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Abstract

Russian stakeholders of joint stock companies, which shares are not traded on a stock exchange, and limited liability
companies need the effective instruments which enable them to detect the facts of financial statement fraud quickly
because the financial statement remains the main source of information about the companies’ performance for them. Al-
though Institute of Auditors is one of the most reliable tools which identify financial statement manipulations, the costs,
connected with audit, are too high and, and as a result, stakeholders have to look for other instruments to distinguish
fraudsters, which make an attempt to overestimate or underestimate net assets and financial results, from non-fraudsters.
Mathematical model of the American researcher Messod Beneish can be considered as an example of such tools.

The general purpose of this paper is to identify whether it is possible, basing on the Beneish model, to create a new one,
which enables to distinguish fraudulent from non-fraudulent financial statements reporting in Russia, and determine the
accuracy level of fraud status forecasts made by using this model. In our research we are going to concentrate on identifi-
cation of companies, which overestimate net assets and financial results.

To obtain the information on the financial ratios included in the model we use financial reports of Russian both
non-traded joint stock companies and limited liability firms.

The conclusion can also be drawn that it is possible to develop the fraud detection probit model and linear model (inte-
grated M-Score index), which enabled stakeholders to identify fraud status correctly in 83 and 60% respectively.

Developing the model we include extra parameters, connected with growth rate of other income to sales ratio and an
accounting policy of the company. It was found that fraud risk increases if the company chooses accounting policy ac-
cording to which administrative costs are charged to core product expenses.

Keywords: financial statement fraud, fraud detection, net assets overestimation, financial results overestimation, Russian
companies, Beneish model
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Introduction

According to the OECD Principles of Corporate Govern-
ance, the firms ought to increase the level of information
transparency, making timely and accurate disclosure of
data on financial position and performance of the com-
pany [OECD Principles of corporate governance, 2004].
High level of information transparency reduces informa-
tion asymmetry between the companies and their stake-
holders and this, in turn, results in lower cost of capital and
higher performance. [Ruzhanskaya, 2010; Udaltsov, Tik-
honova, 2013]. Despite this fact, the majority of Russian
companies, which shares are not traded on stock exchange,
avoid revealing additional information about their finan-
cial position and income beyond what is required by law,
so financial report (balance sheet and income statement)
remains the main source of essential information for the
stakeholders. However if information presented in finan-
cial report does not meet the requirements of complete-
ness and accuracy, it becomes difficult to make financial
decisions based on this available data. That is why before
making the decisions it seems reasonable for stakeholders
to verify that the figures in the reports are not falsified.

It is worth stressing that now falsification of the financial
statement is one of the most wide-spread types of cheating
in Russia: about 20% of the companies engaged in econom-
ic crime have provided falsified financial statement [Draft
on the nationwide survey ‘Practice of fighting the corpo-
rate fraud’ Final Report, 2014]. Moreover, according to the
Report to the Nations financial statement fraud leads to the
most significant losses in comparison with other types of
cheating [Report to the nations on occupational fraud and
abuse, 2014]. In connection with such a trend it is essential
for stakeholders to employ effective methods of financial
fraud detection.

Nowadays Institute of External Auditors remains one of
the most reliable tools which identify financial statement
manipulation effectively. However not all Russian compa-
nies are required by law to be audited. At the same time the
development of initiative audit is rather limited because of
significant costs. For instance, Kizilov A. reveals that av-
erage revenue per the client received by auditors is about
1 000 000 rubles [Kizilov, Bogataya, 2015]. Furthermore,
audit takes time, and this, in turn, affects timeliness of fi-
nancial decision-making. All these facts point to the need
for a new tool which enables stakeholders to identify fraud
risks quickly and inexpensively.

It was found that ideas of many researchers [Person, 1995;
Summers, Sweeney, 1998; Beneish, 1999; Dechow et al,,

Table 1.
Variables of M. Beneish model

2011] boil down to the development of the mathematical
models, determining whether a company provides mis-
leading information about assets, revenue, costs and li-
abilities, with the help of probit and logistic regressions.
To detect falsifications researchers create the specific inte-
grated index, calculated on the basis of the financial ratios.
Using financial statement data stakeholders can calculate
the value of this index, compare with the benchmark and
determine quickly and without any expenses whether there
is a risk of financial statement fraud in the company. The
accuracy level of Beneish model forecasts was about 89%
and it was the best result in comparison with the results
obtained by other researches.

Despite the obvious benefits of such approach, little ad-
vance has been achieved in testing the usefulness of this
tool in Russia. That is why it is important to assess whether
it is possible with the help of Beneish model to distinguish
fraudulent from non-fraudulent financial statement re-
porting in Russia. However, we are not going to simply test
the existing Beneish model on sample of Russian firms. It
is important to modify Beneish model, taking into account
Russian accounting and reporting principles and features
of business practice, including widespread ways of finan-
cial statement falsification.

Literature review

The vast majority of authors [Person, 1995; Summers,
Sweeney, 1998; Beneish, 1999; Dechow et al., 2011] indi-
cate the importance of the integrated indexes, which would
have signaled that financial statement fraud risks are high,
but the accuracy level of Beneish model forecasts was the
highest. Thus, the accuracy level of Beneish model is 89.5%,
whereas the accuracy level of Person model is 71.5%, the
accuracy level of Summers and Dechow models is 59.8
and 63.7% respectively [Person, 1995; Summers, Sweeney;,
1998; Beneish, 1999; Dechow et al., 2011].

