophisticated
tools such as AI/ML in the day-to-day working of the domestic companies and how it
can better the performance of companies in times to come. It has been revealed that ear-
lier adoption of these techniques can significantly contribute to business value and can
help companies to remain competitive in the longer run. Although the study provides
a comprehensive view regarding the present state of Al implementation, the study is
not free from limitations. 7o start with, the study puts forward a general view of the Al
environment in the country which may not present the true picture of Al acceptance.
Therefore, future studies can investigate Al implementation by carrying out empirical
research so as to find out the actual factors that lead to the adoption of Al or which fac-
tors contribute to Al integration. In addition, future researchers could identify select
companies or sectors which are more prone to Al adoption than others. Lastly, a com-
parative study can be undertaken to investigate the performance of companies working
in the same or different (manufacturing vs. services) category so as to find out how Al
really contributes to the firm’s success in terms of added business value.
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1 INTRODUCTION

Commercial banks are the lifeblood of the economy; hence, many related parties are
interested in commercial banks’ information. Financial statements provide specific
information to evaluate the performance and financial status of commercial banks.
The financial information helps to direct, supervise the bank’s capital, and assess
the bank’s capital mobilization capacity of the operation. Based on their informa-
tion, several indicators are calculated to evaluate comprehensively in the bank. In
addition, it also helps investors, bank managers, and other related parties to make
strategic decisions. In general, a bank’s financial statements are an important basis
for analysis, development management, and a basis for building a business strategy
to help business operations more efficiently and maximize profits.

There is a requirement of a whole economy and society that the financial state-
ments of commercial banks must be true and fair. Fraudulent financial statements of
commercial banks have a serious impact and have always been of interest to research-
ers. In the current context, the process of using published financial statements has
an increasingly important role in management and investment. With a risk-limiting
mentality, investors want to know clearly whether the cash flow they invest in will
be used effectively.

In Vietnam, recently, the difference in the results between public entities’ finan-
cial statements before and after auditing has created doubts (Tam, 2014; VNBusiness,
2022). This factor has a negative impact on the decision-making of investors. It is also
a big challenge for managers as well as for auditors in detecting material misstate-
ments in financial statements. Therefore, fraud has always been a topic of interest in
all fields of the economy.
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Many previous researchers have conducted studies to detect and identify fraud
in financial statements, such as the “Fraud Triangle” model, F-Score, M-score, etc.
Fraud- and errors-detecting in financial statements aims to improve the transparency
and reliability of the information, facilitating decision-making of investors.

This study uses the M-score model to identify fraudulent financial statements of
35 commercial banks in Vietnam to give recommendations for bank managers, and
investors, and other parties in using financial information to make business deci-
sions. This chapter has three main objectives: (1) a literature review of the manipula-
tion probability of financial statements in banks and other industries; (2) a theoretical
basis of material misstatement in financial statements, and models of identification
of manipulation probability in financial statements; (3) application of the M-score
model in Vietnamese commercial bank, and giving several recommendations of
banks’ financial statements.

2 LITERATURE REVIEW

2.1 MODEL TO DETECT FRAUD OR MANIPULATION
PROBABILITY IN NON-FINANCIAL COMPANIES

Beneish (1999) built the M-score model to detect fraud in companies’ financial state-
ments by using a unit probability model based on weighted exogenous sample maxi-
mum likelihood probit as well as an unweighted probit. This research results show
that the threshold value of the model is —1.78, any company having M-score greater
than —1.78 shows a sign of profit manipulation.

The Beneish model (M-score) has been used frequently in studies of the predic-
tion of financial statements’ manipulation of Vietnamese listed companies (Nguyen
Cong Phuong, 2014; Tran, 2014; Nguyen Huu Anh, 2016; Hariri & Widjajanti, 2017).
Nguyen Cong Phuong (2014) showed that the M-score model is one of the effective
tools in detecting the earnings management of companies and can be used to improve
the quality of financial statements and protect investors. The Beneish model has been
used in a sample of 30 listed companies in Vietnam that have discovered material
misstatements by auditors. The Beneish model gave the probability of correct pre-
diction to the rate of 53.33% of the companies in the sample. Tran (2014) uses the
Beneish model to predict the probability of material misstatement of financial state-
ments of listed companies on the Vietnamese stock market.

Hariri and Widjajanti (2017) used the qualitative descriptive study related Beniesh
M-Score model to detect material misstatement in the financial statements of two
companies. The results showed that the management has carried out manipulating
numbers on the financial statements. The chapter recommended regulators should
inspect the company’s financial status that has been booked in the financial state-
ments and the professional accountants who have been engaged to audit the financial
statements to be more independent. These independent examinations detect material
misstatement of financial statements rather than using the ratio analysis method.

The logit regression method has been applied to indicate the impact of the fraud
triangle under the guidance of auditing standards in detecting fraud in companies
that were listed on the Ho Chi Minh Stock Exchange. The model used a sample of
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78 companies listed on HOSE in 2012 and showed that the possibility of fraud is
statistically significant with the samples in the fraud triangle, and the model is capable
to predict 83.33% of the companies in the sample (Tran Thi Giang Tan et al., 2014).

Nguyen Anh Hien (2015) has researched and applied three research models of
earning management, namely, Jones’s model, Dechow, and the model of Kothari
to apply Vietnamese listed companies. The research sample was conducted on 280
companies in Hanoi (HNX) and Ho Chi Minh (HOSE). The research results show
that the models of Dechow and Kothari are meaningful in identifying earnings
management.

Several studies use the derivative model of the original Beneish model, such as the
mathematical model of American researcher Messod Beneish (Natalia V. Feruleva,
2017). The research focuses on identifying companies that overestimate net assets
and financial results. As a result, it is possible to improve a fraud detection probit
model and a linear model (integrated M-Score) that allows stakeholders to uncover
fraud with an accuracy of 83, respectively, and 60%.

Patricia M. Dechow et al. (2011) studied a fraud prediction model at all three levels
and named it the F-score. The research results show that, with a threshold value of 1,
when the F-score is greater than 1, there is a probability that the project is correct in
65.9% of the companies’ financial statements. This figure is 65.78% and 66.38% for
the F-score 2 and F-score 3 models. Rasa Kanapickiene (2015) investigated the influ-
ence of financial ratios by the logistic regression method. Research results show that
when the probability of predicting fraud is greater than 50%, 84.8% of the predicted
results are correct.

Patric Bimpong et al. (2020) showed that Altman (2013), Taffler (1983), and
Beneish (1999) models should be useful in predicting fraudulent financial statements
in the banking and mining industries in Ghana. This study helps to take into account
mergers and acquisitions.

2.2 MODEL TO EXAMINE FRAUD OR MANIPULATION
PROBABILITY IN FINANCIAL INSTITUTIONS

There are little numbers of studies on manipulation probability in the banking field
than manipulation probability in non-financial entities. In financial institutions,
M-score is used to detect financial statement manipulations (Hassnain Raghib Talab
et al., 2017; Samuel Nyakarimi, 2020; Van, 2021).

Samuel Nyakarimi (2020) used M-score and Probit regression models to assess
financial statement manipulations of banks in Kenya. This study concluded that sev-
eral banks were involved in manipulation of financial statements. Moreover, this
study indicated that both internal and control auditors should calculate several indi-
cators to identify whether manipulations were incurred in the process of financial
statement preparation. Hassnain Raghib Talab et al. (2017) used M-Score model to
uncover earning management practices of banks that have been listed in the Iraqi
stock exchange. The sample of 23 listed commercial banks applied the M-score
model and indicated all of them were existent financial statement manipulations.
The M-score model is confirmed as the best model to examine financial statement
manipulations.
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Using the M-score model of Beneish (1999) and Van (2021) has added some
indicators to examine the fraudulent financial statements of listed commercial banks
in Vietnam. The accuracy of the model in predicting financial statement manipula-
tion of listed commercial banks in Vietnam at 20% was 63, 16% of that was based on
the results of independent auditors.

The appropriateness of the M-score in the banking industry is assessed and not
included in added elements in the model. A comparision of the financial situation of
banks after calculating M-score is needed to examine the manipulation probability.

3 THEORETICAL BACKGROUND

3.1 FINANCIAL STATEMENT FRAUD

Fraud is a serious problem in the world. It causes most costly and affects entities
in every industry and place (ACFE, 2022). Previous research indicates three types
of fraud, namely, asset misappropriation, corruption, and financial statement fraud.
Asset misappropriation involves an employee stealing or misusing the organization’s
resources. Corruption, such as bribery and conflicts of interest, relates the power and
control in organizations. Financial statement fraud is material misstatement or omis-
sion in the organization’s financial statements. Banking service is the industry that
was affected by a great amount of fraud cases (351 cases) in the year 2022 (ACFE,
2022). In which, according to the ACFE 2022 report, there are 2,110 cases from
133 countries, causing total losses of more than $3.6 billion. Financial statements of
fraud are reported for 675 cases: (36%) in the United States and Canada, 429 cases
(23%) in Sub-Saharan Africa, 194 cases (10%) in the Asia Pacific, 145 cases (8%) in
Western Europe, 138 cases (7%) in the Middle East and North Africa, 138 cases (7%)
in Southern Asia, 95 cases (5%) in Latin America and the Caribbean, and 78 cases
(4%) in Eastern Europe and Western/Central Asia; 11% of 351 cases are financial
statement fraud in the banking industry.

Financial statement manipulation is a sample of accounting fraud or fraudulent
accounting and mentions the practice of using “creative accounting tricks” to make
an entity’s financial report look better than its financial statement and performance.
There is truth in the saying that fraudulent financial statement is not actually com-
mitted by the entity that published the financial statements. Fraudulent financial
statement is “committed” by top management such as the president, CEO, or CFO
(Wm. Dennis Huber, 2021).

All stakeholders including shareholders, managers, employees, investors, suppli-
ers, customers, and financial institutions are concerned about organizational financial
health. The ability to forecast fraudulent financial statements is significant to take the
necessary preventive methods in organizations. In addition, corporate governance and
ethics have provided the basis to prevent fraud; however, a previous prediction is neces-
sary for investors to safeguard their investments (Mahama, 2015). The prediction of
business failure can enable companies to reduce manipulation costs, prevent fraud, and
help improve their financial statements. The financial health of any firm can be mea-
sured by its financial indicators and the ability to predict financial statement manipula-
tion is significant for society and investors (Patric Bimpong et al., 2020).
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In businesses, financial goals pressure managers to achieve financial targets
and force financial statement manipulation (Supri et al., 2018, Sunardi & Amin,
2018, Andrew et al., 2022). Previous research has indicated that financial state-
ment manipulations are serious problems and are threats to a country and society.
The stakeholders in the world admit that their fraudulent financial statements have
a tendency to be realized too late. The lateness in identifying fraudulent financial
statements has harmful impacts and adverse effects on the society, economic, and
legal in a country or the world as a whole (Abdullahi & Mansor, 2018). Therefore,
it can be implemented by detecting its financial statements to handle and predict
the status before corporate organizations commit fraudulent financial statements.
Examining financial statement manipulations can be realized by previous predict-
ing models.

3.2 M-SCORE MODEL
Beneish (1999) used eight (8) financial indicators to make M-score model to predict
the probability of a company manipulating its earning management. Eight finan-
cial indicators, namely Days sales in receivables; Gross margin; Asset quality; Sales
growth; Depreciation; Sales general and administrative expenses; Leverage; and
Total accruals to total assets.
The “Days Sales in Receivables” (DSRI) is calculated as flows:

DSRI = (Net Receivables,/Sales,)/(Net Receivables, ,/Sales, )
The “Gross Margin” (GMI) is calculated as flows:

GMI = [(Sales,, — COGS, )/Sales,]/[(Sales, — COGS,)/Sales,]
The “Asset Quality” (AQI) is calculated as flows:

AQI = [1 — (Current Assets, + PP&E, + Securities,)/Total Assets,]/
[1 — ((Current Assets-1 + PP&Et , + Securities, ,)/Total Assets, ;)]

The “Sales Growth” (SGI)) is calculated as flows:
SGI = Sales,/Sales,
The “Depreciation” (DEPI)) is calculated as flows:

DEPI = (Depreciation, ,/(PP&E, , + Depreciation, ,))/
(Depreciation /(PP&E, + Depreciation,))

The “Sales General and Administrative Expenses” (SGAI)) is calculated as flows:

SGAI = (SG&A Expense /Sales)/(SG&A Expense, ,/Sales, )
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The “Leverage” (LVGI)) is calculated as flows:

LVGI = [(Current Liabilities, + Total Long Term Debt,)/Total Assetst/
[(Current Liabilities, ; + Total Long Term Debt,_,)/Total Assets, ]

The “Total Accruals to Total Assets” (TATA)) is calculated as flows:

TATA = (Income from Continuing Operations, —
Cash Flows from Operations,)/Total Assets

The M-score is formulated:

M-score = —4.84 + 0.92 x DSRI + 0.528 x GMI + 0.404 x AQI + 0.892 x SGI +
0.115 x DEPI — 0.172 x SGAI + 4.679 x TATA - 0.327 x LVGI

The threshold value of M-score model is —1.78. If M-score is less than —1.78, the
company is unlikely to be a manipulator. For example, an M-score value of —2.0
suggests a low probability of manipulation. If M-score is greater than —1.78, the com-
pany is likely to be a manipulator. For example, an M-score value of —1.3 suggests a
high probability of manipulation.

Eight indicators of the M-score model (Beneish, 1999) are divided into two groups:
One identifies fraud and another reflects fraud motivation. The variables indicate
fraud likelihood, namely DSRI, AQI, DEPI, and TATA. The remaining variables
identify fraud motivation, including GMI, SGI, SGAI, and LVGI. The meaning of
variables is detailed as follows:

*  AQI > 1.254: Capitalized costs in financial statements.

e DSRI > 1.465: The recorded assets increased incorrectly compared to the
reality, the value of the receivables was overstated in financial statements.

e DEPI = 1.077: Overstates the use value of assets and income is not increased
compared to reality.

e GMI 2 1.193: Economy is difficult

e LVGI 2 1.111: There is a sign of profit manipulation.

* SGAI < 1.041: There is a sign of profit manipulation.

e SGI 2 1.607: There is a sign of error in revenue recognition.

e TATA = 0.031: Revenue is incorrectly reflected compared to reality.

The M-score model is widely applied to identify fraudulent financial statements of
companies and industries. However, the accuracy of fraud detection using M-Score
is confirmed at 50% and not absolutely.

4 RESEARCH METHODOLOGY AND RESULTS

4.1 RESEARCH METHODOLOGY

Usage and calculation indicators of the M-score model of commercial banks sample
are conducted in the chapter. The financial information of the commercial banks
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TABLE 13.1
List of Vietnamese commercial banks

Capital (million

No Bank name Code usD)
1 Asia Commercial Joint Stock Bank ACB 453
2 Tien Phong Bank TPB 270
3 DongA Bank DAB 241
4 South East Asia Bank SeABank 220
5 An Binh Bank ABB 214
6 Bac A Bank BacABank 220
7 Viet Capital Bank VietCapitalBank 120
8 Vietnam Maritime Joint Stock Commercial Bank MSB 473
9 Vietnam Technological and Commercial Joint Stock TCB 1,407
Bank
10 Kien Long Commercial Joint Stock Bank KienLongBank 120
11 Nam A Bank NAB 121
12 National Citizen Bank NCB 121
13 Vietnam Prosperity Bank VPB 632
14 Ho Chi Minh City Housing Development Bank HDB 395
15 Orient Commercial Joint Stock Bank OCB 265
16  Military Commercial Joint Stock Bank MB 730
17 Vietnam Public Joint Stock Commercial Bank PVcombank 362
18  Vietnam International and Commercial Joint Stock VIB 227
Bank
19 Sai Gon Commercial Bank SCB 575
20 Saigon Bank for Industry and Trade SGB 123
21 Saigon — Hanoi Commercial Joint Stock Bank SHB 484
22 Sai Gon Thuong Tin Commercial Joint Stock Bank STB 758
23 Viet A Bank VAB 141
24 Bao Viet Bank BVB 141
25  Vietnam Thuong Tin Commercial Joint Stock Bank VietBank 130
26 Petrolimex Group Commercial Joint Stock Bank PG Bank 121
27  Vietnam Export Import Commercial Joint Stock EIB 497
Bank
28  Lien Viet Post Joint Stock Commercial Bank LPB 260
29 Bank for Foreign Trade of Vietnam VCB 1,448
30 Vietnam Joint Stock Commercial Bank for Industry CTG 1,498
and Trade
31 Joint Stock Commercial Bank for Investment and BID 1,376
Development of Vietnam
32 Construction Bank CB 326
33 Ocean Bank Oceanbank 232
34 Global Petro Sole Member Limited Commercial GPBank 121
35  Vietnam Bank for Agriculture and Rural Development ~ Agribank 1,287

Collected by the authors.
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TABLE 13.2

Audited and unaudited profits of commercial banks in the year 2020 (units: USD)
Bank Code Audited profit ~ Unaudited profit  Difference % difference
A Chau Bank ACB 386,194 386,194 0 0.00
Vietcombank VCB 927,712 927,551 161 0.02
Vietinbank CTG 687,623 687,060 563 0.08
Techcombank TCB 635,943 635,943 - 0.00
VPBank VPB 524,009 524,009 - 0.00
Agribank 531,374 523,244 8,130 1.55
MBBank MBB 430,187 430,187 - 0.00
BIDV BID 363,292 370,819 -7,527 -2.03
HDBank HDB 234,172 234,172 - 0.00

VIB VIB 233,568 233,447 121 0.05

Nam a Bank NAB 32,186,144 32,186,144 — 0.00

Calculated and collected by the authors.

TABLE 13.3

M-score of banks

Bank Period DSRI GMI AQl SGI DEPI SGAI TATA LVGlI M-score

A Chau 2018-2019 0.728 1.009 1.004 1.150 0.760 0.013 0.004 0.991 -2.424
Bank 2019-2020 0.676 0.934 1.003 1.130 0.509 0.003 -0.003 0.992 -2.591

Tienphong  2018-2019 0.878 0.982 1.009 1.505 0.608 0.771 -0.030 0.998 -2.292
Bank 2019-2020 0.904 0.925 1.003 1.224 1.273 1.038 0.085 0.998 -1.982

Maritime 2018-2019 0.969 1.085 1.024 1.000 0.656 0.856 -0.010 1.006 -2.520
Bank 2019-2020 0.756 0.740 1.016 1.523 1.056 0.941 0.050 0.999 -2.120

Sacombank  2018-2019 0.780 0.874 0.895 1.253 0.635 0.943 -0.022 1.002  -2.700
2019-2020 0.761 0.992 0.921 1.180 0.452 0996 0.001 1.000  -2.635

Nam A 2018-2019 3.237 1.060 0.988 1.373 1.029 0.980 -0.017 1.004 -0.139
Bank 2019-2020 1.868 1.070 0.985 1.295 0965 0.810 0.001 1.003  -1.357
Kienlong 2018-2019 0.748 1.189 1.020 1.155 0.719 0971 -0.113 1.016  -3.029
Bank 2019-2020 1.498 1.068 1.007 0.855 0.518 1.218 -0.042 1.006 -2.404

National 2018-2019 1.072 0.943 1.002 1.002 1.002 0.848 -0.068 0.991 -2.729
Citizen 2019-2020 2.668 0.910 0.903 1.333 1.333 0.698 0.014 1.006 -0.583
Bank

Eximbank 2018-2019 0.986 1.133 1.007 1.008 1.166 0.924 -0.030 1.004 -2.522

2019-2020 1.280 0.930 0.997 0991 1.162 0911 -0.018 0988 -2.314

Saigon 2018-2019 1.405 0.868 0.980 1.393 1.095 0.881 -0.036 1.133 -2.013
Hanoi 2019-2020 1.009 0.458 1.017 1.300 0.983 0.837 0.023 1.299 -2.449
Bank

Agribank 2018-2019 1.519 0.975 0.898 1.116 0.524 0916 -0.033 0.998  -2.146
2019-2020 1.083 1.084 0.956 0.979 1.124 1.084 -0.021 1.001  -2.493

Calculated by the authors.
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that have the manipulation sign is collected after the analyzing period. We examine
the relevant application of the M-score in the banking industry for Vietnamese com-
mercial banks.

4.2 RESEARCH RESULTS

Vietnam has thirty-five (35) commercial banks, including four (04) limited liability
banks with a single member and thirty-one (31) that are joint stock banks. Ten com-
mercial banks in 35 banks are chosen and scores are calculated (see Table 13.1). This
research was carried out by analyzing ten bank financial statements in the period
from 2018 to 2020. Other banks had the same profit prior to and after auditing,
whereas some had a difference in audited profit and previous auditing. These used
banks are targeted at state commercial banks and joint-stock commercial banks.

Using the M-score model that is assessed and is relevant to the banking industry,
we compute M-scores. Audited financial statements are used to calculate indicators
of the model, and thereby show the M-score.

To assess material misstatements in the financial statements of commercial banks,
audited results are used to test the difference. Table 13.2 shows audited and unaudited
profits after examining audited and unaudited financial statements.

In terms of absolute value, after the audit, Agribank’s profit after tax go up to USD
531,374, which is an increase of USD 8,130 compared to unaudited profit. The main
reason is that the adjustment increased revenue and other profits (Table 13.2).

Using audited financial statements of ten (10) commercial banks, M-score indi-
cators are calculated and compared with the M-score, the threshold value is —1.78.
A financial statement with an M-score greater than 1.78 is probably fraudulent. This
is the case for Nam A Bank and National Citizen Bank

In reality, National Citizen Bank has some problems with bad debt and loss in
financial performance in the third quarter of the year 2022 (Dantri, 2022; HNX,
2022a). In the first quarter of 2021, Nam A Bank did not make provision for risks.
Therefore, Nam A Bank reported more than three times the profit in the same period.
Bad debt increased by 19% compared to the beginning of the year. Meanwhile, Nam
A Bank’s net cash flow from operating activities was negative to VND 2,337 bil-
lion (HNX, 2022b; VNFinance, 2021). The above information indicates the financial
problem in two banks that has M-score greater than —1.78.

5 CONCLUSIONS

The analysis, calculation, and collection of data from banks show that not all banks
have completely accurate figures, and some banks have used fraudulent techniques
to manipulate financial statements for their own benefit. Applying the M-score model
to evaluate, we find that the M-score model has a higher capability to predict and
detect material errors in Vietnamese commercial banks’ financial statements. The
application M-score is similar the result in previous (Hassnain Raghib Talab, 2017,
Van, 2021). As aresult of its relevance to predicting financial statement manipulation
in the banking industry, the M-score model can help investors and related parties
evaluate the quality of financial information in the banking field.
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Investments &
alternate investment
options in India

Puja Roshani, Divya Bansal, Shivani
Agarwal and Abhay Bhardwayj

1 INTRODUCTION

Investments are assets purchased or sums of money invested with the intent of
generating revenue in the future. Investments are also made in order to profit from a
future increase in an asset’s value.

