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ABSTRACT 

Due to the rapidly expanding technology activities, huge data sets have been created (Big 

Data). Due to the large volume of data and their complexity, it is difficult to work with 

them and discover knowledge in traditional ways. Now, the best tool for Knowledge 

Discovery in Databases (KDD) is Data Mining. Finding useful data, identifying hidden 

patterns and properly exploiting the knowledge discovered makes the data mining industry 

one of the fastest growing industries. 

This study extracts data for the detection of fraudulent financial statements in Greek 

companies listed on the Athens Stock Exchange using machine learning methods. Weka 

software and three classification methods, decision trees, neural networks and Bayesian 

Belief Networks, are used. 

 

Keywords: Auditing, Fraud, Financial Statements, Data Mining, Data Science, Machine 

Learning   
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Downing D., Clark J., 2010] 

Tests of Normality

 

Kolmogorov-Smirnova Shapiro-Wilk

Statistic df Sig. Statistic df Sig.

EBIT ,257 61 ,000 ,840 61 ,000

EBT ,366 61 ,000 ,471 61 ,000

SALES ,267 61 ,000 ,584 61 ,000

NET PROFIT ,352 61 ,000 ,473 61 ,000

GROSS PROFIT ,309 61 ,000 ,727 61 ,000

TOTAL ASSETS ,302 61 ,000 ,569 61 ,000

FIXED ASSETS ,417 61 ,000 ,501 61 ,000

CURRENT ASSETS ,264 61 ,000 ,740 61 ,000

EQUITY ,309 61 ,000 ,603 61 ,000

CURRENT LIABILITIES ,276 61 ,000 ,648 61 ,000

TOTAL LIABILITIES ,346 61 ,000 ,526 61 ,000

INVENTORIES ,313 61 ,000 ,625 61 ,000

WORKING CAPITAL ,272 61 ,000 ,818 61 ,000



TOTAL DEBT ,310 61 ,000 ,610 61 ,000

LONG TERM DEBT ,316 61 ,000 ,514 61 ,000

ACCOUNTS RECIEVABLE ,240 61 ,000 ,679 61 ,000

EBIT/SALES ,484 61 ,000 ,126 61 ,000

EBT/SALES ,476 61 ,000 ,129 61 ,000

NET PROFIT/SALES ,486 61 ,000 ,124 61 ,000

NET PROFIT/GROSS 

PROFIT

,411 61 ,000 ,185 61 ,000

EBIT/TOTAL ASSETS ,137 61 ,006 ,953 61 ,021

EBT/TOTAL ASSETS ,204 61 ,000 ,834 61 ,000

NET PROFIT/TOTAL 

ASSETS

,165 61 ,000 ,829 61 ,000

EBT/FIXED ASSETS ,181 61 ,000 ,875 61 ,000

NET PROFIT/FIXED 

ASSETS

,177 61 ,000 ,899 61 ,000

EBT/EQUITY ,294 61 ,000 ,601 61 ,000

NET PROFIT/EQUITY ,306 61 ,000 ,626 61 ,000

CURRENT 

ASSETS/CURRENT 

LIABILITIES

,234 61 ,000 ,789 61 ,000

(CURRENT ASSETS-
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LIABILITIES

,261 61 ,000 ,834 61 ,000
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SALES/TOTAL DEBT ,196 61 ,000 ,744 61 ,000
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,148 61 ,002 ,909 61 ,000

CURRENT ASSETS/TOTAL 

ASSETS

,150 61 ,002 ,899 61 ,000

(INVENTORIES+ACCOUNTS 

RECEIVABLE)/TOTAL 

ASSETS

,145 61 ,003 ,925 61 ,001

INVENTORIES/TOTAL 

ASSETS

,239 61 ,000 ,781 61 ,000

INVENTORIES/CURRENT 

ASSETS

,174 61 ,000 ,795 61 ,000
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LIABILITIES
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B S.E. Wald df Sig.

Step 1a EBIT/SALES -,759 1,479 ,263 1 ,608

NET PROFIT/GROSS 

PROFIT

-,359 ,253 2,010 1 ,156

EBT/EQUITY 1,010 ,572 3,122 1 ,077

TOTAL LIABILITIES/TOTAL 
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-5,877 1,968 8,916 1 ,003

CURRENT ASSETS/TOTAL 
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-2,175 1,516 2,058 1 ,151
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