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Abstract 
 
Research background: Misleading financial reporting has a negative impact on all stakeholders 
since financial records are the primary source of information on financial stability, economic 
activity, and financial health of any company. The handling of them is primarily the responsibility 
of managers or owners and reasons for doing so may differ. Their common denominator is the 
artificial creation of information asymmetry to get different types of benefits. It is, therefore, 
logical that the issue of detecting opportunistic earnings management comes to the fore. 
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Purpose of the article: The purpose of the study is to create a discriminant model of the detec-
tion of earnings manipulators in the conditions of the Slovak economy.   
Methods: We used the discriminant analysis to create a model to identify fraudulent companies, 
based on the real data on companies that were convicted from misleading financial reporting in 
connection with tax fraud in the years 2009–2018. The model is inspired by the Beneish model, 
which is one of the most applied fraud detection methods at all.  
Findings & Value added: In order to achieve more accurate detection results, we extended the 
original model by taking into account the values of indicators from three consecutive years, i.e. by 
taking into account the development of the potential tendency of companies to be involved in 
opportunistic earnings management. Our model correctly identified 86.4% of fraudulent compa-
nies and overall reaches 84.1% classification ability. Both models were applied on empirical data 
on 1,900 Slovak companies from the years 2016–2018, while their overlap was 32.7% for fraudu-
lent companies and 38.4% for non-fraud companies. This is a very useful result, as the application 
of both models rein-forces the results obtained and the identical classification of the company into 
fraudulent indicates that the manipulation of earnings occurs with a high probability. 

 
 
Introduction 
 
Under national and international accounting and reporting standards in 
force, the financial records should provide true and relevant information, 
since the accounting unite is required to record all economic transactions in 
such a way that the financial records will present a true and fair view of the 
facts that are the subject of accounting. The way of reporting economic 
transactions clearly indicates earnings quality and financial stability of the 
company. Financial reporting, i.e. the disclosure of financial results and 
related information to any stakeholders regardless of their interest in the 
company, falls within the competencies of top management or owners of 
the company (provided that the owner structure also represents the compa-
ny´s management body). The incorrectly presented information is either an 
unintentional error, which results in a violation of applicable legislation or 
a wilful activity to obscure information about the actual economic activity 
and financial stability of the company. When financial records are con-
trolled or handled for one’s own benefit, especially in an unfair manner 
outside the legal framework towards drawing a more positive and optimis-
tic picture, earnings are simply managed (Kaya & Turegun, 2017; Weil et 
al., 2013).  

The way of reporting information and related earnings quality is an in-
tegral part of earnings management. It is efficient if managers signal finan-
cial information to external users to assist them to improve their under-
standing of the company’s current or upcoming performance (Kaya & Tu-
regun, 2017). However, earnings management is perceived rather negative-
ly — as an opportunistic behaviour of managers, who act for purposes other 
than that of enhancing truthful reporting (Beneish, 1999; Healy & Wahlen, 
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1998; Kaaya, 2015; Kramarova & Valaskova, 2020; Meek & Thomas, 

2003; Valaskova & Durana, 2020).  

The line between appropriate techniques of earnings management and 

“cooking the books”, i.e. earnings manipulation, can be a blurry one, not-

withstanding the abundance of legal rules that are currently in place to deter 

malfeasance (Willey, 2019). Healy and Wahlen (1998) specifically state 

that opportunistic earnings management occurs when managers use their 

judgment in financial reporting and in structuring transactions to alter the 

reports to mislead stakeholders about the underlying economic performance 

of the company or even to influence contractual outcomes that depend on 

reported accounting numbers. In connections with earnings management 

and agency theory, Sajnog (2019) sees  the level of remuneration for man-

agers as a significant problem, as well as emphasizes that inappropriate 

managers pay policies have also been identified as one of the key factors 

leading to the financial crisis. Marinakis (2011) confirms that earnings ma-

nipulation usually results from escalating earnings management, which  

after a certain stage violates accounting standards in force. The author 

states that earnings management and accounting fraud involve common 

component, which is a manipulation of financial information through earn-

ings manipulation for achieving certain results.  

The issue of earnings manipulation is a relatively frequently examined 

problem between academics and experts directly from practice (Homola & 

Pasekova, 2020; Pasekova et al., 2019). At present, there are various statis-

tical methods or techniques of data collection that try to identify hidden, 

unusual or divergent patterns indicating financial fraud. These are various 

analytical models used to detect possible errors and fraud in accounting and 

financial reporting. This contribution aims to follow up on this fact and 

verify the detection ability one of the most well-known detection model — 

the Beneish model in the conditions of Slovakia and subsequently to create 

own discriminant model based on financial indicators used by Beneish with 

a sufficiently strong detection power.  

