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Fig. 1 Model flow chart
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F1-score 5
Fl - 2 % pr?c.ision % recall (2) Table 5 The statistics of factor type
precision + recall Top 50 | Top 100
AUC ROC 14.20% | 30.11% | 36.36% | 176
-ROC 12.50% | 29.55% | 31.82% 88
ROC 15.91% | 27.27% | 38.64% | 44
ROC AUC 25.00% | 30.00% | 30.00% | 20
7.14% 10.71% | 17.86% | 28
4.1 (IGR) ‘ 50 100 120 356
356
120 . IGR
50. 100, 120 : .
IGR
35.58% 32.94%
38.64%
36.36%
31.82% 30%
17.86% .
IGR N N
2. 3.
94, 108. 110 N
30 N
) 6\37 ) ’
4

Table 4 The statistics of the statements type

Top 30 Top 60

10.32% 26.19% 32.94% 252

23.08% 32.69% 35.58% 104

50 100 120 356
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30 6.
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TAINO) 90%
90%
4.2 Kolmogorov-Smirnov test( K-S )
K-S IGR
P N
6 K=
Table 6 K-S test result
P P
1 CERTAIN9 0.020 519 0.331 314 16 AQI( ) _close59 0.054 857 | 5.43E-06
2 CERTAIN3 0. 028 796 0.058 518 17 AT( =) _close59 0.055 812 | 3.46E -06
3 CFED( =) _close53 0. 036 658 0. 006 538 18 SG( /) _top56 0. 056 833 2.12E -06
4 Dadtunit 0. 038 747 0. 003 343 19 RG( /) _top5 0.057 595 1. 46E - 06
5 DSIR( /) _orgd 0. 040 453 0.001 88 20 SG( -) _org3 0. 057 662 1. 42E - 06
6 16( /) _orgd 0. 041 954 0.001 11 21 RG( /) _org 0.058 654 | 8.66E —07
7 SG( -) _top53 0. 045 645 0. 000 28 22 SGEE( -) _org3 0.058 966 | 7.41E -07
8 age 0. 045 708 0. 000 273 23 REGARD6 0. 059 051 7. 10E - 07
9 DSIR( /) _close53 0. 045 935 0. 000 25 24 SG( /) _close59 0.059 057 | 7.08E -07
10 SG( /) _closeS6 0. 047 023 0. 000 163 25 AT9 0.059 78 4.91E -07
11 Audit 0.051 778 2.20E - 05 26 AT( /) _close53 0.060 052 | 4.27E-07
12 AT( =) _close53 0.052 38 1. 68E - 05 27 SG( /) _top59 0.060 462 | 3.46E 07
13 CFED9 0. 053 07 1. 24E - 05 28 DSIR( /) _top59 0.060 679 | 3.10E -07
14 SG( =) _close53 0. 054 002 8.08E -06 29 NEG3 0.061 236 | 2.32E-07
15 I1G( /) _org 0. 054 05 7.90E -06 30 Bddihldn 0. 063 29 7. 80E -08
4.3
AUC AUC
( 3) Logistic
8.
7 8
AUC

AUC
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7
Table 7 Base learner performance before selection
1% 1% 1% F1/% AUC/%
Logistic 0.89 12.40 98.90 22.03 50.35
89.81 21.38 21.19 21.29 54.36
98.02 10. 46 6.73 8.19 50.83
k 82.35 34.05 69.18 45.64 74.92
58.71 15.20 52.79 23.60 55.80
99.22 25.86 2.01 3.74 50.61
98.69 43.64 7.30 12.51 53.01
98.89 41.58 5.20 9.25 52.01
93.99 17.53 8.30 11.26 52.30
sl / ( )
2. ).
8
Table 8 Base learner performance after selection

1% 1% 1% F1/% AUC/%
Logistic 66.84 17.10 48.68 25.30 57.79
77.11 18.74 37.55 25.00 57.36
96.97 21.71 7.31 10.94 52.07
k 78.88 34.90 80.54 48.70 79.74
78.92 17.90 32.78 23.16 55.89
99.94 0.97 0.17 0.29 50.12
96.87 35.23 12.29 18.22 54.58
94.84 34.03 19.02 24.40 56.96
0.00 12.32 100. 00 21.94 50.02

