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Artur Holda (Poland)

USING THE BENEISH M-SCORE
MODEL: EVIDENCE FROM
NON-FINANCIAL COMPANIES
LISTED ON THE WARSAW
STOCK EXCHANGE

Abstract

The risk of distortion of financial statements has been growing. Following the 2008
crisis, recipients of financial information are increasingly focusing on the likelihood
of financial statements being distorted through fraudulent presentation of financial
information. Therefore, scientific research pays more attention to models capable of
detecting financial statement manipulation.

The paper aims to present the principles of functioning and the possibility of using the

Beneish M-score model in Polish realities. It analyzes the history of more than 30 com-
panies listed on the Warsaw Stock Exchange to select those whose history indicates that

they can be classified as manipulators, and to select the same number of companies

from the control group that are considered as non-manipulators.

The research method involves the analysis of empirical data on companies listed on the
Warsaw Stock Exchange.

The analysis showed the 8-factor Beneish model identified manipulators with 100% ac-
curacy and succeeded in identifying non-manipulators. The effectiveness of the 5-fac-
tor model was much lower.

To serve the purpose of the study, the effectiveness of the Beneish model was tested on
a small sample of Polish listed companies as an introduction to a planned larger scale
research. The results obtained are consistent with the results of numerous studies by
authors from various countries and confirm the effectiveness of the Beneish model in
detecting financial statement manipulation.

Keywords M-score model, Beneish model, manipulation, fraud,
financial statements, Poland, listed companies
JEL Classification M41, M42

INTRODUCTION

The question of the causes of financial crises is one of the most intrigu-
ing in economics. In times of financial turmoil, economists’ debate
goes even so far as to question the very foundations of capitalism, the
market, and the modern economy. The causes of the two crises of the
21st century as identified by theoreticians — and it is worth noting that
the world already saw two financial crises in the first decade of the 21st
century: the financial crisis at the beginning of the century sparked by
the fall of Enron and the global economic crisis in the wake of by the
collapse of Lehman Brothers - include low transparency of financial
markets, excessive complexity of financial instruments and a lack of
effective warning systems. After the crises, repeated assertions were
made claiming that the effectiveness of accounting as an instrument
of control was inadequate due to a lack of timely disclosure and expo-
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sure of fraudulent financial reporting by large companies, which led to a failure to prevent the collapse
of large entities and subsequent huge losses suffered by investors around the world.

It should be emphasized that preventing global crises requires the creation of early warning systems.
This issue is also addressed in this research paper, which deals with the possibility of using the Beneish
model to detect potential manipulators and thus avoid the consequences of financial fraud.

Accounting is an integrated information system resulting from the recording, processing and the use of
data on business activities. The primary purpose of accounting is to provide quantifiable information
about the entity’s activities (both past and planned), which will be used for economic assessments by the
users of accounting information: internal (owners, managers) and external (banks, leaders, contractors,
customers or competitors). However, there is no objective set of accounting rules to be applied to all en-
tities: the complexity of the economic world means that the measurement of business performance re-
quires not only universal principles, but is also based on a high degree of subjectivity in the judgements
of those making decisions about what is to be measured and how (Holda et al., 2006). It is not possible
to establish a narrow set of rigid financial accounting standards, therefore, measurement is largely based
on human experience, knowledge and imagination, factors which cannot be unified by a more or less
detailed set of standards (Staszel, 2020). And the financial scandals of the early twenty-first century have
clearly shown that accountants, associated with boring individuals leaning over rows of numbers, in
fact are very powerful and can contribute to the collapse of well-known companies or incur huge losses
for investors, while it is not true that in accounting the ways of counting are so strictly defined that there
is absolutely no room to use your imagination (Fen-May, 2008).

In the case of accounting, a pragmatic information and control system, reliability is of the utmost impor-
tance. Historical developments in accounting have seen a constant struggle to defend reliability, particu-
larly in view of the fact that, in the face of increasingly complex economic operations and the activities of
individuals in global markets, financial statements are increasingly a collection of information determined
by estimation, which makes them vulnerable to manipulation by accountants or management.

There may occur situations (and as history shows, they happen very often) in which intentional distor-
tions or omissions of amounts in financial statements are made. Intentional, i.e. deliberately and, there-
fore, intentionally deceiving users of financial statements. According to Comiskey and Mulford (2002,
pp- 15-16), this procedure can be called fraudulent statements.