An investment is a future-focused purchase of products with the intention of gen-
erating income or building wealth in the future. A person might potentially try to
profit by selling the asset later for a bigger sum. Investments can also include funds
allocated for starting a new business, growing an existing one, buying stock or shares
in a company, or investing an asset in a company. Making your money work for you
or allowing your money to grow is the goal of investing.

A certain degree of uncertainty and risks always exists with investments. Risk is
the possibility of receiving a return on your investment. The risk is minimal when
investing in government securities. The risk is more when investing in stocks, starting
new businesses, growing existing businesses, and similar activities.

Investments fall across the following general categories:

Bonds and debentures that pay a fixed rate of return, such as interest, are examples
of investments with fixed income.

Equities and real estate are examples of variable income investments that don’t
offer a guaranteed annual return. Each fiscal year, the dividends or rental payments
change. Additionally, their worth grows over time.

Points to be considered before making investments:

e It is undertaken to achieve short as well as long-term financial objectives.

e The motive behind investments is to raise funds for the future.

e A target return on investment is considered when making investments.

* Bonds, stocks, real estate, and other assets can all be purchased as
investments.

* Businesses invest in things like labour, real estate, research and develop-
ment, and equipment and machinery. In a similar vein, creating a factory,
plant, or other asset would constitute an investment.
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e Investment in future skills and knowledge is yet another motive to spend
funds on higher education.

Investments made in assets other than cash, stocks, and bonds are referred to as alter-
native investments. Alternative investments can be made in movable goods like fine
wine or precious metals. They could also include financial assets like hedge funds,
distressed securities, and private equity investments.

Alternative Investment Fund (AIF) can be defined as an investment mecha-
nism that gathers money or creates a pool of investments from wealthy individu-
als. The investment can be domestic or foreign in nature. The investments are made
for the benefit of the shareholders in accordance with a predetermined investment
programme.

There are majorly three categories and subcategories within those categories,
applicants may apply for registration as an AIF which are as follows:

1. Category 1
2. Category 2
3. Category 3

1.1 WHY ALTERNATE INVESTMENTS

As a prudent investor, it is never a good idea to put all the investments in one place
as advised by any financial planner or asset manager. The most probable investors
to receive better value and safety for their investments are those that have varied
portfolios that contain investments besides FDs, mutual funds, equities, gold, real
estate, etc. Alternative investments refer to those assets or investments that are not
typically available.

Worldwide venture capital, structured financing, leasing, and more lately,
cryptocurrency investment and non-fungible tokens are included in the list of investments.

Some alternative investments have been popular in India for many years, but they
are only available to the very wealthy. These are often offered at very high entrance
prices to the top-tier clients of wealth management companies.

Alternative investments with fixed income act as a buffer against inflation. This
is so because there is no direct relationship between them and the market. Other
perks include interest payments, which can be a great post-retirement benefit, and
the development of passive income. Alternative investments are a wonderful method
to diversify a portfolio because they reduce risks, give income stability and predict-
ability, and produce positive earnings.

1.2 CURRENT SCENARIO OF ALTERNATE INVESTMENTS IN INDIA

In response to a shift in lifestyles and an increase in additional money that can be
prudently invested, small-scale individual investors now have more options that can
help them diversify their portfolios. Return on investment is an important area of con-
centration and the goal for any investor. However, the significance of safety, liquidity,
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and the presence of a trustworthy system to monitor the investment throughout its life
cycle is now getting increasingly apparent to individual investors.

The assets of AIFs surged by over 32% year over year to reach Rs. 5.35 lakh
crore at the end of September 2021, according to the Securities and Exchange Board
of India’s (SEBI) most recent data, reflecting the market’s rapid growth in previous
years. As of September 2020, there were Rs. 4.05 lakh crore in total assets owned
by the AIF. Although the majority of these are linked to private equity and growing
capital funds, it also demonstrates the increasing interest in such investment vehicles
and the intention to make them widely accessible.

In addition to the elevated prices which only ultra- and high-net-worth investors
(HNISs) could endure, the uncertainties, an absence of regulation, and a manque of
liquidity had historically prohibited the general public from participating in these
asset classes. The constraints are being surmounted, though, with the emergence
of technologically sophisticated platforms that can expedite and make the approach
more accessible.

Even while technologies are very much accountable for efficiency, the world of
investing requires meticulous protocols, thorough due research, and vigilant post-
investment monitoring. The creation of financial instruments and investor portfolios
in India is a great opportunity for startups.

1.3  THEe ruTture ofF AIF IN INDIA

Prospects in this area right now comprise lending money to corporations in the
form of a corporate loan, invoice discounting, leasing, etc. The Indian market has
a lot of potential, nevertheless, to gradually open to more exotic goods such as pur-
chasing farmland, agricultural goods, artwork, footwear, and collectibles. Utilizing
blockchain technology and smart contracts, which aid in ownership identification,
creative items have also been made possible by technological advancement. Future
improvements in this area’s innovation and transparency may greatly benefit from
this. People will have the chance to invest in and earn money from the goods and
services they use daily in the future, in addition to being able to consume them.

Everyone’s portfolio absolutely must include fixed-income alternative assets given
the recent market turbulence. Regulatory authorities are assisting in safeguarding
investors and strengthening financial markets by making the process more transpar-
ent. After the early 1990s, a considerable portion of the population started building
wealth via having access to public stock markets. India is set to witness a similar
opportunity, wherein involvement in alternative ventures would spark the country’s
economic succeeding wealth-creating revolution.

2  WHAT ARE ALTERNATIVE INVESTMENTS?

The classic investments that come to mind when most people think of investing are
cash, stocks, and bonds. These conventional assets, like the index fund in your 401(k)
or the cash in your savings account, are typical for most individual investors. But that
only gives a partial view. Beyond traditional investments, there is another type of
investing known as alternative investments.
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The term “Alternative Investment Funds” (AIF) refers to the resources established
or developed in India as a surreptitiously collective investment vehicle to raise money
from participants in accordance with a predetermined investment policy.

The development of an alternative investment fund with a Rs. 25,000 core limits
have also received approval from the Union Cabinet.

AlFs are made up of investment funds that have been combined and utilized to
invest in private equity, hedge funds, and other types of investments.

2.1  TYPES OF ALTERNATIVE INVESTMENT FUNDS/DIFFERENT CATEGORIES OF AlFs

AIFS are classified into three groups by the SEBI. The list is as follows:

2.1.1 Category 1

The funds in this category are invested in start-ups, small trades, and medium-sized
enterprises that have the potential to grow financially. The government promotes
investments in these businesses because of their high output and capacity for job
generation, which benefit the economy. The investments made in new companies,
non-profit organizations, SMEs, infrastructure and other industries or regions regu-
lated by the government are believed to be socially or economically suitable. Venture
capital funds, SME funds, social venture funds, infrastructure funds, and angel funds
are all included in Category 1 of AIF.
Examples of this category are as follows:

¢ Infrastructure Funds

¢ Angel Funds

e Venture Capital Funds
¢ Social Venture Funds

2.1.2 Category 2

The investments made in both debt and equity instruments fall under this category.
Included are any monies that do not already fall within Categories 1 and 3, respec-
tively. These AIFs only borrow or employ leverage as necessary for their daily opera-
tions. These include debt funds, real estate funds, distressed asset funds, funds of
funds, and private equity funds. The government does not grant any discounts for
investments for Category 2 AIFS.

Examples of this category are as follows:

¢ Fund of Funds
¢ Debt Funds
e Private Equity Funds

2.1.3 Category 3

AlTFsunder these categories are investments that offer returns in a short-lived amount of
time. To achieve their objectives, these funds employ a wide range of intricate trading
tactics. These are the traders who use a variety of complex trading strategies and may
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use leverage, such as buying public or unregistered derivatives. There is no information
regarding any special government incentives or concessions for these funds.
Examples of this category are as follows:

e Hedge Funds
e Private Investment in Public Equity Funds

2.2  AIlFs BECOMING POPULAR

AlTFs are providing originality in terms of product differentiation since, in the opin-
ion of experts, “Conventional investment pools are progressively getting fragmented
and encountering iss ues in product innovations, uniqueness, and alpha production
owing to size and other considerations.”

Investors are nowadays confronted with a variety of traditional investing options,
such as mutual fund schemes, unit-linked insurance plans (Ulips), equity finance,
and services that manage portfolios. But the main purpose of these options is to trade
equities. Investor demand for alternative investments is therefore still unmet.

As aresult, AIFs are increasingly used to introduce themed and curated merchan-
dise because it is challenging to convey innovative concepts on traditional platforms,
according to the report.

According to Sunil Singhania, founder of Abakkus Asset Manager LLP, “As the
number of wealthy individuals and affluent people increases, investors have grown
increasingly demanding and need creative services, which have differentiated and a
boutique style of managing risk and reward.”

2.3  WHO CAN INVEST IN ALTERNATIVE FUNDS?

AITF investments are open to everyone who is an Indian, including NRIs, PIOs, and
OClIs. However, they must meet the prerequisites, which includes a minimum capital
of Rs. 10 crores for angel funds and Rs. 20 crores for each program. Each investor
must put up a minimum of Rs. 1 crore ($25 lakh).

If you are a risk-taking investor who desires to diversify financial risks, you can
invest in AIFs that have been registered with SEBI and enjoy its benefits.

2.4 REASON TO INVEST VIEW IN AIF

HNIs have the prospect of just using AIFs to diversify their investment portfolio
because it offers a significantly higher return along with a quite high risk. AIFs
enable investors to put their money in instruments apart from equities, bonds, col-
lective investment schemes, and other mainstream investments. AIFs access higher-
yielding assets and help in the diversification of the investors’ existing holdings.

2.5 INVESTORS’ LIMIT REGARDING AlF

All types of AlFs (apart from angel funds) are permitted to have up to 1,000 inves-
tors. An angel fund may contain up to 49 angel investors. Additionally, AIF can
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only raise money through private memorandum issuances and cannot publicly solicit
investors to subscribe to its units.

According to the reports of outlookindia.com, AIFs are to grow by 25% by the
year 2025.

India and Asia are prepared for the next significant expansion of alternative
investment products. AIFs in India have the same amount of assets under manage-
ment (AUM) as mutual funds did in 2009. The industry and the market are currently
poised towards an alternative investment funds paradigm shift.

According to a forecast by Anand Rathi, the total amount of investments made
through AIFs would increase at a 25% CAGR between 2022 and 2025, driven by
wealth managers that provide products from AIF as substitutes to family offices,
insurance firms, and HNIs.

A report claims that India and other growing economies in Asia are particularly
well-positioned for the upcoming wave of alternative growth.

As of May 2022, more than 900 AIFs have already been registered with SEBI,
with capital contributions accumulating at a 63% CAGR between 2012 and 2022. In
the study, it was predicted that the worldwide alternative investment will increase
from $4.1 trillion in 2010 to $10.7 trillion in 2020 and $17.2 trillion in 2025.

The research also claims that 1,625 investment transactions totaling $38 billion
were made by Indian start-ups in the fiscal years 2021 and 2022. By the first week of
May 2022, India had added 15 unicorns, bringing its total to 100. The research also
states that investments in AIFs stand to benefit from the speedily increasing percent-
age of the populace that is becoming “wealthy.”

The report also emphasizes that essential components exacerbating worldwide
inflation expectations due to the Russia—Ukraine War, increased interest rates, and
upcoming elections may prevent the country from achieving its $400 billion in
planned capital commitments by 2030.

AlFs are categorized as commercially organized financial products that gather
assets to invest in accordance with an established policy for the benefit of its inves-
tors. The Securities and exchange board (Alternative Investment Fund) Regulations,
2012 regulate AIFs.

3 CONCLUSION

Numerous traders are facing unprecedented problems nowadays because of the
steadily declining bond rates. Many traders nowadays are venturing outside the
conventional asset classes in quest of yield, which has boosted movements towards
alternative investments. The rapid expansion of alternative investments is also evi-
dent from the rise in hedge funds. Numerous investigations on the effectiveness of
commodity markets and hedge fund managers have already been produced in the
old days, which concluded that they typically perform well. Investors who integrate
resources and investment companies in their portfolios benefit through diversifica-
tion in both instances.

The presence of hedge funds on the financial markets and their use of dynamic
trading techniques, such as various timing methods, are anticipated to have a sig-
nificant impact on the dynamics of the financial markets. The marketization of the
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commodities market and its repercussions are also projected to intensify as a result
of the significant flows into those markets. Overall, alternative investments can offer
realistic alternatives to investors seeking income, but further study is needed to show
the long-term effects of directing capital to these types of investments in an environ-
ment with low interest rates.

4 LIMITATIONS

The chapter focuses only on alternate investments and types of alternate investments.
The inclusions of various options in alternate investments would have added more
weightage to the chapter. The prospects of alternate investments in India and the
comparison of the same with other countries would have provided more insights into
the chapter.
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15 Risk and return dynamics
in portfolio theory

Vikas Gupta and Sripal Srivastava

1 INTRODUCTION

1.1  PORTFOLIO RISK & RETURN

We have clarified many aspects of investment and trading behavior. However, bearing
in mind the recent adage that he can’t put all his eggs in one basket, I'd like to find
a technique to diversify my investments to limit the opportunities. This is because
each investment style and its theme have vastly different levels of risk and reward.
Therefore, it is always desirable to have a wide range of investment strategies to
mitigate these risks.

Let us help you build a portfolio that supports your risk appetite and investment
goals. A portfolio is the overall combination of all assets managed by an individual,
together with financial assets such as bank deposits, stocks, bonds, and non-financial
assets such as land and residential real estate. Some of these assets are transferable
and some are not inheritable. Because assets are transferable, individuals have the
opportunity to work out their asset mix through the performance of their current
assets and the commercialization of their current possessions. Portfolio management
essentially means planning the careful mix of these assets in line with your personal
goals.

1.2  BETA (MARKET RISK)

Each stock’s contribution to the overall risk of a well-diversified portfolio depends
on the equity diversification of the different stocks within the portfolio. Of course,
this depends on how each stock reacts to fluctuations within the broader finan-
cial markets. Beta can be the volatility or systematic risk of a security or portfo-
lio relative to the overall market. Beta is used within the Capital Quality Rating
Model (CAPM). CAPM is a model that uses its beta and expected market return to
calculate the expected comeback of quality. Beta is calculated through multivari-
ate damage analysis and can reflect beta as securities returns tend to respond to
fluctuations within the market. A beta of 1 indicates that the security’s value can
fluctuate with the market. A beta of just 1 means the protection is less volatile than
the market. A beta greater than 1 indicates that the security’s value is more volatile
than the market.
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1.3 PHASES OF PORTFOLIO MANAGEMENT

There are five phases which will be known during this process:

1. Security Analysis
2. Portfolio Analysis
3. Portfolio Choice

4. Portfolio Revision
5. Portfolio Analysis

1.3.1 Security analysis

Security analysis allows well-trained capitalists to derive a rough price for a com-
pany from all cash transactions, buy when the market inevitably falls below the
price of many transactions, and recover satisfactorily. Represents the assumption
that, and is not actually at risk of permanent loss. This was already explained in
module 2.

1.3.2 Portfolio analysis

A portfolio is a group of assets managed together with an investment. For risk
aversion, investors invest their money in portfolios of securities rather than single
securities. By building a portfolio, an investor seeks to unlock risk rather than put-
ting all her eggs in one basket. The analytical part of portfolio management consists
of distinguishing potential portfolio diversities deeply rooted in particular security
groups, complicating their resurgence and further analysis risks. What determines
your portfolio?

. Age of the capitalist

. Risk-bearing capability

. Perspective toward risk

. Family responsibilities

. Education background

. Liquidity desires

. Tax saving desires

. Time span for investment

oI e R R N R S

1.3.3 Portfolio choice

The ultimate goal of portfolio construction is to obtain the portfolio that produces the
highest return for a given risk level. A portfolio with this characteristic is considered
an economic portfolio. Inputs from portfolio analysis typically determine a set of
economic portfolios.

From this set of economic portfolios, we need to select the best portfolio for
investment. Harry Markowitz’s Portfolio Theory provides anyone with an abstract
framework and analytical tools for determining optimal portfolios in a disciplined
and objective manner. Choose the option that best suits your purpose according to
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your priorities. When making an investment, remember that he has three criteria
necessary to evaluate investment opportunities. This is often called LSR.

1. Liquidity
2. Safety
3. Return

1.3.4 Portfolio revision

Over time, the certainty that was attractive may not be so. New high-comeback, low-
risk securities may emerge. Portfolio review is just as necessary as portfolio analysis
and selection.

1.3.5 Portfolio analysis

This is a method of evaluating a portfolio’s performance over a specified period of
time in terms of risk and return. The actual realized yield, i.e., the risk borne by the
portfolio, is measured quantitatively in relation to the amount invested. This method
provides a feedback mechanism to improve overall portfolio management practices.

The portfolio management method is the progression method. It begins with security
analysis, goes through portfolio construction, and progresses to portfolio revision and
analysis. Analysis provides essential feedback for planning a higher portfolio next time.

1.4 PORTFOLIO OPTIMIZATION

Optimal portfolios are selected based on risk-return swaps between different sectors.
An economy’s performance can be manipulated by various industrial sectors whose
rates of return change over time. This changing correlation pattern b/w sector is
essential for portfolio optimization purposes. A common goal of financial investors
is to achieve the optimal risk/return combination. As a result, an analysis of all the
risks and returns of all sectors in the form of portfolios was performed in order to
evaluate the optimal portfolio selection.

Expected Risk and Returns — Mean, Standard Deviation, and Portfolio Choice:

The risk and return of the portfolios have been analyzed with the help of arithme-
tic mean or average mean, standard deviation, and the ratio between these two. The
ratio was computed with the help of the formula:

R=(n-d)o
Here
‘Wdenotes the arithmetic mean of the daily data;
‘c’ refers to standard deviation;
‘d’ refers to the disaster level, which is also called by the name lowest level of

return.

These three results show the relationship b/w the expected return and the risk of the
different portfolios.
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2 BACKGROUND AND OVERVIEW OF
CONTEMPORARY PORTFOLIO THEORY

2.1 MODERN PORTFOLIO THEORY

It was developed by Harry Markowitz, who states that it is insufficient to indicate the
expected risk and return of an explicit stock. By investing in multiple stocks, MPT
quantifies the benefits of diversification, also known as non-Golf. Each stock has its
own deviation from the average, which MPT calls risk. Markowitz starts by saying
that all investors want to avoid as much risk as possible. He defines risk as the typical
deviation from the expected return. The only risk in a portfolio of many individual
stocks is the risk of owning a single stock among the individual stocks (assuming the
risks of different stocks are not directly related).

But Markowitz assumes that all investments in a portfolio are likely to remain
valuable under the same conditions. This is called correlation and it measures how
different you think the values of different securities or positive categories are com-
pared to each alternative. For example, high fuel prices make sense for oil compa-
nies, but it’s unhealthy for airlines that have to buy fuel. As a result, the stock prices
of companies in these industries might typically be expected to move in opposite
directions. These industries have negative (or low) correlations. If you own airlines
and companies instead of oil majors, you have good diversification in your portfolio.
Putting all this together, it is perfectly possible to create a portfolio that contains a
much higher average return than the risks involved. It can be managed and reverted
in other words, investing is not about choosing stocks, but about choosing the right
mix of stocks to allocate that precious money. It is when the alternative asset or
portfolio of assets does not provide a higher expected return for the same (or less)
risk or a lower risk for the same (or more) risk). Expect to come back. This theory
states that the risk to an individual stock’s return consists of two parts: structured risk
and unstructured risk (also called specific risk). Unstructured risks are specific to
individual stocks and can become widespread as you increase the number of stocks
in your portfolio. This represents the portion of stock returns that is unrelated to
general market movements. In a well-diversified portfolio, each security’s risk (or
mean deviation from the mean) contributes little to portfolio risk. Instead, the differ-
ence or covariance between the risk levels of each stock determines the overall risk
of the portfolio. As a result, investors prefer to hold diversified portfolios rather than
individual stocks.

3 EFFICIENT FRONTIER

How to determine the most effective level of diversification? The solution lies in
entering the efficiency frontier. It represents the set of portfolios that give the highest
return for a given level of risk, or the set of portfolios that give the lowest risk for
any level of return. Each return level has a portfolio that offers the lowest possible
risk, and each risk level has a portfolio that offers the highest return. These combina-
tions are intentionally plotted on the chart, and the next line is the economic limit. It
shows the economic frontier for two stocks: high-risk, high-reward technology stocks
(Infosys) and high-risk, low-reward customer product stocks (ITC Ltd). This works
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for different plus categories. The best portfolio is the economic frontier portfolio that
has the best utility for a particular capitalist. As a rational capitalist, it’s easiest to
keep your portfolio aligned with valid limits. The highest risk a capitalist can take
determines the position of the portfolio on the street.

3.1 CAPITAL ASSET PRICING MODEL (CAPM)

The CAPM model states that the expected rate of return an investor can demand is
equal to the safe security’s velocity and risk premium.

If the expected return is insufficient or higher than the expected return, the inves-
tor may refuse to take the position and no investment will be made. CAPM catego-
rizes portfolio risks into systematic and specific risks. Systematic risk is the risk of
holding a market portfolio. All the pluses are affected to a greater or lesser extent as
soon as the market moves. To the extent that pluses participate in such general mar-
ket movements, they carry systemic risks. Specific Risks are risks that are unique to
Private Plus. According to CAPM, the market compensates investors for taking sci-
entific risks, but not for taking chosen risks. This can be heterogeneous for selected
risks. When an associate degree capitalist holds a market portfolio, every quality of
that portfolio carries certain risks. However, through diversification, an investor’s
exposure to the internet is only a systemic risk to the market portfolio.

3.2 CAPM rorMuLA

Expected security come = risk-free come + Beta X (expected market risk premium)

or.
R = RF + Beta X(RM — RF)

Where:

R: is that the expected come rate on a security.
RF: is that the rate of a ‘risk-free’ investment, i.e. cash.
RM: is that the market rate of the acceptable quality category.

Beta is the overall risk of investing in large markets such as bovine spongiform
encephalitis and National Stock Exchange.

Each company includes a beta version collectively. A company’s beta is the
company'’s risk relative to the general market’s beta (risk). If the company holds his
3.0 beta, it’s said to be three times riskier than the broader market. Beta indicates the
security’s volatility relative to its quality category.