The contribution is structured as follows. The theoretical side of the 

contribution including the review of relevant literature is presented in the 

second chapter. The methodology of the study is presented in the third 

chapter. The chapter includes information on our approach to identifying 

manipulators and information on creating data sample on companies in-

cluding information on the training dataset. We also present there the theo-

retical background of the Beneish model, which is the inspiration of our 

study and the methodological procedure of model creation in the conditions 

of the Slovak business environment. The model itself, including the results 

of its detection power, is presented in the fourth chapter. In the discussion 
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part, we compare the detection ability of the Beneish model and the model 
created by us. We also apply both models on a larger data sample and ana-
lyse their detection match in identifying earnings manipulators. We also list 
the strengths and weaknesses of our study and its possible further direction. 
The conclusion summarizes the main finding of the study.  
 
 
Literature review  
 
As Kramarova and Valaskova (2020) and Pasekova et al.  (2019) state, the 
reasons behind fraudulent financial reporting are different, including bias 
wrecker of tax duties. At the same time, Kramarova and Valaskova (2020) 
state that in the case of Slovakia, the main reason for fraudulent financial 
reporting is precisely this fact. According to the study of (Habib & Hansen, 
2008), opportunistic earnings management is in close relation with the posi-
tive accounting theory and political costs, which parts is also the issue of 
the tax burden of the business environment, which they consider one of the 
incentives of company accounting choices. Their findings are consistent 
with the findings of Cook et al. (2008), who suggest that tax expense is an 
incentive for companies to manipulate earnings since the income tax is seen 
as an unproductive outflow of capital sources. This fact was also indicated 
in other studies. E.g. Swiderski et al. (2010) confirmed that private compa-
nies in Poland, Czechia, and Hungary (countries historically and economi-
cally related to Slovakia) aggressively managed earnings downward to 
avoid higher tax expenses. Callao et al. (2017) came to the same conclusion 
in these countries, including Slovakia. The reasons for this fact can be vari-
ous; we assume that it may be related to the level of tax and levy burden 
and the overall quality of the business environment in these countries. The 
study of Wang and Chen (2012) also confirms that tax avoidance is one of 
the incentives for earnings manipulation. However, the level of susceptibil-
ity is different among companies, e.g. companies in good financial condi-
tion have relatively lower tax burden, which influences weakening the tax-
avoidance motivation in earnings management. Beaver et al. (2007) pre-
sented the analysis of the distribution of pre-tax earnings and special items 
and identified the incoherence in the distribution of earnings due to asym-
metric effects of income taxes and special items for profit companies and 
loss companies. They conclude that income taxes pulled earnings toward 
zero, while negative special items pull loss observations away from zero. 
On the other side, they do not challenge the potential impacts of other fac-
tors on the companies’ earnings distribution and manipulation. 
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In general, the basic framework of control the reporting economic trans-
actions falls within the competence of internal control or internal audit of 
each company. The empirical studies have found that internal control can 
reduce the probability of frauds, so the weakness of the governance system 
is an important factor determining financial statement fraud (Jensen, 1993). 
Its organization and scope are logically determined primarily by the size of 
the company, especially in the context of the financial volume of reported 
transactions. It should include both control ex-ante (control before the ac-
counting case is recorded) and ex-post (control of already recorded ac-
counting case) and internal audit (continuously). The external level of con-
trol may be performed under the request of the audited entity (i.e. voluntari-
ly) or another entity that may be interested in the audited entity. In the case 
of Slovakia, the external level of control of a compulsory nature includes 
auditing of financial statements if the company is given this obligation by 
law (according to the Section 19, paragraphs 1–4 of the Act No. 431/2002 
Coll. on Accounting as amended) and control performed at the initiative of 
the public authority (e.g. tax authority) (Kramarova a& Valaskova 2020). 

According to Gill (2004), the basic level of external control should be 
the financial statement analysis including its basis methods — horizontal 
and vertical analysis, since they may be helpful in discovering and examin-
ing unexpected relationships in financial data presented in the financial 
statements.  Financial statement analysis based on financial ratios is also 
valuable in finding errors or fraud in financial statements (Pasekova et al.  
2019). E. g. the study by Pasekova et al. (2019) revealed that the most pref-
erable ratios in Czechia were indebtedness, liquidity, profitability, and ac-
tivity ratios. EBITDA seems to be significant for mainly managerial deci-
sions. Overall, the financial statement analysis is based on the premise that 
relatively stable relationships exist among economic events in the absence 
of conditions to the contrary. This fact is taken into account also by sophis-
ticated detection techniques of opportunistic earnings management and 
fraudulent financial reporting. In this connection, an irreplaceable role is 
also played by the quality of accounting standards, whether of national or 
international character (Homola & Pasekova, 2020).                                                 

Marinakis (2011) states that there are three main research approaches to 
this issue — conditional distribution models, discretionary accruals models, 
and specific accruals models.  