Detection of fraudulent financial reporting is possible, inter alia, by using fraud-prediction models. One
of the best known models in the world is the Beneish probit model (Omar et al., 2014, pp. 184-186).
This paper will present the Beneish model (in two versions: an earlier 8-factor model and a later model
reduced to 5 factors) and then check the effectiveness of the model to detect potential “manipulators”
using the financial statements of eight companies (selected from among an original sample of over 30
entities) listed on the Warsaw Stock Exchange. The companies were selected in such a way that it is
possible to reliably distinguish which of them should be treated as “manipulators” and which are “non-
manipulators”, knowing the subsequent events related to these companies. The model was tested on
2010 financial statements in order to be able to determine, based on subsequent events, which company
is actually a manipulator and which one is not.

1. LITERATURE REVIEW Popular methods of detecting earnings manipu-

lation include models for detecting the aggregate
Manipulative financial reporting was the sub- value of discretional accruals. There are two types
ject of extensive scientific research as early as the of accrual adjustments: non-discretionary accru-
first half of the 20th century (Hepworth, 1953). als (NDAC:) resulting from the entity’s operations
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and discretionary accruals (DACs) originating
from the management’s efforts to manage earn-
ings. The Jones Model (Jones, 1991) is the primary
model for accrual adjustments. It was later mod-
ified by numerous authors, including Dechow et
al. (1995), Dechow and Dichev (2002), McNichols
(2002) or Kothari et al. (2005). The basic disad-
vantage of these models is that DAC estimates
are prone to errors. The starting point for accru-
al-based models are the TAC models, including
Healy (1985) and DeAngelo (1986) models. All the
above-mentioned models employ financial analy-
sis indicators to calculate the correct values on the
basis of which the probability of irregularities is
then determined.

Numerous authors have used the Beneish model
to verify the scale of financial manipulation in in-
dividual countries, including:

1) Paolone and Magazzino (2014), who re-
searched the financial statements of 1,809 list-
ed Italian companies in 2005-2012;

2) Kara, Korpi and Ugurlu (2015), who analyzed
the financial statements of 132 Turkish com-
panies listed on the Istanbul Stock Exchange
in 2010-2012;

3) Repousis (2016), who analyzed Greek compa-
nies’ 2011-2012 data;

4) Kaur, Sharma and Khanna (2014), who ana-
lyzed data on 332 Indian companies in 2012
and 2013; and

5) Anh and Linh (2016), who researched a sam-
ple of 229 non-financial companies listed on
the Vietnamese Stock Exchange in 2013-2014.

In all the above-mentioned studies, the results
were confirmed, among others, by auditors, and
the high efficiency of the Beneish model was
demonstrated.

The Polish author Comporek (2018) made an at-
tempt to evaluate the properties of six selected
models in Polish realities, pointing to their advan-
tages and disadvantages. An alternative solution
to the application of the above-mentioned models
is the Beneish model.

http://dx.doi.org/10.21511/imfi.17(4).2020.33

In Poland, the number of publications on manipula-
tive financial reporting and the possibility of detect-
ing this practice is still limited relative to the rich sci-
entific achievements in this area in Western Europe
and the USA, including, among others, the success
of the Beneish model in indicating ENRON’s manip-
ulative accounting (based on reports for 1996-2000)
(MacCarthy, 2017; Mahama, 2015).

Kaminski et al. (2004) question the effectiveness
of financial indicators in detecting irregularities.
Meanwhile, Glancy and Yadav (2011) propose to
combine the use of financial indicators with the
linguistic analysis of reports.

For the purpose of this study, the definition of
fraud in the standards applicable in countries
with a stabilised market economy may be adopted.
One of the first studies — International Standard
on Auditing 240A - defines “fraud” as the deliber-
ate misrepresentation of financial information by
managers or other persons who may rely on:

1) manipulation, falsification or alteration of ac-
counting records or documents on which they
were based;

2) distortion or intentional omission in the finan-
cial statements of events, business operations
and other material information inconsistent
with their contents, and recording of apparent
transactions (Association of Certified Fraud
Examiners, 1993, p. 12);

3) intentional misapplication of accounting
principles; and

4) misappropriation of entity’s assets.

