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Abstract

Under conditions of financial crisis, companies may resort to manipulative practices in
order to present their financial position and earning capacity more favourably than they
actually are. Following the disclosure of financial statement manipulations, a significant
number of companies enter bankruptcy, and even when they survive, recovery is often
prolonged and challenging. A particular challenge in less developed economies is the limited
transparency regarding the perpetrators of fraud, which hampers the development of reliable
indicators that could serve as early warning signals (red flags). This paper examines the
applicability of the Beneish M-score model with eight variables on a sample of 48 companies
for which bankruptcy proceedings were initiated in the Republic of Serbia during the 2017—
2024 period. The research objective is to identify potential red flags by isolating financial
statement items that exhibited unusual movements in the years preceding the initiation of
bankruptcy proceedings. The results indicate that 20.83% of the companies were classified
as potential manipulators during the crisis period. The observed risk of fraudulent financial
reporting is particularly associated with distortions in the relationship between receivables
and sales, with an indicator pointing to problematic patterns related to intangible assets, as
well as with faster growth of administrative expenses relative to the growth of sales revenue.
The findings further confirm the need for enhanced analysis of accrual-based items that
reflect mismatches in the recognition of revenues and expenses relative to the corresponding
cash inflows and outflows. The results may be useful to investors, financial institutions,
regulators and agencies involved in fraud prevention and bankruptcy proceedings, as well as
to academic researchers in the further development of models tailored to the specific
characteristics of national economies.
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BE3A UBMEDBY IPEBAPHOI' ®PUHAHCHUJCKOI'
MN3BEHITABAIBA U ITOCJIOBHOI' HEYCIIEXA —
CIOYYAJ ITIPEAY3ERA Y CTEYAJY Y CPBUJHN

Arncrpakr

VY ycnoBuma puHaHCH]jCKe KpH3e, KOMIIaHH]e MOTY PHOeraBaTi MaHUITy JaTHBHUM
npakcama Kako 0u (PMHAHCH]CKH I0JI0Ka] M 3apaljiBauky CIIOCOOHOCT NpHKa3aje mo-
BOJEHHMjUM HeTo IITO jecy. HakoH obGenonamuBama MaHUITyJIanuja y (GUHAHCHjCKAM
U3BENITajuMa, 3HadajaH Opoj KOMITaHHja O/UTa3u y CTedaj, a 4YaK M Kaja OICTaHy, OIlo-
paBax je uecto IyroTpajaH u orexxas. [locebaH M3a30B y HEZOBOJHHO PA3BHjEHUM €KO-
HOMHjaMma MpeJICTaB/ba OrPAaHUYCHA TPAHCIIAPEHTHOCT y BE3U ca IIOYMHUOLIMMA [TPeBa-
pa, IITO OTEeXkaBa pa3Boj MOY3aHUX HHANKATOPA KOjH MOTY CIIY)KHTH Kao paHU CHI'Ha-
1 ynozopema. OBaj paj UCIIUTYje IPUMEHIBHBOCT Monena Beneish M-score ca ocam
Bapujabin Ha y30pKy o1 48 KomnaHuja HaJ kKojuMa je y Pemryomumu CpOuju y mepuomy
o1 2017. mo 2024. ronyHe MOKPEHYT CTEYajHU MocTynak. [{uib ucTpakuBama je ueH-
TU(HKOBaE ITOTESHINjATHIX YII030paBajyhux cUrHana Kpo3 u3/Bajame Ho3unuja Gpu-
HAHCHjCKHX U3BEINTaja KOje Cy UCIOoJbaBalic HeyoOHUyajeHa KpeTama y ToIMHaMa Koje
Cy MPETXOIUIIC OTBapamy CTEUajHOT MOCTyNKa. PesynraTu ykasyjy na je 20,83% kom-
MaHKja KIaCH(PUKOBAHO KAa0 MOTEHIMjaTHU MAHUITYJIATOPH y TIEPUOAY KpH3e. Y OUeHH
PU3HK IpeBapHOT (PMHAHCH]jCKOT U3BEIITABAkha HAPOUYHTO j€ TIOBE3aH Ca HapyIIaBakheM
onHoca u3Mely morpaxuBama M IPUX0Ja, Ca HHAUKATOPOM KOjH yKa3yje Ha mpolire-
MaTHYHE o0pacie Y Be3u ca HeMaTepHjalHOM UMOBHHOM, Kao U ca Op>KUM pacToM aj-
MMHHMCTPATHBHUX TPOIIKOBA y OJHOCY Ha pacT Mpuxoja oj npoaaje. Hamasu nonatHo
HnoTBplyjy HOTpedy 3a MojayaHOM aHAJIM30M O00pauyHCKUX HO3HUIHja KOje OApaxkaBajy
HeycarjalleHo IpU3HaBamke MPUX0/a U Pacxoja y OZHOCY Ha oaroBapajyhe HoBuaHe
NPWIMBE U OIMBe. Pe3yntati Mory OMTH KOPHCHHM MHBECTHTOpHMA, (GUHAHCHjCKUM
MHCTHUTYIMjaMa, peryJiaTopiMa 1 areHnyjaMa yKJbydeHUM Y ClipedaBame mpeBapa u
cTeuajHe MOCTYIKE, Ka0 M aKaJeMCKUM HCTPKHUBAuMMa Y JaJbeM Pa3Bojy Mojiesa IpH-
naroheHnx crelM()UIHNM KapaKTepUCTHKaMa HAIIHOHATHAX €KOHOMH]a.

Kibyune peun:  (hOpeH3UUKO pauyHOBOJCTBO, (PUHAHCH]CKH M3BEIITAjH, HHAUKATOPU
npeBapa, M-ckop, cTeuaj.

INTRODUCTION

Although there are many ways to detect crisis in doing a business,
accounting data and publicly available financial statements are the most
important source to confirm a company distress. However, financial state-
ments are occasionally misused to deceive stakeholders, thereby maintain-
ing a company’s legitimacy and concealing its true performance, rather
than serving as a reliable indicator of impending insolvency or bankruptcy.