3.3  ASSET ALLOCATION

Asset allocation is an important tool in constructing a diversified portfolio. In other
words, it is often important to find the proportion of a portfolio that is blessed with
a number of quality classes such as stocks, bonds, or money. For example, if stocks
traditionally rise 10% annually and bonds rise 5% annually, a 50% stocks and 50%
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bonds combination would be expected to rise 7.5% annually. Associate degree quality
categories include securities with similar characteristics, attributes, and risk-return
relationships. Broader quality categories such as bonds fall into smaller quality cate-
gories such as government bonds, corporate bonds, and high yield bonds. Reputation
for quality assignments is not an isolated selection of relevant grades. Rather, it is
part of a portfolio management technique. Many of the associate’s quality attribution
strategies rely on the investor’s policy statement, which includes investor objectives,
limitations, and investment tips. However, your personal budget should be related to
your age, financial situation, future plans, risk-averse traits, and desires.

Before starting an investment program for an associate’s degree, you want to make
sure that your various needs are met. Serious investment deals should not be made
until would-be capitalists have earned enough financial returns to cover their living
expenses and have secure internet access in case the unexpected happens. When it
comes to quality allocation strategies, remember that the younger you are, the more
risk you can tolerate. As you get older and nearer retirement, you may be less interested
in expanding your portfolio and more interested in wealth and asset preservation to
prevent the value of your portfolio from declining. Maintaining a portfolio when the
required retirement age is reached requires additional investment because excessive
declines in the value of holdings may affect how you retire or prevent you from retiring
as planned and becomes a necessity. Asset categories have completely different market
dynamics and different interaction effects. Therefore, the allocation of cash to quality
categories can have a significant impact on fund performance. As mentioned earlier,
a portfolio consisting of completely different stocks can also be part of an associate’s
investment. Then, in this case, diversify the class or sector backed by equities.

3.4 PROPOSED WORK: CONSTRUCTING SMART PORTFOLIO

3.4.1 Portfolio construction

Many investors do not have a basic understanding of what an honest portfolio is. In
fact, there is no correct result when it comes to portfolio modifications. Many times
I bought and sold securities without observing the portfolio. The biggest result of
such a ruthless approach is that few companies can deliver extraordinary returns, but
portfolios are forgotten. If you’re looking to build a portfolio, the checklist below will
help you make the right calls.

3.4.2 Primary and secondary

Ideally, any portfolio should be divided into two main components,a primary
portfolio and a secondary portfolio. The former should have a long-term view, and
the latter should include a short to medium-term script to play the market, perhaps
throughout momentum.

Don’t rush to sell your first portfolio. The majority of your investment should be
in your first portfolio.

3.4.3 Skewed sector bias

In terms of weights, you should not be overly exposed to any sector. The maxi-
mum weight of the selected sector should not exceed 20%. This strategy provides a
volatility grip on your portfolio.
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3.4.4 Keep future leaders

Unfortunately, no one shows up for the long term because everyone has to ride the
current leader. Increase your bottom line by benefiting from security delivered at a
lower cost.

3.4.5 Stocks in momentum

Many momentum stocks can even see their market cap increase many times over
as the trend progresses. However, the most effective way to deal with this problem
is to defer 100% of the initial investment once Momentum stock has risen at least
50% from its price. To modify this for the Associate’s example, let’s say he bought
his 1,000 shares in First Principle Ltd for 27 rupees. When shopping security comes
to Rs. 41. This is often the case when you want to sell enough shares to recover the
value of Rs.27,000. In other words, sell 650 shares for 41 rupees to hide your value.
Your credit amount will allow you to race at the top of your associate’s degree. If
the market goes down, don’t be too upset because it has already recovered its value.
In fact, momentum stocks should never be part of a major portfolio.

3.4.6 Dividend concerns

In a volatile sell, it’s best to own a company that pays dividends. Note that dividend
payments actually show that money is flowing to shareholders. Companies that sys-
tematically pay dividends to investors consistently outperform companies that do not
pay dividends within the same business. Such companies bring additional stability
to your portfolio.

3.4.7 Take profit in time

At the end of the day, what matters is the money you make from your portfolio.
People are often not smart enough to book a profit. Also, try out the core portfolio.
Remember, you have to maintain an honest balance between your arena and your
company’s portfolio. If one certificate suddenly jumps up, it is a weight adjustment.
Here, we account for profits of such magnitude that the weighting is very high. For
example, if you buy a certificate with a weight of 10%, some favorable terms increase
the weight of the certificate to 20% now. In this scenario, we need to take more of the
profit so that the weight goes back to 10%.

3.4.8 No churning

Many investors are in the habit of buying and selling stocks without good reason.
Portfolio churning is just a cost associated with the portfolio and usually results in a
commercially viable script at lower levels.

Don’t change your portfolio just for that. Examine changes in company funda-
mentals. If there is no change, do not change the portfolio. If you’re thinking about it,
hold scrip and wait until it’s wise to sell them.

3.4.9 Right breadth of portfolio

Investors often have multiple companies in their portfolios. This doesn’t make it
harder to watch, but it also results in below-average returns. At the same time, inves-
tors typically have only a handful of companies in their portfolios, making them
riskier. In general, the maximum weight of the certificate should not exceed 15%.
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3.5 RETURN CONCERNS OF PORTFOLIO

3.5.1 Portfolio returns

You need to know how much you expect and whether it is consistent with your
risk tolerance. When evaluating expected arrivals, consider percentage arrivals
rather than absolute arrivals. For example, if you speculate Rs.20,000, you have
two options: buy TISCO at Rs.320 per share on the secondary market or speculate
on one of the initial offerings offered to the market at Rs.10 per share from the pri-
mary market. There are two options. They expect the first offering to be listed two
months later when each share is listed at an expected value of Rs. 15. At this point,
TISCO’s share price is expected to rise to INR 370. In terms of absolute value per
share, TISCO is sure to offer a much better profit of Rs.50 (Rs.370-320) compared
to Rs.5 (Rs.15-10) for the first issuing unit. To do this, however, here is the source
of the misunderstanding.

In fact, the first issue will give you a much better return in terms of total shelf life
as you will get 150% of the first issue versus TISCO’s 15.63%. Due to the limited
range of funds, the percentage values are important here as we focus on equities. For
example, if you invest Rs. 20,000 in TISCO shares, you will get 62 shares in eight
months offering 370.62 Rs. 22,940. Instead, if you invest Rs. 20,000 in the initial
issue at Rs. 10 each, you will buy a pair of 1,000 oversubscribed units at Rs. 15,
1,000 Rs. 30,000 after eight months. Therefore, TISCO’s earnings will be Rs. 22,940
Rs. 20,000 Rs. 2,940 from the investment, but if invested within the first issue unit,
it will yield Rs. 30,000 20,000 Rs. 10,000. Note that even small price movements
when prices are low consistently provide better stocks and vice versa. Live returns
are also found in the form of guaranteed financial benefits. The youngest graduate
widow living off the financial gains from her husband’s investments will be inter-
ested in a guaranteed return on the investment. Therefore, the most effective invest-
ments for them are stocks with financial returns, blue chip stocks that often offer high
dividends, and high-yielding bonds. But if you're a brave young man with a college
degree and can’t wait to make more money, your main target should be growth, not
quality stock and decent dividend payouts will become stock.

4 CONCLUSION

Portfolio management is still a science and does not provide clear answers on portfolio
construction. Building a portfolio that yields excess return on investment seems more
of an art than a science. The results show that investing in the same sector cannot
fully diversify risk, but there is evidence that it is possible to look for increased risk-
return trade-offs by creating different portfolios. Investing in portfolios that combine
manufacturers and suppliers provided the lowest asset-to-risk ratio.

The global economic recession caused by the financial crisis had little impact
on the global automotive industry. Further research may reveal whether the decline
in yields during and after the crisis was also driven by regional factors or was only
affected by the global economic crisis. Financial markets are showing the first signs
of an ailing economy. Financial globalization, reflected in highly correlated stock
markets, has reduced the range of international portfolio diversification. Same indus-
try returns may not be a profitable target for investors who tend to find negatively
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correlated securities. Systematic shocks that can occur affect most assets in a
portfolio in the same way. The findings show that the Indian stock market does not
follow efficient market theory, as an efficient market includes all kinds of informa-
tion such as historical market data and public—private information. However, the
Indian market is responding quickly to domestic and global cues. Expected returns
remain inadequate compared to the systematic increase in risk. Therefore, portfolio
selection should be made in such a way that the correlation value of beta values beats
the market. This shows the financial market volatility in the Indian economy. This
requires compliance with financial regulatory mechanisms.
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’l 6 Use of machine learning
for software project
cost estimation based

on ISO/IEC standards

Beata Czarnacka-Chrobot

1 INTRODUCTION

The scarcity of benchmarking (historical) data is considered to be one of the
fundamental, if not essential, problems of proper cost estimation of software proj-
ects. Incorrect cost estimation of such projects means that many of them are not
completed or are completed at significantly greater costs than planned, which in turn
not only reduces the success rate of software projects, but above all causes the waste
of vast amounts of money invested in IT projects. Large losses in this respect are
borne not only by companies, but most of all by state budgets, and therefore by us —
citizens. Wasting resources is an act that is contrary to sustainability as a horizontal
principle, because it inhibits economic growth and investment in other factors of
sustainable development.

The main purpose of this chapter is to demonstrate that machine learning (ML)-
based software project cost estimation models can help to minimize this prob-
lem, provided that the software Functional Size Measurement (FSM) methods
approved by ISO/IEC (International Organization for Standardization/International
Electrotechnical Commission) are used as their basis. On the one hand, in order to
make sense, the use of ML requires substantial amounts of historical data of appro-
priate quality, which somehow forces their collection and cleaning, and on the other —
on this basis, they give estimation results more accurate than other approaches to cost
estimation if they based on ISO/IEC standards.

That is why the following issues will be presented in the chapter: (1) problems
of estimating the costs of software projects and their practical effects; (2) software
project cost estimation based on functional size measurement methods approved by
ISO/IEC; (3) the importance of generalized benchmarking data in cost estimation of
software projects; (4) analysis of the use of machine learning algorithms for software
project cost estimation along with its results and discussion; and (5) conclusions and
future work.
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2 PROBLEMS WITH PROPER COST ESTIMATION
OF SOFTWARE PROJECTS - THEORETICAL
FRAMEWORK AND EFFECTS IN PRACTICE

The latest research conducted by the Standish Group (Standish Group, 2022), a US
research institution which has specialized, for many years now, in analyzing the
effectiveness of software system project execution (currently based on more than 50
thousand projects concerning such systems), shows that only 31% of them are suc-
cessful, i.e., end as planned in terms of costs, time, and scope, whereas 69% of them
are either a complete failure, i.e., were abandoned and so the product was not deliv-
ered (19%), or a partial failure (50%), i.e., ultimately, the product was delivered, but
the costs were higher and/or the delivery time longer than planned and/or it did not
satisfy the target requirements (Johnson, 2021). This means that the projects ended
with a partial failure constitute over 60% of the undertakings completed with product
delivery (31% + 50% = 81% of the projects closed with product delivery). The esti-
mated costs are exceeded by approx. 65% of the projects ended with a partial failure,
and the average exceedance is around 60%, which often translates into multi-million
losses in a single project. The planned duration of a project is exceeded also by
approx. 65% of the projects ended with a partial failure and its average exceedance
is approx. 75%, which also leads to major losses, in particular in the case of projects
with strict deadlines (e.g., a settlement system that needs to be put into operation
specifically from the beginning of a year or a system, which supports a sports event
scheduled for specific days, etc.). Around 50% of the projects ended with a partial
failure are ones that have not met the set requirements, with the average delivery of
the required functions and features being approx. 70% (Standish Group, 2018).

Estimation is an anticipatory quantitative assessment of unknown attributes of
an undertaking, here: software system development project, conducted based on the
general knowledge of the requirements for a given product and its development con-
siderations, and so made while having incomplete information. Hence, it is a probabi-
listic value obtained with a certain confidence level, relying on specific assumptions,
which are not seldom modified at a later stage of the project cycle. And yet, the con-
tracting entity requires that the contracted software system be priced, which means
estimating the system cost either before the development cycle starts or at the very
beginning of the project life cycle in order to be able to make a reasonable investment
decision. Moreover, the estimation should be reliable and objective, justifiable and
documentable. This is not impracticable: if suitable software project cost estimation
methods and tools are employed correctly, it is possible to arrive at estimates with up
to +10% of accuracy already at this stage.

If a project to develop a new or enhance an existing software system covers all
components (layers), then — in general terms — its costs include: IT infrastructure
costs, commercial software costs, and effort (personnel) costs, that is the remunera-
tion of the people involved in the development/enhancement of a software system
(Flasinski, 2007). As a rule, effort costs are the decisive components of the costs of
such an undertaking, since they involve changing a software system, but at the same
time they are the most difficult to estimate correctly and can be easily manipulated.
While infrastructure and commercial software costs can be determined based on
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market prices, the proper effort cost estimation involves a proper estimation of the
effort required to develop/enhance a software system beforehand. The basis for the
proper effort cost estimation, in turn, is the correct estimation of the size of the
software system under development/enhancement (the required product of a project),
but — to this end — it is also crucial to take into account the suitable productivity (see
Figure 16.1) or the suitable model conditioning effort on software system size. Such
an effort cost estimation is the appropriate basis for software system pricing.

However, the following principal problems hampering the proper estimation of
effort costs and hence the proper pricing of such systems are frequent in the practice
of software project:

1. Application of improper cost estimation methods, i.e., ones disregarding
the size of the required software system while, generally, relying on the
available resources rather than product requirements, which is reverse
logic of the actual dependence. As a result, defective contracts, i.e., con-
tracts based on fixed price as well as time and material contracts, are in use
(Parthasarathy, 2007; State Government of Victoria, 2000). In the former
case, the amount due for the product of a project is established based on the
assumed fixed expenditure determining the fixed price. In the latter type of
contracts, the calculation of the amount due for the product is based on the
rate set for the contractors’ person-hours. This means that the unit effort
cost is measured in relation to a working time unit rather than a product
size unit and therefore it is the time rather than the required/delivered prod-
uct size that determines the total effort costs. Nonetheless, given that it is
popular to implement fewer functions and features in software systems than
specified in the user/client requirements and that software projects are rela-
tively rarely completed within the expected timeframe, the most commonly
employed approaches encourage exceedance of the planned expenditure on

________________________________________________

User/client requirements
(software system functions and features)

Software system size _ Software project effort i Software project i
(new/changed functions and A7 ' duration '
features) ! l bommmmmm !
v v
Software project Software project effort
productivity (personnel) costs

!

Software system pricing

FIGURE 16.1 Model of dependence between the key parameters/attributes of a software
project and software system size.

Source: Author’s own elaboration.
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the delivery of a product with the assumed functions and features. Where
the contracting entity and the contractor conclude a contract based on an
hourly rate, the contractor might prolong the duration of the project. And
there is no guarantee that, as an effect, even if the contractor extends its
duration excessively, thus leading to uncontrolled rise in costs, the delivered
product will have the required functions and features. As regards fixed price
contracts, in turn, apart from a likely situation where the actually developed
product might be delivered with a smaller range of functions and features
than required, yet another problem emerges: contractors are highly reluctant
to any requirement changes, which are in fact typical of software projects.
This is why these types of contracts could prevent cost exceedance on the
one hand, but they do not guarantee that the product delivered at the agreed
costs will have the required functions and features and, additionally, make
it difficult to introduce changes to the original user/client requirements on
the other hand. Moreover, the contracting entity could pay for the functions
and features that have not been actually delivered.

2. Even if methods based on product size are employed when estimating effort
costs, the common difficulty involves its proper ex ante determination.
This is because in order to estimate it, an appropriate measure of software
product size and a method based on it are needed. Only then it is possible
to apply effort and, hence, cost estimation models based on the correctly
estimated system size. Nevertheless, the problem is that no unequivocal
software size measure to be commonly recognized by IT branch has been
devised yet, and hence also the ex ante pricing of a software system is often
random, intuitive, and manipulative rather than based on reasonable, mea-
surable, and objective foundations, and the price calculation is difficult to
justify and document. In practice, such a pricing is often prepared using an
expert assessment, and such an assessment depends to a considerable extent
on the competences, skills, and informal connections between the experts
engaged in such an assessment.

3. Difficulties with adapting an effort estimation method to specific project
conditions. M. Jgrgensen (2007) suggests that three effort adaptation (cali-
bration) levels should be distinguished:

a) low adaptation level, where organizational historical (benchmarking)
data are not analyzed and effort is determined using either productivity —
defined as the ratio between the size of the required system and the
effort involved in its development/enhancement, and hence it is an
inverse of the unit effort measured with respect to the product size unit —
or estimation models built on generalized benchmarking data;

b) medium adaptation level, where productivity values specific to a soft-
ware development organization are used to estimate effort;

¢) high adaptation level, where effort estimation models (still usually
regression) based on organization-specific historical data are employed.

Therefore, it would be ideal if every software development organization built effort
estimation models adapted to the specific conditions of its operation, which in fact
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entails the necessity to derive its own organizational dependence, and it is not that
simple to do, as it requires a sufficient quantity of its own benchmarking (histori-
cal) data on the projects executed in the past, which would, additionally, reflect
the dependence of effort (a response variable) on the software product size (the
necessary explanatory variable) measured in appropriate units. This is why such
a situation is rarely encountered in reality. Therefore, a certain intermediate form
of adapting an effort estimation method to specific project conditions, which is
significantly simpler in practice, is the inclusion of the organization-specific pro-
ductivity (the medium adaptation level), which does not require as much suitable
historical data as when constructing models. Due to the fact that this attribute is
strongly dependent on the specific nature of the project team’s work and on vari-
ous characteristics of the project, including in particular the software system type,
its complexity level, and field of its application, it should be derived relying on
the software development organization’s own experiences gained from similar past
projects. The estimated effort can be then determined as the quotient of the esti-
mated system size (in appropriate units) and productivity, calculated ex post based
on the past. This adaptation method is not popular either, since collecting the suffi-
cient quantity of own relevant benchmarking data by software system development
organizations still is not common. Hence, the reality is usually a low adaptation
level of the effort estimation models, that is the employment of generalized histori-
cal data that are not organization-specific. What counts is that they should be of
high quality and, first of all, illustrate the dependence of effort/productivity on the
software system size measured in appropriate units. This is when two out of the
three aforementioned difficulties are removed, thus making the accurate estimation
of effort costs highly probable.

Therefore, the base of both ex ante and ex post pricing of a software system should
be its size: the required (estimated) one for ex anfe pricing and the actually delivered
(measured) one for ex post pricing. As a consequence, firstly, the unit effort costs should
be taken into account; they obviously condition the total effort costs, which should not
be assumed in advance (as the case is with fixed price contracts) without referring to
the estimated and then measured product (software) size. Secondly, the unit effort costs
should be referred to the product size unit rather than the working time unit (as the case
is with time and material contracts). Such an approach to pricing requires a proper soft-
ware size measure (unit). But it is only then that the software system pricing is objective
and reliable. This is because the contracting entity can plan the project costs depending
on the required functions and features of the system (its size) and, as a result, will pay for
the actually delivered product size rather than for its requirements that have not been sat-
isfied by the contractor or for the contractor’s additional working time. As demonstrated
by the research conducted by the Standish Group, the products delivered currently as
part of over 60% of the software projects ended with product delivery lack over 30% of
requirements on average, while their planned duration is extended by approx. 75% on
average. This approach should facilitate the reduction of both the number of unsuccess-
ful projects and the average cost exceedance, which is approx. 60% of the estimated
costs for the said over 60% of the projects with product delivery.

Such an approach, although still applied too seldom, works well in practice. The
study ordered by the State Government of Victoria in Australia (Sage Technology,
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2007) revealed that the software system pricing based on a software size unit (in this
case the so-called functional size) results in a reduction of the average exceedance of
the estimated costs to less than 10% only. The reasonability of this approach was con-
firmed also by the analyses conducted by the International Software Benchmarking
Standards Group (2012). They permitted the finding that the projects where a soft-
ware system was priced using a unit of the (functional) size of a product were char-
acterized by accurate estimates: for 90% of the cases, the cost estimates showed a
deviation of up to 20% of their actual value, with the exceedance being up to 10% of
the actual costs for 70% of the projects.

Moreover, the approach to the pricing of a software system based on its size
expressed in appropriate units motivates the prospective contractor to propose a rea-
sonable effort cost of the product size unit, as the risk of its potential underestimation
and the related consequences are transferred to the contractor. Hence, it will not have
the motivation to underestimate the offered price of the system to be developed. This
requires the awareness of its own productivity or the relevant dependence models,
ability to manage it properly, including to take measures for its enhancement and
hence for the improvement of the software development processes.

In summary, it needs to be stated that the following three factors are of principal
significance for the accuracy of effort cost estimation in software projects, that is, the
pricing of their products:

e application of an estimation method based on software system size,

e expression of software system size in appropriate units, and

e availability of relevant historical (benchmarking) data and the proper way
of using them (e.g., data mining techniques, including ML).

3 SOFTWARE PROJECT COST ESTIMATION BASED ON THE
FUNCTIONAL SIZE MEASUREMENT METHODS APPROVED
BY ISO/IEC — LITERATURE AND STANDARDS REVIEW

3.1 SOFTWARE SYSTEM FUNCTIONAL SIZE MEASUREMENT

The methods serving the purpose of estimating software system size in appropriate
units should be: (1) reliable, i.e., ensure that the actual assessments will not devi-
ate significantly from the estimated assessments made at early stages of a project;
(2) objective, i.e., produce identical results regardless of factors such as system devel-
opment technology or the person making the estimations; (3) based on the system
attribute that is of crucial significance to the software users and at the same time
understandable to them, that is on system functionality: here, the most important
is “what” the user can do with the software rather than “how” it is developed and
how many lines of code it will take, which is irrelevant to the user. Additionally, the
proper methods should: (4) make it possible to capture the modifications made in the
user/client requirements, which are a natural phenomenon during software project;
(5) be relatively easy to apply; (6) be universal, i.e., be applicable to any type of soft-
ware; (7) serve as the basis for establishing the effort of all stages constituting the
project life cycle, and (8) be compliant with the economic definition of productivity,
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which means that the use of a more efficient programming language should result
in reduction of not only total project effort and costs but also its unit cost, which
means an increase in project productivity. Moreover, (9) the desired method is one
enabling a comparison of the actually delivered product size with the size required
by the contracting entity, which permits the determination of the degree to which
the contractor has fulfilled its obligations as well as the accurate ex ante and ex post
pricing of the product.