For the most recent studies, a clear distinction is
made between fraudulent financial reporting as a
result of the fraudulent activities listed in (1) to (3)
and misappropriation of entity’s assets listed in (4).

Table 1 shows the percentage share of fraud detect-
ed in the US in 1996, 2002, 2010 and 2018 for these
two categories, and the average losses suffered by
companies as a result of these practices.

As shown in Table 1, although fraud involving the
misappropriation of assets is much more prevalent
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Table 1. The frequency of the two types of fraud and the average losses caused by them in the USA in
1996, 2002, 2010 and 2018

1996 2002 2010 2018
; . Average : : : : . Average
H A A
Types of fraud . Share* cost Share* zlt(:\r;f:a(r:::i“ Share* zlt(:\ff:a(r:l?t Share* | cost
(%) (thousand (%) usD) (%) usD) (%) i (thousand
usD) i UsD)
Fraudulent 4 4,000 5 4,250 4,100 400
R e S N SN U S S SRS S
Misappropriation 80 135 100
B U SN N ST SO Y SRS S
Others ** 530 250 315

Note: * The divisions do not add up to 100% because some fraudulent activities fall into several categories at once. ** Other
cases concern other scams, such as overpricing, the covering of private management expenses with company funds, and

corruption.

than fraud in the preparation of financial state-
ments, the losses caused by such fraud are much
smaller than those resulting from the fraudulent
preparation of financial statements.

Fraudulent financial statements contain intention-
al misstatements, including omissions of amounts
or nondisclosure of information, designed to mis-
lead users of financial statements. This often in-
volves management circumventing controls that
otherwise seem to work effectively.

Figures 1 and 2 show the frequency of economic
fraud and the distribution of losses resulting from
it over the period 2010-2018.

Reports are prepared every two years and indicate
that the most common fraud (an average of 86%
of all revealed fraud) is misappropriation (theft)
of the assets of individuals, remaining relatively
stable over the years. On average, corruption ac-

counts for 37% of all fraud, but it is worth not-
ing that over the analyzed years, there has been
a significant increase in corruption-related fraud:
from 33% in 2010 to as much as 47% in 2018. On
the other hand, the financial statement fraud con-
stitutes a small proportion of all fraud: not more
than 1/10 of the cases analyzed. However, in terms
of amounts: with respect to the magnitude of the
losses caused by a given fraud, by far the biggest
losses are caused by the financial statement fraud,
as shown in Figure 2.

Although only less than 1/10 of all fraud is related
to the financial statement fraud, these fraud cause
the biggest losses, but there is a downward trend
that can be observed: in 2018, as a result of the in-
crease in the number of the recorded corruption,
the biggest losses were caused by both corruption
and financial statement fraud. Even though the
misappropriation of assets is the most frequently
used manipulation (it accounts for more than 4/5

The frequency of the main three types of economic fraud worldwide in
the period 2010-2018

100% 86%
80%
60% . 47%
40% 33% 33% 7,00% 35%
20% 59 8% ,00% 10% 6%
0% — [ | [ | [ ] [r—
2010 2012 2014 2016 2018

B misappropriation of assets

M corruption

m fraudulent financial reporting

Figure 1. Economic fraud frequency from 2010 to 2018
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The amount of losses (in thousands of USD) incurred as a result of the
main three types of fraud worldwide in the period 2010-2018
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130 200
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100
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fraudulent financial reporting

Figure 2. Losses due to economic fraud over the period 2010-2018

of the fraud disclosed), its effects and costs are the
lowest, due, among other things, to the high detec-
tion rate of these fraud cases. On the other hand,
the financial statement fraud (fraudulent financial
reporting) takes place through hybrid accounting
practices, which makes their identification and
subsequent prevention more difficult and, what is
more, the losses resulting from this are financially
significant in the modern economy.

Detection of fraudulent financial reporting is pos-
sible, inter alia, by using fraud-prediction models.
One of the best known models in the world is the
Beneish probit model.

The model is based on the financial data of 74
companies identified by the U.S. Securities and
Exchange Commission (SEC) as manipulators and
2,332 other companies (non-manipulators) for
1982-1992 (Beneish, 1997, pp. 271-309). Beneish
(1999), when building the model, relied on the me-
ters that:

are signalling the future effectiveness of the
business;

are related to cash flow;
are related to accrual differences; and
are characterizing managers’ motivation to

manipulate data.

http://dx.doi.org/10.21511/imfi.17(4).2020.33

Based on these three areas, an initial set of eight
economic indicators was developed, which was
later reduced to five indicators.