M. Beneish research can be considered as fundamental
in the field of fraud detection models [Beneish, 1999]. He
used 8 financial ratios to develop probit-model and, as a re-
sult, found the interrelation between them and the facts of
fraudulent financial reporting. M. Beneish included in the
model days sales in receivable index (DSRI), gross margin
index (GMI); asset quality index (AQI), sales growth index
(SGI), depreciation index (DEPI), sales and administrative
expenses index (SGAI), leverage index (LVGI) and total
accruals to total assets (TATA). The explanatory variables
are presented in Table 1 (year t refers to the first year in
which fraud occurs, year t-1 refers to the previous year).

Variable Definition Measurement of the variable
DSRI Days. Sales in Receivables, Sc?lestEll
Receivable Index Sales, Receivables,,
33
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Variable Definition Measurement of the variable
aMI Gross Margin Sales,, [1Costs of Good Sold,;, Sales,

Index Sales,, Sales, [1Costs of Good Sold,

Total Assets, [1(Current Assets + Property, Plant, Equipment),

Asset Quality Total Assets,y, [1(Current Assets + Property, Plant, Equipment),,

AQI
Q Index Total assets,,
Total assets,
Sales

SGI Sales Growth :

Index Sales,,

Depreciation,y «

Depreciation Depreciation,y, + Property, Plant and Equipment,
DEPI . .

Index Depreciation, + Property,Plant and Equipment,

Depreciation,
Sales Sales and Administrative Expense,
Sales

SGAI Gene.ra.l and. ‘

Administrative Sales,,

Expenses Index Sales and Administrative Expense,,
VGl Leverage Liabilities, , T o.tal f4's§etstm

Index Total Assets,  Liabilities

w
V Net Current assets [NCash [NCurrent Maturity ofLongTerm Debt [] Depreciation .

TATA Accruals Total Assets,

to Total Assets

VIncomeTax Payable
Total Assets,

He combined these variables together, basing on financial
statements of US companies for the period from 1982 to
1992 (74 manipulators and 2332 non-fraudsters were in-
cluded in sample), and calculated the financial ratios for
each company. After that M. Beneish estimated the coeffi-
cients with the help of unweighted probit model and creat-
ed integrated index (M-Score) for the company. After that
he developed a linear equation for M-Score:

M-Score = -4.840 + 0.920*DSRI + 0.528*GMI +
0.040*AQI + 0.892*SGI + 0.115*DEPI-0.172*SGAI +
4.679* TATA- 0.327*LVGI [Beneish, 1999].

The author provided explanation for the revealed relation-
ships.

For instance, it was anticipated that a dramatic increase
in sales and receivables relative to sales may be linked to
attempts of revenue falsification, so larger values of these
parameters are associated with the higher likelihood
of fraud.

M. Beneish also expected a positive relation between GMI
and probability of fraud: gross margin deterioration is as-

34

sociated with poor firm’s prospects, and that is why can be
considered as an incentive for manipulators, who try to
hide information about low performance.

As for AQL the relation is positive because if the compa-
ny has a lot of assets which measurement is less reliable
(intangible assets, other non-current assets and financial
investments) the opportunities for financial statement fal-
sification increase significantly.

Decrease in depreciation may indicate the company’s at-
tempts to revise groundlessly the useful life of the assets
or the depreciation method. As a result, the profit of the
company in income statement is exaggerated. So there is a
positive correlation between DEPI and probability of fal-
sifications.

Significant decrease in LVGI and SGAI can be connected
with understatement of liabilities, sales general expenses
and administrative costs. Moreover, such negative changes
in SGAI can be also caused by revenue falsification. That is
why negative relation between the likelihood of manipula-
tions and these variables was expected.
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As for LVGI we believe that the role of these parameters
is doubtful because on the one hand, low level of LVGI
may be connected with underestimation of liabilities. On
the other hand, higher level of LVGI means that the firm
has a lot of creditors and that is why incentives for fraud
increase. If we take into account Russian business prac-
tice according to which the majority of covenants in loan
agreements is financial [Kuvaldina, 2015], it becomes vital
to find another ratio that enables to identify fraud with li-
abilities. For example, when the liabilities of the company
are derecognized, the other income of the company in-
creases significantly.

The situation, in that the net assets of the company increase
significantly, but cash flow remains unchanged or increase
slightly, can also be considered as a case in which risks of
fraud is high. So there is a positive relation between TATA
and likelihood of financial statement fraud.

These hypotheses were confirmed and M. Beneish found
that such variables as Days Sales in Receivable Index, Gross
Margin Index, Asset Quality Index, Sales Growth Index

Table 2
The benchmarks for the variables of Beneish model

Variable DSRI GMI AQI SGI

and Accruals to Total Assets are significant at the 10%
level. As for the coeflicients on the leverage, depreciation,
sales and administrative costs, they were not significant
[Beneish, 1999].

It was also found that if MS-Score greater than -1.49 it mis-
classifies 42% of fraudsters and 7.6% of non-fraudsters. If
-1.9 is considered as a benchmark, the accuracy level be-
come higher: the percentage of correctly classified fraud-
sters is 76% whereas the percentage of correctly classified
non-fraudsters is about 82.5%.

The researchers in further studies have already made at-
tempts to test Beneish model and modify it [Harrington,
2005; Roxas, 2011; Tarjo, Herawati, 2015]. They have re-
considered thresholds, excluded factors. In later studies
in this field it is suggested to consider -2.22 as a threshold
for M. Beneish model, so in this case the risks of defining
manipulator as non-manipulator becomes lower. In par-
ticular, basing on data of non-fraudsters, provided by M.
Beneish, M. Roxas demonstrated benchmarks for each var-
iable included in model and for M-Score (table 2).