N WAUC

99.30%
98.57%
98.38% 98.49% .
90.63% ~95.13%
3 F1  AUC
Fig. 3 The performance comparison between before and after selection Fl 0.29% ~

4.4 48.70% 95% AUC
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Tabel 9 The performance result base on metadearning
1% 1% 1% F1/% AUC/%
Logistic 99.27 94.98 98.49 96.70 98.88
99.21 94.56 98.38 96.43 98.79
99.26 94.93 98.49 96.67 98.88
k 98.57 90.63 98.60 94.45 98.59
99.30 95.13 98.38 96.72 98.84
99.29 95.08 98.43 96.73 98.86
99.26 94.93 98.49 96.67 98. 88
99.26 94.93 98.49 96.67 98.88
98.58 93.82 98.49 96. 10 98.88
10 20
Table 10 The performance based on 20 metadearners
Fl AUC
Logisitic 0.9928 £0.006 7 | 0.967 9 £0.017 2 0.967 8 £0.018 8 | 0.9675+0.0009 | 0.989 2 £0.006 7
0.9884+0.0331 | 0.963 1+0.0257 0.9467 +0.0415 | 0.9537+0.0108 | 0.9873+0.0190
k 0.9896+0.0285 | 0.9505 +0.035 4 0.9662+0.0215 | 0.9575+0.0085 | 0.9875+0.008 8
0.9924+0.0068 | 0.967 8 +0.017 4 0.9679+0.0197 | 0.9675+0.001 1 | 0.989 3 +0.004 4
0.9896+0.0387 | 0.9693 +0.0159 0.9594+0.0219 | 0.9640+0.0032 | 0.9880+0.0123
0.9930+0.004 1 | 0.9674+0.0167 0.9683+0.0177 | 0.9676+0.0007 | 0.989 1 +0.008 I
0.9928 +0.0063 | 0.9677+0.0168 0.968 7+0.018 0 | 0.9679+0.0007 | 0.989 1 +0.008 2
0.9927£0.0050 | 0.968 1+0.017 2 0.968 0£0.019 1 | 0.9677+0.001 0 | 0.989 3 £0.007 4
0.9925+0.0069 | 0.9684+0.017 0 0.9670+0.0189 | 0.9674+0.001 1 | 0.9889 +0.008 5
+
4.5

11
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1
Table 11 The performance in different industries
1% 1% 1% | F1/% | AUC/%
99.32 95.40 98.79 97.06 99.06 9312
’ 99.54 97.26 98.80 98.03 99.17 959
99.36 94.94 99.04 96.95 99.20 894
99.62 96. 88 98.10 97.49 98.86 727
T 99.32 95.97 99.31 97.61 99.31 513
. 99.58 94.16 97.92 96. 00 98.75 381
99.39 95.45 98. 44 96.92 98.91 324
99.29 95.24 95.24 95.24 97.26 277
97.62 91.96 95.24 93.57 96.43 204
10
F1 94 % AUC 2006 —2010 2011
98 % . 2006  —2010 5
; 2006 —2011
2012 2006 —2011
98.79% F1 5
97.06% AUC 99. 06% 12 13
91. 96% . . .
90%
AUC 86.41%
. Fl 94. 59%
12 5
Table 12 Base learner performace based on S-year fixed rolling window
4.6 1% 1% 1%| F11% |AUC/%
2011 69.92 82.38 7313 |77.48|69.05
. 2012|  61.14 88.00 71.35  |78.81|67.84
2013|  67.97 81.49 7172 |76.30 | 67.84
2014|6746 80.85 71.10  |75.66 | 67.09
2015|  63.01 83.19 70.05  |75.99 | 67.34
2016]  64.68 80. 60 69.81 |74.78 | 66.84
2006 —2010 2011 2017|  57.13 86.84 68.64 |76.67|66.78
2006 —2000 5 2018]  68.82 77.80 70.67  |74.07 | 67.28