The Beneish (1997) study has shown that for av-
erage values for individual indicators above 1.08,
attention should be paid: these are so-called ‘red
flags’, i.e. areas of special attention.

The aim of the conducted research is to check
what will be the indications of the Beneish mod-
el for selected companies listed on the Warsaw
Stock Exchange. The companies to be tested
were selected subjectively, trying to select com-
panies with different “reputation”, e.g. a com-
pany that received a penalty from the Polish
Financial Supervision Authority for giving false
data in the financial report, a company that usu-
ally receives qualified opinions from the audi-
tors examining its reports, a company that went
bankrupt in the subsequent years, and a com-
pany that presents transparent and clear data in
financial reports that receive unqualified opin-
ions from auditing companies. The history, as
well as the opinions of audit firms on their re-
ports of more than 30 companies listed on the
WSE, were reviewed to select those whose histo-
ry clearly indicates that they should be listed as
“manipulators”, as well as the same number of
companies in the control group, in which there
are no symptoms of manipulation.
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2. METHODS

The study used both the 8-factor and the 5-factor
Beneish models. During proprietary research, the
values of individual model factors were calculated
and compared with the marginal values proposed
by Beneish to assess if the model correctly identi-
fies manipulators.

The indicators showing the areas of manipula-
tion are expressed by the following formula for
M-score:

My 0y = —4.84+0.920 DSRI +

+0.528GMI +0.404 40! +0.8925GI +
+0.115DEPI —0.172SGAI +
+4.679TATA—-0.327LVGI,

M0y = —6.065+0.823DSRI +

+0.906GMI +0.593 401 +
+0.7178GI +0.107 DEPI,

where DSRI = Days’ Sales in Receivables Index,
GMI = Gross Margin Index, AQI = Asset Quality
Index, SGI = Sales Growth Index, DEPI =
Depreciation Index, SGAI = Sales, General and
Administrative expenses Index, LVGI = Leverage
Index, TATA — Total Accruals to Total Assets.

At the beginning, the M-score limit for the mod-
el was -2.22. An M-score value above this value
indicated that the report could be manipulated.
The model was verified in 2004 using a sample
of 120 “manipulators” and 67,366 “non-manipu-
lator” companies from 1986-2001 and, as a result
of calculations, the M-score level was moved to
-1.99. Finally, in 2012, M.D. Beneish adopted the
M-score -1.78 threshold for manipulation of fi-
nancial statements (Beneish et al., 2013, pp. 57-82).

The DSRI (Day Sales in Receivables Index) is used to
assess changes in the level of receivables in relation to
the level of sales between year (f) and year (t-1):

DSRI = [net receivables(t) / sales(t)]/
/ [net receivables (t-1) / sales (¢-1).

The DSRI measures whether receivables and reve-
nue (sales) are in balance in two consecutive years.

394

Therefore, if an increase in receivables dispropor-
tionate to the volume of sales is noticed, then such
a change may be understood as an effect of arti-
ficially inflating revenues from sales. If the com-
pany actually manipulates the result through the
earlier recognition of revenue, then the effective-
ness of this ratio is high. However, an increase in
receivables in relation to the volume of sales may
also result from a change in the company’s credit
policy, which is a reaction to an increase in com-
petitiveness on the market.

Another indicator of GMI (Gross Margin Index)
is the evaluation of gross margin on sales between
the previous and current period.

GMI = {[sales (t — 1) — cost of goods sold (t - 1)]/
sales (t - 1)} / {[sales (¢) — cost of goods sold (f) /
sales (f)}.

The deterioration in sales margin is perceived by
the financial market as a negative signal of future
probability, and this reduces the effectiveness of
the invested capital. This situation is associated
with a worse business outlook and higher possibil-
ity of manipulation.

The AQI (Asset Quality Index) refers to one of the
basic techniques of manipulating financial da-
ta, i.e. activating costs. It means that the compa-
ny’s managers try to transfer part of the operating
costs from the profit and loss account to the bal-
ance sheet.

