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Abstract 
 

Research background: Even though unintentional accounting errors leading to financial re-
statements look like less serious distortion of publicly available information, it has been shown 
that financial restatements impacts on financial markets are similar to intentional fraudulent 
activities. Unintentional accounting errors leading to financial restatements then affect value of 
company shares in the short run which negatively impacts all shareholders. 
Purpose of the article: The aim of this manuscript is to predict unintentional accounting errors 
leading to financial restatements based on information from financial statements of companies. 
The manuscript analysis if financial statements include sufficient information which would allow 
detection of unintentional accounting errors. 
Methods: Method of classification and regression trees (decision tree) and random forest have 
been used in this manuscript to fulfill the aim of this manuscript. Data sample has consisted of 
400 items from financial statements of 80 selected international companies. The results of devel-
oped prediction models have been compared and explained based on their accuracy, sensitivity, 
specificity, precision and F1 score. Statistical relationship among variables has been tested by 
correlation analysis. Differences between the group of companies with and without unintentional 
accounting error have been tested by means of Kruskal-Wallis test. Differences among the models 
have been tested by Levene and T-tests. 
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Findings & value added: The results of the analysis have provided evidence that it is possible to 
detect unintentional accounting errors with high levels of accuracy based on financial ratios 
(rather than the Beneish variables) and by application of random forest method (rather than classi-
fication and regression tree method).  

 
 

Introduction  
 

Accounting fraud is an intentional attempt to deceive or mislead users of 
publicly available financial information, particularly investors and credi-
tors, by preparing and disclosing manipulated financial statements (Rezaee, 
2005). The 2014 and 2016 Price Waterhouse Coopers (2014; 2016) analysis 
of economic fraud in the world position accounting fraud to the fifth place 
of frequency among all economic frauds after theft of company assets, cy-
bercrime, corruption and supplier fraud. Year-on-year, there has been 
a decline in accounting fraud from 24% in 2011, to 22% in 2014 and 18% 
in 2016 among all economic frauds. 

Accounting frauds have been studied by many authors from different 
perspectives. Authors such as Beneish et al. (1999) have built own simple 
formulas for prediction of fraudulent financial statements similar to bank-
ruptcy models by Altman (1968). Kotsiantis et al. (2006), Ravisankar et al. 
(2011) Liu et al. (2015) have used various different data-mining techniques 
for detection of fraudulent companies based on financial statement data. 
Other authors such as Humpherys et al. (2011) and Throckmorton et al. 
(2015) have tested prediction of fraudulent companies based on linguistic 
variables in annual reports without using any financial data from these 
statements. Other authors, such as Ibadin and Ehigie (2019), Paseková et al. 
(2019) or Homola and Paseková (2020), have studied relationship between 
particular accounting standard and occurrence of accounting fraud or mis-
statement in companies reporting under this standard. 

There is a difference between accounting frauds and unintentional ac-
counting errors which might lead to financial restatements in the future. 
Unlike accounting frauds, unintentional accounting errors mislead users 
accidentally in incorrect application of accounting standards and proce-
dures. Li and Zhang (2006) define financial restatement as a correction of 
a part or whole financial statement that has been previously published by 
a company. Company publishes financial restatement in a form of corrected 
balance sheet or income statement as a result of discovery of previously 
unknown accounting error in its financial reporting.  

Even though financial restatements look like less serious mistreatment of 
publicly available information, some studies have shown that impact of 
financial restatements on financial markets is like that of intentional fraudu-
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lent activities (Bowen et al., 2017). Palmrose et al. (2004) have showed 
that negative impact on market price per share could be in average 9% over 
in a next two days. The topic of unintentional accounting errors is closely 
related with aggressive earning management strategies. Sosnowski (2018) 
has not provided evidence that companies with private equity financing 
have less aggressive financial reporting. However, Sosnowski (2017) has 
showed that new stock companies used an aggressive earnings management 
strategy to increase additional level of financing before process of initial 
public offering (IPO). 