The widespread metaphor that financial reporting is the ‘language
of business’ stems from its nature and importance to users who have a di-
rect or indirect interest in the disclosed corporate reports. In fact, general
purpose financial statements should provide stakeholders with useful and
relevant information for assessing a company’s financial position, profita-
bility, cash flows and other performance. However, a fundamental prereq-
uisite for the usefulness of reports and their faithful presentation is that they
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are free from subjectivity, errors, and fraudulent practices in their creation
and disclosure. Under the influence of these anomalies, the monetary items
in the financial reports obscure or conceal the company’s true performance,
which, among other things, can lead to bankruptcy (Rosner, 2003; Leach,
2007; Boateng, 2011; Campa & Camacho-Miiiano, 2014). It is known that
stakeholders have recently become increasingly interested in a wider range
of non-financial (mostly sustainability-related) information, in addition to
financial data. In other words, the “metaphor of the ‘language of business’
extends to corporate reporting as a whole” (Fiilbier & Sellhorn, 2023, p.
1090). Consequently, intentional or accidental fraudulent reporting practices
affect not only financial statements, but also other corporate reports, thereby
expanding the scope of forensic and court bankruptcy investigations.

In court practice, however, investigations into fraud in the disclosure
of non-financial (sustainability) information by companies are still not
(sufficiently) applied. This can be explained by the fact that until recently,
this information was mostly disclosed voluntarily, without any legal obli-
gation. In addition, scientific models are still being created for academic
studies of the crime nature of fraudulent non-financial reporting. On the
other hand, various methods and models have already been developed to
detect fraudulent financial reporting.

For the reasons mentioned above, the aim of this paper is to investi-
gate whether the manipulation of financial statements and the monetary
data they contain has an impact on a company’s bankruptcy. Furthermore,
the aim is to identify the red flags that could indicate possible fraudulent
accounting practices that led to the company’s failure. To achieve these
objectives, two research questions were set:

Q1. How widespread was fraudulent financial reporting in the sam-
pled companies before their bankruptcy filings?

Q2. Which key items of the financial statements were manipulated
(‘red flags’) in the sampled companies with detected fraudulent reporting?

To answer these questions, we use a sample of 48 companies that
filed for bankruptcy in the Republic of Serbia between 2017 and 2024. The
extended Beneish model with eight variables (“Beneish M8-Score™) is em-
ployed. In cases where this model indicates accounting fraud, we analyse
individual indicators to identify specific areas of fraud as red flags in bank-
ruptcy investigations.

Due to the specific nature of our sample, we aim to fill a gap in this
type of research, particularly in the Republic of Serbia. Namely, to the best
of our knowledge, the Beneish M-Score model (both the initial version with
five variables and the extended version with eight variables) has been
widely employed in research in Serbia (Dimitrijevi¢, Obradovi¢ & Miluti-
novic¢, 2018; Knezevic et al., 2021; Dimitrijevié¢, Milutinovi¢ & Stankovic,
2024; Dimitrijevi¢, Stankovi¢ & Vrzina, 2024; Malini¢ & Ribi¢, 2025) and
worldwide (Chan & Landry, 2019; Repousis, 2016; Ozari, Can & Demirkale,
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2025; Svoboda et al., 2025). However, the aforementioned and other studies
were conducted on samples that simultaneously include companies in crisis
and/or exclusively companies with healthy performances, with the aim of pre-
dicting corporate failure due to manipulative financial reporting. On the other
hand, as we already pointed out, our research contributes to the identification
of possible frauds in the financial statements of bankrupt companies only, as a
basis for crime investigation.

To achieve the research objective, this article is structured as fol-
lows. Following the Introduction, we provide a brief overview of the theo-
retical background of our research including legal treatment of accounting
fraud in the Republic of Serbia. Subsequently, the research findings and
their discussion, as well as a conclusion, are presented.

THEORETICAL BACKGROUND — A LITERATURE REVIEW

Accounting regulation (statutory and/or especially professional
standards, such as IFRS or US-GAAP) provide options for recognising and
measuring certain revenues, expenses, assets and liabilities, which ulti-
mately affect reported profit and net assets. The different accounting op-
tions allow management to choose those that shape (non-)opportunistic re-
ported earnings (a well-known term in the literature: ‘earnings manage-
ment’). Therefore, the question of accounting discretion becomes a central
issue for standard setters and regulators — are these judgements being
abused or not (Healy & Wahlen, 1999). Neither legislation nor literature
provides unique criteria for answering this question.

Despite the negative connotation sometimes associated with the
phrase ‘earnings management,’ not every instance of it is harmful to stake-
holders (Christensen et al., 2022). This is the case when accrual-based ac-
counting is applied ethically, without any intention of manipulating the re-
ported earnings. Management’s discretion to choice accounting policies
and make accounting estimates falls within the scope of flexibility permit-
ted by accounting standards, and it cannot be argued a priori that earnings
management constitutes fraud.

Jackson (2018), for example, demonstrates “how discretionary ac-
cruals are inappropriate economic proxies for earnings management” (p.
137). Dichev et al. (2013) also provide evidence that fraud is less wide-
spread than earnings management within GAAP, highlighting that “about
50% of earnings quality is driven by non-discretionary factors.” Stolowy
and Breton (2004), however, take a different view. They make a fundamen-
tal distinction between earnings management and fraud. In their view, earn-
ings management is a form of manipulation using discretionary accounting
in accordance with accounting standards, while fraud is an illegal act out-
side the scope of the GAAP. Nevertheless, there are numerous studies (Healy
& Wahlen, 1999; Beneish, 2001; Perols & Lougee, 2010; Teixeira & Ro-
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drigues, 2022; Bansal, 2024) that confirm the high probability of a correla-
tion between profit manipulation and manipulative motives of managers,
which is why it is treated as accounting fraud under certain circumstances.

The earnings management techniques used to deceive users of fi-
nancial statements vary, as does the extend of earnings manipulation.
Therefore, it can sometimes be difficult to determine when the manipula-
tion of financial statements constitutes fraudulent activity and can be con-
sidered a criminal offense. Amiram et al. (2018) point out that “financial
statement fraud, and financial reporting fraud per se is not a simple concept
to define” ... and in this context “researchers use different terms — for ex-
ample, fraud, misconduct, irregularities, misreporting, and misrepresenta-
tion — to describe similar events of financial reporting misconduct” (p.
732). Similar to the previous study, Stolowy and Breton (2004) find in a
comprehensive literature review that various terms are used to describe ac-
counting manipulation, which, while sharing common elements, neverthe-
less differ significantly.