DEPI SGAI LVGI TATA M-Score

Benchmarks 1.031 1.014 1.039 1.134

In 2005 Harrington C. considered the case of Enron and
checked the ability of Beneish model to identify Enron’s
manipulation. M-Score pointed out that falsification took
place in the company [Harrington, 2005], so this instru-
ment of financial statement fraud detection has proven to
be effective.

In 2011 M. Roxas continued research in this field, changed
the model by excluding SGAI, LVGI and TATA and reas-
sessed it: M-Score = -6.065+ 0.823 *DSRI + 0.906 *GMI +
0.593 *AQI + 0.717 *SGI + 0.107*DEPI [Roxas, 2011].

It was found that M-Score less than -2.76 suggests that
the company will not be a manipulator, whereas M-Score
greater than -2.76 signals that the company is likely to be
engaged in financial statement fraud. The accuracy level is
about 62% [Roxas, 2011].

In 2015 Tarjo and Nurul Herawati also checked the abil-
ity of M-Score Beneish to identify financial statement
fraud. The sample consisted of 70 firms: 35 fraudsters and
35 non-fraudsters. They analyzed the period from 2001
to 2014, and in their case classification accuracy to de-
tect fraud was 77.1% (27 of 35 companies that committed
fraud). From the 35 non-fraud companies, as many as 28
(80%) were accurately classified as not committing fraud.
Sales growth index was excluded by researchers. DSRI
(Days Sales Receivable Index), AQI (Asset Quality Index),
and LVGI (Leverage Index) in their research statistical-
ly have no significant effect on the detection of financial
fraud [Tarjo, Herawati, 2015].

35

1.000 1.000 1.000 0.018 -2.220

Thus the studies points out that the effectiveness of these
instruments is really high, because they correctly identify
more than 60 and 80% of manipulators and non-manipula-
tors respectively in USA [Beneish, 1999; Roxas, 2011; Tar-
jo, Herawati, 2015]. However the application of M-Score
method in Russia is debatable because of the differences
in accounting and reporting principles in USA and Russia
and the types of financial statement fraud, in which Rus-
sian companies often take part.

Currently Russian researchers are interested in application
of Beneish model to financial statement fraud detection in
Russia [Soboleva, Tolkacheva, 2014]. In spite the fact that
in 2014 the accuracy level of forecasts made by using Be-
neish model for Russian companies has not already been
determined, G. Soboleva and D. Tolkacheva made an at-
tempt to identify whether bankrupt firms were engaged in
financial statement fraud or not with the help of this mod-
el. It was found that in some cases risk of falsification was
high and, as a result, such bankrupts can be considered as
manipulators [Soboleva, Tolkacheva, 2014]. In 2016 on the
sample of 60 Russian companies researchers N. Feruleva
and M. Shtefan estimated the accuracy level of forecasts
made with the help of Beneish model and revealed that it is
about 68% [Feruleva, Shtefan, 2016].

We presuppose that before applying the model it is impor-
tant to modify it, taking into consideration that Russian
companies may resort to specific methods to falsify finan-
cial statement and find out other financial ratios, which
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point to these illegal actions. The Russian researchers Ti-
tova and Veshkurtseva [Titova, 2011; Veshkurtseva, 2011]
mentioned that in practice Russian companies not only
underestimate liabilities, but also overestimate the value of
assets in foreign currency and other assets that need to be
revaluated. As a result, abnormal growth of other income
takes place. Consequently, abnormal changes in other in-
come can be considered as a new factor.

Creating models of financial fraud detection, researchers
pay attention mainly to the financial ratios, whereas as-
pects linked to accounting and reporting principles were
not analyzed properly. This appears to be an omission
when we create fraud detection model for Russian com-
panies, because according to Russian Standards company
has a legal opportunity to hide piece of information from
stakeholders due to some aspects of accounting policy.
Moreover, not all balance sheet lines in Russia and USA
contains the same objects and this aspect should be consid-
ered when we determine the quality of assets and calculate
asset quality index.

The literature review confirmed that Beneish model is
one of instruments of financial statement fraud detection,
which effectiveness reached 89.5% on USA companies’
data, and that over the past two decades researches have
modified this model and created new models on the base
of it. It was also found that in Russia researchers have al-
ready made an attempt to apply Beneish model. However
researchers have not analyzed yet the opportunity of crea-
tion a new model on the base of Beneish model, which en-
ables stakeholders in Russia to distinguish fraudsters from
non-fraudsters on the basis of available information.

Problem statement and research
hypotheses

The primary aim of the present study is to identify whether
it is possible to distinguish fraudulent from non-fraudu-
lent financial statement reporting in Russia using the in-
tegrated index which can be calculated on the base of the
available financial statement data. The integrated index
includes such variables as days sales in receivable index,
gross margin index, modified asset quality index (we take
into account aspects, connected with reporting standards),
sales growth index, sales and administrative expenses in-
dex, income quality index (growth rate of the ratio between
other income and sales) and the parameter connected with
the accounting policy features. As for accounting policy,
in Russia it is possible not to disclose information about
administrative costs separately in profit and loss statement
if you charge administrative expenses to core product ex-
penses according to accounting principles [Russian Ac-
counting Standard 10 ‘Costs of organizations, 1999]. As
a result, they have an opportunity to hide the data from
stakeholders, and in this case the probability of falsification
increases.