The aim of this manuscript is to predict unintentional accounting errors 
leading to financial restatements based on information from financial 
statements of companies. This manuscript also determines whether compa-
ny financial statements include enough information to detect unintentional 
accounting errors. To fulfill the aim of this manuscript, several prediction 
models based on classification and regression trees (CART) and random 
forest have been developed. Results of these models have been subsequent-
ly validated by their parameters of accuracy, specificity, sensitivity, preci-
sion and F1 score and tested by Levene and T-test. Statistical dependence 
among variables has been tested by correlation analysis. Differences be-
tween the group of companies with and without unintentional accounting 
error have been tested Kruskal-Wallis test. 

The paper is divided into following parts: Section 1 describes literature 
review, Section 2 contains research methodology, Section 3 presents results 
of analysis, Section 4 is discussing the results and the last section represents 
the manuscript concluding remarks. 
 
 
Literature review  

 
According to the Association of Certified Fraud Examiners (2018), 2 690 
fraudulent activities took place in financial year 2018 whilst these fraudu-
lent activates have resulted in losses of more than $7 trillion, with every 
fifth fraudulent case causing damages above $1 million. Hence the role of 
corporate internal audit is very important given organizational needs and 
internal audit structure (Saxunová, 2012). In case there are no internal busi-
ness controls mechanisms, company should hire external control mecha-
nisms. Regular monitoring by internal of external regulator can prevent 
occurrence of fraudulent situations (Mariak & Mitková, 2016). On the other 
hand, activities of external auditors do not conduct for the purpose of de-
tecting fraud and forensic accountants are also limited in these activities 
(Pavlovič et al., 2019). Without useful tools, which can identify suspicious 
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activities, is mostly random detection of fraudulent financial statements or 
unintentional errors.  

Many prediction models focused on detection of fraudulent financial 
statements exist based on financial ratios, such as Beneish et al. (1999), 
Kirkos et al. (2007), Pai et al. (2011), Lin et al. (2015), Yao et al. (2019) 
and Wang et al. (2020). Beneish et al. (1999) has developed M-score by 
application of eight variables detecting accounting fraud in companies. 
Kirkos et al. (2007) has applied 37 financial variables on a sample of 38 
fraudulent and 38 non-fraudulent companies and has achieved accuracy 
between 74 and 90%, depending on the statistical method applied. This 
study has therefore implied the importance of data mining techniques in 
prediction of accounting fraud in companies. Higher accuracy of developed 
models (between 89 and 93%) has been achieved by Lin et al. (2015). The 
Lin et al. (2015) research has used both financial and non-financial varia-
bles and has applied following methods: CART, logistic regression and 
neural network. Similar results have been achieved by Pai et al. (2011), 
who has achieved comparable accuracy (78 to 92%) on a sample of 75 Thai 
companies. Yao et al. (2019) have applied a wide range of methods (Bayes-
ian network, CART, k-nearest points, logistic regression, neural network, 
or support vector machine) on a sample of Chinese companies. 93 Chinese 
companies have been studied also in a recent study of Wang et al. (2020).  

However, there are few studies focusing on detection of financial re-
statements. Dutta et al. (2017) have built pioneering prediction model on 
3500 US companies. They used 116 financial variables and different tech-
niques such as Bayesian network, CART, naïve Bayes, neural network or 
support vector machine. The average accuracy of developed models has 
been between 60 and 80%. Prediction model able to detect both accounting 
fraud and financial restatement has been developed by Kim et al. (2016). 
To develop his prediction model, Kim has used Bayesian network, logistic 
regression and support vector machine methods which achieved high levels 
of accuracy (82 to 88%). 

Papík and Papíková (2020) have built two models on 80 US companies. 
Linear discriminant analysis model has achieved accuracy 62% and logistic 
regression model have had over 70%. Research has tried to show that Bene-
ish variables do not provide statistically significant better results than fi-
nancial features from financial statements.  