Considering the goal of our research and the allowed length of the
article, we will not discuss this topic in detail. In the context of our research,
we consider the definition of Velte (2021) significant, according to which
“firms’ financial misconduct is violations of national and/or international
accounting and related business law regulations and standards” (p. 354).
For our further consideration, it is important to highlight the Association
of Certified Fraud Examiners (ACFE) definition, according to which “fi-
nancial statements fraud is the deliberate misrepresentation of an enter-
prise’s financial condition, accomplished through the intentional misstate-
ment or omission of amounts or disclosures in the financial statements to
deceive statement users. It involves overstating assets, revenues and profits
and understating liabilities, expenses and losses.”

According to the ACFE, in 2024 “financial statement frauds, were the
least common category (5% of the occupational fraud schemes) but also
caused the greatest median loss (USD 766,000 per case)” (ACFE, 2024, p. 10).

Asset
misappropriation

oo (G st

Corruption

wvv (I $200,000

Financial
statement fraud

5% . $766,000

Median loss

* Percent of cases

Fig. 1. Occupational fraud schemes worldwide in 2024
Source: ACFE (2024), p. 10
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Fraudulent financial reporting not only harms investors, creditors
and other stakeholders who make business decisions based on company’s
misleading financial reports, thereby jeopardising the functioning of the
capital market and the economy in general, but also harms the company
itself. The loss of legitimacy, the decline in company value, and financial
distress in general can have fatal consequences for a company, i.e. bank-
ruptcy. A corporate crisis and the resulting bankruptcy are not necessarily
caused by objective factors. Bankruptcy can also result from deliberate ac-
tions by the owner and/or management of the company, actions that exclu-
sively serve their own interests, to the detriment of creditors and other
stakeholders. Financial statements can be one of the bankruptcy abuse tools
they use.

Bankruptcy abuses can occur before or after bankruptcy proceeding
is initiated (Skari¢-Jovanovi¢ & Spasi¢, 2022, p. 319). Before bankruptcy
proceedings are initiated, bankruptcy abuses are most often committed in
the form of intentionally induced bankruptcy and false bankruptcy.

Namely, company owners and/or managers can use fraudulent trans-
fers to intentionally cause bankruptcy and damage creditors. Their goal is
to reduce the assets that could be used to cover the liabilities to creditors.
Fraudulent transfers include “any transfer made with the intent to hinder,
delay, or defraud creditors” (Janger, 2022, p. 379). The effects of such ac-
tions may affect the financial statements. Indications of intentionally
caused bankruptcy that become apparent in company reports include: sig-
nificant changes in profitability and cash flows that cannot be explained by
the company’s business activities, an extreme decline in the value of fixed
assets and inventories, an extreme increase in receivables, excessive wage
and bonus payments, and other indicators reflected in the financial state-
ments. However, in order to conceal the mentioned activities, financial re-
ports can also be forged.

A false bankruptcy, unlike an intentionally caused one, occurs due
to actions by owners and management to create the impression that the
conditions for bankruptcy are met by an apparent reduction, concealment,
or actual reduction of assets under non-market conditions, while simulta-
neously maintaining the company’s apparent debts. The aim is to avoid
paying (part of) the liabilities to creditors through bankruptcy proceedings.

Fraudulent financial reporting and accounting manipulations of a
company in general, carried out within the context of a false bankruptcy,
are punishable as a criminal offense in the Republic of Serbia. Namely, in
accordance with the Serbian Criminal Procedure Code (2011), “whoever
conceals, destroys or alters statutory business records in such a way that
the business results or the value of assets or liabilities cannot be discerned,
or whoever produces false documents or otherwise presents a situation on
the basis of which bankruptcy proceedings may be initiated, shall be pun-
ished by imprisonment for a term of six months to five years” (Article
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232a). Therefore, the role of forensic accountants in detecting these crimes
is becoming increasingly important.

In general, developing models for detecting fraudulent financial re-
porting is challenging, primarily due to the complexity of transactions,
management discretion in recognising and measuring their effects in cor-
porate reports, as well as other factors (for example corporate governance,
effectiveness of internal control, external pressure, etc.).

In the last few decades, a range of statistical models or data collec-
tion approaches have been developed in an effort to uncover hidden, un-
common, or contradictory patterns that might point to financial fraud. Fo-
rensic accountants and investigative authorities employ a wide range of an-
alytical techniques, ranging from conventional to cutting-edge, supported
by sophisticated software for detecting fraudulent accounting practices. It
should be noted that the goal of this paper is not to offer a thorough review
of all the techniques used to detect fraudulent financial reporting, but rather
to highlight a few widely used methods.

Statistical and ratio analysis of monetary data in financial statements
are conventional tools for detecting accounting manipulations. The Bene-
ish M-score model (1999) is probably one of the most widely referenced
and applied conventional models in the literature. Employing financial data
from financial statements, five- and eight-variable M-Score models were
developed by this author, which we will discuss in more detail in the next
chapter and apply the second one in our empirical research. Although this
model has limitations, it has proven sufficiently reliable in predicting
fraudulent financial reporting (Dyck, Morse & Zingales, 2024) and identi-
fying red flags (Sabau, Mare & Safta, 2021; Sylwestrzak, 2022), and could
therefore be a useful tool for law enforcement agencies, auditors, and fo-
rensic accountants.

With the aim to detect critical areas of financial statements manipu-
lation by managers, Dechow et al. (2011) developed the F-score model,
which includes an analysis not only the financial statements’ data, but also
other risk factors for misleading reporting. Within the F-Score they exam-
ined five variables: “(i) accrual quality, (ii) financial performance, (iii) non-
financial measures, (iv) off-balance sheet activities, and (v) market-based
measures.”

In addition to the M-score and F-score models, there are other mod-
els based on statistical and econometric methods with financial input vari-
ables that primarily serve insolvency prediction. In general, the findings
indicate that an analysis of monetary data from financial statements pro-
vides a solid basis for detecting potential accounting fraud. However, it is
also worthwhile to examine the narrative disclosures in the notes and the
management report. For example, Craja, Kim, and Lessmann (2020) de-
veloped one of the models that employs the hierarchical attention network
to extract management remarks at the word and sentence level. Their model
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is able to grasp not only the content but also the context of statements made
by managers, which provide supplementary predictors to financial ratios.
In addition to a high degree of reliability in identifying fraudulent corporate
reporting, the model also provides insights into red flag, i.e. key areas of
possible manipulative accounting practices.