Hypothesis 1: Employing the integrated index, calculated
on the basis of financial ratios, suggested by M. Beneish,
income quality index and features of accounting policy,
linked to administrative costs, we can distinguish fraudu-

36

lent from non-fraudulent financial statement reporting in
Russia.

Hypothesis 2: There is a positive interrelation between the
financial statement fraud risk and the income quality in-
dex.

Hypothesis 3: The financial statement fraud risk will in-
crease if the company chooses accounting policy according
to which administrative costs are charged to core product
expenses.

Data

To check the hypotheses we collect the data on the fi-
nancial statements submitted under Russian Accounting
Standards.

Our sample consists of seventy Russian firms operating in
agriculture, manufacture, construction, wholesale and re-
tail trade industries. The sample is also restricted by joint-
stock companies, which shares are not traded on stock ex-
change, and limited liability companies. As a consequence,
the extent to which the results can be applied will be limit-
ed to these firms and the conclusions about trading joint-
stock companies, companies operating in specific indus-
tries such as banking and insurance may differ greatly.

Furthermore, in this research we consider only financial
statement fraud aimed at overestimation of the indicators
characterizing the financial position and income of the
company.

We extract a sample of fraudulent firms from two sources:
RosPravosudie and Unified solutions database of the Rus-
sian Federation General Jurisdiction Courts. These sourc-
es provide the data on lawsuits under section 176.1 of the
Russian Criminal Code. If the executive of the company is
convicted of providing the bank or other lender false in-
formation about the companies” financial position we in-
clude this company in the sample. Because in some cases
information, which is useful for identification of the fraud-
ster, was removed from official data published by Russian
Federation General Jurisdiction Courts we also analyzed
the data provided by the media to make sure that the fact
of financial statement falsification really took place in the
company.

When we collect information about non-fraudulent firms
we not only check them through judgments data base but
also find positive audit reports to ensure that companies are
not engaged in creative accounting. So we have compiled
a sample comprising 28 fraudulent and 42 non-fraudulent
firms.

Thus, 40% of the sample are fraudsters, whereas 60% are
non-fraudsters. It is difficult to determine exactly whether
this ratio is far from the real ratio between fraudsters and
trustworthy firms or not, because of absence of accurate
statistics. For instance, some auditors claimed that about
20-25% of firms have provided falsified financial statement
Draft of the nationwide survey ‘Practice of fighting the cor-
porate fraud’ Final Report, 2014]. However the experts also
stressed that often firms make an attempt to hide informa-
tion that their counterparties are engaged in fraud. More-
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over, auditors have conducted their survey among large
firms which have the obligations of auditing according to
the Federal Law no. 307 ‘On Auditing Activities. That is
why we assume that the real share of fraudsters is under-
estimated. It should be also noted that no auditors claimed
that the number of fraudsters is higher than the number of
non-fraudsters. So we presuppose that the structure of our
sample is appropriate.

The data (balance sheets, income statement, and industry)
over the period of 2006-2008 years was obtained from
FIRA and SPARK dataset. We consider this period of time
for the following reasons:

people, culture and controls. Fourth global economic
crime survey, 2008; Draft of the nationwide survey
‘Practice of fighting the corporate fraud’ Final Report,
2014];

+ the data for the period of 2009-2011 should be
considered separately, because the risk of falsification
in the years of economic crisis and after it becomes
higher.

Basing on the information about current and non-cur-
rent assets, gross profit, turnover, operating costs, other
income we calculated the financial ratios included in the
integrated index. So we have calculated the ratios, included

« information on the facts of falsification of financial
statements, revealed in 2012-2014 does not appear in
the databases of judgments because of the length of
court proceedings;

in Beneish model, such as Days Sales in Receivable Index
(DSRI), Gross Margin Index (GMI), Sales Growth Index
(SGI); Sales General and Administrative Expenses Index
(SGAI) and the modified Asset Quality Index (AQIn). We
have modified Asset Quality Index because the measure-
ment of other current assets in Russia is not reliable. For
example, Russian companies included in balance sheet line
‘Other current assets’ shortages, connected with damage
and loss of assets, and differed expenses. Thus,

according to the statistics, the situation, connected
with financial statement fraud, for the period of
2012-2014 was not differ significantly from the
situation, connected with financial statement fraud,
for the period of 2006-2008 [Economic crime:

Total Assets, [1(Current Assets []Other Current Assets + Property, Plant, Equipment), , Total assets,,

AQIn = (1)

" Total Assets,, [1(Current Assets [1Other Current Assets + Property, Plant, Equipment),,  Total assets,

We also have considered the income quality index (growth rate of the ratio between other income and sales (IQI)) and
dummy variable ACC, which is equal to 1 if the company chooses accounting policy according to which administrative
costs are charged to core product expenses.

The descriptive statistics of the variables included into models is presented in table 3.

Table 3. Summary of descriptive statistics for Russian companies (2006-2008)

Variable DSRI GMI AQIn SGI SGAI 1(0) ACC
Median 0.935 0.999 1.000 1.212 1.000 0.883 1.000
Std.Dev. 1.873 4.387 4776.074 182.344 4.56735 46.625 0.448
Minimum 0.091 -1.050 0.000 0.110 0.009 0.000 0.000
Maximum 10.781 34.834 30010.000 1527.000 38.000 308.085 1.000
Mean 1.520 1.881 875.110 24.018 1.723 11.286 0.729

It seems reasonable to demonstrate descriptive statistic of the variables for non-fraudsters and fraudsters separately
(table 4, table 5).