From the point of view of the technique used, a majority of researches 
has confirmed that higher accuracy and lower type I and II errors are most-
ly provided by data-mining techniques, such as Bayesian network, CART, 
random forest, support vector machine and neural network than classical 
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group selection methods such as discriminant analysis or logistic regression 
(Kotsiantis et al., 2006; Dechow et al., 2011; Gepp, 2015; Liu et al., 2015).  

Moreover, there are differences between data mining techniques them-
selves. Tang et al. (2020) has provided evidence that ensemble learning 
methods such as random forest or Xboost have higher accuracy than other 
machine learning techniques. 
 
 
Research methodology 

 
Following section contains details about collected data sample and applica-
tion of data-mining techniques in this manuscript.  
 
Data Sample 

 
Firstly, 40 international companies with financial restatements have 

been identified worldwide in total. Financial information of these compa-
nies has been collected for a period of five years prior to publishing finan-
cial restatement. Another 40 international companies have been identified 
as companies without financial restatement as another sample, and these 
companies have been matched to companies with financial restatements 
(based on time period, size in terms of value of total assets and industry 
classification). In overall, 400 financial information has been collected — 
200 for companies with financial restatements and 200 for companies with-
out financial restatement. Similar data sample size has been used in studies 
of Kirkos et al. (2007) — 86 companies, Pai et al. (2011) — 75 companies, 
Papík and Papíková (2020) — 80 companies or Wang et al. (2020) — 93 
companies.  

Financial data of selected companies in the data sample has been col-
lected from Security and Exchange Commission (SEC) database and from 
annual reports of these companies (EDGAR, 2019). Geographically data 
sample consists of 81% companies from North America, 10% from West-
ern Europe, 8% from Asia and 1% from Africa. In terms of industrial sector 
classification, most companies are classified as technology providers 
(43%), followed by retail (16%), finance (11%), energy (6%), mechanical 
engineering (5%), telecommunications (5%) and health (5%) companies. 
The remaining companies could be classified as chemical, medicine, agri-
culture and real estate ones. 

The collected financial data has been used for calculation of two types 
of ratios. The first set of financial ratios (FR) represents standard financial 
ratios used for detection of accounting fraud or unintentional accounting 
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error by different authors. (Dutta et al., 2017; Gepp, 2015; Lin et al., 2015) 
These ratios are listed in Table 1.  

The second set of ratios contains variables used in Beneish et al. (1999) 
M-score which are used for detection of accounting fraud based on specific 
financial ratios. Beneish model uses eight ratios as shown in Table 2. The 
validity of this model on fraudulent companies has been cross-checked by 
authors such as Drábková (2015) and MacCarthy (2017). MacCarthy 
(2017) concludes, based on analysis of Enron case, that Beneish ratios 
could have detected fraudulent activities in this company around year 2000.  

 
Application of data mining 

 
CART and random forest are commonly used methods to detect ac-

counting fraud in companies. Kotsiantis et al. (2006) has achieved the 
highest level of accuracy (91%) by applying CART. His study has also 
applied other methods, such as Bayesian network, logistic regression, neu-
ral network and support vector machine. A comparably high level of accu-
racy has been also achieved by studies of Hajek and Henriques (2017), Lin 
et al. (2015), Chen et al. (2017), Jan (2018), Yao et al. (2019). Random 
forest method has not been widely used yet, however, few existing studies 
have achieved comparable accuracy to that of CART (Liu et al. (2015) — 
88%, Hajek and Henriques (2017) — 88%, Tang et al. (2020) — 90%)  

The method of CART and random forest have been applied in this man-
uscript. The process of creating a decision tree for CART starts with a deci-
sion node that extends into other decision nodes which visually creates 
a tree structure. Leaves of the decision tree represent outputs and branches 
represent attributes, in other words, one decision node is a separate decision 
which has been based on particular attribute of analysed object. Attributes 
in this manuscript have been defined as different financial ratios which are 
differentiated as much as possible so that their correct classification was 
possible at the end of the decision tree. Random forest method is, further-
more, created by several decision trees (Breiman et al., 1984; Quinlan, 
1986). Subsequent outcomes from decision trees are combined into one 
outcome group model that represents random forest. Random forests, un-
like decision tree method, belongs among method group ensemble methods 
that combines results of several methods, in this case it is combination of 
decision trees  (Breiman, 2001). 