Other conventional statistical methods, such as logistic regression
analysis (Bell & Carcello, 2000; Yue et al., 2009; Kanapickiené & Grun-
diené, 2015; Yiannoulis, Vortelinos & Passas, 2025) are also widely em-
ployed in addition to the models mentioned. However, these and similar
statistical methods often face the problem of collinearity of independent
variables and data distribution, since financial variables often do not ex-
hibit a normal distribution.

The limitations of conventional models should therefore be miti-
gated by methods based, for example, on machine learning, data mining,
and the application of artificial intelligence (Al). Machine learning is de-
signed to identify potential indicators of fraud by analysing financial ratios,
accounting irregularities, textual information in notes and annual or ad-hoc
management reports, and the consistency across different reporting periods.

Chen (2016) highlights, for example, the following models for de-
tecting fraudulent financial reporting: “artificial neural network, decision
tree, Bayesian belief network, and support vector machine methods” (p. 2).
In a recent comprehensive literature review, Compagnino et al. (2025)
identified Random Forest — a method that “combine multiple decision trees
to improve classification accuracy while effectively reducing overfitting
tendencies” (p. 5) — as the most widely used machine learning technique
for detecting financial statements fraud.

However, the significant role of data mining as a tool for processing
complex analyses and classifying data with modern fraud detection models
is obvious. The latest advancement in detecting fraudulent financial report-
ing is certainly related to Al. Wang, Zhang, and Han (2025) point out that
“by introducing intelligent automation, pattern recognition, and predictive
analytics, Al technologies significantly enhance accounting accuracy,
fraud detection, and financial transparency” (p. 404). The possibilities of
detecting financial fraud on a daily basis with Al have already been con-
firmed (Bello et al., 2023).

METHODOLOGY

In our study, the Beneish model is applied as the methodological
framework. The model generates a single composite score (M-score), and
its comparison with a critical threshold is interpreted as a red flag indicat-
ing the likelihood that a company is engaged in fraudulent financial report-
ing. The Beneish model is based on financial indicators (variables) that
quantify changes in financial statement items relative to the previous year
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(Beneish, 1999). The model exists in two versions: one with five variables
(M-score 5) and another with eight variables (M-score 8). This study em-
ploys the M-score 8, as the research conducted by Dimitrijevic et al. (2018)
in Serbia suggests that the extended version provides a more comprehen-
sive insight into potentially risky areas of financial reporting compared to
the M-score 5 model. Accordingly, the M-score 8 is calculated as follows:

M =-4.84+0.92 x DSRI + 0.528 x GMI + 0.404 x AQI + 0.892 x SGI +
+ 0.115x DEPI—0.172 x SGAI — 0.327 x LVGI + 4.697 x TATA 1)

The application of the model involves the calculation of eight
variables, whose formulas and brief explanations are shown below.

1. Days’ Sales in Receivables Index — DSRI

DSRI = Receivablest/Salest (2)

Receivablest_4 /Salesy_q

The variable DSRI serves for “detecting variations in receivables
relative to sales revenues over two consecutive years” (Malini¢ & Ribi¢,
2025, p. 12). A high DSRI value may represent a red flag that a company
is ‘inflating’ revenues through premature revenue recognition, recognition
of suspicious revenues or recognition of fictitious revenues, which may
lead to an overstatement of reported financial performance.

2. Gross Margin Index — GMI

(Salest—;—Cost of Goods Sold¢—)/Salest—q

GMI = 3
(Salest—Cost of Goods Soldt)/Salest ( )

High values of the GMI variable can be interpreted as a potential
signal of an increased earnings manipulation risk. Such situations may arise
as a result of a deterioration in the gross margin, i.e. a decline in the com-
pany’s profitability, which intensifies pressure on management to resort to
fraudulent financial reporting in order to preserve the appearance of finan-
cial stability.

3. Asset Quality Index — AQI

1—(Current Assetst+Net PP&E()/Total Assetst (4)
1—(Current Assetst—1+Net PP&E¢_1)/Total Assetst_1

AQI =

The AQI variable indicates the share of intangible assets, whether
internally generated or acquired, in total assets. This item is particularly
susceptible to manipulation in financial reporting due to the high degree of
managerial discretion, limited verifiability, the absence of active markets,
the possibility of cost capitalisation, flexibility in amortisation policies and
impairment testing. Accordingly, “an increase in this variable may signal
manipulative practices involving intangible assets, aimed at artificially
enhancing reported financial performance” (Malini¢ & Ribi¢, 2025, p. 12).
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4. Sales Growth Index — SGI

Salest

SGI =

Salesy—q

(6]
The SGI variable is used to identify potential manipulations achieved
through artificial inflation of sales revenue, aimed at creating the appearance
of improved financial performance. However, Malini¢ and Ribi¢ (2025)
emphasise that caution is required when interpreting this indicator, as growth
in sales revenue per se does not necessarily imply fraudulent reporting, just

as a decline in sales does not preclude the presence of such practices.

5. Depreciation Index — DEPI

Depreciationy—;/(Depreciationt—; +Net PP&E¢—
DEPI — P t 1/( p t—1 t 1) (6)

Depreciationt/(Depreciationy+Net PP&E¢)

As noted by Beneish (1999), high values of DEPI may indicate de-
preciation-related manipulations: lower depreciation rates (resulting from
longer estimated useful lives of fixed assets) reduce expenses and artifi-
cially increase reported earnings.

6. Sales, General, and Administrative Expenses Index (SGAI):

Sales,General,and Administrative Expenset/Salest

SGAI =

(7

The SGAI variable, in line with the suggestion of Lev and Thiaga-
rajan (1993), is used to identify situations in which sales, general and ad-
ministrative expenses grow faster than sales revenue, which analysts often
interpret as an unfavourable signal regarding the company’s future pro-
spects. Accordingly, “it can be expected that companies would be more
prone to manipulations as this index is higher than 1” (Dimitrijevi¢ et al.,
2018, p. 1325).