Methods based on the distributional approach (e.g. Beatty et al., 2002; 
Burgstahler & Dichev 1997; Dichev & Skinner 2002; Hayn 1995; Healy & 
Wahlen 1998; Leuz et al., 2003; Shuto, 2008; Van caneghem, 2002 etc.) try 
to detect any irregularities in earnings patterns, which represent any discon-
tinuities around specific reference points. The approach applies a logical 
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hypothesis that managers have incentives related to meeting or beating 
certain earnings benchmarks (bottom-line figures, analysts’ forecasts), so 
the approach calculates with the assumption that any significant incoher-
ence in the earnings distribution around these benchmarks results from 
managerial manipulation of accounting numbers. Degeorge et al. (1999) 
take a view that focusing on the manager on bottom-line figures as a key 
measure of financial strength and economic potential is logical, since all 
stakeholders do that.  

A different view is applied in two other approaches; however, they are 
still strongly linked to the information in financial reports. Both are based 
on managing accruals, where accruals are seen as the result of reporting 
economic transactions representing the difference between cash flows from 
the operating activities and net income. Non-discretionary accruals (eco-
nomical accruals) are accepted by accounting standards and accounting 
entities are even required to account them. Discretionary accruals (manage-
rial accruals) are created deliberately to manipulate changes in the reported 
earnings and are alternation to cash flows selected purposefully by manag-
ers (Das & Jena, 2016; Li & Moore, 2011; Sapar, 2008). 

Discretionary based models (aggregate accruals models; e.g. Dechow et 
al., 1995; Francis et al., 2005; Healy, 1985; Jones, 1991; Kothari et al., 
2005) in general try to find a way of appropriate differentiation between 
discretionary and non-discretionary accruals by using statistic methods, 
mainly regression analysis. The models generally follow the suggestion by 
(Kaplan, 1985) that accruals decisions likely result from the exercise of 
managerial discretion and changes in the company´s economic conditions. 
Specific accrual models generally react on aggregate accruals models mis-
specification, which has occurred in practice. By examining specific accru-
als, models may provide direct evidence for standard setters and regulators 
of areas where standards work well and where there may be room for im-
provement. As a secondary benefit, studies on specific accruals may be able 
to develop more powerful models (Marinakis, 2011).  

The model by Beneish (1999) is probably the most well-known model 
detecting earnings manipulation by accepting a systematic relationship 
between the probability of manipulation and specific accruals. The model 
itself examined fraudulent reporting in companies, which have been proven 
violating the GAAP. Beneish thinks that in addition to total accruals, more 
existing variables can indicate the presence of fraudulent activity. The 
model is being widely applied by researchers from many countries and its 
detection ability is being tested in the conditions of national economies. 

In Slovakia, studies in the field of earnings manipulation are still rela-
tively rare (regardless of the selected approach). This issue is addressed, 
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e.g. by the studies of (Durana et al., 2020; Kovalova & Frajtova Michali-

kova, 2020; Papik & Papikova, 2020; Podhorska et al., 2019; Svabova et 

al., 2020; Valaskova & Durana, 2020). We dare say that a detection model 

of earnings manipulation which would accept specifics of the Slovak busi-

ness environment has not yet been created in Slovakia. From this point of 

view, we consider our study innovative and able to fill this identified scien-

tific gap. 

 

 

Research methodology 

 

General overview 

 

In this study, we followed the Beneish´s research (Beneish, 1999), and we 

applied his model to the conditions of the Slovak business environment. 
We tested its detection power on a sample of companies (the training sam-

ple) that we knew about that were performing fraudulent financial reporting 

in connection with tax fraud. Subsequently, we created a new detection 

model.  

Based on the same premises as Beneish did, we supposed that financial 

indicators used in the model, calculated as on-year indexes, were capable 

special variables to spot discrepancies in financial reports and to reveal 

opportunistic earnings management. To improve the detection ability of our 

model in contrast to Beneish, we decided to consider also the company´s 

potential tendency to manipulate earnings that we expressed as indexes of 

the variables for three consecutive years ending in the year in which the 

company demonstrably committed earnings manipulation to avoid its tax 

liability. I.e. each original variable is quantified as two different time in-

dexes. The tax fraud, for the need of the study, we categorized as an admin-

istrative offence and the given companies were obliged additionally to pay 

a tax and penalty. 

To create a detection model applicable to the Slovak companies, we 

used the method of discriminant analysis. Our aim was not to find a set of 

variables that would be significant in the created model (therefore, we re-

tained all the variables used by Beneish), but estimate the discriminant 

score, i.e. manipulation score (M-scoresvk) for correct classification of com-

panies to the group of fraudulent/non-fraud companies as accurate as possi-

ble. We used the approach applied in the counterfactual evaluations (e.g. 

(Blazkova & Dvoulety, 2019; Rosenbaum & Rubin, 1983, 1985; Stuart, 

2010), where the quality of the model as a whole and the significance of 

individual variables are not directly analysed, but the focus is given at the 
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most accurate detection by implementing a higher number of variables in 

the model. We performed all calculations using the SPSS 25 software; the 

tables in the annex are the outputs of the procedures in this statistical soft-

ware. 