Developed model has been cross-validated on 10 folds. Ten models de-
veloped in this manuscript have been created on nine training folds which 
represent 90% of overall sample — 360 financial items (180 from compa-
nies with financial restatements and 180 from companies without financial 
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restatement). Model performance has been verified on testing dataset. Test-
ing dataset has been formed by remaining one testing fold which represents 
10% of data sample with total 40 financial items (20 from companies with 
financial restatements and 20 from companies without financial restate-
ment). Final attributes of developed models have been described by chosen 
parameters as an average parameter of ten testing rounds.  

Selected attributes describing model performance of creative models 
are: Accuracy (TP/(TP + TN)), Sensitivity (TP/(TP+FN)), Specificity 
(TN/(TN+FP)), Precision (TP/(TP+FP)) and F1 score 
(2*Sensitivity*Precision/(Sensitivity + Precision)), where True positive 
(TP) means correctly predicted unintentional error, True negative (TN) 
stands for correctly rejected unintentional error, False positive (FP) is type I 
error and False negative (FN) represents type II error.       
 

 
Results 

 
To identify variables with existing relationships among them, all input vari-
ables have been included in correlation analysis. Table 3 shows the results 
of correlation analysis for all tested variables. Results from correlation 
analysis show that there is correlation in absolute value greater than 0.5 
only among two combinations of variables. The two variables are ROA and 
DAR with negative correlation coefficient equal to -0.65, and TATA and 
CAT with positive correlation coefficient equal to 0.67. Even though these 
correlation coefficients are very high or high, they have not been excluded 
from dataset. This is because these variables are only random correlations 
between two variables and not high correlations of one variable with sever-
al other variables. For remaining variables, correlation coefficients have 
varied in range from -0.3 to 0.3 and therefore have been low. Based on 
these findings, input variables can be considered independent. 

A descriptive analysis of variables for companies with financial re-
statement and without financial restatement along with results of individual 
non-parametric tests after their normalization is shown in Table 4. The 
results indicate that median of companies without financial restatement 
except variables DAR, DEPI, DSRI and LVGI has been higher than the 
median of companies with financial restatement. The higher median of 
variables DEPI, DSRI and LVGI indicators is in line with original Beneish 
study. Beneish study assumes that companies manipulating their financial 
statements achieve higher values of these indicators. On the other hand, 
remaining Beneish variables do not confirm this outcome. 



Equilibrium. Quarterly Journal of Economics and Economic Policy, 16(1), 185–201 

 

192 

Results of Kruskal-Wallis test have identified statistical significant dif-
ferences between companies with financial restatement and without finan-
cial restatements for variables DER, FAT, GPTA, NPS and ROA. Compa-
nies with financial restatement have achieved lower values of these indica-
tors than companies without financial restatement. Lower values of these 
indicators could indicate weaker economic performance of these compa-
nies, which could subsequently lead them to improvement of their financial 
results through fraudulent financial reporting. 

Table 5 shows values of particular attributes for each of the models and 
sets of variables. Results indicate that random forest method has achieved 
better results in accuracy, precision and F1 score than CART method. This 
manuscript has also provided evidence that variables of only Beneish mod-
el have achieved significantly worse results than results of combination of 
Beneish variables with financial rations, and even worse results compared 
to those of dataset containing only financial ratios.  