7. Leverage Index — LVGI

Sales,General,and Administrative Expenset_,/Salest_q

LVGI = (Long—term Debt¢+Current Liabilitiest)/Total Assetst

®)

The LVGI variable is included in the analysis to assess whether
changes in leverage may be associated with stronger incentives for fraud-
ulent financial reporting. Beneish (1999) relies on the findings of Beneish
and Press (1993), according to which changes in capital structure are linked
to default risk and potentially adverse market reactions.

8. Total Accruals to Total Assets — TATA

(Long—term Debts¢_q+Current Liabilitiesy_,)/Total Assetst_q

ACurrent Assetsy—ACashy—ACurrent Liabilitiesy—ACurrent Maturities of Long—
—term Debtsg—AIncome Tax Payable¢—Depreciation and Amortizationg (9)

TATA =

Total Assetsy
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The TATA variable represents the proportion of accruals in total as-
sets. In the Beneish model, accruals are approximated through changes in
net working capital, excluding cash, amortisation and depreciation. In this
way, the effects of applying the accrual basis of accounting are captured,
whereby revenues and expenses are recognised before or after the corre-
sponding cash inflows and outflows. The underlying assumption is that a
higher share of non-cash (accrual-based) components in earnings may in-
dicate more intensive use of discretionary accounting estimates and, con-
sequently, a higher risk of manipulation. In addition, the literature provides
an alternative approach to calculating TATA (Mehta & Bhavani, 2017):

Income from Continuing Operationst—Cash Flow from Operating Activitiest (10)

TATA =

Total Assetst

The interpretation of the calculated M-score (Eq. (1)) is based on a
comparison with a reference threshold: a score above -2.22 indicates an
increased likelihood of fraudulent reporting, while a score below the
threshold suggests a lower risk (Corsia et al., 2015). In this context, a
higher M-score is interpreted as a stronger risk signal, as the model is con-
structed such that increases in individual variables are generally accompa-
nied by an increase in the probability of manipulation. However, even
when the model yields an elevated score, it should be interpreted solely as
an indicator for deeper analysis rather than as confirmation of manipulation
(Tarjo & Herawati, 2015; Ramirez-Orellana et al., 2017).

In addition to the primary decision criterion based on the M-score,
further insights are provided by the analysis of individual model variables.
Comparing these variables with the average values for manipulators and
non-manipulators from Beneish’s original sample (Table 2) allows for a
more precise assessment of which financial statement items may generate
red flags. More pronounced deviations in specific variables can direct the
analysis toward particular areas and indicate where more detailed exami-
nations are required to assess potential irregularities. Nevertheless, the re-
sults must be interpreted with caution, as elevated variable values do not
necessarily indicate manipulation but may arise from normal business dy-
namics, industry-specific characteristics or stages of the business cycle
(Malini¢ & Ribi¢, 2025).

The widespread use of the Beneish model largely stems from its rel-
ative simplicity of application: the required data is generally readily avail-
able from basic financial statements, and the model’s output is interpreted
by comparison with a clearly defined reference threshold. The Enron case
is particularly illustrative, as the Beneish model indicated an elevated risk
of fraudulent financial reporting one year before the first official warnings
were issued (Beneish et al., 2013). In this regard, research findings suggest
that red flags may be identified in a timely manner through the analysis of
corporate financial statements in the years preceding bankruptcy (Ma-
vengere, 2015).
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DATA

The analysis in this study was conducted on companies for which
bankruptcy proceedings were initiated in the Republic of Serbia during the
period 2017-2024. This sample selection is justified by the fact that com-
panies operating under conditions of financial distress often face impaired
financial stability and profitability due to adverse economic, industry-spe-
cific or operational circumstances, such as intensified competition, declin-
ing demand, rapid technological progress, product obsolescence, operating
losses and persistently negative cash flows from operating activities. In ad-
dition, the expectations of various stakeholders (analysts, owners and cred-
itors) regarding profitability growth, additional financing and the imple-
mentation of planned activities may further intensify pressure on manage-
ment, particularly when managers’ personal financial interests are at risk.
In such an environment, incentives increase to create, through fraudulent
financial reporting, the appearance that earnings are higher, cash flows
more stable and financial statement items more persistent than they actu-
ally are, thereby misleading investors and other stakeholders (Schilit et al.,
2018). For these reasons, applying the Beneish M-score model to a sample
of bankrupt companies enables the identification of potential red flags by
isolating financial statement items that exhibited unusual movements in the
years preceding the initiation of bankruptcy proceedings.

According to data from the Serbian governmental agency responsi-
ble for overseeing corporate bankruptcy proceedings (Bankruptcy Super-
vision Agency), a total of 3,319 companies entered bankruptcy proceedings
during the period 2017-2024. In the next stage of selection, the sample was
narrowed to medium-sized and large companies, of which there were 65 in
the observed period. This focus on company size is based on the assump-
tion that medium-sized and large companies are expected to devote greater
attention to the quality of financial reporting and to the more effective func-
tioning of internal control systems, which should reduce the risk of errors
and managerial fraud. In addition, in Serbia, large companies apply IFRS,
while medium-sized companies apply IFRS for SMEs (unless they are
listed, in which case they also apply IFRS), ensuring comparability of re-
sults with many previous studies. Nevertheless, there is evidence that
fraudulent financial reporting has characterised financial scandals and
bankruptcies of large corporations (Beasley et al., 2010). The significance
of this issue is further underscored by findings of prior research indicating
that a substantial proportion of companies operating in Serbia, both large
and medium-sized, have been identified as potential manipulators (Dim-
itijevi¢ et al., 2018; Malini¢ & Ribi¢, 2025).

Given the methodology underlying the Beneish model, the analysis
was based on balance sheets and income statements obtained from the web-
site of the Serbian Business Registers Agency for one or two years prior to
the initiation of bankruptcy proceedings. Since financial statements for the
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observed period were unavailable for nine companies, the sample was sub-
sequently reduced to 56 companies. Furthermore, for eight companies it
was not possible to calculate the Beneish M-score indicators due to zero
values in the denominators of certain ratios, and these companies were
therefore excluded from further analysis. As a result, the final sample com-
prises 48 companies. The entire selection process is presented in Table 1.