 

Determining criteria “fraudulent/non-fraud company” and sample selec-

tion 

 

The training sample consists of 44 companies — 22 fraudulent and 22 

non-fraud companies. All of them reported economic transactions follow-

ing the Slovak accounting and reporting standards in the observed period. 

None of the companies has the character of a publicly-traded company on 

the stock exchange.  
Table 1 and Table 2 show the numbers of companies in terms of their 

size and economic activity (SK NACE classification). This small sample of 

companies (especially of fraudulent companies) can be considered as 

a weakness of our study, but the results are strengthened by the application 

of bootstrapping. We applied bootstrapping to the training sample and ob-

tained 2,000 observations, which were used to valid detection (discrimina-

tory) power of the M-scoresvk. Apart from that, given the size of the nation-

al economy, studies by several authors were conducted on a relatively equal 

or similarly large sample of companies (Beneish, 1999; Irwand et al., 2019; 

Ozcan, 2018; Ramirez-Orellana et al., 2017; Ramirez-Orellana et al., 

2017). 

The sample of non-fraud companies represents the companies that we 

believe in the rate of their misleading reporting is very low. We minimized 

the risk to select wrong companies in several control steps, starting with 

checking the formal correctness of their financial reports, including the 

quick analysis of the information provided in the notes to the financial re-

ports. From the possible group of companies, we automatically excluded 

companies that were kept in the register of tax debtors of the Financial 

Administration of the Slovak Republic and other public administration 

institutions (health, social insurance). We also excluded companies that 

were in the process of liquidation, restructuring or were declared bankrupt 

(all to 2018). We verified all these facts through the Finstat Database, the 

Business Register of the Ministry of Justice of the Slovak Republic and the 

Bankruptcy Register. In overall, we know that accounting of 20 companies 

is being outsourced, thereby under external control, and we, therefore, as-

sume that the rate of misleading financial reporting in their case has also 

been minimized. Two companies have been subject to an external audit for 

a long time following Slovak accounting legislation in force. Two other 
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companies do not show errors in the formal accuracy of the financial state-

ments and do not show significant fluctuations in their economic develop-

ment without consistent qualitative changes. One company was the subject 

of the control by the tax authority without any findings in the accounting 

and tax obligations for the period 2013–2015.  

Despite the facts above, we are aware that there is a certain probability 

that a company from the group of non-fraud companies could report its 

economic operations opportunistically, but at the time of our study, compa-

nies were not convicted of such kind of activity, or they showed no signs of 

such activity. The sample of non-fraud companies is as close as possible to 

the sample of fraudulent companies regarding their SK NACE and their 

size as accounting units (micro, small, and large). We chose such a bal-

anced sample or rather exactly matched to ensure the correct use of the tests 

of the model´s variables since the tests should be used for balanced sam-

ples.  

The fraudulent companies (manipulators) were convicted of misleading 

financial reporting in connection with tax fraud in the years 2009–2018. 

Information on the companies was hand-collected, since there is no public-

ly accessible database in Slovakia in which companies identified as manip-

ulators can be found. Obtaining the necessary information is difficult, 

which corresponds to the size of the sample of companies. The information 

comes from the Slovak media, if given facts were publicly shared or come 

from their own practice or common cooperation with accountants and audi-

tors.  

 

Beneish model 

 

The Beneish model is a probabilistic model based on a probit regression 

method and indicates the perspectives concerning the tendency of compa-

nies for fraudulent accounting processes (Kramarova & Valaskova, 2020). 

For the purposes of the study, Beneish defined fraudulent financial report-

ing as an activity of earnings manipulation where management violates the 

GAAP in order to beneficially present a company´s financial performance 

(Beneish, 1999). The model was conceived on the sample of 74 U.S. com-

panies that committed financial fraud in the years 1982–1992 and 2,332 

companies that did not. The indicators were calculated from the financial 

reports starting in the year when a company was suspicious from reporting 

violating. The marginal value of the manipulation index (M-score) is -2.22. 

The score higher than -2.22 indicates a probability that the company ap-

plied opportunistic earnings management and misleading reporting. The 

classification performance of the model for different relative error cost 
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(1) 

ranges from 58% to 76% of manipulators correctly identified and 7.6% to 
17.5% of non-manipulators incorrectly identified. (Beneish, 1999) 

The indicators used in the model are of two characters — indicators 
pointing to aggressive accounting practices (����, ����, ����), and in-
dicators pointing to the propensity to commit fraud (�	�, �
�, 	��, �	��, 
�	�) (Beneish, 1999). The M-score is calculated as follows: 
 