Table 6 includes comparison of attributes for individual testing datasets 
containing Beneish dataset along with remaining two datasets. This com-
parison has been conducted via Levene test of equality of variances and T-
test of equality of mean. Based on results, it is possible to conclude that 
Beneish variables have achieved worse results than those of dataset with all 
variables or dataset with only financial ratios. Comparison of all variables 
to dataset containing only financial ratios has not confirmed any statistical-
ly significant differences.  
 
 
Discussion 

 
The results obtained in this manuscript indicate that it is possible to predict 
unintentional accounting errors which lead to restating company financial 
statements. This manuscript, compared to results of other studies, has 
showed that data mining techniques like CART or random forest are capa-
ble of detecting these accounting errors with more that 80% accuracy. This 
indicates applicability of data mining techniques in detection of errors in 
financial statements of companies 

When compared to results by Papík and Papíková study (2020), this 
manuscript has obtained improved results in the parameters of accuracy 
(84% in this study compared to 71% accuracy in the other study), sensitivi-
ty (88% compared to 42%) and specificity (80% compared to 79%). These 
different levels of achieved parameters describing model performance are 
caused mainly by the methods used in Papík and Papíková’s (2020) study. 
Their study applied discriminant analysis and logistic regression, whilst this 
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manuscript applied data mining techniques. Although based on a smaller 
data sample, this study has also obtained better results than the CART 
model designed to predict unintentional accounting errors developed by 
Dutta et al. (2017). For comparison, Dutta’s study achieved the accuracy of 
78% (compared to 84% accuracy in this study), the sensitivity of 78% 
(compared to 88% in this study) and the specificity of 69% (compared to 
80% in this study). Other significant studies focusing only on detection of 
financial misstatements (unintentional errors) have not yet been conducted. 

This manuscript has also pointed out to differences in detection process 
of unintentional accounting errors and accounting frauds. Beneish has 
formed eight variables with high predictive accuracy to detect accounting 
fraud which has been also verified by other authors. On the other hand, 
significance of these variables has not been confirmed in the process of 
unintentional accounting errors detection. Difference between Beneish 
variables and other financial ratios has been in the range of 15% for param-
eters of accuracy, sensitivity, specificity, precision and F1 score.  

Data sample might be a possible limitation of this manuscript. The data 
sample consisted of financial data for five consecutive years of 80 compa-
nies, which represents 400 input data. The data sample can be still viewed 
as a relatively small sample. The sample has also consisted of heterogenic 
companies from different countries which might have led to decreased val-
ues of accuracy of developed models.  

 
 

Conclusions 
 
The aim of this manuscript is to predict unintentional accounting errors 
leading to financial restatements based on information from financial 
statements of companies. Unintentional accounting errors, like accounting 
frauds, have negative impact on market value of a company. Detection of 
these accounting errors is, therefore, not only a challenge for auditors, but 
also for various stakeholders who might be negatively impacted by revela-
tion of these errors. 

 Prediction models developed in this manuscript on a sample of 80 com-
panies have reached accuracy of 72% to 84% and these results are among 
the highest that have been achieved in this area so far. Despite several ex-
isting studies applying ensemble data mining method on detection of ac-
counting errors, this manuscript provides innovative approach and could be 
considered a novelty in this field — the possibility to detect unintentional 
accounting errors with high levels of accuracy based on financial ratios 
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(rather than the Beneish variables) and by application of random forest 
method (rather than CART method).  

Prediction models created by data mining techniques show possible fu-
ture developments in the field of unintentional accounting errors detection. 
This manuscript has also provided evidence that models with financial rati-
os as input features achieve higher accuracy than Beneish variables. There-
fore, future studies should also focus on application of various financial 
ratios. Future studies should also factor in differences arising from geo-
graphical, industrial or local accounting specifics. As studies from other 
fields such as bankruptcy have showed, financial and non-financial parame-
ters can be used to detect accounting errors. Not all information necessary 
to detect accounting errors might be available in company financial state-
ments. Detection of accounting errors based on quantitative data has not 
been conducted yet and future studies could focus on quantitative research 
in this field.  
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Annex 
 
 