AQI = {1 - [(current assets(t) + net fixed assets(t))
/ total assets (£)]}/ {1 — [(current assets(t — 1) + net
fixed assets(t - 1)) / total assets (¢t — 1)]},

SGI (Sales Growth Index):
SGI = [sales(t)] / [sales (t - 1)].

Anincrease in sales in the company is not a signal
of manipulative practice by managers. However,
as in the case of the gross margin indicator, it
represents positive expectations on the part of
the capital market, and thus exerts pressure on
company managers to achieve forecasts formu-
lated by analysts in terms of the effects achieved
(MacCarthy, 2017).

http://dx.doi.org/10.21511/imfi.17(4).2020.33
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The SGAI (Sales General and Administrative
Expenses Index) is used to assess the change in
the share of sales and general and administrative
expenses in sales revenue between period () and
period (¢ - 1).

SGAI = [(selling, general & administrative ex-
pense (f) + sales (£)) / sales (£)] / [(selling, general
& administrative expense (f - 1) + sales (t - 1)) /

sales (t — 1)].

Essentially, the application of the SGAI is related
to the assessment of disproportionate changes in
sales revenues. In this case, the evaluation is car-
ried out in relation to administrative costs and
selling expenses. The focus on the assessment of
the proportionality of changes in sales volumes re-
sults from the conviction that any disproportions
observed in this area may mean interference of
managers in the reporting process.

Negative deviations within the framework of the
presented indicators point to areas that require
deeper interest from analysts or auditors. Their as-
sessment indicates symptoms of fraudulent activ-
ity of managers.

Other indicators not included in the five-factor
model are:

DEPI (Depreciation Index), which is the quotient
of the value of a measure that determines the ratio

of depreciation to gross fixed assets between peri-
ods (t - 1) and ().

DEPI = [depreciation (¢ - 1) / (depreciation (¢ - 1)
+ net assets (t — 1))] / [depreciation (¢) / (deprecia-
tion (f) + net assets (¢))].

A decrease in the overall depreciation rate below
1 may indicate that the company has reduced de-
preciation rates or extended the depreciation peri-
od. This results in lower operating costs, which, in
turn, leads to a higher financial result.

Another LVGI (Leverage Index) is the ratio of the
total debt level between year (f) and (t - 1). An
increase in debt is a bad signal for financial risk
assessment. This, in turn, increases the managers’
motivation to improve the image of the company
in the financial statements.

http://dx.doi.org/10.21511/imfi.17(4).2020.33

LVGI = [current liabilities () / total assets (t)] /
[current liabilities (t - 1) / total assets (¢ — 1)].

The last indicator of the presented model, TATA
(Total Accruals to Total Assets), shows the rela-
tion of the total sum of accrual differences to total
assets. Within this indicator, the total sum of ac-
crual differences is determined as the difference
between net profit and cash flows from operating
activities (based on the findings of the cash flow
statement), or the balance sheet method:

TATA = (Anet working capital- Acash and equiv-
alents— Aincome tax - depreciation)
/ total assets (t).

A high level of TATA means that managers can
take advantage of accounting manipulation.

The research aimed at testing the Beneish model in
practice on Polish companies included eight com-
panies listed on the Warsaw Stock Exchange. The
verification was carried out for 2010 knowing what
subsequent events related to the financial state-
ments of these companies took place. The structure
of the analyzed entities is presented in Table 2.

The following units were selected for the test
sample:

a. Companies that have received a fine from the
Polish Financial Supervision Authority for ir-
regularities related to the financial statements
in later years than the analyzed ones (which
may also indicate that they had already ma-
nipulated the financial statements before).
These are the companies marked Alpha and
Beta.

b. A company that has received a disclaimer
opinion by the auditors examining its finan-
cial statements (in years later than those cov-
ered by the analysis, which may also suggest
that it had already manipulated them). This is
a company marked as Gamma.

c. A company that for both the year under re-
view and the subsequent years received noto-
riously qualified opinions due to irregularities
identified in the statements. This is a company
marked as Delta.
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Table 2. Structure of companies tested with the Beneish model

¢ Industry in which the company operates :

Company (according to the classification on the WSE Events related to this company
: website) ?
The Company received a fine from the Polish Financial
Alpha Company Retail i Supervision Authority in connection with the irregularities in

thgﬁnancig'lms:[.a.temgnts for,ﬂgmong gf[hers, 2911

Beta Company

The Company received several times a fine from the Polish
: Financial Supervision Authority in connection with the
irregularities in the financial statements