� − ����� = −4.840 + 0.920 ∙ ���� + 0.528 ∙ 	�� + 0.404 ∙ �
� +

+0.892 ∙ �	� + 0,115 ∙ ���� − 0.172 ∙ �	�� − 0.327 ∙ �	� + 
+ 4.697 ∙ ���� 

 
where: 
���� – Days Sales in Receivables Index  
	�� – Gross Margin Index  
�
� – Asset Quality Index  
�	� – Sales Growth Index  
���� – Depreciation Index  
�	�� – Sales, General, and Administrative Expenses Index  
�	� – Leverage Index  
���� – Total Accruals to Total Assets  

 
Variables of the model created in the conditions of the Slovak business 
environment 

 
We used the same variables as Beneish did. In the process of calcula-

tions, we have approximated some input data following the content of the 
definition of the indicators in the source research paper, since the structure 
and the content of financial statements following the GAAP differ from the 
structure and the content of financial reports under the Slovak accounting 
standards.  

Our model comprises 16 variables totally, since each indicator is calcu-
lated as two indexes (ex-post) with values in the year $ (the year when 
a company was suspicious from fax fraud) and $ − 1 (designation of the 
index is "$&"), and $ − 1 and $ − 2 (designation of the index is "'"). In the 
case of non-fraud companies, the designation of the variables is the same. 
We considered the same years as in the case of similar fraud companies 
according to their size and SK NACE classification, in other words, we 
matched the companies using the exact matching method, thus creating the 
sample of companies of the balanced nature.  
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Creating and validation of the model created in the conditions of the Slovak 

business environment 

 

Using the discriminant analysis, the already mentioned 16 variables and 

counterfactual approach, we were able to quantify discriminant score — M-

scoresvk accurately as possible so that the error of business classification 

into the group of fraudulent and into the group of non-fraud companies was 

as small as possible. If the score is positive, the model indicates opportunis-

tic earnings management and the company´s tendency to tax liability 

avoidance. If the score reaches negative values, the model does not indicate 

tax fraud in the analysed period in the company under consideration.  

A classification table containing the number and share of correctly and 

incorrectly classified companies from the training sample. At the same 

time, the correct classification of companies in which tax fraud occurred is 

more important for us, as the main goal of this study and the created model 

is to reveal this manipulation as accurately as possible.  

Subsequently, to strengthen the correctness of the results, we applied 

bootstrapping to the training sample of 44 observations and obtained 2,000 

observations. Bootstrapping was made with stratification of the companies 

based on their size, SK NACE classification, and based on tax fraud occur-

rence, i.e. we randomly generated the validation sample of 2,000 observa-

tions maintaining the share of the companies in the training sample. After 

that, we calculated the M-scoresvk also for the bootstrapped sample. The 

overall classification accuracy of our model is then expressed as the total 

share of correctly classified observations in this validation sample.  

In general, the strength of this approach is that the gain results will be 

more reliable and credible because their validity is by bootstrapping veri-

fied on a much larger data sample. The significance and discriminant abil-

ity of M-scoresvk itself were verified based on the canonical correlation 

coefficient and its significance test.  

We also compared the classification ability of our model with the classi-

fication ability of the original Beneish model. We hypothesize that the in-

clusion of more variables or more precisely, values of variables from the 

previous years will improve the classification accuracy of our model. 

 

Application of the model created in the conditions of the Slovak business 

environment 

 

We subsequently used the model in practice on an empirical data of 

1,900 companies. The financial data on companies came from the Register 

of Financial Statements of the Ministry of Finance of the Slovak Republic, 
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(2) 

which is a publicly available database of financial reports. According to the 
principles of the discriminant analysis and the model itself, the companies 
were classified into the group of companies that probably violated account-
ing standards to avoid tax liabilities and into the group of companies that 
did not so. We also compared the results of this classification to the classi-
fication results of the Beneish model and analysed their detection match. 

 
 
Results 

 
As we have already mentioned, according to (Kramarova & Valaskova, 
2020), fraudulent financial reporting is closely related to tax avoidance in 
Slovakia. According to the annuals reports of the Financial Administration 
of the Slovak Republic, which is the control body of the accounting and tax 
duties of companies in Slovakia, tax fraud on VAT and income tax have 
been a long-term key area. The quantitative aspects of the investigation of 
the Financial Administration in this area since 2009 are presented in Figure 
1 in Annex. Based on the findings, we may deduce that fraudulent financial 
reporting and tax fraud are existing facts of the Slovak business environ-
ment. The value of findings e.g. in 2019 represented approx. 0.87% of the 
Slovak GDP in current prices for 2019 and approx. of 4.91% of the total 
value of earnings of the state budget of the same year. On the other hand, it 
is only a fraction of the identified entities involved in opportunistic earn-
ings management, regardless of the exact specification of the reasons for 
this activity.  It is, therefore, logical that the identification of these subjects 
in conditions of Slovakia has its justification.  

 
Detection model of fraudulent companies 
 

The discriminant function of our detection model is calculated as fol-
lows, with the threshold value equals 0. 