Table 1. Sample formation process

Number of
companies
Total number of companies for which bankruptcy proceedings were 3,319
initiated during the period 2017-2024

Criterion

Medium-sized and large companies for which bankruptcy 65
proceedings were initiated during the period 2017-2024

Companies for which basic financial statements were not available )
for one or two years preceding the initiation of bankruptcy

proceedings

Companies for which it was not possible to calculate the Beneish ®)
M-score variables

Final sample size 48

Source: Authors’ calculations

It is important to note that the Beneish model (1999) was developed
using data prepared under the cost of goods sold method, whereas the in-
come statement format in Serbia is based on the total cost method. Accord-
ingly, certain methodological adjustments were made to ensure the compa-
rability of the calculated indicators.

The following section presents a descriptive analysis of large and
medium-sized companies for which bankruptcy proceedings were initiated
in Serbia during the period 2017-2024, with the aim of assessing: (1) the
extent of the risk of fraudulent financial reporting under conditions of fi-
nancial distress, and (2) the most frequently observed red flags within the
analysed sample. Taking into account the above considerations, as well as
additional limitations that will be discussed in more detail later, the find-
ings should primarily be interpreted as indicative of potential signs of
fraudulent financial reporting.
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RESULTS AND DISCUSSION

After defining the sample, the Beneish M-score was applied to the
collected data. The results are shown below.
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Graph 1. Structure of the final sample

Source: Authors’ illustration

Graph 1 illustrates the sample structure according to the Beneish M-
score classification: 10 companies are classified as manipulators (20.83%),
while 38 companies belong to the non-manipulator group (79.17%). Fol-
lowing this group-wise distribution, Table 2 provides a more detailed over-
view of the average values of the Beneish M-score indicators and M-score
results for manipulators and non-manipulators, along with a comparison to
the average values reported in Beneish’s original study. The results show that
the average M-score for the manipulator group is well above the threshold
(8.15), whereas for non-manipulators it is clearly below the threshold (-4.89).
Individual variables in both groups exhibit mixed patterns.

Table 2. Average values of variables and M-score for manipulators and
non-manipulators

DSRI GMI AQI SGI DEPI SGAI LVGI TATA M-score
Non-Manipulators
Values forsampled 1.40 -1.74 1.12 0.68 155 197 202 -097 -4.89

companies
Beneish 1.031 1.014 1.039 1.134 1.001 1.054 1.037 0.018 <-2.22
benchmark
Manipulators
Values for sampled 14.31 0.07 190 049 1.00 693 120 0.09 8.15
companies
Beneish 1.465 1.193 1.254 1.607 1.077 1.041 1.111 0.031 >-2.22
benchmark

Source: Authors’ calculation
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The average DSRI value for non-manipulators slightly exceeds the
reference threshold, indicating revenue recognition that is not accompanied
by adequate collection of receivables, i.e. corresponding cash inflows.
Given that these companies were experiencing severe financial difficulties,
faster growth in receivables relative to sales growth may be interpreted as
a reflection of a genuine deterioration in collection capacity. In contrast,
the extremely high average DSRI value observed for manipulators points
to a serious distortion in the relationship between receivables and sales;
however, the nature of this phenomenon appears to differ from that ob-
served among non-manipulators. In this case, DSRI may reflect not only
the effects of the crisis and weak collection performance, but also the use
of receivables as a mechanism of fraud, primarily through the extension of
customer credit periods (Frank et al., 2011). A particular concern is that
changes in customer credit policies are not always accompanied by ade-
quate disclosure, further reducing the transparency of financial statements
and enabling the accumulation of receivables from prior periods.

Moreover, an examination of the balance sheets of the sampled com-
panies reveals that one-third of the manipulators report significant amounts
of receivables from parent companies, subsidiaries and other related par-
ties, both domestically and abroad. Such a receivables structure is ques-
tionable, as transactions with related parties are often not conducted under
market conditions and may serve as a channel for manipulative financial
reporting (Lo et al., 2010; Marchini et al., 2018). The situation is further
aggravated when companies avoid writing off doubtful receivables,
thereby creating the appearance that their financial position and profitabil-
ity are stronger than they actually are. In light of these findings, DSRI can
be viewed as a red flag that warrants more detailed examination of revenue
recognition, the structure of receivables and customer credit policies. Fur-
thermore, our findings should also be interpreted in the context of the con-
clusions of Henry et al. (2012), who in their empirical research emphasised
the need to consider related-party transactions within a broader corporate
context, as top management is most involved in potential manipulation in
this regard.

With regard to the GMI variable, the results show that average val-
ues of this indicator are relatively low for both non-manipulators and ma-
nipulators, pointing to very low gross margins across the sample. Although
this finding primarily reflects weak financial performance, given that the
companies are operating under conditions of financial distress, the ob-
served GMI values suggest that these companies did not resort to fraudu-
lent financial reporting. However, companies tend to manipulate profits to
avoid reporting losses (Burgstahler & Dichev, 1997). This becomes partic-
ularly evident during times of crisis, which can lead to bankruptcy and ne-
cessitate additional forensic investigations.
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The average AQI value for non-manipulators slightly exceeds the
reference threshold, which in itself does not indicate systematic attempts at
fraudulent financial reporting. In contrast, the significantly higher average
AQI value observed for manipulators points to a stronger reliance on valu-
ation-sensitive items, such as acquired internally generated intangible as-
sets. When considered in conjunction with other Beneish M-score varia-
bles, this result takes on the characteristics of aggressive accounting treat-
ment, for example through postponing impairment expense recognition,
thereby artificially improving reported financial performance. Accord-
ingly, the findings highlight the need for additional analysis of policies re-
lated to the recognition and measurement of intangible assets, as well as
the implementation of impairment testing procedure.

Empirical studies generally provide evidence that companies that
manipulate earnings primarily artificially inflate revenues (Stubben, 2010;
Perols & Lougee, 2010). Within the analysed sample, low SGI values in
both observed groups indicate that companies were operating under condi-
tions of financial distress, resulting in sales that did not vary significantly
between two consecutive periods. Consequently, SGI cannot be regarded
as an indicator of manipulation for the sampled companies. Our results are
consistent with the findings of an earlier study by Dimitrijevi¢ et al. (2018)
in the Republic of Serbia, conducted before the COVID-19 crisis.