“The most critical step in estimating anything is to understand what it is” (Peter
Korda; Galorath, 2004). In general terms, software functionality is defined as the
software product’s capability to provide functions that are consistent with the needs
of its users/clients. “If software fails to provide a set of required functions, the
whole discussion about other software attributes is pointless” (Kobylinski, 2005).
According to the author, if a software product fails to provide the required functions,
its purchase makes no sense. Hence, it needs to be functional in the first place even if
it is difficult to operate, fails a lot, works inefficiently, and its maintenance requires
much effort.

The fundamental software functionality unit, which served as the basis for devel-
oping all of the similar units, is function point (FP). The author of this concept, and
at the same time the concept of software functional size measurement, was Allan
Albrecht, an IBM employee, who defined function points as “a dimensionless num-
ber (...) which we have found to be an effective relative measure of function value
delivered to our customer” (Albrecht, 1979). He argued that software product size
should be measured in units that are important to software users rather than to its
developers, the most important one being its functionality (e.g., program length is
completely irrelevant to users). Additionally, he assumed that the units should be
independent of the development technology, including the programming language
used. As a result, Albrecht devised a method known as the Function Point Analysis
(FPA), based on estimation and measurement of the functionality required by and
delivered to the users/clients. Hence, the group of methods resulting from the devel-
opment of that approach is called software Functional Size Measurement Methods
(FSMM).

Function points are then the measure of software functionality: both the one to be
delivered to the contracting entity/users to meet its/their requirements (the estimated
one) and the one actually delivered (the measured one). The units are derived based
on certain measurable characteristics, which determine software product size: “They
are a quantitative representation of (...) functions (...) and data working together as a
computer application, (...) relying on program components corresponding to require-
ments” (Parthasarathy, 2007). Hence, the described units allow for the perspective of
the user/client, which is reflected in particular in:

e software size measurement from the viewpoint of an attribute that is of pri-
mary significance for the user/client, i.e., functionality, which is treated as
the principal benefit of the project;

e capability to estimate software size based on the specification of require-
ments relatively early in the project life cycle and, on this basis, to estimate
its costs in a sufficiently objective and reliable manner at the same point in
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time, that is to price the product, which enables a comparison and appraisal
of competitive proposals in terms of the proposed functionality, delivery
costs, and duration;

e capability to control the progress of the project by the client relatively
easily — based on the specified required functionality, even a client/user with
no knowledge or experience in the area of software system development,
the applied project methodology, or the used technology can monitor the
activities related to system development, since the product size expressed
in this manner is independent of them and allows for all standard stages
of the project life cycle, which enables the determination of the effort and
costs required for the execution of its individual stages and a relatively easy
identification of the stage at which the project should be;

e capability to measure the functionality actually delivered by the contractor
and to compare it with the functionality required by the client in order to
establish the degree to which the contractor has fulfilled its obligations and
to determine the actual amounts due for the delivered system;

e compliance with the economic definition of productivity, and hence the
accuracy of the indicators obtained on their basis from the economic
perspective — this means that if the total costs of a project decrease as a result
of using a more efficient programming language, the application of function-
ality units indicates a decrease in unit cost and so an increase in productivity.

Hence, functionality units serve the purpose of estimating and measuring software
size based on criteria that are not only understandable to contracting entities, with
no need to familiarize them with technical and implementation details, but also per-
ceived by them as the most important ones. Therefore, the units facilitate the con-
tracting entity’s active participation in the project, which raises the probability of
a precise specification of requirements and acceptance of a product as compliant
with the requirements, which in turn contributes to the success of the entire project.
However, methods based on the discussed units are characterized by high usability
also from the viewpoint of software developers, since they permit an analysis, evalu-
ation, and comparison of the attributes of the completed projects and their products,
even when using various development technologies/programming languages, which
in turn enables, among others, determination of the productivity that is specific to a
given software development organization and constitutes the basis for estimating the
effort and development/enhancement costs, and thus pricing the products of future
projects (data obtained in this manner should be collected in the organizational his-
torical data repository), and determination of the software size change arising from
the modification of the requirements by the contracting entity during the project life
cycle and pricing of the change.

Research on the objectivity and reliability of software system size esti-
mation in functionality units early in the project life cycle was conducted by
ISBSG (2005). It concerned both the estimation of the product size expressed in
this manner based on the data model and its methodical calculation based on a
specification of requirements. In both cases, it was found that the product size
expressed in functionality units is estimated in a sufficiently objective and accurate
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manner compared to the calculations made based on the final product, with the
estimates derived from the specification of requirements being characterized by
higher reliability than those obtained from the data model: in the former case,
70% of the estimates were not lower than the actual product size, while in the
latter case, the ratio was 62% of the estimates. In both instances, the acceptable
error of estimate was assumed at +10%. As regards the objectivity of estimates
for product size using functionality units, it is ascertained that two specialists
get results differing by merely £10%, yet on condition that the requirements are
specified properly. The findings of ISBSG’s research are confirmed also by e.g.,
M. Parthasarathy (2007), who stated the objectivity and a relatively high level of
reliability of software size estimation based on function points. Therefore, func-
tionality units are increasingly commonly used for determining the costs of a proj-
ect, that is for pricing its product in system development contracts.

However, functionality units are not flawless. The source method (Albrecht’s
FPA) was criticized primarily for its lack of universality — there were doubts
whether it was possible to measure the size of all software categories properly
by means of such units. While adequate measurement of business software sys-
tem (data-driven) functionality was never controversial, in the case of software
products characterized by a low number of inputs and outputs and at the same
time a high internal processing complexity (e.g., real-time systems, embedded sys-
tems, telecommunications software, process control systems, scientific software
with complex mathematical algorithms, expert systems, CAD), size measurement
based on functionality units was regarded as incomplete. Therefore, variants of
the described units were proposed in order to expand the capability to measure the
functionality of a software product to cover, in the first place, real-time systems
(time-driven), for example full function points developed by COSMIC (Common
Software Measurement International Consortium). It displayed usability for both
data- and time-driven software systems.

Another critical argument raised against software size estimation and measurement
based on functionality units is quite a high degree of its complexity. However, if
considering the fact that there are numerous tools to support such measurement,
the argument loses some of its validity. Some, because the level of complexity of
methods based on such units makes the tools incapable of supporting all operations
needed for their correct employment. This is why a substantial portion of the process
is still a non-automated operation requiring high skills in the discussed area although
an international standard has even been introduced recently to standardize the auto-
mation process (ISO/IEC 19515:2019). Nevertheless, software systems are inherently
complex and hence it is unrealistic to expect that their size measurement method
will be effective and simple at the same time, and the costs of the process should be
treated as an investment in the improvement of the maturity of software processes in
an organization.

In light of the acceptance of several measurement methods based on functionality
units by international standardization organizations, the currently voiced criticism
concerned with subjectivity of such measurement also begins to lose its validity —
objectivization was one of the fundamental conditions for them being recognized by
the standardization organizations.
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3.2  MEASUREMENT STANDARDIZATION IN SOFTWARE ENGINEERING

According to the definition of software engineering adopted by the Institute of
Electrical and Electronics Engineers (IEEE), it “is the application of a systematic,
disciplined, quantifiable approach to the design, development, operation, and main-
tenance of software” (IEEE Std 610.12—1990). The quantifiable approach means that
software process and product measurement should be an immanent characteristic of
this discipline of knowledge and life. However, software engineering cannot boast
an elevated level of maturity in terms of measurement of its subject matter, includ-
ing in particular various software attributes, with the main focus on its size. Hence,
the lack of an unambiguous measure of software product size is the fundamental
problem with estimating the main attributes of software system projects. This is the
source of the multiannual endeavors to create objective and reliable software system
size measurement methods as an attribute required for the proper estimation of the
project effort and hence its costs, i.e., product pricing.

Moreover, the employment of standard approaches to measurement in the practice
of software engineering is important to shareholders of IT projects. This is because it
helps build contracting entities’ confidence in prospective contractors, thus facilitat-
ing the selection of the product developer based on objective and reliable criteria. It
can also be a formal requirement arising from the adopted laws or other regulations
(e.g., the condition of participation in a tendering procedure, a contractual clause) or
an informal requirement originating from the fact that customers prefer businesses
certified in a given area. This is why, in order to gain a competitive advantage or, at
times, stay in business, software development organizations should be motivated to
implement the so-called good practices provided for in such standards and subject
themselves to certification processes, which bring benefits not only to their custom-
ers but also to themselves. This is because they regulate the activities of such orga-
nizations, rationalize the planning based on reliably collected historical data, as a
result of which the difference between the estimated values and the actually obtained
ones diminishes, permit the ongoing control of the key attributes, which allows the
shortening of the response time to undesirable situations and the enhancement of the
capability to develop software systems of a suitable quality, and the identification of
the areas to be improved, thus reducing the uncertainty of the organization’s opera-
tion, improving its effectiveness and market image (Kobylinski, 2005). Although the
implementation of formal approaches often involves high expenditure, might initially
impose constraints on operation flexibility, requires relatively frequent adaptations
to subsequent improved versions, and certificates do not guarantee that the client’s
requirements will be satisfied and are not the necessary condition to do so, it defi-
nitely facilitates that.

The best-known and most renowned international standardization organiza-
tions, in particular in the area of software engineering, include ISO (International
Organization for Standardization) and IEC (International Electrotechnical
Commission) as well as IEEE, which joined some standards developed earlier by
ISO/IEC. ISO, IEC, and IEEE are independent, world-leading, non-governmental
international organizations that bring together experts to share knowledge as well as
develop consensus- and market-based standards supporting innovation and providing
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solutions to global challenges (IEC, 2023; IEEE, 2023; ISO, 2023). ISO does this
with membership in 167 national standards bodies (ISO, 2023). IEC focuses on all
electrical, electronic, and related technologies (IEC, 2023). IEEE is a professional
technical organization dedicated to technological innovation, development, and
excellence for the benefit of humanity (IEEE, 2023).

The ISO/IEC standards on measurement in software engineering can be divided
into the following categories with the increasing level of specificity of the standards
(the basic published standards are enumerated here, with the exclusion of accompa-
nying standards and ones under development):

1. Standards covering measurement, including ones regarding:

e measurement process: ISO/IEC/IEEE 12207:2017, ISO/IEC/IEEE
15288:2015, ISO/IEC 14598:1998-2001;

e software process measurement: ISO/IEC/IEEE 90003:2018, ISO/IEC
15504:2003-2013;

» software product measurement — ISO/IEC SQuaRE (Systems and
Software Quality Requirements and Evaluation) series standards, i.e.,
some with numbers 250xx, including in particular: ISO/IEC 25000:2014,
ISO/IEC 25001:2014, ISO/IEC 25010:2011, ISO/IEC 25030:2019;

2. Standards dedicated to measurement, regarding:

* measurement process: ISO/IEC/IEEE 15939:2017,

* software product measurement — some ISO/IEC SQuaRE series stan-
dards, ie., ISO/IEC 25020:2019, ISO/IEC 25021:2012, ISO/IEC
25023:2016, and ISO/IEC 14143:2002-2012;

3. Standards regarding individual software product functional measurement
methods: ISO/IEC 19761:2011, ISO/IEC 20926:2009, ISO/IEC 20968:2002,
ISO/IEC 24570:2018, ISO/IEC 29881:2010.

Standards from categories two and three focus explicitly on measurement, whereas
the ones from category one perceive the process as one of the recommended catego-
ries of activities. Furthermore, some of them are more general, i.e., they standardize
the very process of measurement, while others concentrate on measuring software
products (software systems) or software processes. In the case of software products,
in turn, standards regarding product quality measurement and standards regarding
product functional size measurement — and only such size — can be distinguished.

The process of selecting and applying software process and product measurement
standards should include the following steps:

¢ identifying the business needs and goals of an organization;

¢ identifying the measurement needs and goals, e.g., product delivery cost
and/or time reduction, productivity increase, high-quality product delivery,
accurate estimation of project attributes;

» selecting the standard covering/dedicated to the measurement process in the
context of measurement needs and goals;

e selecting the relevant standard covering software process quality and/or
software product quality measurement and/or dedicated to software func-
tional size measurement — depending on measurement goals;
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e if a software quality measurement standard has been selected, selecting the
relevant SQuaRE standard, and if a software functional size measurement
standard has been selected, selecting a standard regarding the measurement
method that is adequate to a given functional domain; and

e performing the measurement for the purpose of obtaining the information
required for making reasonable management decisions.

The integration of the activities covered by measurement is intended to support,
among others, objective planning, including estimation of attributes of software
system projects, monitoring of the actual progress of a project in terms of its com-
pliance with plans and goals, and identification and resolution of the emerging
problems related to the measurement process. Therefore, in organizations charac-
terized by high maturity of software product and process measurement (Czarnacka-
Chrobot, 2012):

* project execution costs and time are estimated more accurately due to the
proper collection of reliable historical (benchmarking) data: organizations
at the highest maturity level virtually never exceed the estimates, whereas
organizations at the first level exceed time by 150% and costs by approx.
200% on average;

e the quality of software products increases, since the number of errors
decreases as a result of their control starting from the earliest phases of
the project life cycle, which leads to lower costs of their maintenance: the
average cost of remedying errors in organizations at a high level of maturity
is approx. 4% of the total expenditure on software development, while in
organizations at a low level — over 50% of such expenditure;

e due to the reduced costs of improving inadequate quality software products,
software development costs decrease: the average cost of creating one func-
tion is over 3 times lower in organizations at the highest level relative to the
cost in organizations at the lowest level;

¢ asan effect of the reduction of the aforementioned unit cost, productivity grows;

e due to the smaller number of errors in software products and the resulting
reduction of the time dedicated to their repair, the total delivery time short-
ens, too.

As shown above, the application of standards regarding software process and product
measurement contributes to the improvement of such a process and product through
increased productivity of project activities and quality of the product, which permits
a faster and cheaper delivery of a better functionality. Therefore, the implementation
of the discussed standards in line with an organization’s business needs and goals,
which encompasses understandability to and approval by their users/clients, might be
perceived as an investment in software process and product improvement.

In summary, it is worth mentioning that a major progress in the development of
new standards for measurement in software engineering, in particular as regards
software products, has been recorded in recent years. Additionally, standardization
institutions attach significant importance to the up-to-datedness of the standards
(they are updated on an ongoing basis if necessary).
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3.3 ISO/IEC 14143 STANDARD FOR SOFTWARE
SYSTEM FUNCTIONAL SIZE MEASUREMENT

Software systems, like any other product, in particular one of an engineering nature,
are characterized by certain attributes, which should be subject to measurement.
The basic attribute of each engineering product is its size. As was already men-
tioned, software engineering cannot boast such a high level of maturity in terms of
units for measuring software size as other engineering disciplines (e.g., construction
engineering). This is the basic reason for difficulties with objective and reliable cost
estimation of software projects, that is a proper software product pricing.

Measurement of software size (...) is as important to a software professional as mea-
surement of a building (...) is to a building contractor. All other derived data, including
effort to deliver a software project, delivery schedule, and cost of the project, are based
on one of its major input elements: software size.

(Parthasarathy, 2007)

From among the several software system size measures applied in practice, i.e.,
(1) programming units (e.g., source lines of code); (2) construction complexity units
(e.g., object points); (3) functionality units, it is functionality units in the form of
the so-called function points (FPs) that currently enjoy the greatest worldwide
recognition. This is reflected in them being accepted by ISO and IEC in ISO/IEC
14143:2002-2012 norm, which standardizes the concept of the so-called software
functional size measurement (FSM), as the only proper ones, i.e., sufficiently reli-
able, and objective software system size units.

In accordance with the ISO/IEC 14143 standard, software functional size is
“size of the software derived by quantifying the Functional User Requirements”
(ISO/IEC 14143:2002-2012). While Functional User Requirements (FUR) are
defined as “the sub-set of the User Requirements describing what the software
does, in terms of tasks and services” (ISO/IEC 14143:2002-2012). Hence, FUR is
an ISO expression that denotes a sub-set of user requirements, based on the user’s
point of view. The standard specifies the definition of FUR by identifying their
fundamental components and the elements that are not normally included in such
requirements. The former group includes primarily the requirements concerning:
transferring data (e.g., entering customer data, transmitting a control signal), pro-
cessing data (e.g., calculating a bank’s profit, determining the average tempera-
ture), collecting data (e.g., customers’ orders, ambient temperature over time), and
searching data (as regards e.g., the current employees, aircraft position). Functional
User Requirements do not include, however, above all the following: qualitative
constraints (e.g., usability, reliability, efficiency, maintainability, portability), orga-
nizational constraints (e.g., operation placement, target equipment, compliance
with standards), environmental constraints (e.g., interoperability, security, privacy),
and implementation constraints (e.g., programming language used, testing tools
applied, delivery schedule). Hence, the non-functional requirements constrain the
software project, but do not describe the services (functions) to be supplied by the
software (COSMIC, 2008). Therefore, based on the older version of the discussed
standard, FUR can be defined as representing “the user practices and procedures,
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that the software must perform to fulfil the user’s needs. FUR exclude Quality
Requirements and any Technical Requirements” (ISO/IEC 14143:2002-2012),
in order to ensure measurement objectivity and comparability of its results. The
software functional size measurement method, in turn, is defined in the discussed
standard as “a specific implementation of functional size measurement defined by
a set of rules, which conforms to the mandatory features of such measurement”
(ISO/IEC 14143:2002-2012). The software functional size measurement method,
in turn, is defined in the discussed standard as “a specific implementation of func-
tional size measurement defined by a set of rules, which conforms to the mandatory
features of such measurement” (ISO/IEC 14143:2002-2012).

Hence, the document standardizes the concept of software system FSM, among others:

* providing a guide on how to use FSM to support the management of soft-
ware systems projects;

 defining the FSM method;

 identifying the common characteristics of FSMM and determining the set
of obligatory requirements they must satisfy;

e facilitating the selection of the FSM method that is best suited to user’s
needs;

* defining and describing the so-called functional domains (software classes)
for which FSM methods can be used;

 facilitating the process of defining the functional domains based on the pre-
set FUR;

e providing the rules for selecting the FSM method that will be best suited to
a given functional domain; and

e recommending the steps in the FSM method application process.

According to the ISO/IEC 14143 standard, the fundamental principles, that is
obligatory features of software functional size measurement methods, include (ISO/
IEC 14143:2002-2012):

e basing the method on the representation of the user’s functional require-
ments, defined from the users’ perspective;

* the possibility to apply it as soon as FUR are defined and made available;

* the outcome of the method is the functional size obtained from the evalua-
tion of the Base Functional Components (BFC), which are the elementary
unit of FUR;

* the FSMM should be as independent of software development methods and
technologies as possible.

The FSM method application process, in accordance with ISO/IEC 14143 standard,
should be composed of the following steps:

1. determination of the scope of functional size measurement, that is the set of
FUR taken into account in a given case of FSM determined by the software
measurement goal;
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. identification of the FUR falling within the scope of FSM;
. identification of the BFC falling within the scope of FUR;
. classification of the BFC in terms of their size;

. assignment of the correct value to each BFC;

. calculation of the functional size of a software product.

AN AW

What follows from the above is that when measuring a given set of FUR, determined
by the purpose of the process (the so-called scope of measurement), in particular
based on a preset functional model (hence, the degree of specificity is defined), the
results obtained by independent specialists measuring software size by means of
FSMM should be very similar, if not identical. This is the primary sense of using the
methods: the results concerning software size are supposed to be reliable and objec-
tive and, additionally, comparable. Moreover, as regards the result of FSM methods
(software system size) the unique technology applied by contractors or their individ-
ual know-how are irrelevant, since the result, as mentioned above, must be indepen-
dent of these attributes, as it reflects FUR, which are independent of them. The only
thing that matters is the application of specific measurement procedures, which — as
an effect of taking the requirements into consideration — must lead to standard results
in the form of software system size.

According to the ISO/IEC 14143:2002-2012 standard, the following are the areas
supported by FSM methods:

e project management, in the area of both planning and control, by enabling:

early estimation of resources, including effort costs, which are required for
project execution,

monitoring of the progress of project execution, including expenses,

management of changes in the required project product size — depending,
among others, on the estimated costs of such changes,

determination of the degree of FUR satisfaction by the purchased
commercial software product or the product developed as contracted by
the contracting entity,

post-completion analysis of the project and comparison of its attributes,
including effort, costs, productivity, to other projects,

e software development management by:

managing parameters (attributes) of software development/enhancement
and maintenance projects, including e.g., productivity, costs, speed of
delivery, in particular in terms of the influence of various factors on the
parameters,

managing software quality, in particular reliability,

managing the maturity of an organization and capabilities of software
processes,

enabling the determination of the organizational value of the whole or a part
of the software in order to estimate the cost of its potential replacement,
the so-called reengineering and outsourcing,

enabling the estimation of the budget required for software maintenance,

managing software delivery contracts.
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3.4 ISO/IEC STANDARDS FOR SOFTWARE SYSTEM
FUNCTIONAL SIZE MEASUREMENT METHODS

As an effect of a multiannual verification of the reliability and objectivity of indi-
vidual FSMM, ISO and IEC considered five (out of approx. 25) of them as compliant
with the rules provided for in ISO/IEC 14143 standard. They include:

A. First generation methods:

1. International Function Point Users Group (IFPUG) method -
standardized in ISO/IEC 20926:2009; the measure unit in the method
is 1 IFPUG FP;

2. Netherlands Software Metrics Association (NESMA) method -
standardized in ISO/IEC 24570:2018; the measure unit in the method is
1 NESMA FP, which is currently considered equivalent to 1 IFPUG FP;

3. Mark II (MKII) method developed by the United Kingdom Software
Metrics Association (UKSMA) — standardized in ISO/IEC 20968:2002;
the measure unit in the method is 1 UKSMA FP.

B. Second generation methods:

4. Common Software Measurement International Consortium (COSMIC)
method — standardized in ISO/IEC 19761:2011; the measure unit in the
method is 1 COSMIC FP (COSMIC Function Point — CFP);

5. FSM method developed by the Finnish Software Measurement
Association (FiSMA) — standardized in ISO/IEC 29881:2010; the mea-
sure unit in the method is 1 FiSMA FP.

The first three of the abovementioned FSMM have not been approved by ISO/IEC in
their full versions compared with the versions proposed by the organizations devel-
oping the methods. This is why they are called first generation methods. However,
it must be emphasized that the parts that are the most important, not only from the
perspective of the aspects discussed in this chapter, i.e., the parts concerning soft-
ware FSM, have been approved. The methods developed by COSMIC and FiSMA,
in turn, have been approved by international standardization organizations in whole
as proposed by both organizations developing them — hence, they are at times named
second generation methods.