 
� − ������	
 = 0.29 ∙ ���� + 0.060 ∙ ����� − 0.437 ∙ ����� + 

+0.180 ∙ ������ + 0.100 ∙ �!"�� + 0.667 ∙ �!"��� + 0.943 ∙ #��� + 
+1.511 ∙ #���� − 1.561 ∙ %&#�� − 1.523 ∙ %&#��� + 0.427 ∙ !#��� + 
+0.681 ∙ !#���� − 0.051 ∙ !#�� + 1.920 ∙ !#��� + 0.497 ∙ '�'�� + 

+1.031 ∙ '�'��� − 3.699 
 

If the M-scoresvk reaches positive values, the analysed company proba-
bly carried out opportunistic earnings management to avoid its tax liabili-
ties in the given year. On the contrary, the negative values indicate that the 
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company did not manage earnings opportunistically and should be classi-
fied as a non-fraud company. 

The resulting function shows that the most important indicator by 
weight is !#��� calculated in the year, when the company was suspected in 
tax avoidance. Although growth per se does not imply manipulation, the 
existing studies point out the fact that growth companies are rather per-
ceived as more likely than other companies to commit fraud by altering 
discretionary accounting accruals due to pressure exerted on managers to 
reach financial goals (e.g. Perols & Lougee, 2011; Ramirez-Orellana et al., 
2017) This index is followed by %&#�� and %&#��� and according to e.g. 
(Beneish, 1999) changes in the leverage of the company are associated with 
the technical default of the company. On the other hand, the less important 
indicators by weight are !#��and �����. The ����� in general expresses 
changes, and thereby risks, in the quality of the company’s assets taking 
into account the ratio of non-current assets other than tangible assets (i.e. 
property, plant and equipment) to total assets.  

A complete table of the model´s coefficients, together with an estimate 
of the coefficient bias, standard error and the confidence interval, deter-
mined by bootstrapping are presented in Table 3 in the Annex.  

The significance and discriminant ability of M-scoresvk were verified 
based on the canonical correlation coefficient and its significance test. The 
results of the eigenvalues of the discriminant function are in Table 4. The 
value of the canonical correlation coefficient is 0.736 that indicates a suffi-
ciently good detection ability of our model to distinguish fraudulent com-
panies from non-fraud companies. According to the p-value of the test of 
the significance of the discriminant function (p-value = 0.047; Table 5 in 
the Annex), the model is statistically significant at the significance level of 
0.05. The assumption of the equality of covariance matrices we verified 
using the Box test with the p-value of 0.137. The result is presented in Ta-
ble 6. 

 
Evaluation of classification ability of the model  

 
The classification power, i.e. detection accuracy, of the model we veri-

fied by back-classifying the set of companies. The results are presented in 
Table 7 in the Annex.  

According to the results (of both samples — training sample and valida-
tion sample), the model´s classification accuracy is very good, especially 
with a focus on the group of fraudulent companies, as the aim of this model 
should be to detect these fraudulent business practices as accurately as pos-
sible. The overall correct classification is 84.1%, which means that incor-
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rectly classified companies as manipulators represented only 13.6% and 

incorrectly classified companies as non-fraud companies represented 

18.2%. To strengthen the results, the validation sample of bootstrapped 

observations were also classified with the same overall success rate of 

84.1%.  

 

 

Discussion 

 

In comparison to our model adapted to the conditions of the Slovak busi-

ness environment, the Beneish model has lower performance in detecting 

companies that committed financial statement fraud to avoid own tax liabil-

ity. In the case of the training sample, the Beneish model achieved 77.3% 

success rate of classification of non-fraud companies and 72.7% for fraudu-

lent companies. Its overall classification accuracy is 75%. If we compare 

the results, the M-scoresvk achieves better classification results — overall by 

9.1%, in the case of non-fraud companies by 4.2%, and by 13.7% in the 

case of fraudulent companies.  

Based on the achieved results, we can generally confirm that the princi-

ple of classification of fraudulent companies using the Beneish model is 

justified and the variables used are relevant to the objective of the model. 

This is confirmed by studies by other authors, who used the variables of the 

original model to create a detection model characteristic of the country and 

the input data used. E.g. the results of the model by Ozkan (2018), who 

worked with the variables (not with the weights) of original Beneish model 

applied on companies listed on Borsa Istanbul, indicate that Beneish model 

is an appropriate tool in detecting companies that committed financial 

statement fraud. His model has an overall classification ability of 85.6%. 