Table 1. Financial ratios and their formulas 
 

Features Feature description Formula 

CAT Current Asset Turnover Ratio Net operating income / Current assets  
CR Current Ratio Current assets / Current liabilities  

DAR Debt to Asset Ratio 
(Total long-term liabilities + Current 
liabilities) / Total assets 

DER Debt to Equity Ratio 
(Total long-term liabilities + Current 
liabilities) / Total equity 

FAT Fixed Asset Turnover Net operating income / Fixed assets 
GPTA Gross Profitability Ratio  Gross profit / Total assets  
NPS Net Profit Margin on Sales Net profit / Sales 
ROA Return on Total Assets Net profit / Total assets 
ROE Return on Equity Net profit / Total equity 

 
Source: Dutta et al. (2017); Gepp (2015); Lin et al. (2015). 

 
 
Table 2. Beneish variables and their formulas 
 

Features Feature description Formula 

AQI Asset Quality Index 

((total assets – property, plant and equipment – current 
assets – securities) / total assets) / ((total assets 
previous year – property, plant and equipment previous 
year – current assets previous year– securities previous 
year) / total assets previous year) 

DEPI Depreciation Index  

(depreciation expense / (depreciation expense + 
property, plant and equipment)) / (depreciation expense 
previous year / (depreciation expense previous year + 
property, plant and equipment previous year)) 

DSRI 
Days Sales in Receivables 
Index  

(net receivables / sales) / (net receivables previous year 
/ sales previous year) 

GMI Gross Margin Index  
((sales – cost of goods sold) / sales) / ((sales previous 
year – cost of goods sold previous year) / sales 
previous year)  

LVGI Leverage Index  

((total long-term liabilities + current liabilities) / total 
assets) / ((total long-term liabilities previous year + 
current liabilities previous year) / total assets previous 
year) 

SGAI 
Sales General and 
Administrative Expenses 
Index  

(selling, general and administrative expense / sales) / 
(selling, general and administrative expense previous 
year / sales previous year) 

SQI Sales Growth Index  sales / sales previous year 

TATA 
Total Accruals to Total 
Assets  

(income from continuing operations – cash flow from 
operations) / total assets   

 
Source: Beneish et al. (1999). 
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Table 4. Descriptive analysis for selected features 
 

Features 
W/o financial restatement Financial restatement Kruskal-Wall. 

Mean Median 
Stand. 

dev. 
Mean Median 

Stand. 

dev. 
P-value Sign. 

AQI 1.41 1.01 2.86 1.50 0.99 2.38 0.75  
CAT -0.34 -0.05 1.75 -0.27 -0.08 0.79 0.65  
CR 1.98 1.45 1.71 1.95 1.42 2.81 0.90  
DAR 0.56 0.51 0.35 0.58 0.52 0.62 0.66  
DEPI 1.48 0.97 5.47 1.04 0.99 0.51 0.26  
DER 3.74 1.00 9.44 1.88 0.93 3.88 0.01 ** 

DSRI 1.04 0.97 0.77 1.07 0.98 0.76 0.73  
FAT -0.12 -0.11 7.22 -3.62 -0.18 22.94 0.04 ** 

GMI 1.03 1.00 1.91 0.97 0.99 0.90 0.69  
GPTA 0.32 0.26 0.27 0.26 0.23 0.20 0.01 ** 

LVGI 1.09 1.00 0.64 1.96 1.02 10.22 0.23  
NPS 0.69 0.07 6.55 -1.58 0.00 13.43 0.03 ** 

ROA 0.07 0.04 0.84 -0.28 0.00 1.54 0.00 *** 

ROE 0.13 0.09 1.22 -0.11 0.01 2.93 0.29  
SGAI 1.09 1.00 0.63 1.22 0.99 1.95 0.37  
SQI 2.10 1.08 12.81 1.54 1.06 2.41 0.54  
TATA -0.04 -0.02 0.23 -0.06 -0.03 0.24 0.38  

Significance codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1  ' ' 1 
 
Source: own calculation in R studio based on SEC data and company annual reports data. 
 