Although DEPI is not elevated among companies identified as ma-
nipulators, higher values of this indicator are observed among non-manip-
ulators. This suggests that a reduction in amortisation rates should not be
automatically interpreted as a signal of manipulation, but may also reflect
legitimate business circumstances or asset structure characteristics. Never-
theless, bearing in mind the scope for the application of “aggressive ac-
counting practices” as a tool used by “typical earnings manipulator”
(Steingen & Low, 2025, p. 10), an additional examination of the accounting
policy of subsequent measurement of fixed assets is necessary, particularly
due to possible manipulations of depreciable assets.

The average SGAI value for non-manipulators is significantly above
the reference level and indicates faster growth in administrative expenses
relative to sales growth. However, given that these companies were in a
pre-bankruptcy state, this finding is more likely attributable to declining
sales combined with relatively rigid or even increasing administrative costs
(e.g. legal and consulting services, restructuring costs etc.) rather than to
attempts at manipulative reporting. In contrast, the extremely high SGAI
value observed for manipulators points to a dramatically faster growth of
administrative expenses relative to sales growth, which, when combined
with other Beneish M-score variables, may indicate fraudulent behaviour.
In such cases, administrative expenses may function as a discretionary cat-
egory used to shift expenses across accounting periods and to mitigate the
negative effects of poor performance (Arman & Sharmin, 2019). There-
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fore, within the subsample classified as manipulators, SGAI can be viewed
as a red flag that justifies a more detailed examination of the structure of
administrative expenses and their recognition practices.

In the observed sample, LVGI is elevated for both manipulators and
non-manipulators, which is expected given that the companies are experi-
encing financial distress and are in the period immediately preceding bank-
ruptcy, when increasing leverage often reflects a genuine deterioration in
financial structure (Repousis, 2016). Among manipulators, LVGI slightly
exceeds the reference value, indicating the presence of financial pressure,
although the magnitude of the deviation is not pronounced. Similarly, the
elevated LVGI observed among non-manipulators can primarily be inter-
preted as a consequence of economic deterioration rather than necessarily
as a signal of fraudulent reporting. Accordingly, in this study LVGI should
be regarded as an auxiliary pressure indicator whose interpretive value is
confirmed only when considered in combination with other Beneish M-
score variables.

Negative TATA values among non-manipulators may be interpreted
as reflecting more conservative recognition of losses and write-offs, result-
ing in reported performance that is more closely aligned with realised cash
flows. In contrast, the positive TATA value observed for manipulators,
which also exceeds the threshold value, suggests that reported earnings are
more heavily shaped by accrual-based items and are not adequately sup-
ported by cash inflows. Consequently, TATA can be viewed as an im-
portant red flag that justifies a more detailed examination of the structure
of accruals, expense recognition policies and potential accounting esti-
mates affecting reported performance (Sylwestrzak, 2022).

LIMITATIONS OF EMPIRICAL RESEARCH

The most significant limitation of the study relates to the fact that
the Beneish M-score does not allow for a reliable and precise classification
of companies, but merely indicates an increased likelihood of fraudulent
financial reporting. In addition, certain variables may exhibit high values
even in the absence of manipulation, reflecting normal business conditions
or, in the context examined, the specific characteristics of operating under
crisis conditions. This effect is particularly evident for the DSRI, DEPI,
SGALI and LVGI variables, whose values may be driven by economic de-
terioration and weakened performance rather than by manipulative behav-
ior. Accordingly, any conclusions drawn from the model should be pre-
ceded by a thorough qualitative analysis. Our study is also subject to limi-
tations arising from differences between the institutional and structural
framework of the Serbian economy and the environment in which the
model was developed (the United States). On the one hand, the model was
constructed using data from publicly listed companies, whereas the Serbian
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economy is characterised by a relatively small and illiquid capital market.
Finally, the calculation of the M-score 8 requires certain adjustments to
input data for domestic companies due to differences in accounting prac-
tices, which may further affect the comparability and interpretation of the
obtained results.

CONCLUSION

The conducted research, based on the Beneish M-score (M8) model,
indicates that potential signals of manipulation in financial statements can
be identified among Serbian companies for which bankruptcy proceedings
were initiated during the period 2017-2024. Within the sample of 48 large
and medium-sized companies, 20.83% were classified as potential manip-
ulators under conditions of financial distress. The observed risk of fraudu-
lent financial reporting is particularly associated with distortions in the re-
lationship between receivables and sales, with indicators pointing to prob-
lematic patterns related to intangible assets, as well as with faster growth
of administrative expenses relative to sales growth. The findings further
confirm the need for enhanced analysis of accrual-based items that reflect
mismatches in the recognition of revenues and expenses relative to the cor-
responding cash inflows and outflows. Nevertheless, reliable determination
of whether and to what extent companies actually prepare manipulative fi-
nancial statements is possible only after detailed examinations of their op-
erations, which go beyond the scope of this study.

Our finding that one-fifth of the sampled companies were very likely
to have (un)intentionally published false financial statements highlights the
importance of permanent monitoring of the financial reporting process and
early detection of possible fraudulent accounting practices. Namely, if
these mechanisms had already been in place, the bankruptcy of some com-
panies could likely have been avoidable. This would allow the owners to
retain control over their company and potentially provide creditors with a
better position through an out-of-court financial restructuring. Further-
more, avoiding formal insolvency proceedings helps preserve employees’
jobs, thereby ensuring the socio-economic stability of the industry and the
national economy as a whole. On the other hand, the subsequent detection
of fraudulent financial reporting helps bankruptcy investigators identify
and prosecute those responsible.

Given that fraudulent practices are becoming increasingly complex
and sophisticated, and that they can generate severe economic conse-
quences affecting the welfare of a large number of individuals, it is evident
that combating fraud requires strong infrastructural foundations. A key role
in this process is played by independent institutions which, through coop-
eration, should build an effective and sustainable system resilient to crim-
inal activities. One of the pillars of such a system is the education of foren-
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sic accountants, aimed at developing highly competent professionals with
unquestionable integrity and a strong commitment to protecting the public
interest. Drawing on experiences from major corporate scandals world-
wide, substantial potential for early fraud detection also exists within au-
diting, either through the application of forensic procedures that require
specialised forensic accounting expertise or through the involvement of fo-
rensic accountants as specialists in audit engagements. The expertise of fo-
rensic accountants is of particular importance in judicial investigations of
potential fraudulent financial reporting by bankrupt companies, treated as
criminal offenses.