5 . : ( ).
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13 5 ( 12, 13)

Table 13 Metadearning performance based on S-year fixed rolling window (14, 15)
1% 1% 1%| F11% |AUC/% 4
2011 95.33 99.33 95.78  |97.51|87.08
2012 90.72 97.81 92.23  |94.94|86.78
2013 92.78 98.00 93.26  |95.57|86.57
2014 94.00 98.72 94.34  |96.48 | 86.69
2015 92.87 97.55 93.25 |95.35]86.51
2016 91.66 96.90 92.44  |94.59 | 86.41
2017 91.24 97.92 91.97 | 94.8586.62 .
2018 94.88 97.96 95.05 [96.48 | 86.74
( 14. 15).
14

Table 14 Base learner performance based on all-historical-ata

rolling window

1% 1% 1%| F11% |AUC/%
2011 67.54 84.99 73.54  |78.78 | 69.44
2012 60.37 88.10 70.87  |78.55|67.97
2013 59.76 87.14 70.22  |77.77|67.68
2014 61.71 84.62 69.89  [76.51|67.14 4
2015 66.17 80.77 70.32  |75.18 | 67.52 Fig. 4 Different rolling type comparison
2016 67.36 78.13 69.75 |73.70|67.09
2017 64.52 80.67 69.67 |74.70|67.11 5
2018 65.39 81.41 70.54  |75.52|67.56
15 2 437
Table 15 Metadeamning performance based on all-historical-data .

rolling window

1% 1% 1%| F11% |AUC/% . 356

2011 94.41 98.68 95.18  |96.88 | 87.04 .
2012 89.16 98.55 90.89 | 94.56 | 86.60
2013 88.45 98.43 90.37 |94.23|86.61
2014 89.01 96.90 90.21  [93.4286.40
2015 92.89 97.16 93.20 |95.13 | 86.28
2016 90.41 97.27 91.06 | 94.06 | 85.92
2017 90.97 97.23 91.82 | 94.4486.31 . Fl.
2018 93.37 98.21 93.78  |95.95 | 86.69 AUC

N JF1 90% AUC 90%

85%



— 110 — 2023 10

K-S

90% AUC 85% . N

25%

1 Throckmorton C S Mayew W ] Venkatachalam M et al. Financial fraud detection using vocal linguistic and financial cues
J . Decision Support Systems 2015 74(6): 78 —87.

2 Albashrawi M. Detecting financial fraud using data mining techniques: A decade review from 2004 to 2015 J . Journal of
Data Science 2016 14(3): 553 —569.

3 Hajek P Henriques R. Mining corporate annual reports for intelligent detection of financial statement fraud: A comparative
study of machine learning methods J . Knowledge-Based Systems 2017 128(6): 139 —152.

4 Lin CC Chiu A A Huang SY etal. Detecting the financial statement fraud: The analysis of the differences between data
mining techniques and experts’ judgments J . Knowledge-Based Systems 2015 89(11): 459 —470.

5 Beasley M S Hermanson D R Carcello J V et al. Fraudulent Financial Reporting: 1998 —2007: An Analysis of US Public
Companies R . Durham: COSO 2010.

6 Abbasi A Albrecht C Vance A et al. Metafraud: A metadearning framework for detecting financial fraud J . MIS Quar—
terly 2012 36(4): 1293 -1327.

7 Chen G Firth M Gao D N et al. Ownership structure corporate governance and fraud: Evidence from China J . Jour—
nal of Corporate Finance 2006 12(3): 424 —448.

8 Hasnan S Rahman R A Mahenthiran S. Management motive weak governance earnings management and fraudulent fi—



10

— 111 —

nancial reporting: Malaysian evidence J . Journal of International Accounting Research 2013 12(1): 1 -27.

9 Purda L Skillicorn D. Accounting variables deception and a bag of words: Assessing the tools of fraud detection J .

10

11

12

13

14

15

17
18

19

20

21

22

23

24

25

26

27

28

29

Contemporary Accounting Research 2015 32(3): 1193 —1223.