Gamma Company

In the following years, the company received a disclaimer of
i opinion on the financial statements in one of the following
years, later it declared bankruptcy

Delta Company

i The Company has repeatedly received a qualified opinion in

DzetaCompany

Control company (no significant events)

FtaCompany

Control company (no significant events

_Theta Company

Retail

lota Company

( )
Contrq!ﬁ;ptm.pg‘r}y (no sigpiﬁcantﬂgvents)w
Control company (no significant events)

d. Companies referred to as “control companies”,
i.e. companies in which none of the events list-
ed in points a) — ¢) occurred. These companies
were named Dzeta, Eta, Theta and Iota.

Finally, Alpha, Beta, Gamma, Delta were classified
as “manipulators”, while Dzeta, Eta, Theta and Iota
were classified as “non-manipulators”. The aim of
the research was to check (on the basis of an anal-
ysis of the financial statements of 8 analysed com-
panies for the years 2009 and 2010) whether the
calculations and indication of the Beneish model
for these companies would correctly identify ma-
nipulators and non-manipulators. The year 2010
was deliberately chosen as the year subject to anal-
ysis, thanks to which it is known what was the fur-
ther fate of these entities, and based on the histo-
ry of these companies, it was possible to correctly
classify them as a group of manipulators (entities
on which supervisory authorities were imposed
or received modified opinions on financial state-
ments due to distortions occurring in these state-
ments, however, these events concerned both the
year 2010 and e.g. 2011, which indicates perma-
nent manipulation of financial data) and non-ma-
nipulators (entities in which in none of the follow-
ing years did any event occur, which could indi-
cate that these units are manipulators).

3. RESULTS

At the first stage of the study, the number of “red”
flags was determined for each company by means
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of individual indicators used in the Beneish model
(the study was conducted on the basis of an 8-fac-
tor model), i.e. it was determined in which entities
the most indicators exceeded -1.08. The results are
presented in Table 3.

For each entity, the value of the indicator and
whether it is a ‘red flag’ are given. The last columns
of Table 3 contain the number of red flags for a
given company.

The analysis of the number of red flags in compa-
nies that could be considered as manipulators and
control companies shows that the entities fined by
the PFSA received a disclaimer opinion from audi-
tors or notoriously maintained qualified opinions;
the number of red flags is higher than that of enti-
ties from the control group.

Table 4 shows the number of red flags and the
number of missing red flags in the control compa-
nies and in other companies (initially assigned to
the group of “manipulators”).

As Table 4 shows, the number of red flags is much
more frequent among the manipulator compa-
nies (these companies received almost 2/3 of all
red flag indications) and much smaller among
the control group companies (considered as
“non-manipulators”).

Next, the value of the M-score index of the Beneish

model was calculated for the analyzed companies;
calculations were made for both the 8-factor and

http://dx.doi.org/10.21511/imfi.17(4).2020.33
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Table 3. Values of indicators from the Beneish model and the number of red flags in the analyzed
companies calculated for financial statements prepared for 2010

Company
information

DSRI
Red flag
GMI

Companyi

SGI
SGAI
Red flag
DEPI
Red flag
LVGI
TATA

Red flag

the red flags

" Thesumof

odified opinion
Hl.\/lodiﬁed opinion
(subject to

R
104 .
1063
:2.16

0.32 0.03 1.41

088
0.98

L2
:1.52:

:0.76

YES

103
0.87

112 ¥es
YES

1431 YES D YES |

YES :0.30 0.62

05075
YES :094:

j1o8: L

:1.04:

168 YES

Table 4. Number of “red flags” in companies tested with the Beneish model

Number of cases and percentage Number and percentage of red

of missing red flags flags
_Control companies: Dzeta, Eta, Theta, lota 25 55B) e TR o
“Manipulator” companies: Alpha, Beta, Gamma, Delta 20 (44%) 12 (63%)

the 5-factor models, in both models assuming the
limit value of “~1.78”.

The results for 8-factor and 5-factor models are
summarized in Table 5.