Effective prevention of manipulation can be further strengthened
through the application of complementary approaches that enable earlier
and more reliable detection of irregularities in financial reporting. Of par-
ticular importance is the development of analytical models tailored to do-
mestic conditions, especially for application to financially distressed com-
panies, where incentives to distort representations of earning capacity and
financial position are more pronounced. Future research should therefore
focus on the development and testing of such models, the application of
which could contribute to more effective case processing and to the resto-
ration of trust in the quality of the accounting, auditing and judicial profes-
sions.
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3UCTEHTHHjUX BPEJHOCTH IO3MIMja (PMHAHCHjCKUX HM3BEIITaja HEro IITO TO eKOHOMCKa
peanHocT ornpasasa. HakoH o6erojamiBama MaHUy auja y GHHAHCHjCKHUM H3BEILITa-
juMa, 3HavajaH Opoj KoMIaHHja ojuTa3h y credaj. [Tlocnennie ce Tana oryienajy y ryouTky
YIJIO’KEHOT KaluTasia: BIaCHHIM Cy IIPBU HA yAapy, a GUHAHCH]CKH TepeT MPEHOCH ce U
Ha KpeAUTOpe, 3arocieHe u ApxkaBy. Yak U KaJa OICTaHy, ONIOpPaBaK TAKBUX KOMIIaHHUja
je uecTo xyrotpajaH 1 otexa, Oyayhu na hpuHaHCHjCKe IpeBape He JOHOCE CaMO BUCOKE
caHKIMje, Beh 1 HapyI1aBajy pemyTaljy, HOAPHBajy OBEpEeHE HHBECTUTOPA, IToBehaBa-
Jy TPOIIIKOBE KaluTaia i 0BOJE [0 MOOIITPaBamka KpUTeprjyMa mpohUTaOuITHOCTH.

E¢duxacHo cnpedaBame MaHUITyJIalMja MOXe ONTH OCHA)KEHO NIPUMEHOM CaBpeMe-
HHX QHATUTHYKAX aJlaTa, O]l II0jeAMHAYHIX W KOMIIO3UTHHX MOJEJIa JI0 pellerha 3acHO-
BaHUX Ha BELITAYKO] MHTESIMT CHIIUjH. Y TOM KOHTEKCTY, 0Baj paJi HCTPaxyje IPHUMEHIbU-
BocT Mozena Beneish M-Score ca ocam Bapujabimu Ha y30pKy 48 BENMKUX U CPEIEBUX
KOMITIaHUja HaJ KojuMa je y PemyOmumm CpOuju y nepuony ox 2017. mo 2024. roquse
MOKPEHYT CTEYajHU MOCTyHaK. L{nsb ncTpakuBama je HACHTU(PHKOBAKE MOTCHIHjATHHX
yrno3opaBajyhux curHama Kpo3 W3/ABajare Mo3uIMja (UHAHCHjCKHX H3BEIITaja Koje Cy
HCIIoJbaBajie HeyoOudajeHa KpeTama y ToAnHaMa Koje Cy MPETXOIWIe OTBapamy CTe-
YajHoT TocTyrka. Pesynraru ykasyjy na je 20,83% y3pokoBaHMX KOMITaHHja KJIACH(UKO-
BAHO Kao MOTEHIMjaTHH MAHUITYJIaToOp y IepHoy (HHAHCHjCKe Kpu3e. YOUeHH PH3NK
HpeBapHOT (PMHAHCH]CKOT M3BEITaBamba HapOUHTO je MOBE3aH ca HapyIlaBameM OTHOCa
m3Mely moTpakvBama M NPHXOJa, Ca WHIMKATOPOM KOjH yKasyje Ha MpoOieMaTHiHe
o0pacrIie y Be3u ca HeMaTepHjalHOM IMOBHHOM, Kao U ca Op>KUM PacTOM aIMHUHUCTPATHB-
HHX TPOILIKOBA Y OJHOCY Ha pacT mpuxoja of mpoxaje. Hamasu nomatHo moTtBphyjy mo-
TpeOy 3a TMojayaHOM aHAJIM30M OOpavyHCKHX MO3HILMja KOje OJpaXkaBajy HeycarjiamieHO
HpH3HABakE PHXO/A M PAcXo/ia Y OAHOCY Ha OAroBapajyhie HoBYaHe IPUIINBE U OJUIHBE.

VYBaxkaBajyhu paHuje UCTaKHyTa orpaHuucka monena Beneish M-Score, eBuneHTHA
je moTpeba 3a pa3BojeM MpHUCTyIa Koju he moy3iaHuje oipakaBaTi CIeU(PHIHOCTH CpII-
cke exkoHomuje. Crora 6u Oynyha nctpaxknuBama Tpebalo YCMEPHTH Ka Pa3Bojy U eMITH-
PHjCKOM TECTUpamy MOJeNa IpuiIarojeHux foMahinM ycaoBuMa, ca moceOHUM (OKycoM
Ha KOMIIaHWje y (DMHAHCH]CKAM HETIpUINKaMa, Kaja Cy MOJCTHLAJH 32 M300IMuaBamke
MpHUKa3a 0 3apajuBavKoj CIOCOOHOCTH U (PUHAHCH)CKOM TONIOXKajy M3pakeHuju. [Tpume-
Ha TaKBHX MOJIeNia MOIJIa OM yHANpeIuTH KalalkTeTe CTPy4Yhaka payyHOBOJICTBEHOT,
PEBU3HjCKOT W UCTPAKHOT IpodHia 3a HACHTH(HUKOBAKE PH3HIHUX 00pasalia, unMe Ou
ce Makap yOnaxxusie HeraTHBHE MOCTCNIIC CBE CIIOKCHUJUX M CODUCTHIIMPAHU]UX TIPE-
Bapa Mo 0JIaroCTame BEJMKOT Opoja KOPUCHUKA PUHAHCHjCKHX W3BEIITaja.