Table 4. Summary of descriptive statistics for Russian fraudsters

Variable DSRI GMI AQIn SGI SGAI 1(0) | ACC
Median 1.068 1.090 1.000 1.377 1.000 0.921 1.000
Std.Dev. 2.534 6.718 7438.042 288.030 7.155 71.890 0.315
Minimum 0.091 0.000 0.000 0.110 0.009 0.008 0.000
Maximum 10.781 34.834 30010.000 1527.000 38.000 308.085 1.000
Mean 1.980 2.750 2185.972 58.107 2.776 25.669 0.893
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Table 5

Summary of descriptive statistics for Russian non-fraudsters

Variable IDRINI GMI AQIn SGI SGAI 1(0) 1 ACC
Median 0.904 0.986 0.985 1.191 1.000 0.883 1.000
Std.Dev. 1.198 1.348 0.915 0.635 0.371 4.423 0.492
Minimum 0.172 -1.050 0.001 0.395 0.237 0.000 0.000
Maximum 7.813 7.990 4.354 4.239 2.644 27.840 1.000
Mean 1.213 1.301 1.202 1.292 1.0216 1.697 0.619

It is obvious that deviation of all variables for manipulators is higher than deviation of all variables for non-manipulators.
These deviations appear just because of attempts to falsify financial statement data.

Correlation matrix is presented in table 6.

Table 6
Correlation matrix

Variable DSRI GMI AQIn SGI SGAI 1(0) 1 ACC

DSRI 1.000 -0.041 -0.109 -0.093 0.093 0.067 -0.244

GMI -0.041 1.000 -0.016 -0.042 -0.071 -0.043 0.067

AQIn -0.109 -0.016 1.000 -0.020 -0.041 0.528 0.113

SGI -0.093 -0.042 -0.020 1.000 -0.02 -0.028 0.077

SGAI 0.093 -0.071 -0.041 -0.02 1.000 0.027 0.035

1QI 0.067 -0.043 0.528 -0.028 0.027 1.000 0.079

ACC -0.244 0.067 0.113 0.077 0.035 0.079 1.000
Methods vious year consisted of current assets and property, plant

To solve the problems arising in the study the variety of
methods are applied.

Basing on Russian companies data we calculated the finan-
cial ratios included in the Beneish model for each compa-
ny. Lack of data on depreciation and amortization made us
to exclude TATA and DEPI. Because the majority of Rus-
sian companies do not disclose information about amorti-
zation the model, including such parameters, will be use-
less for stakeholders who have no access to internal data.
We believe that exclusion of TATA and DEPI doesn’t cause
deterioration of model performance, because Russian
companies avoid revising useful life of assets and depreci-
ation method. Such behavior connected with the fact that
under Russian Accounting Standard it is possible to change
depreciation method and useful life of property, plant and
equipment only in some cases [Russian Accounting Stand-
ard 6 Accounting of property, plant and equipment, 2001].

As for variable AQI, it should be replaced by AQIn, and
this enables us to take into consideration the feature of fi-
nancial reporting in Russia linked to the fact that the meas-
urement of other current assets in Russia is not reliable. It
is also worth stressing that in some cases the denominator
of the AQIn variable was zero because assets in the pre-

38

and equipment only. In spite of the fact that in these cases
the AQIn was not defined we set its value to one instead of
treating the observations as missing. The same approach
was used by M. Beneish [Beneish, 1999].

Moreover, in some cases the denominator of the SGAI
variable was zero because some companies don't have any
sales and administrative expense. Despite the fact that in
these cases the SGAI was not defined, we also set its value
to one instead of treating the observations as missing.

We mentioned earlier that we should exclude LVGI, be-
cause of ambiguity of influence of this parameter. On the
one hand, low level of LVGI may be connected with un-
derestimation of liabilities. On the other hand, higher level
of LVGI means that the firm has a lot of creditors and that
is why incentives for fraud increase. According to Russian
business practice the majority of covenants in loan agree-
ments are financial [Kuvaldina, 2015], and this, in turn,
means that companies which take more loans are under
pressure and have strong incentive to concentrate on crea-
tive accounting. As a consequence, this parameter should
be replaced by another one. Underestimation of liabilities,
connected with an attempt to derecognize liabilities, may
lead to growth of other income. So we ought to create the
ratio, which reflects such changes.
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Sharp increase in other income may appear if the firm is
engaged in overestimation of the value of assets in foreign
currency and other assets that need to be revaluated. How-
ever, other income increases if the company expands its
activity. In order to eliminate the influence of expansion it
seems reasonable to consider ratio between other income

As for the dummy variable ACC, it is equal to 1 if the
company chooses accounting policy according to which
administrative costs are charged to core product expenses.

Firstly, to test the hypotheses we employed probit model
and basing on our sample estimated coefficients for the

model.
and sales instead of other income. When other income ris-

es dramatically and this effect is not caused by expansion,

enormous changes in ratio between other income and sales W glea

will take place. Thus, we have included in the model the  P(fraud, =1) = F() = [T (3)
income quality index (IQI): m 2 p

Thus, we have:

where i-number of the company in the sample, - real fraud
status (1-if the company committed financial statement
falsification;0-if the company is non-manipulator).

1QI = Otherincome, ,  Sales,, ) 2)

Sales, Otherincome,,

It is supposed that latent variable fraud*, propensity for

If a firm did not have any other sources of income IQI var-
fraud, exists.

iable was equal to one.