In the case of the Alpha and Beta companies, on
which the PFSA has repeatedly imposed fines, the
8-factor Beneish model indicated manipulation of
financial data. The 5-factor model only pointed
to the Beta company as a manipulator. The same
situation occurred with regard to the companies
that received modified opinions on their financial
statements: the 5-factor model indicated only one
company, and the 8-factor model correctly indi-
cated both companies as manipulators.

It can also be observed that the model significant-
ly indicated manipulations in entities where either
disclaimer opinion or qualified opinion took place.
Again, the 8-factor model correctly indicated these
companies as potential manipulators, the 5-factor
model indicated only Gamma company.

In the case of the entities deemed not to be ma-
nipulators, the 8-factor model indicated manip-
ulations for none of these companies, while the
5-factor model indicated one of the companies in
the control group as a manipulator.

Table 6 presents the collected data for the 5-fac-
tor model: the table collects the number of indi-
cations of the Beneish model for the manipulation

Table 5. Aggregate values using 5-factor and 8-factor models for the analyzed companies

Indication of Indication of

8-factor model

Company : Company information 5-factor model manipulation manipulation
Alpha i PFSA's fine -2.49 NO 0.70 YES
e e e e — s Ve
(Gamma . Modified opinion 6952 CYES 7437 LYES
Delta Modified opinion -2.72 NO YES
DT T30 ..No LNo
R 7282 .No N
Theta NO NO
R S e e R
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Table 6. Number of indications of the Beneish 5-factor model for “manipulator” and “non-manipulator”

companies

The Beneish model indicates The Beneish model does not indicate

financial data manipulation

financial data manipulation

Control companies: Dzeta, Eta, Theta, lota

“Manipulator” companies: Alpha, Beta, Gamma, Delta

2 2

of reporting data and for the lack of manipula-
tion of reporting data by companies classified as
the “manipulators” group (i.e. companies with a
fine imposed by the PFSA, a company that was re-
fused an opinion, and a company that repeatedly
received qualified opinions from the auditors) and
the “non-manipulators” group.

The Beneish 5-factor model indicated manipu-
lations in companies actually classified as ma-
nipulators in only 50% of cases, while in 50% of
companies, it indicated that these companies are
not classified as manipulators. In the case of the
control group, the indications were more accurate:
the model correctly indicated for % of the compa-
nies that there were no grounds to consider them
as manipulators, one of the four companies in
the control group was indicated by the model as
manipulator.

Table 7 shows the collected data for the 8-factor
model: the table shows the number of indications
of the Beneish model for the manipulation of re-
porting data and for the lack of manipulation of
reporting data by companies classified as the “ma-
nipulators” group (i.e. companies with a fine im-
posed by the PFSA, a company that was refused
an opinion, and a company that repeatedly re-
ceived qualified opinions from auditors) and the
“non-manipulators” group.

When analyzing the results obtained by applying
the 8-factor Beneish model for eight listed com-
panies for 2010, knowing what events took place
in these entities in subsequent years, it should be
pointed out that this model indicated with 100%
precision which companies are the manipulators

(as confirmed by subsequent events). The model
also indicated, in the case of control group com-
panies (where there is no indication of financial
data manipulation), that it does not identify these
companies as “manipulators”.

To sum up, the 8-factor Beneish model is an effec-
tive tool for identifying entities that manipulate
data contained in financial statements in rela-
tion to Polish listed companies. Interestingly, the
5-factor model no longer shows such effectiveness.

4. DISCUSSION

Eight companies listed on the WSE were used as
the research sample. To confirm the effectiveness
of the model in the Polish market conditions, it
was planned to conduct research on a larger re-
search sample. However, it is interesting to note
that the 8-factor model, i.e. the first version of the
Beneish M-score model, is more effective in de-
tecting manipulation in the Polish realities than
the 5-factor model. To the author’s best knowledge,
however, no large scale studies have been under-
taken on Polish companies listed on the Warsaw
Stock Exchange.

Inspired by the numerous foreign studies into the
effectiveness of the Beneish model, this study in-
itiates scientific research into Polish companies
aiming to show the adequacy of the model in the
Polish economic realities.