The importance of the Beneish model in the conditions of the national 

economy, specifically when applied to small and medium companies in the 

Federation of Bosnia and Herzegovina, was also confirmed by Halilbegovic 

et al. (2020). In their study, they concluded that variables of Beneish model 

differed significantly between the tested groups and thereby they confirmed 

that variables could help detect fraudulent financial statements. Mano and 

Shehu (2017) have the same opinion, however, after the appropriate statis-

tical operation, they modified the original Beneish model to the model of 

three variables, namely DSRI, GMI, and TATA. Other model created by 

Giunta et al. (2014) used the Beneish model’s variables and created in con-

ditions of Italian companies reduces the errors for false-positive at level 

7.1% and correctly identifies the 92% of manipulating companies. Its over-

all classification capability was even higher than in the case of our model.  
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It follows from the above that the recalculation of the weights of varia-

bles (and therefore our approach) is considered relevant with regard to the 

information on fraudulent/non-fraud companies, while the initial designa-

tion (classification) of companies as fraud and non-fraud is based on the 

applicable accounting and tax legislation of the country. 

The interesting results were also obtained from the test of the detection 

match of both models that we applied to the empirical data of 1,900 com-

panies from the years 2016–2018. Table 8 presents the obtained results of 

companies´ classification into both groups by the Beneish M-score and by 

the M-scoresvk, distinguishing between those companies that were classified 

equally with both models and those that were not. The Beneish model de-

tected 743 (39.1%) companies as potential manipulators and the M-scoresvk 

1,049 companies (55.2%). Both models matched in case of 621 companies 

that indicated as fraudulent, which is 32.7% of all cases. 1,157 (60.9%) 

companies the Beneish model marked as non-fraud companies and 851 

(44.8%) marked the M-scoresvk, which means that they identified 729 iden-

tical subjects, which is 38.4% of all cases.  It follows from the above that 

the models did not agree on the identical classification only in the case of 

28.9% of companies. This is a very useful result, as the application of both 

models reinforces the results obtained and the identical classification of the 

company into fraudulent indicates that in the company, the manipulation of 

earnings occurs with a high probability. 

Regardless of relatively good results, we have to point out the main 

weakness of our study — the relatively small sample of companies that we 

could mark as manipulators. We have already stated the reason for this fact, 

however, on the other hand, this training sample is a relevant representative 

of companies that are engaged in earnings manipulation due to tax avoid-

ance in Slovakia. We tried to eliminate this fact by exact matching of com-

panies in the database and by bootstrapping the training sample to 2,000 

observations, which strengthen the results, making them more precise. An-

other weakness of our study may be the fact that we linked earnings manip-

ulation only with the issue of tax avoidance. However, we argue that there 

are no sources available in Slovakia that would provide information about 

fraudulent companies and at the same time the reason for such activities. 

Therefore, we relied on facts that were either mediated or obtained in con-

nection with our activities in practice. It then follows that if a detection 

model for earnings manipulation is to be created, it is necessary to connect 

theoretical knowledge with real empirical data. As far as our model itself is 

concerned, it would also be appropriate to monitor companies over several 

years of their operation, which could bring more exact results and certainty 

in the process of detection of fraudulent companies. Regarding the use of 
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our model on a sample of non-Slovak companies, the model is methodolog-

ically applicable. However, the fact that it is based on the strict identifica-

tion of manipulators according to the Slovak accounting and tax legislation 

and financial statements prepared following Slovak accounting standards 

does not guarantee the correct identification of entities in other countries. 
 

 

Conclusions 

 

This study aimed to design a model that would be able to detect earnings 

manipulators (fraudulent companies) in the conditions of the Slovak busi-

ness environment. We based on the principles of the discriminant analysis 

and identified the discriminant score of the detection model (M-scoresvk) as 

accurately as possible. At the same time, we applied a similar approach as 

when creating propensity score models in counterfactual evaluations, where 

the model is created by including as many variables as possible, sometimes 

even interactions between variables, or powers of variables so that the pro-

pensity score is quantified for the unit as accurately as possible.  

The result of our study is the model whose detection ability is more 

powerful than the detection ability of the Beneish model, which was the 

inspiration of our study. In the case of our study, we connected the issue of 

fraudulent financial reporting with the issue of tax avoidance, since we 

used financial reports of companies that were convicted of tax avoidance, 

however not all accounting irregularity is a signal for financial statement 

fraud. 

The limit of our study is the functioning of the created model for com-

panies located in other economies, as this model was created using real data 

on Slovak companies and accepting the structure and the content of finan-

cial reports following the Slovak accounting legislation. The detection abil-

ity of our model could be verified in other countries than Slovakia but it is 

necessary to determine the method of calculating the variables in the mod-

el, as in each country the methods of reporting financial indicators may 

differ significantly. In this, we see a possible further extension of this study. 