As mentioned before, FSM methods differ from each other in terms of the func-
tional domains to which they can be applied. And so, the ISO/IEC 14143 standard
states that the IFPUG, NESMA, and FiSMA methods are suitable to all software
system classes, the Mark II method is more appropriate for business software, i.e.,
data-driven one, for which it has been specifically devised, whereas the COSMIC
method is equally relevant to data-driven systems as it is to (real) time-driven and
hybrid ones (ISO/IEC 14143:2002-2012).

The said standards, like ISO/IEC 14143, are compliant with ISO/IEC/IEEE
15939:2017, which determines the principal rules of the software measurement pro-
cess. One of the key steps in the software measurement process, as defined in ISO/
IEC/IEEE 15939 norm, is the procedure of selecting the method to be used for mea-
suring its size. According to the procedure, the selection of the FSMM that is best
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suited to the needs of the software recipient should be composed of the following
actions:

1. description of the organizational units of the software recipient from the
point of view of the measurement process;

2. identification of their information needs with respect to the measurement
process;

3. selection of the relevant FSM method based on the identification of
applicable methods.

The requirements to be met by the relevant FSM method differ depending on the
nature of an organization. For instance, financial institutions normally choose a
method that correctly measures business software, while chemical enterprises, due
to their core activities, require a measurement method that is more relevant to real-
time systems. Hence, the selection of the proper method needs to begin with dividing
the organizational software into functional domains. The selection of a method that
is suited to needs depends also on the planned method of employing its result. If an
organization intends to use the measurement results also for the purpose of compar-
ing its own productivity with industry data, it is recommendable to choose a method
that is relatively popular in a given industry, one for which such data exist. When it
needs only a rough, tentative estimation of the functional size, the requirements for
the relevant measurement method will be reduced.

As practice shows, the most popular FSM method is still IFPUG in the version
accepted by ISO/IEC (ISBSG, 2016). Consequently, the resources of the benchmark-
ing data based on which software process attributes, such as effort, productivity, and
costs, are estimated are the greatest for this method. However, a younger method,
i.e., COSMIC, has been dynamically gaining popularity worldwide for a dozen or
so years now although the historical data resources existing for the method are still
considerably smaller than the ones for the IFPUG method. As regards the NESMA
method, it is assumed to produce virtually identical results as the IFPUG method — it
is, in fact, its simplification. The UKSMA and FiSMA methods are essentially used
only locally: the former in the United Kingdom and the latter in Finland.

What follows from the above is that there are two FSM methods with the broadest
global reach: IFPUG and COSMIC. They are described in sufficient detail not only
in the aforementioned ISO/IEC standards, but also in the relevant literature, where
the reader will also find a comprehensive description of the differences between
these two methods. Hence, their description will not be included in this publication.

However, it is worth mentioning here that the ISO/IEC/IEEE 32430:2021 Software
engineering — Trial use standard for software non-functional sizing measurements,
which attempts to measure Non-Functional User Requirements as a supplementa-
tion of the ISO/IEC 20926:2009 standard (the IFPUG FP method), has just been
published. This is because the authors of the standard make the assumption that a
combination of the functional size and the non-functional size should constitute the
entire system size. Nevertheless, serious objections have already been raised against
this standard, the most significant of which include: (1) in reality, it is an upgraded
version of influence factors from the IFPUG method (the part of the method that was
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not accepted by ISO/IEC in standard 20926 on grounds of its subjectivity); (2) the
measurement process uses different scales and different measurement units for dif-
ferent parts of the evaluation process and reduces them to one scale, which is a cer-
tain contradiction of mathematical rules; contradiction of mathematical rules; (3)
the considered process does not provide any added value with respect to the one
described in the ISO/IEC 29881 standard (the FiSMA method). Additionally, it will
be necessary to wait relatively long for the appropriate resources of relevant bench-
marking data to be collected, taking into account also Non-FUR, in order to estimate
the attributes of software system development projects, including costs and pricing.

4 IMPORTANCE OF GENERALIZED BENCHMARKING DATA IN
SOFTWARE PROJECT COST ESTIMATION - BASIS OF RESEARCH

As noted above, a proper cost estimation and pricing of software systems, in par-
ticular dedicated ones, requires not only the application of a reliable and objective
software size unit, such as functional size unit, and an appropriate method intended
for this purpose, that is one of the standardized FSMM, but also the knowledge
of the software development/enhancement productivity or models pointing to the
dependence of effort on the functional size of such a system. Both methods require
access to appropriate resources of historical (benchmarking) data. This because they
enable, based on the result obtained with the selected FSM method, estimation of
the following attributes of the projects: total effort and total effort costs, unit effort
and unit effort cost, duration, speed of delivery, and productivity of project activi-
ties. Their knowledge, in turn, enables reasonable decisions regarding: selection of
the appropriate contractor — on the part of the contracting entity, participation in the
tendering procedure and possible launch of the project — on the part of the contrac-
tor, and correct contracting of the subject matter of the contract and the possibility
to compare the delivered values with the planned ones — on the part of both parties.

The appropriate resources of their own historical data, which would permit the
correct determination of their own, specific to a given software development orga-
nization, attributes of the projects, are held by a relatively small number of soft-
ware development organizations, since the conditions for holding them include
(Czarnacka-Chrobot, 2009):

1. the effective implementation of measurement programs and their applica-
tion to as many software products and processes as possible such that at
least the median (the medium value is in this case a more reliable one than
the arithmetic mean, since it permits the avoidance of the influence of sev-
eral untypical, i.e., outlying, projects) and, ideally, the model suitable for
the project attributes that is representative of a given organization, can be
determined on this basis, which is not often;

2. collection of historical data for a relatively high number of projects exe-
cuted in the past that were similar in terms of application (including the
nature and size of the software product) and technology such that at least the
median and, ideally, the model suitable for the project attributes that is rep-
resentative for a given organization when taking into account the essential



328 Analytics in Finance and Risk Management

factors affecting the attributes (mainly: project type — system development/
enhancement; product type and size — a business software or another appli-
cation, of what size; generation of the programming language used) can be
determined;

3. reference of the historical data to the appropriate software size units.

In such a situation, also when comparing the organizational value of the attributes
with the standards applicable as the so-called good practices, the usefulness of repos-
itories with generalized and generally available historical data becomes apparent.
The usefulness of such data is additionally reinforced by their quantity as well as
objectivity and reliability since they are subjected to the relevant qualitative treat-
ment and cleaning.

The largest commonly acknowledged and available repositories of generalized
benchmarking data for software projects the products of which are measured with
FSM methods, including in particular the still most popular IFPUG method, are cur-
rently held by the International Software Benchmarking Standards Group (ISBSG,
2020a; ISBSG, 2020b). The repositories are considered to be the most reliable
sources of data on the attributes of a high number of latest software projects from
numerous industries.

ISBSG is a non-profit organization founded in the mid-1990s with a view to
improve IT resource management processes in both economic entities and public
administration institutions. It performs the task by maintaining, developing, and
using repositories of historical data provided by the leading enterprises in the IT
industry and ones dealing with measurement. One of them, concerned with software
development projects (new development and enhancement projects) and at the same
time the largest one, includes (in the version of 2020) data from approx. 9,600 proj-
ects executed in more than 30 countries in various industries and business areas. The
data are related, among others, to: software product size, effort, project schedule,
architecture, development technology, details of the hardware platform — overall,
there are a few hundred variables describing a single project. The organization holds
also a repository collecting data for software system maintenance projects (nearly
1,200 projects in the repository version of 2020). Both repositories are standardized
in line with ISO/IEC/IEEE 15939 norm, representative of the current technology,
and — obviously — verified, since ISBSG takes particular care of data quality.

The data collected in the repository for software development projects are classi-
fied by ISBSG by, among others, the following criteria that are significant for each
project attribute (ISBSG, 2020b):

e country where the project was executed (i.e., effort was made — this is not
the same as the place from which the data were made available), approx.
80% of which are data from the so-called developed countries;

e context of the project, including: economy sector (the broadly defined finan-
cial sector prevails — approx. 36%) and business area (the insurance area
prevails — nearly 19%);

e project type, including: type of project activities (system enhancement —
approx. 70%, new development — approx. 30%), intended use of the
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product of the project (products realized for the needs of the organization
transmitting data to the repository — approx. 92%), and size of the project
team (products with teams of up to nine members — approx. 60%);

e product type, including: application type (including business applica-
tions, i.e., data-driven ones, which constitute over 91%) and product type —
expressed mainly in IFPUG FPs (approx. 72%, and if also adding the
one measured in NESMA FPs — over 80%), but the products measured in
COSMIC FPs are also represented (approx. 740 projects, i.e., almost 8%);

e project execution environment, including programming language (more
than 120 programming languages are represented, 68% of which are 3GLs,
and 30% — 4GLs), and a hardware platform (approx. 32% are mainframe
projects);

* the development methodologies applied: almost 73% of the projects used the
waterfall methodology (characteristic of large projects), and nearly 15% —
agile/RUP methodologies.

When using the data collected by the organization, it should be remembered that they
are representative of extraordinary projects, which arises from the following:

* the criteria for collecting data in the ISBSG repository allow for only those
organizations which employ FSM methods and do it properly, and such
organizations are considered more mature than others, since they execute
software measurement programs;

e contractors choose the projects whose data are provided by them to the
ISBSG repository themselves — these can be both projects that are typical of
them and those with the best parameters, including the highest productivity
and/or speed of delivery (for obvious reasons, data on projects characterized
by poor parameters are not provided), but it needs to be remembered that
most data come from clients;

» the ISBSG repository does not contain vast quantities of data on large proj-
ects (such projects are rarely completed, and they succeed even more rarely,
i.e., their parameters usually fail to fit into the planned boundaries and
exceed them markedly in an undesired direction).

It needs to be stressed that the ISBSG data are subjected to a process of strict quali-
tative verification. This is why they are appreciated in the IT industry. The compre-
hensiveness, reliability, quality, and up-to-datedness of the data sets are the main
advantage of ISBSG, which offers repositories that are, for these reasons, unique
relative to other available sets of data on completed projects of the relevant type.

To recapitulate on the above discussion, software system pricing can be said to
depend on the estimated costs of its execution, which — in the case of the analyzed
types of projects — are determined by the estimated effort costs. They, in turn, are con-
ditioned on the estimated effort of project activities, which is determined by the esti-
mated size of the software system to be developed/enhanced as a result of the execution
of the project. The size is estimated by means of standardized FSM methods based on
the contracting entity’s requirements. The dependence of effort on size, in turn, can
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be derived from the known or estimated productivity, or, instead, using models which
show such a dependence. The former option, which takes into account productivity of
project activities, is simpler and hence more frequently applied. However, when pro-
ductivity is unknown yet and therefore it still needs to be estimated, the basis for that is
benchmarking data, preferably organizational ones (for the abovementioned reasons),
but in practice they are usually generalized. Such generalized data are available in the
ISBSG repository, so no complicated calculations are needed. Nevertheless, there are
attempts at building models to estimate the effort of software system project depending
on its size without using productivity. The majority of such models are still regression
models, but there are increasingly more frequent attempts at constructing models based
on data mining, especially ML techniques, using the ISBSG data repository as the larg-
est and the most objective and reliable one in terms of quality.

5 USE OF MACHINE LEARNING ALGORITHMS
FOR SOFTWARE PROJECT COST ESTIMATION -
PROPOSED WORK, RESULTS, DISCUSSION

5.1 DATA MINING

Data mining, known also as knowledge discovery in databases is the nontrivial attempt
at extracting implicit, previously unknown, and potentially useful information from
data. This encompasses a range of techniques (...) in order to identify information or
decision-making knowledge in a database and extract it such that it can be used in pro-
cesses such as decision-making support, prediction, and estimation. The data are often
extensive, and it is impossible to derive information from them directly.

(Pujari, 2013)

Data mining techniques are divided, primarily, by goals of the conducted analyses,
which could be pattern recognition and predictions. In the case of predictions, it is
estimation and generalization of the values of unknown attributes based on the pat-
terns found by means of e.g., artificial neural networks (non-resistant to missing data)
and decision trees (resistant to missing data). In the case of pattern recognition, the
recognized patterns are used for describing data and finding general characteristics,
thus obtaining interesting and significant information, taking into account e.g., clus-
tering methods (Fronczak & Michalcewicz, 2010).

There are numerous data mining techniques originating from established fields
of science, including ML. Data mining uses the state-of-the-art ML algorithms for
extracting useful knowledge from databases/repositories through the automated
learning process based on the supplied data (Ben-David & Shalev-Shwartz, 2014).

Broad research on the application of data mining techniques to the estima-
tion of software system project attributes (Sehra et al., 2017), and in particular
machine learning algorithms (Wen et al., 2012), has been conducted for just over
two decades. ML is a form of artificial intelligence, which can be used for decision-
making process automation and prediction, i.e., ML enables computers to improve
efficiency through data: exemplary or experimental. “Various parameters define a
model (that can be predictive, descriptive, or both), and the learning is optimizing
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those parameters by a program that uses the training data or experience data”
(Mezouar & El Afia, 2022). The techniques are supposed to eradicate shortcomings
of various simpler, traditional estimation techniques based on a smaller quantity of
data, which do not take into account the multitude of factors influencing productiv-
ity, effort, and costs of project activities, and — as a result — increase of the chances
for success of such projects and their better adaptation to modern approaches to
project management and software development. However, in the software project
management practice, ML is still rarely employed despite the fact that the existing
research demonstrates its usefulness (Mezouar & El Afia, 2022), e.g., in the fol-
lowing areas: effort/cost and project duration estimation (e.g., Lépez-Martin, 2015;
Wen et al., 2012), project monitoring (Azzeh et al., 2010), software maintenance
cost determination (e.g., Shukla et al., 2012), and quality and risk management
(e.g., Moeyersoms et al., 2015).

The main advantage of ML algorithms is their adaptability to the changing envi-
ronment. It is a particularly important factor in estimating attributes of software sys-
tem projects, where a dynamic progress in the area of technologies, new programming
tools and languages, methodologies, and project team skills is noticeable. This can
be achieved through ML algorithms’ ability to learn and improve based on the gener-
ated estimations that best match the observed data and the entire previous knowledge
(Mitchell, 1997). Hence, ML algorithms are suitable to modeling complex problems
that are difficult to program and imitate, up to a point, the human learning process,
which can be unsupervised (descriptive tasks; Linoff & Berry, 2011) or supervised —
in which case it needs explicitly defined inputs that correspond to the known outputs
by the specified target variable (Cios et al., 2007), which is used for classification or
prediction. For both of them, there are many algorithms that can be used depending
on the desired outcome. In the case of the issue described in this chapter, the point is
to predict the target variable of effort/cost and, potentially, duration.

5.2 USE OF MACHINE LEARNING ALGORITHMS — RELATED WORK

According to the latest Systematic Literature Review (SLR) carried out from the
perspective of the application of ML algorithms in software engineering (Mezouar &
El Afia, 2022), only several studies (4) are dedicated to the use of ML algorithms
in estimating software effort/cost, and some of them are not interesting from the
perspective discussed in this study, as they concern either software size estimation
methods that are not recognized by international standardization organizations or
project team efficiency.

To the best knowledge of the author, the most comprehensive overview of the ML
algorithms applied to estimating effort/cost for software projects was conducted by
J. Wen and his co-authors (2012). For this purpose, they analyzed 84 studies from
slightly over two decades. In accordance with the findings, the authors focused pri-
marily on adapting individual algorithms to their best efficiency, and these were
mainly the following algorithms: Artificial Neural Network (ANN), Case-Based
Reasoning (CBR), and decision trees. The accuracy level of the ML models was
acceptable and better than the statistical one. The researchers also indicated that,
depending on the set of data applied to the creation of models and the approach to
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data preprocessing, ML can generate diverse results: due to the outliers, missing
values, and the possibility of overfitting. The focus in Lépez-Martin & Abran (2015)
is, in turn, on the precision of effort/cost estimation of software projects by means
of diverse types of neural networks — the ISBSG data set was also used to that end.

In general terms, ML algorithms are considered highly effective in dealing with
uncertainty and risk, which are characteristic of estimation in this area, and the
obtained results show their pretty high capabilities with respect to estimation of the
effort/cost and duration of the discussed projects at initial stages of their life cycles
(e.g., Lopez-Martin et al., 2012). Additionally, through the automated prediction pro-
cess based on benchmarking data, they can minimize the effect on the process of
estimating undesirable factors in the form of human attitude, psychological factors,
or ones arising from an organization’s policy. However, still not many, if any, models
relying on such algorithms are used in practice (Pospieszny et al., 2018). This state
of affairs might be caused by narrowing down the research concentrating on finding
the most accurate data mining algorithm possible, which was frequently performed
on small and obsolete benchmarking data sets of completed projects (e.g., Pai et al.,
2013). In addition, for the preparation of the data that play a key role in devising
effective models, diverse, often conflicting, methods were employed (e.g., Garcia
etal., 2016). And so, the results concerning the accuracy of individual algorithms are
ambiguous, even if they were applied to the same data set.

As mentioned above, the ambiguous results were to a considerable extent caused
also by the application of small, obsolete data sets for ML algorithms. Therefore, it
needs to be stressed that it is the data set offered by ISBSG that has been broadly used
by researchers for estimating the attributes of the discussed projects by means of data
mining algorithms for a more then decade now (Gonzalez-Ladrén-de-Guevara et al.,
2016). Nonetheless, due to the use of a variety of ISBSG data set versions and diverse
purposes of devising such models as well as the fact that ISBSG repositories contain
quite a high number of missing values, no standard approach to their application
has been developed (Lépez-Martin & Abran, 2015; Mittas et al., 2015). Yet, despite
the diversity of the approaches adopted to the construction of ML models based on
the ISBSG database, it is possible to distinguish recommendations supporting their
practical implementation in the case of estimating the effort/cost and duration of a
software project at its early stages:

e Given MD’s sensitivity to disruptions in data sets, the models should not rely
on individual algorithms; instead, they should be based on algorithms used
in combination, which additionally increases the accuracy of predictions
(Minku & Yao, 2013; Pospieszny et al., 2018). Their construction should
involve a set of varied but numerically limited algorithms, and a simple
approach, such as averaging the obtained estimates to reduce the cost of the
estimation (e.g., Ho, 1998).

*  When training ML models, emphasis should be placed on data preprocess-
ing, in particular in case of outliers or missing data since they have a sub-
stantial influence on the accuracy of ML algorithms. Apart from various
available techniques (deletion, imputation), their use depends on a data set
(Huang et al., 2015).
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e For outliers, it is recommended to apply the common rule of three standard
deviations from the mean (Ruan et al., 2005).

e Missing values should, if possible, be rejected to eliminate the errors that
might change the accuracy of a ML prediction (Strike et al., 2001).

* Some studies (e.g., Berlin et al., 2009; Lopez-Martin & Abran, 2015) show
that the log transformation of effort/cost and duration generates more accu-
rate estimates.

e Normally, in order to evaluate effort/cost and duration estimation models
by means of ML algorithms, most studies use the following (Wen et al.,
2012): MMRE (Mean Magnitude of Relative Error) and PRED (Percentage
Relative Error Deviation), sometimes MdMRE (Median Magnitude of
Relative Error), as they enable comparison of results and are still com-
monly and broadly applied by researchers. However, they can be criticized
at times, especially MMRE as an asymmetrical measure (Myrtveit &
Stensrud, 2012) that is sensitive to outliers (Port & Korte, 2008).

e In order to avoid overfitting of ML models, the k-fold cross validation is
conducted for validation purposes (Idri et al., 2016).

Moreover, the models combining algorithms confirm the earlier deliberations, as they
demonstrate that effort/cost and duration of a software project depend to the greatest
extent on the size of the software. Their application is most beneficial at early stages
of the project life cycle, when uncertainty is the highest, and the obtained values are
the most desirable from the viewpoint of both the contracting entity and the contrac-
tor. The models can be used with both the waterfall approach to development and
agile methodologies since early estimation of the budget and timeframes of a project
is often required for its approval by decision-makers and enables its reasonable justi-
fication. Additionally, an accurate estimation of effort/cost and duration at this stage
is often the most difficult activity for each development practitioner, and this is what
determines, to a considerable extent, not only the successful completion of a project
but also the correct pricing of a software system and selection of a specific contractor.

It would be ideal if models relying on ML algorithms were organization-specific
and based on the organizational repository of data on the projects completed in the
organization. Only then is it possible to accurately estimate the attributes of the proj-
ects to be commenced. The repository size can differ depending on the maturity of
an organization and the stage of implementing software product and process mea-
surement programs there. Nevertheless, for the purpose of an accurate estimation
using ML algorithms, such a base should contain data on tens or, preferably, hun-
dreds of projects. There is a view that data on 40—60 completed projects could suf-
fice (Pospieszny et al., 2018). Another substantial factor is obviously quality — data
should be complete and cleaned. To this end, the contractor can use data from the
Enterprise Project Management (EPM) system, which is relatively popular in soft-
ware development organizations, which apply it for monitoring project portfolios.
On this basis, it is possible to employ standardized FSM methods for estimating
software size, as they normally ensure the most accurate approximation, followed by
ML algorithms for estimating effort/cost and duration of a project (Pospieszny et al.,
2018). However, such an approach can be applied only in large and medium-sized



334 Analytics in Finance and Risk Management

mature organizations where a software measurement program has been implemented
and which have data on a substantial number of completed projects at their disposal.

5.3 EXAMPLE OF USING MACHINE LEARNING ALGORITHMS

Apart from the mentioned above study by J. Wen et al. (2012), from among the few
studies concerning software projects effort/cost estimation by means of ML algo-
rithms found in the SLR in (Mezouar & El Afia, 2022), the (Pospieszny et al., 2018)
was found noteworthy, since it provides examples of applying several ML algorithms
to the purpose discussed in this study.

The ambiguity of the results and unclear approaches to building data mining mod-
els encouraged the authors of the said study to continue their explorations. Their
effects were presented with intention to demonstrate an approach that would allow
reduction of the gap between the current outcome of the research and implementa-
tions in organizations, while being effective and practical. The set of ISBSG data,
which were subjected to proper pretreatment, and three ML algorithms were used for
that purpose. The obtained results in the form of project effort/cost estimation mod-
els might serve as a tool supporting decision-making by all parties engaged in any
way in the software project. At the same time, emphasis was put on the said software
project attributes, because their accurate estimation at an early stage of the project is
the most difficult due to uncertainty and limited knowledge. Any major deviations of
the constraints during the project life cycle could have a serious effect on the actually
delivered software functionality, quality, and the ultimate successful completion of
the project.