 
Table 5. Average model performance results 
 

Features Method Accuracy Sensitivity Specificity Precision F1 score 

ALL 
DT 72.00% 83.50% 60.50% 67.35% 74.56% 

RF 77.25% 85.00% 69.50% 72.34% 78.16% 

Beneish 
DT 64.00% 63.50% 64.50% 62.50% 63.00% 

RF 67.75% 72.50% 63.00% 65.91% 69.05% 

Financial 
ratios 

DT 80.05% 81.29% 78.82% 78.05% 79.64% 

RF 83.75% 88.00% 79.50% 79.55% 83.56% 

 
Source: own calculation in R studio based on SEC data and company annual reports data. 

 
 
 
 
 
 
 

 



Table 6. Levene and T-test between model performance measures  
 

  Method Features 
Levene test T-test 

F- value Pr(>F) T-test df p-value sign 

A
cc

u
ra

cy
 DT 

FR vs. Beneish 1.839 0.192 4.539 14.50 0.000 *** 

All vs. Beneish 3.267 0.087 -1.445 13.61 0.171   

All vs. FR 0.165 0.690 2.300 17.79 0.034   

RF 

FR vs. Beneish 1.917 0.183 6.184 14.37 0.000 *** 

All vs. Beneish 0.018 0.896 -3.427 17.99 0.003 ** 

All vs. FR 2.982 0.101 2.074 14.46 0.056   

S
en

si
ti

v
it

y
 DT 

FR vs. Beneish 0.212 0.651 2.308 17.67 0.033 * 

All vs. Beneish 1.710 0.208 -2.193 14.36 0.045 * 

All vs. FR 0.912 0.352 -0.425 15.59 0.677   

RF 

FR vs. Beneish 1.969 0.178 5.247 14.63 0.000 *** 

All vs. Beneish 0.792 0.385 -4.448 15.71 0.000 *** 

All vs. FR 0.609 0.445 0.836 17.74 0.415   

S
p

ec
if

ic
it

y
 DT 

FR vs. Beneish 1.978 0.177 3.477 17.41 0.003 ** 

All vs. Beneish 11.882 0.003 0.358 12.62 0.726   

All vs. FR 7.648 0.013 2.538 14.02 0.024   

RF 

FR vs. Beneish 0.140 0.713 3.003 17.45 0.008 ** 

All vs. Beneish 2.138 0.161 -0.833 15.18 0.418   

All vs. FR 1.053 0.319 1.571 16.74 0.135   

P
re

ci
si

o
n
 DT 

FR vs. Beneish 2.313 0.146 4.136 15.08 0.000 *** 

All vs. Beneish 2.121 0.163 -2.122 15.13 0.051   

All vs. FR 0.368 0.552 2.497 17.81 0.023   

RF 

FR vs. Beneish 4.427 0.050 5.912 11.94 0.000 *** 

All vs. Beneish 1.326 0.265 -3.999 15.40 0.002 ** 

All vs. FR 0.868 0.364 1.794 17.17 0.091   

F
1

 s
co

re
 DT 

FR vs. Beneish 7.238 0.015 4.229 13.86 0.001 *** 

All vs. Beneish 11.698 0.003 -0.876 13.06 0.397   

All vs. FR 0.002 0.964 1.691 17.99 0.108   

RF 

FR vs. Beneish 0.003 0.956 4.921 17.96 0.000 *** 

All vs. Beneish 0.841 0.371 -2.611 17.48 0.018 ** 

All vs. FR 1.500 0.236 2.142 15.23 0.049   

Meaning: DT – decision tree, RF – random forest, FR – financial ratios, Beneish – Beneish 
variables, All – financial ratios and Beneish variables 
Significance codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1  ' ' 1 
 

Source: own calculation in R studio based on SEC data and company annual reports data. 
 