The equation for latent variable:
fraud, * = b, + b, * DSRI ,+b, *GMI, + b, * AQIn ,+b; *SGI, + b, * SGAI, + b, *I0I, + by * ACC, +e, . (4)

The parameters in probit-model are estimated by the method of maximum likelihood, and it is supposed that is normally
distributed.

On the basis of the probit-model it is also possible to create M-Score index. So the linear equation for integrated index
M-Score was found:

M [JScore = b, + b, * DSRI , +b, * GMI + b, * AQIn+b, * SGI + b, *SGAI + b, * QI + b, * ACC . (5)

The same approach was used by M. Roxas. Furthermore, despite the fact that M Beneish considered various models, as a
result the linear equation for the M-Score index became the most widespread.

In order to check the first hypothesis we used likelihood ratio test (LR-test) to prove that the regression is significant. After
that we made forecasts for the probability of financial statement fraud in each company. If it is higher than 50% we deter-
mine that the risk of financial statement fraud is high, if it is lower than 50% the risk is low. In other cases, we supposed
that fraud status is not defined. Then we determined the accuracy level (share of correct forecasts) and, employing a com-
parative approach, we matched it with 50%. If the accuracy level of our model is not lower than 50% it can be considered
as an effective tool for fraud detection.

We also used z-test to identify whether the variables are significant or not. In particular, we employed this test to check the
second and the third hypotheses.

Secondly, we revised the benchmark for indexes, included in the M-Score, basing on average of included in models finan-
cial ratios for Russian trustworthy companies (Table 7) and estimated the threshold for M-Score. As for the benchmark for
dummy variable, we have chosen average for all companies because data on this parameter is not falsified.

Table 7. The benchmarks for the variables of model

Variable DSRI GMI AQIn SGI SGAI IQI ACC

Benchmarks 1.213 1.301 1.202 1.292 1.022 1.697 0.729

Taking into account new thresholds, we made forecasts: if M-Score for the company is higher than the threshold the risk
that we deal with a fraudster is high. Then we estimated the accuracy level and compare it with the accuracy level obtained
by M. Beneish.

It is important to highlight that benchmarks for Russian companies is higher than the benchmarks for American compa-
nies. This may be caused, in particular, by the fact that Russian companies do not create reserves for receivables and assets
of Russian companies are not tested for impairment. For instance, in Accounting Standard 14 ‘Accounting of intangible
assets’ there is no clear method for the impairment test conducting. Moreover, conducting the impairment test is not ob-
ligatory for Russian companies.

Higher growth rate of Russian companies’ revenue is also understandable. The Russian economy refers to the economies of
rapidly - developing type, in which revenue growth higher than the same indicator calculated for the advanced economies
[Ernst & Young, Competing for growth: how business is growing beyond boundaries, 2011].
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Results

With the help of maximum likelihood method we estimate
the parameters in probit-models on the basis of our sample.

Table 8 presents the results for the model.

Table 8
Regression results for M. Beneish model

Variable Coeflicient

const -2.824 (0.821)***
DSRI 0.305 (0.133)**
GMI 0.051 (0.051)
AQIn 0.126 (0.145)
SGI 0.273 (0.265)
SGAI 0.248 (0.408)
IQI 0.006 (0.027)
ACC 1.202 (0.550)**
N 70

LR chi2(7) 34.820

Prob > chi2 0.000

Standard errors in parentheses:
D < 0.10; *p < 0.05; **p < 0.01

Table 9
Benchmarks for Russian companies

The LR test proves that this model is better than a model
that contains only a constant as explanatory variable.

As it was expected all coefficients in the model are positive,
so larger value of these ratios is associated with the higher
likelihood of fraud.

The variables with the exception of constant, DSRI and
ACC are not significant. Days Sales in Receivable Index is
significant at 5%, whereas constant is significant at 1%.

The hypothesis that there is a positive interrelation be-
tween the financial statement fraud risk and the income
quality index was not confirmed: the coeflicient is positive,
but not significant even at 10%. But we will not exclude
this variable.

As it was expected the financial statement fraud risk will in-
crease if the company chooses accounting policy according
to which administrative costs are charged to core product
expenses. So if the company does not disclose information
about these costs separately in profit and loss statement the
probability of falsification increases.

We also made forecasts and in 26 cases the fraud status for
the companies, which have falsified financial statements,
was identified correctly. The whole accuracy level for this
model is 83% (61% for fraudsters and 98% for non-manip-
ulators).

Then we revised benchmarks for model (table 9).

New
Variable DSRI GMI AQIn SGI 1 (0) | ACC
Q Q M-Score
Coeflicient 0.305 0.051 0.126 0.273 0.248 0.006 1.202 -2.824 -
Benchmarks 1.213 1.301 1.202 1.292 1.022 1.697 0.729 -0.744

The linear equation for M-Score index:

M-Score = 2.824 + 0.305*DSRI + 0.051*GMI + 0.126*AQIn + 0.273*SGI + 0.248*SGAI + 0.006*IQI + 1.202*ACC. (6)
M-Score (threshold) = -2.824 + 0.305 *1.213 + 0.051*1 301 + 0 126 *1 202 + 0 273 *1 292 + 0 248 *1 022 + 0 006 *1 697 +

1202*0 729= -0.744.

We calculated M-Score for each company included in the sample and determined whether M-Score lower or higher than
-0.744. Under the rule we identified the fraud status of firms and compared it with the real fraud status.

Tables 10-11 present the results of M-Score calculation for companies, engaged in financial statement fraud, and for
non-fraudsters. It was revealed that the model correctly predicted 42 of the 70 companies’ fraud status.