Paragraph A2 of the International Standard On
Auditing 240 “The Auditor’s Responsibilities
Relating To Fraud In An Audit Of Financial

Table 7. Number of indications of the Beneish 8-factor model for “manipulator” and “non-manipulator”

companies

: The Beneish model indicates : The Beneish model does not indicate

financial data manipulation

Control companies: Dzeta, Eta, Theta, lota

. financial data manipulation

“Manipulator” companies: Alpha, Beta, Gamma, Delta

4 0
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Statements” notes that fraudulent financial report-
ing can be driven by management’s desire to shape
revenue in such a way as to deceive users of finan-
cial statements by influencing their perception of
an entity’s performance and profitability. These
practices, called earnings management (translat-
ed as “profit management”, “income shaping” or
“profit shaping”) may, according to the standard,
originate in inappropriate adjustments to assump-
tions and changes in management’s judgement.
The ISA 240 stresses that in the case of earnings
management, management deliberately adopts at-
titudes leading to fraudulent financial reporting
caused by significant distortions in the financial
statements (Ronen & Yaari, 2008, p. 581).

It can be said that “accounting fraud” should be
understood as actions that are:

a. Illegal (including, but not limited to, criminal,
civil, economic and, above all, ‘balance sheet’
activities”) (Magrath & Weld, 2002, pp. 51-54).

b. Intentional.

c. Concealed.

d. Intended to mislead the recipient of economic
information and

e. Aiming at gaining an undue advantage (not
necessarily strictly property-based).

Techniques to facilitate the analysis of fraud risk
factors may include, in particular:

o atechnique for the analysis of ‘red flags’, which
includes lists (statements) listing the factors
conducive to fraud (“red flags”) (Zack, 2009);

« techniques based on statistical models using
the frequency of individual factors in compa-
nies where fraud has been detected and those
where no fraud has been detected;

o techniques using expert systems for factor
analysis.

In turn, the most famous fraud detection mod-
els include the Beneish probit model (Mahama,
2015). Professor Messod Daniel Beneish of
Indiana University has researched the financial
data of 74 companies that have been identified
by the US Securities and Exchange Commission
(SEC) as manipulators and 2,332 other public
companies for 1982-1992. Beneish, in building
the model, relied on measures indicating the fu-
ture effectiveness of its business, cash flow and
accrual differential measures and measures that
characterize managers’ motivation to manipu-
late data. Originally, the 8-factor model was de-
veloped based on this data set. Then a 5-factor
model was created; however, as the literature
analysis shows, there is less interest in this mod-
el. Authors most often check the functioning of
the 8-factor model in practice, even the author
of the model himself in his 2012 paper test-
ed the 8-factor model, although there are also
studies indicating that the factors listed in the
5-factor model are important (Herawati, 2015,
pp- 924-930).

CONCLUSION

The study described in this research paper aimed to verify whether the Beneish model, repeatedly tested
on companies from around the world by numerous authors, will prove its effectiveness in the Polish eco-
nomic realities. If the hypothesis predicting that this model can be used in Poland without significant
modifications is confirmed, it could become an effective tool for use by regulatory bodies, chartered
accountants or the tax authorities to identify entities suspected of manipulation.

Using the model in practice would not, of course, consist in singling out the manipulator, but rather in
pointing to an entity that should be subjected to a profound check, as the model indicates that manipu-
lation may have taken place.

For the purpose of this research paper, a certain number of Polish listed companies were scrutinized to
verify the hypothesis.
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The analysis presented in this study on a group of eight companies, whose history after 2010, for which
the analysis was made, makes it possible to determine which of these companies should be considered
as manipulators and which should not, also showed that in the Polish economic conditions, the 8-factor
model proved to be better than the 5-factor model. The research carried out based on the survey fn a
group of eight companies listed on the WSE (the companies were deliberately selected in such a way as
to make it clear which of them should be considered as manipulators and which of them should not)
showed that the 8-factor Beneish model pointed to “manipulators” with 100% effectiveness and was also
not mistaken even once for “non-manipulators”.

The results of the study demonstrate that the Beneish model successfully identifies Polish “manipulator”
companies, thus confirming the results of studies obtained by authors from other countries, which also
indicate the effectiveness of the Beneish model in those countries.

The analyzed research sample was small, therefore, in order to fully confirm the effectiveness of the
Beneish model in Polish realities, it is necessary to conduct an in-depth study into a larger group of
companies, which will extend the research the results of which are described in this paper.

The main conclusion to be drawn from the study is that the Beneish model can be used as a tool for iden-
tifying financial statement manipulation, including in Polish companies.
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