Moreover, we see the further direction of this study in verifying its results 

on a larger sample of companies.  
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Annex 
 
 
Table 1. Frequencies of companies based on their size as accounting units 
 

Size 
All Non-fraud Fraudulent 

Frequency % Frequency % Frequency % 

large 6 13.6 3 13.6 3 13.6 

micro 16 36.4 8 36.4 8 36.4 

small 22 50.0 11 50.0 11 50.0 

Total 44 100.0 22 100.0 22 100.0 

 
 
Table 2.  Frequencies of companies based on their SK NACE 
 

SK NACE 
All Non-Fraud Fraudulent 

Frequency % Frequency % Frequency % 
F – Construction 6 13.6 3 13.6 3 13.6 
G – Wholesale and Retail 
Trade; Repair of Motor 
Vehicles and Motorcycles 

8 18.2 4 18.2 4 18.2 

H – Transportation and Storage 10 22.7 5 22.7 5 22.7 
I – Accommodation and Food 
Service Activities 

6 13.6 3 13.6 3 13.6 

L – Real Estate Activities 4 9.1 2 9.1 2 9.1 
M – Professional, Scientific, 
and Technical Activities 

4 9.1 2 9.1 2 9.1 

N – Administrative and 
Support Service Activities 

4 9.1 2 9.1 2 9.1 

Q – Human Health and Social 
Work Activities 

2 4.5 1 4.5 1 4.5 

Total 44 100.0 22 100.0 22 100.0 

 
 
Table 3. Coefficients of M-scoresvk for detecting companies involved in misleading 
financial reporting (fraudulent/non-fraud companies) 
 

Canonical Discriminant Function Coefficients 

  
Variable 

Coefficient 

Bootstrapa 

Bias Std. Error 95% Confidence Interval 

Lower Upper 

AQI_b .290 .037 .367 -.349 1.086 

AQI_tf .060 -.002 .019 .035 .080 

DEPI_b -.437 .122 .391 -1.022 .519 

DEPI_tf .180 -.246 .676 -1.507 1.154 



Table 3. Continued 
 

Canonical Discriminant Function Coefficients 

  
Variable 

Coefficient 

Bootstrapa 

Bias Std. Error 95% Confidence Interval 

Lower Upper 

DSRI_b .100 -.013 .199 -.301 .451 

DSRI_tf .667 -.012 .440 -.090 1.412 

GMI_b .943 -.189 .532 -.677 1.351 

GMI_tf 1.511 -.105 .629 -.171 2.414 

LVGI_b -1.561 -.001 .719 -2.592 -.001 

LVGI_tf -1.523 .004 .630 -2.567 -.319 

SGAI_b .427 .203 .465 -.039 1.669 

SGAI_tf .681 -.173 .460 -.937 1.144 

SGI_b -.051 .021 .271 -.560 .533 

SGI_tf 1.920 .118 .896 .993 3.216 

TATA_b .497 .224 .777 -.483 2.540 

TATA_tf 1.031 -.129 .755 -.967 2.165 

(Constant) -3.699 .233 1.605 -6.766 -.289 

Unstandardized coefficients 

a. Unless otherwise noted. bootstrap results are based on 2,000 stratified bootstrap samples 

 
 
Table 4.  Eigenvalues of the discriminant model 
 

Eigenvalues 

Function Eigenvalue % of Variance Cumulative % Canonical Correlation 

1 1.180a 100.0 100.0 .736 

a. First 1 canonical discriminant functions were used in the analysis. 

 
 
Table 5.  Wilks’test of statistical significance 
 

Wilks' Lambda 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 .459 26.503 16 .047 

 

 



Table 6.  Box’s test of equality of covariance matrices of canonical discriminant 
function 
 

Test Results 
Box's M 2,266 

F 

Approx. 2,213 
df1 1 
df2 5292,000 
Sig. ,137 

Tests null hypothesis of equal population covariance matrices of canonical discriminant 
functions. 

 
 
Table 7.  Classification table of the M-scoresvk and Beneish model 
 

Classification Resultsa 

  
Tax fraud reality 

M-scoresvk 
Total 

  Non-fraud Fraudulent 

 

Count 
Non-fraud 18 4 22 

Fraudulent 3 19 22 

% 
Non-fraud 81.8% 18.2% 100.0% 

Fraudulent 13.6% 86.4% 100.0% 

 Total M-scoresvk  84.1% 

  
Tax fraud reality 

Beneish model 
Total 

  Non-fraud Fraudulent 

 

Count 
Non-fraud 17 5 22 

Fraudulent 6 16 22 

% 
Non-fraud 77.3% 22.7% 100.0% 

Fraudulent 27.3% 72.7% 100.0% 

 Total Beneish model  75.0% 

a. 84.1% of original grouped cases correctly classified. 
For split file $bootstrap_split=0. 84.1% of original grouped cases correctly classified.a 

 
 
Table 8.  Detection match of the Beneish model and M-scoresvk  
 

Beneish_18 * class Cross tabulation 

 
M-scoresvk Total 

Non-fraud Fraudulent 

Beneish_18 
Non-fraudulent Count 729 428 1,157 

Fraudulent Count 122 621 743 

          Total 
Count 851 1,049 1,900 

% of Total 44.8% 55.2% 100.0% 



Figure 1. Total volume of findings, including cases of tax determined by devices 
(in thousands of EUR) 

 

 
 
Source: own elaboration based on Annual Report of the Financial Report 2009–2019. 
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