Table 10
Results of M-Score measurement for fraudsters

Variables
Name of the company
DSRI GMI SGAI ACC 1(0) 1 M-Score
Abinskaja peredvizhnaja 500000 15370 1000 1000 0820 106500  428.962
mehanizirovannaja kolonna
Bagaon 0.520 1.613 1.594 1.178 1.000 308.085 26791.88 3376.972
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Variables

Name of the company

SGAI ACC M-Score
Delikat 1.136 1.290 1.323 0943 0.000 3.641 1.258 -1.636
Dormashservis 10.781 0.029 0.110 10.345  0.000 84.379 1.015 3.695
Krastjeks 3.813 0.210 0.483 3.788 1.000 2.059 0.663 0.719
Mius 0.408 0.240 0.915 1.000 1.000 0.098 0.927 -0.870
Iljlzl;cll};ill((ji?oitel’nyj savod 1.905 2.631 0.565 1.000 1.000 0.421 0.920 -0.386
Otkrytyj mir 1.678 4.306 1.992 1.438 1.000 11.345 3.677 0.541
Ralli 0.212 34.834  2.780 0.009 1.000 1.000 1.000 1.112
Torgservis 5.716 0.805 1.443 1.198 1.000 1.460 0.854 0.970
OJL- SERVIS 0.142 1.188 3.228 1.138 1.000 0.209 1.000 -0.227
Stavropol'ski 1.917 1.304 0.763 2.340 1.000 7.527 12.476 1.435
Dorservis 2.241 0.743 2.218 0.097 1.000 0.599 0.444 -0.211
Sibmebel’ 0.828 1.089 1.408 0.900 1.000 0.010 0.000 -0.706
Shahtosnab 1.680 2.015 0.749 0.471 1.000 1.951 1966.000 247.042
fé);eTchiZi)tehstroj” 0.252 0.630 2.784 1.000 1.000 228.808  2297.000 290.290
Elm 7.257 0.192 1.045 1.452 0.000 1.000 0.368 0.097
SUAR 1.290 0.926 1.345 1.000 1.000 0.615 1.000 -0.436
Avgust-91 1.147 0.919 1.125 0.964 1.000 0.842 1.932 -0.431
;:Egmo“kij Okonnyj )00 12766 49780 1000 1000 0008  1.000 13.298
Torgovaja firma Fort 0.856 0.979 1.033 0.988 1.000 3.052 1.292 -0.603
Biohem-Jug 0.235 0.912 2.395 38.000 1.000 1.000 1.000 8.706
Vekas 0.923 1.167 1.643 1.206 1.000 0.457 1.000 -0.405
TD «IRJeNA» 0.254 1.451 1.142 0.279 1.000 0.757 30010.00 3780.175
Prostor 0.108 2.075 1.468 1.000 1.000 0.199 1.000 -0.707
Severmazservis 5.209 0.466 0.757 2.130 1.000 58.124 1.000 1.200
Sladkij kljuch 0.091 1.090 14.880 1.000 1.000 0.020 1.000 2.898
Juzhno-russkaja
prodovol’stvennaja 3.699 1.141 1.038 0.850 1.000 0.267 1.000 0.186

kompanija
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Table 11
Results of M-Score measurement for non- fraudsters

Variables

DSRI GMI SGI SGAI ACC M-Score

Name of the company

Molochnyj konr'inat

Stavropol<ki 0769 0964 1325 1179 0.000  1.005 1409  -1.703
Okeanpribor 1514 1440  0.857  1.000 1000  27.840  0.846  -0.331
gtt;fl‘;l;;‘;}'z(‘:;‘t 0172 0918 1396 0951 0.000  1.000  0.831  -1.997
Avitek 0510 1759 1003  0.626 0.000 0515 0985  -2.022
Nezavisimaja

jenergosbytovaja 0.676 0990 1870  1.000 1000 0781 1832  -0.371
kompanija

BZRK 0301  1.098 1423  0.676 0.000 0767 1890  -1.877
Shhigrovskaja MTS 0799 2291  0.828  1.000 1000 1274 1151  -0.635
fgg‘;ﬁ;:inysmennaja firma 213 7990 1614 1.000 0.000 0920  0.091  0.672
MiR 0.853  -1.050 1180  2.644 1.000 1308 0985  -0.306
Rjazanagrohim 0.875 0.867 1.202 0.891 1.000 0.751 0.997 -0.632
Teplovskaja DORMPK 0.602  1.007 2203  1.000 1000 0598 0812  -0.432
ffﬁfjﬁj?ﬁ:gi?,fz}lno 1290 0905  1.029  1.000 1000 0.870  1.000  -0.522
Vurnarydorstroj 0.668 0573 2054  1.000 1.000 0348  0.188  -0.555
Burejagjesstroj 0945  -0227 1323  1.000 1000 0898 0708  -0.642
Sibstrojservis 1625 0362 0721  1.000 1000 1317  1.049  -0.523
Chuvashpechat’ 0925 1032 129  1.105 1.000 1497  0.883  -0.539
Social’naja sfera 0.741 0.975 1.089 1.000 1.000 1.906 2.128 -0.521
Prodtorg 2354 0784 0439  1.555 0.000 1715  1.000  -1.424
Nizhnekamsk-Lada_servis 0.840  2.052  2.150  0.660 0.000  1.033 0662  -1.623
Tambovkniga 1656 1052 0983  1.032 1000 0315  1.000  -0.411
Pechat 1215 1015 1148  1.117 0.000 0705 0948  -1.688
ﬁl‘iz}r‘ﬁ;’ central'nyj 1.097 1016 0977  1.012 0.000 0110 0820  -1.816
fﬁ;‘riit;skneﬁepm dukg 64 0792 0978 1262 0.000  0.870  0.885  -1.586
Sosnovoborskaja torgovlja  1.937 0.544 0.496 1.532 1.000 10.799  0.970 -0.301
Lenoblagropromhimija 0.882 2.627 1.214 1.097 1.000 1.214 1.000 -0.482
Kondopogalestorg 1.877 1015 1127  0.862 0.000 0053 0798  -1.577
JeMATjans 0.843  0.666 2191  0.625 0.000 0327 0698  -1.690
Torgovyj centr 0240 1930 4239  0.605 1000 1.000  1.000  -0.011
Kurskmetaltorg 0990  0.805 1091 1307 1000 1.000  0.648  -0.569
Berezka v Luzhnikah 0.828 1310 1857  0.684 1000 0316 4354  -0.076
JeFKO Produkty ritanija ~ 3.050  2.187 0395  0.298 0.000 0236 1001  -1.473
Tjumenobshhepit 0.181 0912  1.032 1133 0.000 0911 3983  -1.652
Eigiiiﬁﬂat 1136 1108 1211  0.864 1000 0678 1300  -0.506
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Variables
Name of the company
SGAI ACC M-Score