Undoubtedly, it is worth mentioning that one of the principal causes of unreliable
results and inconsistent of the predictions of ML models is poor quality of data, in
particular significant quantities of missing values and outliers. Hence, the proper
data preparation is a critical task in the ML model building process — data should
be pretreated through selection, cleaning, reduction, transformation, and feature
selection (Garcia et al., 2016). As noted above, the best source of generalized bench-
marking data for the software projects where software size is estimated/measured
in function points is the data collected by ISBSG and this is why that data set was
used for the purpose of verifying ML models. The version employed for the research
comprises data from more than 6,000 software projects executed over the past two
and a half decades by numerous enterprises from almost 30 countries — but only data
concerning projects from the last decade were extracted from them. Other data sets
available for software projects (e.g., PROMISE Software Engineering Repository,
COCOMO, SourceForge) are obsolete, or small, or unreliable. Nonetheless, the
ISBSG benchmarking data also have flaws, including in particular heterogeneity (the
data come from various organizations) and quite a high number of missing values,
which — along with heterogeneity — poses a challenge for the proper preparation
of data and construction of ML models (Fernandez-Diego & Gonzélez-Ladrén-De-
Guevara, 2014). However, despite the flaws and the fact that there are various ver-
sions of ISBSG repositories, the ISBSG data set has been extensively applied by
researchers for estimating software projects by means of data mining algorithms
(Gonzélez-Ladron-de-Guevara et al., 2016).
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In the case of the issue described in this chapter, the point is to predict the target
variable of effort/cost of software project. To that end, the following three ML pre-
diction algorithms were employed:

1. Support Vector Machines (SVM) — it is capable of modeling complex lin-
ear and non-linear problems and generating extremely accurate results,
even on noisy data (Han et al., 2006). However, their training can be time-
consuming in the case of a large quantity of data and resources of bench-
marking data on the completed software system projects might contain data
on thousands of such projects.

2. Multi-Layer Perceptron Artificial Neural Network (MLP-ANN) — it is a
parametric algorithm and is very robust in relation to noisy data (Larose &
Larose, 2015). Yet, it is prone to overfitting in the event of a prolonged train-
ing process, and hence the application of another algorithm, namely:

3. Generalized Linear Models (GLM) — an algorithm being a generalization of
simple linear regression, which — depending on several properties — serves
the purpose of representing relations between attributes (Clarke et al.,
2009). Due to its flexibility, it is efficient in handling non-linear variables
and ensures a broad range of inference tools.

Afterwards, ensemble averaging, and cross validation were conducted. The model
construction process took place in accordance with the cross industry standard
process for data mining (CRISP-DM) methodology. The IBM SPSS Modeler was
employed. Details of the procedure and specific model verification results can be
found in (Pospieszny et al., 2018). This study presents only generalized findings:

1. All algorithms employed separately generated substantially accurate
estimates — for both effort/cost (and also duration) of software project. When
applied separately, the SVM algorithm performed best, and error measures
were almost identical for MLP and GLM and insignificantly higher than
they were for SVM. The cause might be the SVM algorithm’s extraordinary
capability of handling complex dependences in heterogeneous data, but it
could also result from overfitting of the algorithm. The differences between
the accuracy of the algorithms indicate that the factor that has the greatest
influence on precision might be the approach applied for processing, clean-
ing, and transforming ISBSG data.

2. Although ensemble models were slightly less accurate than the SVM algo-
rithm, due to their resistance to outliers, noises in the data and their adapt-
ability, it is more recommendable to apply the combined approach since it
is a more stable and practical procedure. This arises from the fact that if
single algorithms are applied to another data set, e.g., one specific to a given
software development organization, other algorithms might prove more
accurate when estimating effort/cost (and also duration) of the project. The
ensemble approach averages the predictions of three robust ML algorithms,
stabilizes the model, reduces the effect of noise in data and the effect of
incorrect behavior of algorithms.
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3. It can be inferred from the findings of the described research that ensemble
models generate accurate estimations due to: (a) appropriate pretreatment of
the heterogeneous, diversified, noisy data set with missing values, (b) three
effective ML algorithms, and (c) cross-validation method for prevention of
overfitting.

4. Compared to other studies on ML algorithms for estimating effort/cost of
software projects, a noticeable benefit from the proposed approach was
found. What can be inferred from the most extensive (to the best knowl-
edge of the authors of the discussed approach) comparison of 143 publica-
tions on effort presented in (Wen et al., 2012) is SVM’s superiority over
any other ML algorithm — the accuracy of other algorithms, such as ANN,
was lower. However, it needs to be taken into consideration that most of
the models were built based on homogeneous, older, and small data sets
(e.g., COCOMO), which might result in underfitting or overfitting. Berlin
et al. (2009), in turn, also employed an ensemble approach (ANN and linear
regression) to the ISBSG benchmarking data with log transformation for
effort estimation. In accordance with error measures for effort, their results
were comparable to the results obtained in (Pospieszny et al., 2018). The
results should also be compared with the software project effort ensemble
models devised in (Pospieszny et al., 2015) using the ISBSG data set and
the GLM, MLP, and CHAID decision tree algorithms. It shows that the
approach adopted in the research of 2018 for preprocessing of data, includ-
ing SVM in an ensemble model, and the use of cross-validation for result
evaluation ensured more accurate estimates. Nonetheless, it must be noted
that even with a similar data set and algorithms, the accuracy of the prelimi-
nary prediction might differ — depending in particular on the quality of data
treatment and methods employed for this purpose.

To sum up, the described research achieved a high effectiveness of effort/cost esti-
mation models through: (1) the use of the ISBSG data set and at the same time one
based on the FSM methods approved by ISO/IEC, (2) appropriate data preparation,
(3) application of three ML algorithms (SVM, MLP-ANN, and GLM) and their
averaging, and (4) cross-validation. The obtained models are supposed to provide a
decision-making support tool both for organizations developing and implementing
software systems.

6 CONCLUSIONS AND FUTURE WORK

Incorrect cost estimation of software projects means that many of them are not com-
pleted or are completed at significantly greater costs than planned, which in turn not
only reduces the success rate of software projects, but above all causes a waste of vast
amounts of money invested in IT projects. Large losses in this respect are borne not
only by companies, but most of all by state budgets, and therefore by us — citizens. The
main purpose of this chapter was to demonstrate that ML-based software project cost
estimation models can help minimize this problem, but the following conditions must
be met: (1) the models are based on software FSM methods approved by ISO/IEC,
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(2) the benchmarking data used by ML models must be of sufficient quantity and
quality and hence their proper preparation needs to be prioritized.

The results of some ML algorithms, but primarily ensemble models for estimat-
ing effort/cost for software projects based on these assumptions, applied when they
are needed most, i.e., at the initial stage of project life cycle, demonstrate that they
are extraordinarily accurate compared with other approaches employed by research-
ers, experts, or software estimation enterprises. Nevertheless, still not many applica-
tions of such approaches can be found in practice — probably due to the emphasis
on the effectiveness of individual algorithms and complexity of their construction
and implementation procedures. However, the content of this chapter shows that it is
worth using such models. Moreover, the accuracy of model prediction (effectiveness)
for data specific to a given software development organization where the proposed
approach would be employed, would be even greater due to homogeneity of data.

Models can be built using commercial or open-source software, but it is worth also
considering their inclusion to the Enterprise Project Management software often exist-
ing in a software development organization in order to automate the entire process.
They are supposed to support decision-making by an organization handling software
development and/or implementation, in particular a large or medium-sized one, which
should hold its own benchmarking data such that investors’ funds are not wasted on
systems that will never be implemented or their development and implementation costs
will considerably exceed the planned budget. The application of the described models
is the most desirable at the beginning of a project, when the uncertainty about the end
product and about which variant of the system should be selected and delivered is the
highest and any estimations are the most difficult, which is true regardless of the devel-
opment methodology (waterfall, agile). This is because early estimation of the project
budget and timeframe is often necessary to define the business case, set the functional
boundaries of the product, and — consequently — have it approved by sponsors. Hence,
they provide rational grounds for making the right business/investment decisions.

To recapitulate, it needs to be stated that, despite the fairly broad research con-
ducted, in recent years, on the implementation of the state-of-the-art ML algo-
rithms for the purpose of estimating effort/cost and duration of software system
development projects, very few, if any, implementations can be found in software
development organizations. And so, the information and knowledge contained in
data is not extensively used in the practice of software system development, but
some conceptual scientific studies illustrating the applications of predictive analyt-
ics methods in this area are promising. However, we can venture the statement that
the practice of estimating the attributes of such projects will probably follow this
direction in the nearest future. This is because, given the present dynamic environ-
ment of software development, the application of ML algorithms could improve the
quality of project attribute estimation methods and contribute to a better allocation
and engagement of resources. Prediction might be particularly useful in the initial
phase of a project, when it might enable, among others, risk mitigation when esti-
mating project attributes, minimization of costs and losses, and maximization of
efficiency and organizational effectiveness of the contractor, or elimination of unnec-
essary requirements for a software system (Fatima, 2017). The knowledge derived
from data could also effectively support contractors in reasonable task scheduling,
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subsequent cycles of the project, which ultimately increases the chance for delivering
a complete software system within the set framework. It is not even impossible that,
along with the technological progress, the process will be fully automated. At pres-
ent, it is possible to model and simulate complex software construction processes as
well as analyze various scenarios for the same project. Prediction techniques of this
kind might definitely be at least an additional source of knowledge for the decisions
to be made (Pospieszny et al., 2018).

As follows from the above discussions, the use of benchmarking data of an appro-
priate quality, relying on standardized FSM methods, is the right approach to the
proper, i.e., reliable and objective, pricing of software systems. Research findings
show that it is worth applying some of ML-based algorithms to this end, as they
prove to be more effective than the traditional approaches to effort/cost estimation.
As an effect, such an approach facilitates more the constraint on wasting the funds
invested in software projects or, in broader terms, IT projects, by both businesses and
the state budget. Therefore, it is worth beginning to apply them more extensively in
practice, thus bridging the gap between the current research findings and implemen-
tation in organizations in practice.

This study has some limitations that determine the directions of further work.
The main ones are: only generalized benchmarking data were taken into account,
the usefulness of FSM methods was defined in a general way, without distinguishing
them individually, and the verification was limited to ML algorithms only. Therefore,
in the course of further research, attention should be given to the verification of ML
models in several software development organizations, while taking into account
organization-specific benchmarking data. Due to the fact that the software develop-
ment effort/cost estimation accuracy depends directly on the explanatory variable,
i.e., the estimated software system size, it is also worth attempting the identification
of the FSM method that brings the best results from among the ones approved by ISO/
IEC — the IFPUG and COSMIC methods are particularly deserving of being taken
into consideration here. Moreover, the effectiveness of other data mining techniques
is also worth verifying (see e.g., Stanek & Czarnacka-Chrobot, 2023).
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’I 7 The application of
partial least squares
structural equation
modeling (PLS-SEM)
algorithm to brand
image and consumer
loyalty at shoe shops

Cuong Tri Dam and Vijender Kumar Solanki

1 INTRODUCTION

Everyone views shoes to be a necessity, regardless of age, gender, or class. Shoes
are part of the category of fashion products that also tends to consume a lot of
resources. Moreover, shoes are not only for walking and protecting feet but also
as fashion accessories, coordinated with other clothes and jewelry, increasing the
aesthetics of each person. Therefore, practically each of us owns more than one
pair of shoes. On average, each person will have at least two to three pairs of shoes.
This number multiplies with a large customer base, which will open up enormous
opportunities for shoe shops. Apart from the potential of the footwear business,
however, many and even many other people are also trading this item, so they
create competitive pressure to gain the market and get customers. On the other
hand, purchasers in the present market hope to be happy with the item or brand
they purchase; in any case, client satisfaction isn’t sufficient to create a nonstop
relationship with a brand. It is important to form a close-to-home bond beyond
satisfaction to give buyer loyalty [1]. Brand loyalty is thoughtful as a fundamental
factor for continuing in a competing situation and for the progress of any firm. It is
an approach to staying with clients connected for a longer time and for acquiring
a competitive advantage. When the same brand is purchased based on repeat pur-
chases, brand loyalty is an effective approach for estimating the customer’s propen-
sity to repurchase a particular good and tends to have a larger market share. Due to
customer devotion to a certain brand, many stores gain an advantage and capture
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a significant market share. Brand loyalty implies clients are inclined toward one
specific brand over the rivals’ brands and also suggested others buy a similar item
or brand [2]. Thus, shops need to create differentiation from competitors by offer-
ing products better than rivals to satisfy the needs of consumers. On the other hand,
with the development and modernization of the retail field, the speed of progress
of shoe shops has increased. Retailers need to keep close tabs on the brand image
of their stores in clients’ eyes to stay beneficial [3]. Likewise, a solid brand image
assists with keeping the association in the psyche of shoppers. Client satisfaction
was one of the primary elements of the shop; that results from the significant effect
of the brand image and the products or services that they are giving to the clients.
Thus, assuming the shop needs to compete with its rival, it ought to give qual-
ity items and services to make the client faithful to their items and services [4].
Furthermore, the shoe was a fundamental design extra for people, particularly the
young ages. Picking a dependable, quality shoe shop was not easy for clients due to
the many shoe stores [5]. Thus, making the right brand image to clients not similar
to other shoe stores was crucial for senior footwear managers as clients routinely
search for branded products to purchase [6]. Moreover, consumer satisfaction and
faithfulness were the main concern for the achievement and greatness of the shop.
Consumer loyalty had a positive and huge impact on creating client steadfastness.
Client satisfaction was an issue that the shop is concerned about. With the end goal
to meet consumer loyalty, shops should have the option to give the best quality
items to clients [7]. Besides, shopper satisfaction as an intermediate variable is also
ready to impact buyers’ loyalty. The brand image additionally impacts purchasers’
loyalty through consumer satisfaction as a mediating variable [8].

On the other hand, there are many studies on the influence of brand image on
loyalty and satisfaction (e.g. [3, 8—10]). Only a small number of research, with cus-
tomer satisfaction serving as an intermediary predictor at shoe stores, apply partial
least squares structural equation modeling (PLS-SEM) algorithm for band image
and loyalty. As a structural equation modeling technique, PLS-SEM enables the
estimation of intricate cause-and-effect relationships in path models with latent
variables. The numerous review studies that highlight the PLS-SEM algorithm’s
expanding application in a range of fields, including risk management, market-
ing, finance, etc., highlight its significance for both research and practice [11-14].
Therefore, this study applies the PLS-SEM algorithm to the connection between
brand image and buyer loyalty with client satisfaction as an intermediate variable
at shoe shops in Vietnam.

2 LITERATURE REVIEW

2.1 CoNsUMER LoYALTY (CL)

CL is a select and/or continual client buy of the same brand or the same group of
brands in a specific group of products/services [15]. Purchasers demonstrate loy-
alty by returning to the same shop and that is estimated by the proportion of the
time spent at a solitary shop regardless of the offerings in competitive shops [16].
CL can be divided into two categories: one category is the clients’ behavior, which
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is demonstrated by their preference for a brand, their repurchase of that brand,
and their recommendation of that brand to others; the other category is the clients’
attitude, which is CL’s internal effect and perception component. Clients might
show re-buy behavior because of restricted decision accessibility or inertia [17].
CL is firmly connected with the endurance and the more robust development of
the organization. As a result, the profit ratio is more steady the higher the level of
loyalty. It means vital to keep existing clients. Also, the size of the general market
can be expanded by stimulating potential clients [18]. If a client who cherishes an
individual’s brand generally intends for the same brand when a person goes to a
shop, an individual’s loyalty can be viewed as high. This degree of loyalty is in the
behavioral aspect and it is related to the quantity and frequency of the brand bought
by the client [19]. Likewise, faithful clients often make repeat-purchases, which
thus ensures a source of revenue for the organization, tend to purchase more, and
are ready for greater expense, which will have an effect straightforwardly to the
advantages of the organization [8§].

2.2 BranD IMAGE (BI)

BI refers to the comprehensive understanding and emotional connection that con-
sumers have with brands, playing a pivotal role in shaping their purchasing behav-
ior [20]. It encapsulates the collective perception of a brand, which is cultivated
through various brand interactions and experiences [21]. The dynamic interaction
between brand cues and user interpretations is encompassed by BI, giving rise to a
continuous cycle of communication. This process, driven by perception, originates
from the evaluation of brand consumers and holds the potential to develop into a
central determinant of purchasing decisions [22]. Moreover, a fundamental role is
played by BI in shaping the distinctive identity and perceived value of a product
[23]. For the customers to get a brand picture, they don’t need to purchase an item
or service, but they had an experience. BI could be created from the shop’s impres-
sions that buyers got from different resources connected with a brand [24]. BI
similarly included customer feedback on the product’s name, sign, impression, and
picture. Bl was similarly viewed as a collection of assets and liabilities connected to
the name and symbol of the brand, which might raise or lower an enterprise’s value
[25]. Bl isn’t found in the specialized attributes of the original item. However, BI
is something that brings out by advertisements, promotions, etc. At the point when
a client utilizes the item and shows his/her opinions about the item before others.
That is building a BI of that item. BI is something about an item that includes traits,
design, packaging, and the attributes of that brand or item that makes them unique
and extraordinary from different items [4]. BI was additionally demonstrated to be
an insight and conviction remembered for clients’ recollections as a portrayal of the
association contained in clients” minds [26]. There is a quality that causes a BI to
include internal features, such as the essential advantage provided and the beliefs,
sentiments, and connections related to a company’s brand. When it comes to the
client’s knowledge of the brand, BI tends to the exceptional circumstance of all
impressions. A brand is a key tool for an organization to create a positive impres-
sion in the client’s mind, which translates to creating a devoted client base and
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maintaining the company’s market share. The brand-faithful client will purchase
and suggest the brand to the following likely clients [27]. Previous research
stated that BI has an antecedent of CL and it had positively affected CL [9, 10].
Moreover, an organization or item that has a good enough picture in the market-
place can be to get a better position in the marketplace and guarantee that they
are ready to compete with rivals. Also, BI plays as the lifelike features that show
what the brand offers and satisfied what needs of the customers. Some scientists
confirmed that BI had a predictor of client satisfaction (CS) [7, 8].
Therefore, we provide the following hypotheses:

H1: There is a connection positively between BI and CL
H2: There is a connection positively between BI and CS

2.3 CLIENT sATISFACTION (CS)

CS was from the item/service assessments as shown by the clientexperiences and the
general assessment of the user experience [28]. CS is a feeling of delight or displea-
sure perceived by clients of the performing buying of products/services desired [21].
Satisfaction has been depicted as a shopper’s post-buy assessment of products/
services, given pre-buy assumptions [26]. CS is a huge component to appreciate
satisfying clients about what they need. It is implied by the word “satisfying”
that satisfaction either boosts enjoyment or lowers resentment or anxiety. The cli-
ent’s presumptions define what is satisfying. Also, if the perceived help execution
doesn’t meet client assumptions, the probable outcome is disappointment [29, 30].
One of the two approaches for separating satisfaction is as transaction-specific
satisfaction [31] or as satisfaction with cumulation/post-utilization [15]. After the
1990s, many scientists consider satisfaction as clients’ cumulation, after buying,
and in the general assessment of buying behavior [32, 33]. CS is an essential factor
in servicing delivery since understanding and fulfilling clients’ needs can induce
expanded market share from repeat buys and recommendations [34]. Overall client
satisfaction came from the ability of the service to meet the client’s expectations,
presumptions, and needs in line with the service. CS is appraised exceptionally as
a strategic purpose, as it influences directly the retention of clients and profits [33].
CS will influence repeat buy intentions in the future and the clients will impart
their positive experiences to different customers [29]. Former studies stated that
CS was a predictor of CL and influenced positively CL [21, 29, 35]. On the other
hand, Simatupang and Purba [8] recommended that CS was a mediating factor
in the relation of BI to CL; and the finding showed that BI affected positively CL
through the CS mediating variable. Another study such as Putra et al. [21] sug-
gested that at the shoe shop; however, the result disclosed that BI did not influence
CL through CS.
Thus, we provide the following hypotheses:

H3: There is a connection positively between CS and CL
H4: CS as mediating variables in the linking between BI and CL
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3 RESEARCH METHODOLOGY

3.1  SAMPLE APPROACH

For quantitative research, the non-probability method was used to gather the popula-
tion sample. According to Fan et al. (2016) [36] in structural equation analysis, the
minimum sample size is from 100 to 200 responses. In order to guarantee the valid-
ity of the study, 253 respondents were gathered from shoe shops in Ho Chi Minh
City, Vietnam. The statistic of the sample features is shown in Table 17.1:

As presented in Table 17.1, the sample had 147 male customers (58.1%) and 106
female customers (41.9%), making male customers the majority (58.1%) of the sam-
ple. Regarding ages: 18-25 (31.2%), 26—40 (51.8%), 41-55 (12.7%), and >55 (4.3%);
thus, the sample with ages from 18 to 40 accounts for the majority (83.0%).

3.2 MEASUREMENT

Applying a five-point Likert with one (totally opposed) and five (totally agreed) to
measure items, the study applied four items of BI from [37], four items of CL, and
four items of CS from [35].

3.3 ANALYTICAL APPROACH

A model that is built between one or more endogenous variables and one or more
exogenous variables can be tested using a set of statistical techniques known as struc-
tural equation modeling (SEM). Each endogenous and exogenous variable may be
expressed as a latent variable or as a construct composed of some manifest or indica-
tor variables. In general, a type of SEM based on covariance and variance is known
as partial least squares (PLS). The PLS-SEM algorithm is a powerful and flexible
analysis tool because it can be used with a wide range of data measurement scales
(nominal, ordinal, interval, and ratio), can be applied with small sample sizes, and is
independent of normal multivariate distribution [11, 38].

TABLE 17.1

Sample features

Characteristics Classifications Frequency Percent

Gender Male 147 58.1
Female 106 41.9
Total 253 100

Age 18-25 79 31.2
26-40 131 51.8
41-55 32 12.7
>55 11 43

Total 253 100
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TABLE 17.2
PLS-SEM algorithm

Stage 1 Iterative appraisal of loads and latent variable points

Starting at stage #4, rehash stages #1 to #4 until achieving convergence

#1 Inward loads (here acquired by utilizing the variable weighting plan)
COV(Yj;Yi) if Y, and Y; are adjoins otherwise
i =
0
#2 Inner estimate
Yi=)b.Y,
jii
i
#3 Outer loads; resolve for
i -~ in a Mode A block
Yin =D, WX, +d,
kj
~ < in a Mode B block
Xign = Wi Yin + ekjn

#4 External estimate
an = z ijijn
kj

Stage 2 Estimate of external loads, outer loadings, and path coefficients
Stage 3 Estimate of location parameters

The PLS-SEM method is being utilized more frequently in business research [39].
PLS-SEM is crucial for research and practice, as shown by the numerous review
studies that show its expanding application across a range of disciplines, including
risk management (e.g. [12]), marketing (e.g. [13]), finance (e.g. [14]), etc. In path
models with latent variables, the PLS-SEM algorithm, an SEM method, permits the
estimation of complex cause-and-effect connections [12]. A novel statistical tool for
the analysis process is the PLS-SEM method [40]. The PLS-SEM algorithm was
presented by Lohmoller [41] (see Table 17.2).

4 RESULT AND DISCUSSION

4.1 PARTIAL LEAST SQUARES STRUCTURAL EQUATION
MODELING (PLS-SEM) ALGORITHM

4.1.1 Reliability and validity

Applying the PLS-SEM algorithm with SmartPLS software showed that @ (Cronbach’s
alpha) & CR (Composite reliability) values of the predictors were above 0.70. Hence,
the consistent reliability of these factors was supported. The outer loadings and AVE
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(average variance extracted) were over 0.50. Thus, the convergent validity of these
factors was good (see Table 17.3).

Moreover, using the Fornell-Larcker criteria [42] to estimate the discriminant
validity. Table 17.4 pointed out that AVE’s square root values (in bold — from 0.758-
0.831) were higher than the correlation between each concept with any other con-
cepts. So, these findings support the discriminant validity of the factors.

4.1.2 Hypotheses testing

PLS-SEM algorithm for hypotheses testing, as demonstrated in Table 17.5, the R?
coefficient of the general model was 0.526, below 0.67, which is considered a moder-
ate impact [43]. As such, BI and CS explained a 52.6% variance of CL; we saw BI
has a more critical effect (0.476) than CS (0.408). Besides, BI depicted an 11.6% dif-
ference in CS. Likewise, Table 17.5 demonstrated the assumption testing’s outcomes.
To estimate parameters, we applied the 5,000-re-sampling bootstrapping technique.
The outcomes showed that H1, H2, H3, and H4 had correspondent path coefficients
of 0.479, 0.340, 0.408, and 0.139 in a 95% confidence interval (CI). That means all
parameter measures of these relationships were statistically valued at the 5% level.
Thus, these assumptions were verified.

4.2 DiscussioN

This study has analyzed the BI’s effect on CL with the mediating role of CS at
shoe shops in Ho Chi Minh, Vietnam, using the PLS-SEM algorithm. The result

TABLE 17.3

The outcomes of factors

Constructs and measurement scales Outer loadings o CR AVE
Brand Image 0.849 0.899 0.690
1. IMAGE1 0.827

2. IMAGE2 0.777

3. IMAGE2 0.805

4. IMAGE2 0.909

Customer Loyalty 0.746 0.840 0.574
1. LOY1 0.794

2.LOY2 0.774

3.LOY3 0.871

4.LOY4 0.556

Customer Satisfaction 0.787 0.860 0.606
1. SAT1 0.686

2. SAT2 0.817

3. SAT3 0.793

4. SAT4 0.810
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TABLE 17.4
Discriminant validity
Bl CL (&)
BI 0.831
CL 0.615 0.758
cs 0.340 0.570 0.778

TABLE 17.5

Direct & indirect effect results

Paths Hypotheses Path coefficients 95% CI Factor R?
BI - CL H1 0.476 [0.364-0.577] CS 0.116
BI — CS H2 0.340 [0.233-0.449]

CS - CL H3 0.408 [0.315-0.500] CL 0.526
BI - CS - CL H4 0.139 [0.083-0.208]

of this investigation affirmed that the proposed four hypotheses in the study were
acknowledged.

The examination finding supported that BI has measurably significant, and con-
nected positively with CL. The BI was a predecessor of CL. The previous review
affirmed this examination [23, 24]. Additionally, the finding likewise reinforced that
BI has genuinely critical, and emphatically connected with CS. The BI was an ante-
cedent of CS. This study was confirmed by previous research [7, 8].

Besides, the results additionally affirmed that CS has genuinely significant, and
decidedly affected CL. CS was a forerunner of CL. The earlier review affirmed this
exploration [16, 26, 32].

Finally, the outcomes also checked that CS was a mediator variable in the connec-
tion between BI and CL. This outcome was illustrated by the early study [8].

5 CONCLUSION AND LIMITATIONS

This assessment scrutinized the PLS-SEM algorithm in the link between BI and CL
with CS as an intermediate variable at shoe shops in Vietnam. The primary contri-
bution of the study is to offer a theoretical framework for brand image and loyalty,
using the PLS-SEM algorithm to mediate customer satisfaction for shoe businesses
in the Vietnamese market. Moreover, the findings of this research can aid shoe shop
administrators in giving advertising plans that work on clients’ perspectives toward
BI and CS to upgrade CL.

This assessment helps shoe-shopping managers comprehend the significance of
BI on CS and CL. Like this, senior footwear supervisors ought to lay out a fair
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association of Bl in the client’s memory. In case clients perceive a good BI, they will
satisfy and unwavering ness while shopping at the shoe store.

The assessment results in like manner show that CS is a crucial factor affecting
CL. Similarly, CS takes an intermediate into the association between BI and CL; this
helps managers see the significance of CS to CL. Therefore, senior shoe managers
sought to create and execute promoting tasks to build CS through clients’” experience
and address customers’ shopping issues, prompting extended CL.

This examination has a few limitations. This exploration clarifies 52.6% of CL’s
variance by two factors (BI and CS). Along these lines, future assessments should add
components to boost descriptions for variance in CL. This concentration additionally
can’t be generalizable, so the forthcoming ought to be analyzed in different enterprises.
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government fiscal deficit
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Semra Aydogdu Bagci

1 INTRODUCTION

The phenomenon of inflation is a dilemma that is difficult to be solved in many countries,
especially in developing countries. This study examines the effect of fiscal deficit (FD)
and GDP on IR. In this study, the effects of the FD, GDP, and expansionary money
supply (MS) on the IR are investigated by utilizing the obtained data over the period
1990-2020 for Colombia, Costa Rica, Mexico, and Turkey, which are among the upper
middle-income countries of the OECD country group. The objective of the research is
to examine whether the FD, especially those upper middle-income level countries in the
OECD country group have a problem, leading to IR. Many academic studies researched
the effect of the IR on the FD, but there has been a lack of academic studies researching
the effect of the FD on the IR. None of them studies the effect of the FD on the IR for
the upper middle-income countries of the OECD country group. Therefore, this study is
relevant. In the first section of the manuscript, theoretical views on the FD and empiri-
cal literature are introduced. In the second section, the IR and FD development in those
countries are mentioned. In the third section, such an effect is analyzed econometrically.

2 LITERATURE REVIEW

In this part, the theoretical and empirical literature is introduced. In theoreti-
cal literature, FDs are discussed in terms of the Classical, Monetarist, Keynesian,
Neoclassical, Ricardian, and New Keynesian views. In the part on the empirical
literature, the studies and their findings are also included.

2.1 THEORETICAL LITERATURE

According to the standard view, the substitution of the FD with current taxation
causes an increase in aggregate consumer demand. Meaning that national savings
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decrease as private savings increase less than tax deductions. In a closed economy,
this leads to a rise in the expected real interest rate (RIR) to improve the equity
between demand for investment and national savings. Investments are crowded out
by an increase in the RIR and production capital is reduced in the long run. Thus,
Modigliani (1986) perceived public debt as the reason for future generations to attain
less capital. As Martin Feldstein (1974) mentioned, social security programs enhance
aggregate demand for goods, thus, causing a rise in the RIR and a decline in the pro-
ductive capital stock. In autarkic economies, the host country’s substitution of the FD
with current taxes causes foreign borrowing. Thus, the FD causes the current account
deficit (CAD) to increase. The FD excludes domestic investment in the host country,
causing a decrease in domestic investment, and a decline in the capital stock in the
long run. The rise in the CAD also reduces social welfare in the long run and leads
foreigners to complain about borrowing (Barro, 1989: 37-38).

Sargent and Wallace (1981) stated that in the first case where monetary pol-
icy gained predominance over fiscal policy, for instance, the monetary authority
acted independently of monetary policy in declaring the growth rate of the current
and future period of the base money. In doing so, monetary policy determines the
level of revenue supplied by the fiscal authority, which is subject to the constraint
determined by the demand for bonds, offsetting an FD using a combination of
the monetary authority’s seigniorage revenues and bond sales to the public sector.
The monetary authority constantly controls IR in the monetary economy since it
is free to determine the base money. In the 2nd case, where fiscal policy gained
predominance over monetary policy, the fiscal authority constituted its budget
independently by declaring all current and future FDs and surpluses which, in
turn, determined the amount of revenue that needed to be increased through the
sale of bonds and seigniorage. In this case, the monetary authority is subject to the
constraint determined by the demand for public bonds, and such demand is crucial
for the monetary authority to determine whether or not it should constantly have
control over IR. In particular, upon demand for public bonds, the interest rate of
the bonds is thought to be higher than the growth rate. Once the fiscal authority
has a deficit in the budget, the monetary authority can control neither the eco-
nomic growth that constitutes the monetary base nor the IR. Although the mon-
etary authority can constantly control IR, in the 2nd case the monetary authority
is weaker than in the Ist one. In the 2nd case, the fiscal authority’s FD cannot be
offset solely by the sale of new bonds since the monetary authority would have dif-
ficulty in creating money and tolerating additional inflation (Sargent and Wallace,
1981: 1-2). Friedman (1948) stated that if the prices of the final products were
not set correctly and the factors of production were inelastic, the condition of full
employment could not be met. It was also stated that cyclical fluctuations in output
and employment could not be fully resolved. Leaving the authority to control the
amount of money and supply money to offset FDs to the government may lead to
irresponsible governmental behavior and inflation. Therefore, the state’s control
over the amount of money should be eliminated (Friedman, 1948: 263-264).

Instead of assuming the deficit budget was wrong, Keynes advocated the fis-
cal policies implemented in accordance with the economic fluctuations against
the conjuncture. For instance, Keynesian economists advocated deficit-based
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public expenditures on labor-intensive infrastructure projects throughout a recession.
Keynesian economists increased taxes and prevented inflation to alleviate the econ-
omy when demand-side growth was high. Monetary policy practices tend to enhance
investment, for instance, by lowering interest rates to stimulate the economy. The
exceptional case arises with the liquidity trap leading to an increase in output and
employment. Keynes argued that the government was effective in solving problems
in the short run. The theory of Keynesian economists became predominant through-
out the period following WWII until the 1970s. Keynesian economists could not find
any solution to the phenomenon of stagflation, in which slow growth was accompa-
nied by high levels of IR (Jahan et al., 2014: 2).

According to the Neoclassical view, forward-thinking individuals tend to plan
their consumption throughout their life span. FDs are increased by imposing taxes on
future generations and making lifetime total consumption. Upon utilizing economic
resources for full employment, enhanced consumption compulsorily reduces sav-
ings. Thus, the interest rate should be increased to fulfill the capital market equilib-
rium. Persistent FDs reduce private capital accumulation via the crowding-out effect
(Bernheim, 1989: 55).

According to the Ricardian view, overlapping generations are altruistic through
the voluntary transfer of resources. Under certain conditions, consumption becomes a
function of the total resources of taxpayers and future generations of taxpayers. With
future generations paying taxes, the FD would be devolved on future generations
without affecting the total resources (Bernheim, 1989: 56).

New Keynesian Economics Woodford mentioned that the public budget deficit
led to public borrowing. It was found that the unexpected rise in the public’s primary
budget deficit increased IR, real GDP, and the NIR. The capital loss of the nominal
public debt due to the rise of the IR is not sufficient to prevent the current public debt
from increasing at the beginning of the st year. In the coming years, real public debt
would become stagnant, nonetheless, with the rise in seigniorage revenues and the
decline in the RIR, the public debt may be rolled over (Woodford, 1996: 18).

2.2  EMPIRICAL LITERATURE

The empirical literature is sorted from the most recent to the most outdated. Upon
examining the empirical literature, some of the studies (Ahmad and Aworinde, 2019;
Danlami et al., 2019; Duodu et al., 2022; Durguti et al., 2020; Eita et al., 2021; Jalil
et al., 2014; Lin and Chu, 2013; Maras and Dumrul, 2019; Myovella and Kisava,
2017; Ssebulime and Edward, 2019) asserted that FD positive affected IR; some
studies (Ezeabasili et al., 2012; Giines, 2020) found negative impacts in that regard;
and some other studies concluded that the FDs did not affect IR (Karadeniz, 2021;
Olaniyi, 2020; Tiwari et al., 2012). In some studies (Catao and Terrones, 2005; Dogan
and Giinel, 2021; Kaur, 2021; Olubiyi and Bolarinwa, 2018) FDs were detected to
affect IR, either positively or negatively, according to the maturity date, country, or
analysis methods used.

Catao and Terrones (2005) examined the impact of FD on IR for 107 developed
and developing countries using the MG and PMG estimators over the period 1960—
2001. IR was chosen as the dependent variable, whereas the MS/GDP, the central
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FD/GDP, the trade deficit, and petroleum prices were used as independent variables.
According to the MG estimator result, it was determined that the FD positively
affected the IR in all countries and country groups. According to the PMG estima-
tor, FD had a negative impact on the IR in developing countries, whereas a positive
influence in developing countries.

Tiwari et al. (2012) examined the factors affecting the FD, IR, MS, and pub-
lic expenditures in India over the periods 1970-1971 and 2008-2009 by conduct-
ing the Granger Causality analysis, standard Granger Causality analysis, and
VAR analysis developed by Dolado and Liitkepohl (DL) (1996). As a result of the
Granger Causality analysis developed by DL; unilateral causal relationships run-
ning from public expenditures and MS to FD were found. As a result of the stan-
dard Granger causality analysis, unilateral causal relationships running from the
1st difference in the FD to the 1st difference in the MS, from the 1st difference in
public expenditures to the Ist difference in the FD, and from the 1st difference in
the MS to the Ist difference in the FD were detected. The VAR analysis revealed an
inverse causal relationship from the 2nd lag of the FD to the MS was found. There
was a positive causality running from the 1st lag of public expenditures to the FD
and public expenditures, whereas a negative causality from public expenditures to
the 2nd lag of MS existed. A positive causal relationship from the Ist lag of the
IR to the IR was found. Negative causal relationships from the Ist lag of the MS
to public spending and from the 2nd IR of the MS to the MS were detected. It was
determined that the FD did not affect the IR.

Ezeabasili, Mojekwu, and Herbert (2012) explicated the impact of the FD on IR
in Nigeria over the years 1970-2006 by conducting a cointegration analysis. IR was
used as the dependent variable; whereas FD, MS, GDP, depreciation of the national
currency, real exchange rate (RER), and the last period’s IR were used as the inde-
pendent variables. Although the 1st lag of the FD and the 1st lag of depreciation
of the national currency negatively affected the IR; the 1st and 2nd lags in the MS
enhanced the IR. Although the rise in GDP decreases the IR, the 3rd lag of GDP
increased the IR. A rise in the st lag of the IR increased the IR.

Lin and Chu (2013) analyzed the impact of FD on IR in 91 countries over the
years 1960-2006 by employing the Dynamic Panel Quantile Regression (DPQR)
method. IR was chosen as the dependent variable; whereas the FD/MS, the FD/GDP,
the growth rate of MS, IR of gasoline prices, and trade deficits were used as the
independent variables. It was asserted that the FD caused inflation. It was determined
that such impact was higher in countries with high and moderate IR, whereas lower
in countries with low IR.

Jalil, Tariq, and Bibi (2014) investigated the impacts of FDs, interest rates, trade
openness, RER, petroleum prices, public sector borrowings, private sector borrow-
ings, real money demand for real MS, wheat prices, import price index, and the lag
in IR on IR in Pakistan over the period 1972-2012 by employing the ARDL bounds
approach. It was detected that the FD had a positive influence on the IR, and the
budget imbalance caused inflation.

Myovella and Kisava (2017) investigated the impact of the FD on IR over the
period 1970-2015 using the ARDL Bounds Test for Tanzania. It was detected that
the FD positively affected IR in the long run.
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Olubiyi and Bolarinwa (2018) investigated the impact of the FD on IR over the
period 1994-2015 by performing the ARDL Boundary Approach test for Nigeria,
South Africa, Mali, Kenya, and Egypt. IR was used as the dependent variable, and
the Ist lag of the IR, the RER, the Ist lag of the RER, the expansionary MS, the
foreign debts, and the 1st lag of the foreign debts were used as independent vari-
ables. External debts increased the IR for South Africa, Mali, and Nigeria, whereas
foreign debts decreased the IR for Egypt. The Ist lag of external debt increased the
IR in Kenya. The Ist lag of the IR negatively affected the IR in Egypt and Nigeria,
whereas the 1st lag of the IR in South Africa and Mali positively affected the IR in
the short run. Expansionary MS negatively affected the IR in Nigeria; whereas it had
a positive impact in Mali, Kenya, and Egypt. The RER positively affected the IR in
Kenya, Nigeria, and Egypt. In the short run, the 1st lag of the RER increased the IR
in Nigeria. In the long run; although foreign debts increased the IR in Nigeria, exter-
nal debt negatively affected the IR in Kenya and Egypt. In the long run, expansionary
MS positively affected the IR in all countries. The RER increased the IR in Nigeria,
South Africa, Mali, and Kenya.

Danlami et al. (2019) investigated the influence of FD on IR in Nigeria over the
years 1970-2016 performing the ARDL bounds test approach. The 1st lag of IR,
GDP, RER, and FD were chosen as dependent variables; whereas IR was chosen as
the independent variable. At the end of the analysis, the rise in the 1st lag of IR and
the rise in the FD increased the IR in the short run, whereas the rise in GDP and
RER reduced the IR. The rise in the FD increased the IR; whereas the rise in GDP
and RER reduced the IR.

Maras and Dumrul (2019) analyzed the association between FD and IR for Turkey
by performing the ARDL bounds test approach with the monthly data obtained
between 2006:01 and 2018:10. IR was used as the dependent variable; whereas M3,
the TL/USD rate, and FD were used as the independent variables. It was revealed
that the budget balance caused a decline in the IR in the long run, and therefore, the
IR was increased with the rise in the FDs. The MS and the TL/USD rate negatively
affected the IR.

Ssebulime and Edward (2019) estimated the impact of the FD on the IR in Uganda
over the period 1980-2016 performing a cointegration analysis. IR was used as the
dependent variable, whereas the change in the MS, trade balance, GDP change rate,
and NIR were used as the independent variables. The Ist difference of the FD, the
2nd difference of the MS, the trade balance, and the 2nd difference of the trade bal-
ance were detected to have positive impacts on the IR. The rate of change in GDP
negatively affected the IR.

Ahmad and Aworinde (2019) examined whether or not the FD caused IR in 12
African countries utilizing the quarterly data obtained over the period 1980-2018 by
employing the TAR and the M-TAR. It was found that the FD had a positive impact
on the IR.

Olaniyi (2020) explicated the relationship between FD and IR in Nigeria using the
quarterly data obtained over the period 1981:Q1-2016:Q4 by conducting both sym-
metrical and asymmetrical causality analyses developed by Hatemi-J and El-Khatib
(2016). As a result of the analysis, neither symmetrical nor asymmetrical causality
relationships were detected.
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Glines (2020) examined the impact of FDs on IR for 28 OECD countries over the
period 1995-2018 by conducting Vector Autoregressive (VAR) and Panel Granger
Causality Analyses. Although a causal relationship running from IR to FD was
determined; no causality from FD to IR was detected. The VAR analysis revealed
that the FD had a negative impact on the IR.

Durguti et al. (2020) explicated the impact of FD on IR in six Western Balkan
countries over the period 2001-20017 by employing the VECM. IR was the depen-
dent variable; whereas FD, the government debt/GDP, RER, and unemployment rate
were used as independent variables. Although it was detected that the FD and public
debts increased the IR; it was detected that the RER and the unemployment rate
decreased the IR.

Dogan and Giinel (2021) investigated the impacts of FDs on IR in eight Balkan
countries employing the panel ARDL method and using the data obtained between
1999 and 2019. It was detected that the FD increased IR in the short run, whereas the
FDs and the 4th difference of the FD negatively affected the IR.

Kaur (2021) examined the effect of the FD on the IR in India by employing the
ARDL boundary approach method and using the monthly data obtained over the
period 1996-1997 and 2016-2017. IR was the dependent variable; whereas the total
budget deficit/GDP, M3, RER, gasoline (energy) index, and GDP were used as inde-
pendent variables. The FD and M3 positively affected the IR; whereas the RER and
gasoline (energy) index negatively affected the IR. In the short term; although the lag
of the IR and the 5th lag of the interest rate as well as the 5th, 6th, and 7th lags of the
FD negatively affected the IR; the M3 positively affected the IR. In the short run, the
gasoline (energy) index negatively affected the IR, whereas the 1st lag of the gasoline
(energy) index positively affected the IR.

Karadeniz (2021) measured the impact of FD on CAD, economic growth, and IR
in 14 developing countries over the period 1994-2019 employing the Panel Average
Group Estimator (AMG) method. In the 1st model, the CAD was used as the depen-
dent variable, whereas the FD and growth rate were the independent variables. In the
2nd model, the growth rate was used as the dependent variable, while the FD and IR
were used as the independent variables. In the 3rd model, the IR was the dependent
variable, whereas the FD and MS were the independent variables. It was detected
that the rise in the FD and growth rate in the 1st model increased the CAD; in the
2nd model, the decrease in the FD and the IR increased the growth rate; and in the
3rd model, the rise in the MS increased the IR. In the 3rd model, it was determined
that the FD did not have a statistically significant impact on IR.

Eita et al. (2021) examined the effect of FD on IR in Namibia over the period
2002:Q2-2017:Q2 by employing the ARDL and Granger causality methods.
Namibia’s IR was the dependent variable; whereas the FD/GDP, IR, and interest rate
of South Africa were used as independent variables. The rise in the FD and South
Africa’s IR increased Namibia’s IR. The 1st lag in Namibia’s IR, South Africa’s IR,
and the rise in the FD increased the IR. However, a causality from FD to IR was
detected, but no causality from IR to FD could be found.

Duodu et al. (2022) investigated the influence of FD on IR with the Granger cau-
sality analysis and VECM over the periods 1999:Q1-2019:Q4 in Ghana. IR was the
dependent variable; while the rate of change in MS, foreign trade balance, the FD/IR,
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GDP, and nominal exchange rates were used as independent variables. Neither the FD
caused IR nor IR caused FD. According to the VECM result, the FD led to a rise in IR.

3 DEVELOPMENT OF IRS AND FDS IN OECD
COUNTRIES WITH UPPER MIDDLE INCOMES

The high IRs and high FDs in these countries account for considering the upper
middle-income countries for the study sample.