Tander 1100 0960 1370  1.046 1.000 0955 2406  -0.295
Rybnovskaja sht 0.829 2136 1277 0237 1000 1234 0980  -0.722
Kozlovskaja selhozhimija ~ 1.965 4516 0930  1.209 1000 1.000  1.000  -0.107
iﬁgﬁ?ﬁgﬁ?zaVOd 0518 1297 1299  0.943 0.000 0733 3591  -1.555
ATJe-1 1357 0529 1262 1.000 1000 0519  0.001  -0.585
Agrotrak 0.623 0707 0898  1.100 0.000 0426 1678  -1.866
Bortorg 0619 0917 1138  1.104 1000 0.000 0263  -0.769
Apteka 220 0944 0897 0837 1356 1000 0647 0967  -0.598
Kabbaltorgodezhda 1145 0982 1330  1.198 1000 0896 0732  -0.465

It was found that in 26 cases the fraud status for the companies, which have falsified financial statements, was identified
correctly. The number of unsubstantiated assumptions about fraud is equal to 26. So the whole accuracy level for the model
is 60% (93% for fraudsters and 38% for non-manipulators).

Then we compare the accuracy level of the forecast received due to the new M-Score with the forecast accuracy of the new

binary model (Table 12).

Table 12
Forecast accuracy

Fraudsters

Accuracy level,%

Non-fraudsters

New model (probit-model forecasts
for Russian companies)

61 98 83

New model (forecasts obtained with the
help of M-Score index for Russian companies)

93 38 60

The majority (83%) of the new probit-model forecasts
is correct, so this model enables to distinguish Russian
fraudsters from non-fraudsters. However, these results
were obtained on the sample which was also used when
we estimated the parameters for the model, so the forecast
accuracy is overestimated. Furthermore, the forecasts are
too optimistic: in 39% cases fraudsters were not identified.
It is impossible to ignore this problem because greater risk
lies in the fact that we recognize fraudsters as trustworthy
companies.

Despite the fact that accuracy level of forecasts obtained
with the help of new M-Score is lower than the accura-
cy level of the other models, it also seems reasonable to
employ this model to detect financial statement fraud in
Russia. We should stress that the number of correct predic-
tions, generated with the help of the new model, for fraud-
ulent companies is higher. At the same time more than
60% of non-manipulators were recognized as fraudsters.
The risk of recognition a trustworthy Russian company as
fraudster is high. So this model will be especially helpful
for risk averse investors.

43

This, in turn, proves that the model needs to be improved.
In order to provide Russian stakeholders with effective
methods of financial statement fraud detection it seems
reasonable to specify variables in models taking into ac-
count another ways which Russian companies can use in
order to falsify financial statement. We presuppose that in
further studies it makes sense to include the parameters
connected with external factors which have influence on
the company such as level of crime in the region and the
features of industry in which company operates.

Conclusion

The present study demonstrates that basing on the Beneish
model, it is possible to develop the model, which enables to
distinguish fraudulent from non-fraudulent financial state-
ment reporting in Russia. In the model we include extra
parameters, connected with growth rate of other income to
sales ratio and an accounting policy of the company.

It was found that the risk of falsification increases if the
company chooses accounting policy according to which
administrative costs are charged to core product expenses.
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This parameter was significant at 5%. The risk of fraud also
rises if other income to sales ratio increases but this inter-
relation is not significant even at 10%.

The accuracy level of forecasts made on the basis of probit
model estimated on Russian companies’ data is 83%. The
performance decreased when we calculated the M-Score
index with the help of linear equation, compared it with
the threshold and made forecasts on fraud status. The share
of correct predictions for fraudulent companies is about
98%, whereas share of correct predictions for trustworthy
companies is only 31%.

So the model need to be improved and it would be essential
to include in the models some external factors, which have
influence on the firms. In further investigations we ought
to analyze another ways which Russian companies use in
order to falsify financial statement and identify other fi-
nancial ratios, which point to these illegal actions.

The results would be helpful to stakeholders when they
make financial decisions on information, presented in
financial statement because it enables them to identify
whether data is falsified or not.
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