Figure 18.1 illustrates the IR development of Colombia, Costa Rica, Mexico, and
Turkey over the period 1990-2020.

Upon examining Figure 18.1; it is seen that the countries with the highest IRs are
Turkey Mexico, Colombia, and Costa Rica, respectively. Inflation in Turkey was on
the rise over the period 1990-1992, it decreased in 1993, and climaxed as of 1994.
The IR, which generally decreased over the period 1995-2005, has been stable since
2006. The IR in Mexico, which decreased over the period 1990-1994, climaxed in
1995 and declined over the period 1996-2007, and has, in general, remained stable
since 2008. The IR in Colombia, which has been on the rise since 1990, climaxed
in 1991. The IR, which fell over the period 1992-2007, increased in 2008 and has
followed a stable trend since 2009. In Costa Rica, the IR increased over the period
1990-1991 and climaxed in 1991. The IR, which fell until 1993, increased until
1995, and followed a downward trend from 1996 onwards, except for the periods
2004-2005 and 2007-2008.

Figure 18.2 illustrates the development of FD.

It is seen that the countries with FDs are Turkey, Colombia, Costa Rica, and
Mexico, respectively. For Turkey, the FD was high during the 1990-2001 period, this
deficit decreased over the period 2002-2008, the FD increased during the 2009-2010
period, the FD decreased over the period 2011-2016, and the FD, in general,

120.00
100.00
80.00

60.00

40.00

20.00 /N/\’

0.00 TS s
19901992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020

Colombia e Costa Rica Mexico Turkey

FIGURE 18.1 Development of IR.
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increased in 2017. For Colombia, the FD decreased during the 1990-1994 period,
but increased over the period 1995-2010, decreased over the period 2011-2012, and
has been increasing since 2013. For Costa Rica, the FD increased over the periods
1994-1996, 2002-2006, and 2009-2020, whereas decreased during other periods. In
Mexico, the FD was high over the periods 1991-1996 and 2000-20017, but decreased
in 1990, 1997-1999, and 2018-2020.

4 PROPOSED WORK

The study covers the annual data of Colombia, Costa Rica, Mexico, and Turkey which
are the OECD countries with upper-middle incomes over the period 1990-2020. The
data of IR and FD variables are obtained from the Government Finance Statistics
section, which is the public database of the IMF; whereas the data of GDP and
MONEY variables are obtained from the WDI database. Stata 14 software is utilized
for the analysis.

Upon examining Table 18.1, the Annual Percentage Change of the IR is seen as
the dependent variable, and the Government’s Fiscal Deficit/GDP (FD) is seen as the
independent variable.

4.1 EXAMINATION OF DESCRIPTIVE STATISTICS OF THE PANEL DATA MODEL

Descriptive statistics of the panel regression model are examined. The descriptive
statistics results are presented below.

Upon examining Table 18.2, it is seen that a huge difference exists between the
minimum and maximum values of the IR, GDP, and MONEY variables. Therefore,
the differences are reduced by taking the logarithm of this variable. Thus, the model,

LOGIR;, = o, + B,;FD;, + B,,LOGGDP;, + 3;,LOGMONEY, +u;,  (18.1)
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TABLE 18.1

Variables used in analysis and their explanations
Variables Explanations

IR Annual percentage change in the consumers’ price index (IR)
FD Ratio of the government’s fiscal deficit to GDP

GDP Real GDP per capita

MONEY Rate of change in expansionary money supply

TABLE 18.2
Descriptive statistics

# of obs. (N)/# of

Variables Mean Std. dev. Min. Max. observed groups
IR 16.48241 20.8948 0.0174789 105.215 124/31
LOGIR 0.9624123  0.5020158 —-1.757487 2.022078 124/31
FD 2.533304 2.221358 0.0198232 11.60721 124/31
GDP 7687.083 2390.256 3639.719 12755.17 124/31
LOGGDP 3.863211 0.144209 3.561068 4.105686 124/31
MONEY 25.28749 28.79917 —45.47297 154.3908 124/31
LOGMONEY 1.237892 0.3965632 —-0.0262785 2.188621 124/31

4.2 DETERMINING THE ESTIMATION METHOD OF THE MODEL

The study involves a panel dataset since it includes data from four countries and long
periods (31 years). Although studies on panel data were first conducted by Hildreth
(1950), Kuh (1959), Grunfeld and Griliches (1960), Zellner (1962), Balestra and
Nerlove (1966), and Swamy (1970), the panel data model has been employed since
the 1990s (Yerdelen Tatoglu, 2018: 3). A linear panel data model:

Y= Boie + BrieXiie + PuieXaoie + -+ + Pt i 1=1, ..., Nst=1,.., T (18.2)

Briefly;

K
Yi =Bou +2Bkitxkit +u,i=Lt.. ,N;t=1,...,T (18.3)

k=1

Here, i is the unit size, and t is the time dimension. B, is the constant term; f,; is a
vector of parameters with K x 1 dimension; X,;, is the value of the kth explanatory
variable at time i for the value of the ith unit; Y, is the value of the dependent vari-
able for the ith unit at time t. If both the constant and slope parameters are fixed with
respect to the unit and time, the Classical model is involved. If the slope parameter
is fixed and the constant parameter is variable with respect to units, there is a unit
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TABLE 18.3

Results of the within-group estimators

Probability value of within-group estimator Probability value of within-group estimator
for the unit effect for the time effect

0.0000 0.0000

effects model. This model is called the one-way model. If the slope parameter is
fixed and the constant parameter is variable with respect to both units and time, the
unit and time effects model is involved. This model is also called the two-way model
(Yerdelen Tatoglu, 2018: 37-40).

To decide whether the research model is classical or not, the F test results in
Table 18.3 are considered. Since the p-value is lower than 0.05, the model is deter-
mined not to be classical. Thus, the presence of time and unit effects in the model
should be tested with the within-group estimator (WE).

The null hypothesis, which implies that no unit and time effect exist, is rejected
at the 95% confidence interval. Accordingly, unit and time effect exists. Then, it is
determined whether such an effect is fixed or random.

Although it is assumed that no correlation exists between unit effects and explana-
tory variables in the random effect model (REM), this correlation is assumed to be
different from zero in the fixed effect model (FEM) (Yerdelen Tatoglu, 2018: 79).

By performing the Hausman test developed by Hausman in 1978, it is determined
whether the model is FEM or REM. In the Hausman test, it is tested whether a dif-
ference occurs between the REM estimator ([3 GLS) and the FEM estimator (ﬁFE) for
the model below:

Y, =X p+pi+e,i=l, .., Not=1,...,T (18.4)

q= (BGLS - BFE) (18.5)
The hypotheses (Hausman, 1978: 1261-1263):

H,: corr(y;, X;,) =0 (18.6)
There is no difference between the REM and FEM estimators. The REM is efficient.
H;: corr(y;, X;) =0 (18.7)

There is a difference between the REM and FEM estimators (FEM is efficient).
If the calculated p < 0.05 according to the hypotheses, H, is rejected; whereas it is
accepted if p > 0.05. Accordingly, if the p-value is lower than 0.05, the REM would

be considered, and if the p-value exceeds 0.05, the FEM would be applicable. The
result of the Hausman estimator is presented below (Table 18.4).
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TABLE 18.4

Hausman estimator for the unit and time effects

Hausman test for the unit effects Hausman test for the time effects

Chi? Probability Estimation Chi? Probability Estimation
value (p) method value (p) method

47.85 0.0000 FE 30.30 0.0000 FE

Upon examining the above table, since the probability values of the Hausman test
for unit and time effects are lower than 0.05, a two-way FEM is involved.

4.3 TESTING THE ASSUMPTIONS OF THE MODEL

4.3.1 Normality assumption

Spiegel and Stephens (2011) and Oral Erbag (2008) asserted that; according to the
central limit theorem, in samples of N selected from a finite population, for quite
large values of N (N > 30), the sampling distributions of the means exhibited an
approximately normal distribution regardless of the population. The unit size (n) rep-
resenting the number of countries is four, whereas the time dimension (t) represent-
ing years is 31. Thus, to express the sample number in another way, since the number
of observations is N = n x t = 124, the mean value of the samples exhibits a normal
distribution.

4.3.2 Multicollinearity assumption

In multiple regression models with more than one independent variable, the
relationship between two, some, or all of the independent variables is known as
multicollinearity. With the variance inflation factor (VIF), it is determined how
far the variances of parameter estimates diverge from their actual values due to
multicollinearity:

VIF, =%,i=1, 2,...k (18.8)
1-R;
Here, R} is the value of the models in which the independent variables are the
dependent variable one by one and the others are the independent variables.
Starting from the model with k independent variables below, the auxiliary regres-
sion models are estimated k times, and the VIF value is calculated from all of
them.

Yi= 0o+ BiX + BXp + - + B X +u

X] = BO +31X1 +32X2 +-- '+aka +u, VIF] = ; (189)

2
- RX1X2X3.A.Xk
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Xk :B()+B1X1+BzX2+"'+Bka+V, VIFk :% (1810)

2
l - RXkX]XQ...kal

When the above criteria are examined;
VIF = 1 if R? = 0, and no multicollinearity exists.

The VIF value ranges between 0 and 5 if 0 < R} < 0.5, and no multicollinearity
exists.

The VIF value ranges between 5 and 10 if 0.50 < Riz < 0.80, and the multicol-
linearity is moderate.

The VIF value exceeds 10 if 0.80 < R? < 1, and strong multicollinearity exists.

It is called 1/VIF tolerance number and is used as a criterion providing informa-
tion about multicollinearity. When VIF > 10, the multicollinearity problem is quite
strong (Yerdelen Tatoglu, 2020a: 111, 115). Table 18.5 presents the result of the VIF
criterion by which multicollinearity is measured.

In Table 18.5, it is seen that the VIF values of the model are lower than five and no
multicollinearity problem exists.

4.3.3 Testing the omitted variable in the model

Ramsey (1969) proposed a model to test whether the model specification was correct
and this model has been the most performed test to determine the specification error
in the literature. Based on the following model in the Ramsey Reset test,

Y=XB+u (18.11)

X is of dimension NT x k and u is normally distributed with a zero mean.

E[ulX] =& = 0 if Model (18.11) has a specification error. In the Ramsey Reset test,
€ is considered as Z0.

In the following model:

Y=XB+Z0+u (18.12)

The null hypothesis:
H,: 8 = 0 (the model specification is correct)

TABLE 18.5
Multicollinearity test results

VIF criterion
Variables VIF value 1/VIF value
FD 1.20 0.835360
LOGGDP 1.13 0.884931
LOGMONEY 1.08 0.928215

Mean VIF: 1.13
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The constrained F test is performed to test constrained model specification error
in Model (18.11), and unconstrained model specification error in Model (18.12) as

follows:
R2 /
(18.13)

Rig —
KIT k-p

R{r denotes the salience coefficient of the unconstrained model in Equation (18.9);

whereas Ry denotes the salience coefficient of the constrained model in Equation
(18.12). The calculated F value, p, fits the F distribution with NT — k — p degrees of
freedom.
If H, is rejected, it is accepted that a specification error exists (Yerdelen Tatoglu,
2020a: 308). The result of this test, called Ramsey Reset, is presented in Table 18.6.
Since the p-value of the Ramsey Reset test exceeds 0.05 in Table 18.6, it is deter-
mined that there is no omitted variable in the model.

4.3.4 Autocorrelation assumption

The fact that the error terms are correlated with the error terms of other periods is
described as autocorrelation (Yerdelen Tatoglu, 2020a: 130). For the Model, which is
FEM; autocorrelation is tested with the Durbin—Watson test proposed by Bhargava,
Franzini, and Narendranathan and LBI tests proposed by Baltagi-Wu. The test result
is presented in Table 18.7.

Upon examining Table 18.7, the Durbin—Watson test suggested by Bhargava,
Franzini, and Narendranathan for the unit effect and the LBI test suggested by
Baltagi-Wu for the unit effect indicates that values are lower than 2, and thus, a

TABLE 18.6
Ramsey reset test
Testing the omitted variable in the model with the Ramsey reset test

Test value Probability value (p)
2.12 0.1016

TABLE 18.7
Autocorrelation test

Determining autocorrelation by performing Durbin-Watson and LBI tests

For the unit effect For the time effect
Test name Test value Test name Test value
Durbin—Watson 1.2235021 Durbin—Watson 2.3696565

LBI 1.264315 LBI 2.7405054
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Ist-order autocorrelation exists (Yerdelen Tatoglu, 2018: 225). It is seen that there is
no autocorrelation problem.

4.3.5 Heteroscedasticity assumption

If the conditional variance of the error term remains the same depending on the
independent variable, there is homoscedasticity, and if it varies depending on the
independent variable, there is heteroscedasticity (Gujarati and Porter, 2012: 365).
The results of heteroscedasticity tested with the modified Wald test for the unit and
time effects for the FEM are shown in Table 18.8.

Upon examining Table 18.8, it is determined that a heteroscedasticity problem
exists for the time and unit effects, according to the results of the heteroscedasticity
assumption test for the FEMs.

4.3.6 Cross-sectional dependence (CSD) assumption

After determining the estimation method of the model, the assumption of CSD
should be examined.

To test the CSD, Breusch Pagan’s (1980) LM test is performed when T is large and
N is small. Here, Breusch Pagan’s (1980) LM test is performed since T (time dimen-
sion) is 31 and N (unit size) is 4. Table 18.9 presents the test results.

Upon examining Table 18.9, it is concluded that there is autocorrelation according
to the test results for the model.

4.3.7 Unit root test

The measurement of stationarity in time-series and panel datasets is made by unit
root tests (Yerdelen Tatoglu, 2013: 199). If there is autocorrelation, the 2nd-generation
tests, otherwise, the Ist-generation tests are performed (Yerdelen Tatoglu, 2020b:
21). Since autocorrelation exists, the 2nd-generation tests should be performed. The
2nd-generation tests are categorized into three groups. The st group consists of
Levin, Lin, and Chu (LLC); Harris and Tzavalis (HT); Breitung, Hadri, Im, Pesaran,

TABLE 18.8
Heteroscedasticity test
Testing heteroscedasticity for the unit effect Testing heteroscedasticity for the time effect
by performing the modified Wald test by performing the modified Wald test
Test value Probability value (p) Test value Probability value (p)
80.98 0.0000 2916.57 0.0000
TABLE 18.9

Breusch Pagan’s (1980) LM test results

Test statistic Probability value (p)
37.56800 0.0000
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and Shin (IPS); Fisher ADF; Fisher Philips and Perron (Fisher PP); and Choi Fisher
ADF panel unit root tests. In the 2nd group of 2nd-generation tests, there are the
Multivariate Augmented Dickey—Fuller (MADF) and the Seemingly Unrelated
Regression Augmented Dickey—Fuller (SURADF) panel unit root tests. Panel unit
root tests in the 3rd group of 2nd-generation tests are Moon and Perron (2004);
Cross-Sectional Augmented Dickey—Fuller (CADF); Augmented Cross-Section
Im, Pesaran and Shin (CIPS); Panel Analysis of Nonstationarity in Idiosyncratic
and Common (PANIC); Augmented Sargan and Bhargava (CSB); and PANICCA
(Yerdelen Tatoglu, 2020b: 67-100).

Here, one of these tests, the IPS panel unit root test is performed.

Table 18.10 presents the IPS panel unit root test results. According to this result, it
is seen that all variables are stationary at the st difference (I(1)).

4.3.8 Testing the homogeneity of slope parameters

To test the Random Coefficients Model (RCM), the difference between the Ordinary
Least Squares (OLS) estimators that ignore the panel structure of the data and the
weighted average matrices of the WE can be considered. If no statistically signifi-
cant difference exists, the parameters are homogeneous. The hypothesis to be tested
would be established as follows:

Hy: B;=p (18.14)

Statistics in the Swamy S test, which was derived by Swamy (1970) and is a Hausman
type, would be written as follows:

S= Xi(Nfl) = Z(Gl - B* ),\A]i_1 (ﬁl - B*) (18.15)

i=1
Here, |§ denotes the OLS estimators obtained from the regressions according
1

to units, B* represents the weighted WE estimator, and \Af1 denotes the difference

TABLE 18.10
IPS panel unit root test results
Constant/ Statistic value of

Variables Test level with trend the test p-Value Decision

LOGIR Level Constant -0.1789 0.4290 1(1)
1st Diff. Constant -8.2251 0.0000

FD Level Constant —4.3700 0.1510 1(1)
1st Diff. Constant -10.2179 0.0000

LOGGDP Level Constant 0.8963 0.8150 I(1)
1st Diff. Constant -5.5870 0.0000

LOGMONEY Level Constant —1.5405 0.0617 1(1)

1st Diff. Constant —15.4885 0.0000
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TABLE 18.11
Swamy S homogeneity test results
Chi? test statistic p-Value
100.62 0.0000
TABLE 18.12.

Results of the Driscoll-Kraay’s AR(1) linear regression with residuals
LOGIR; = a; + By FD; + B LOGGDP; + B3, LOGMONEY;; +

Dependent variable R-sq F test value Prob. value (p)
(LOGIR)
0.5682 52.63 0.0000
Independent variables Coefficient t test value Prob. value (p)
FD —-0.0217854 -1.55 0.124
LOGGDP —0.5929577 -2.67 0.009
LOGMONEY 0.8188152 9.86 0.000

between the variances of the two estimators. The test statistic exhibits a X? distri-
bution with K(N — 1) degrees of freedom. The parameters are heterogeneous if the
test statistic exceeds the critical value; whereas homogeneous if the test statistic is
lower than the critical value (Yerdelen Tatoglu, 2020b: 247). Table 18.11 presents the
Swamy S homogeneity test results.

Upon considering Table 18.11, according to the Swamy S test results, H, is rejected,
it is accepted that the parameters are not homogeneous and tend to vary from unit to
unit, and are heterogeneous.

5 RESULT AND DISCUSSION

Upon examining the basic assumption tests, it is seen that the autocorrelation prob-
lem exists for the unit effect; whereas heteroscedasticity and CSD exist for the unit
and time effects. Driscoll and Kraay’s (1998) estimator can accurately estimate the
parameters using the POLS method under the assumption that the error term is
heteroscedastic, autocorrelated, and CSD. Furthermore, for fixed effects, Driscoll—
Kraay has derived an AR(1) linear regression with residuals model, where residual
Ist-order autocorrelation follows a regressive process (AR(1) correlation, which is the
case with Ist-order autocorrelation) (Yerdelen Tatoglu, 2018: 276, 279).

Accordingly, the result of Driscoll-Kraay’s AR(1) linear regression with residuals
model for the Model with the number (18.1) is presented in Table 18.12.

Upon examining Table 18.12, it is seen that the entire model and all indepen-
dent variables of the model are statistically significant at the 5% level, according
to the p-value, which determines the significance of the overall model. Although
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LOGIR variable positively affects LOGIR, LOGMONEY variable negatively affects
LOGIR. A 1% increase in LOGGDP decreases the LOGIR variable by about 0.6%;
whereas a 1% rise in LOGMONEY enhances LOGIR by almost 0.82%. FD is not
statistically significant.

6 CONCLUSION AND FUTURE WORK

Price stability, which is expressed as the continuation of the change in the gen-
eral level of prices at an acceptable rate, is one of the main economic objectives.
Monetary and fiscal policies are the two main policy tools in ensuring the aforemen-
tioned stability. Various debates and different views on the effectiveness of these
policy tools have continued in the literature from the past to the present. According
to the Classical view, the substitution of the FD with current taxation in autarchic
economies increases the total consumer demand, and thus, the RIR increases and
investment decreases. Accordingly, the production capital declines in the long run.
In open economies, the main country’s substitution of the FD with current taxes
causes foreign borrowing, hence, the CAD. The FD also causes a decrease in domes-
tic investment, while a decrease in the capital stock in the long run by excluding
domestic investments.

In the Monetarist view, two situations are considered in terms of the predomi-
nance of monetary and fiscal policies.

In the case of the predominance of monetary policy on the fiscal policy along
with an FD, such a deficit is offset by the fiscal authority using a combination of the
monetary authority’s seigniorage revenues and bond sales to the public sector. The
monetary authority constantly controls IR in the monetary economy since it is autho-
rized to freely determine the monetary base. In the 2nd case, where fiscal policy pre-
dominates over monetary policy, the fiscal authority creates its budget independently
by declaring all current and future FDs and surpluses which, in turn, determines the
amount of revenue that needs to be increased through the sale of bonds and seignior-
age. In the event that the fiscal authority has a deficit in the budget, the monetary
authority can control neither the economic growth that constitutes the monetary base
nor the IR.

Instead of accepting the deficit budget as wrong, Keynes advocated the fiscal
policies implemented against the conjuncture in accordance with the economic fluc-
tuations. Keynesian economists increase taxes and prevent inflation to soothe the
economy when demand-side growth is high.

According to the Neoclassical view, FDs are increased by imposing taxes on
future generations and making lifetime total consumptions. Increasing consumption,
by definition, reduces saving. Thus, the interest rate should rise to bring the capital
market into equilibrium. Permanent FDs reduce private capital accumulation by cre-
ating a crowding-out effect.

According to the Ricardian view, overlapping generations are altruistic about
resource transfer through voluntary bonds. With future generations paying taxes, the
FD is passed on to future generations without altering the total resources of taxpayers
and their descendants.
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New Keynesian Economics Woodford mentioned that the public budget deficit
caused public borrowing, and found that the unexpected increase in the public’s pri-
mary budget deficit increased IR, real GDP, and the nominal interest rate (NIR).

The impacts of FD, GDP, and expansionary MS on the IR were investigated for
Colombia, Costa Rica, Mexico, and Turkey, which are OECD-member countries in
the upper middle-income group, over the period 1990-2020. Since heteroscedas-
ticity, autocorrelation, and CSD problems were detected as a result of the assump-
tion tests, Driscoll and Kraay’s (1998) estimator method was employed because
it estimated the parameters correctly even if those problems were present. It was
detected that the FD did not have a statistically significant impact on the IR. It was
found to be consistent with the findings of Karadeniz (2021), Olaniyi (2020), and
Tiwari, Tiwari, and Pandey (2012). According to this result, policymakers should
pay attention to the MS, which affects the inflation phenomenon, instead of con-
sidering the FD problem upon examining IR. The expansion in the MS encourages
both households and producers to consume more. Policymakers can increase the
MS mainly in the expansion and the peak phase and decrease the MS mainly in
the contraction and recovery phases. FD is seen more due to the increase of the IR.
Because of this reason future studies can be expanded by the inclusion of differ-
ent country groups and periods, and even import and export data to be used as the
independent variables.
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