Dong W Liao S Liang L. Financial Statement Fraud Detection Using Text Mining: A Systemic Functional Linguistics The—
ory Perspective C . Pacific Asia Conference on Information Systems ( PACIS) . Association For Information System 2016.

I 2021 24(4):
109 - 126.
Bian Shibo Guan Zhifan Yan Zhipeng. Irrelevant answers and market reaction: Evidence from performance briefings J .
Journal of Management Sciences in China 2021 24(4): 109 —126. ( in Chinese)
Brazdil P Carrier C G Soares C et al. Metalearning: Applications to Data Mining M . Berlin: Springer Science & Busi-
ness Media 2008.
Bologna J Lindquist R J Wells J T. The Accountant’ s Handbook of Fraud and Commercial Crime M . New York: Wi-
ley 1993.
Beasley M S. An empirical analysis of the relation between the board of director composition and financial statement fraud

J . Accounting Review 1996 71(4): 443 —465.
Wilks T J Zimbelman M F. Decomposition of fraud-risk assessments and auditors” sensitivity to fraud cues J . Contempo—
rary Accounting Research 2004 21(3): 719 —745.
Song XP HuZH DuJ G etal. Application of machine learning methods to risk assessment of financial statement fraud:
Evidence from China J . Journal of Forecasting 2014 33(8): 611 -626.
Beneish M D. The detection of earnings manipulation J . Financial Analysts Journal 1999 55(5): 24 -36.
Bell T B Carcello J V. A decision aid for assessing the likelihood of fraudulent financial reporting J . Auditing: A Journal
of Practice & Theory 2000 19(1): 169 —184.
I 2008(9) : 149 - 160.
Hu Yiming Tang Songlian. The relationship between independent directors and the quality of the information about listed
companies” earnings J . Journal of Management World 2008(9) : 149 - 160. ( in Chinese)
?2 ). 2010 (9): 129 -137.
Li Dan Song Yanheng. Is the timely accounting information disclosed in annual report reliable? ] . Journal of Manage—
ment World 2010(9) : 129 - 137. (in Chinese)
Goel S Uzuner O. Do sentiments matter in fraud detection? Estimating semantic orientation of annual reports J . Intelli-
gent Systems in Accounting Finance and Management 2016 23(3): 215 -239.
Seo J H Choi D. Feature selection for chargeback fraud detection based on machine learning algorithms J . International
Journal of Applied Engineering Research 2016 11(22) : 10960 — 10966.
J. 2009 12 (3): 102 -110.

Yang Haijun Tai Lei. Predicting financial distress of listed corporations based on fuzzy support vector machine J . Journal
of Management Sciences in China 2009 12(3): 102 - 110. ( in Chinese)
Franklin J. The elements of statistical learning: Data mining inference and prediction J . The Mathematical Intelligencer
2005 27(2): 83 -85.
Vilalta R Drissi Y. A perspective view and survey of metadearning J . Artificial Intelligence Review 2002 18(2):
77 -95.
CuiC HuM WeirJ D etal. A recommendation system for meta-modeling: A meta-earning based approach J . Expert
Systems with Applications 2016 46(3) : 33 —44.
Lemke C Budka M Gabrys B. Metalearning: A survey of trends and technologies J . Artificial Intelligence Review
2015 44(1): 117 -130.
Matijas M Suykens J] A K Krajcar S. Load forecasting using a multivariate meta-Jearning system J . Expert Systems with
Applications 2013 40( 11) : 4427 —4437.

Hoogs B Kiehl T Lacomb C et al. A genetic algorithm approach to detecting temporal patterns indicative of financial



— 112 — 2023 10

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

statement fraud J . Intelligent Systems in Accounting Finance & Management: International Journal 2007 15(1 -2):
41 -56.
Glancy F H Yadav S B. A computational model for financial reporting fraud detection J . Decision Support Systems
2011 50(3): 595 -601.
Humpherys S .. Moffitt K C Burns M B et al. Identification of fraudulent financial statements using linguistic credibility
analysis J . Decision Support Systems 2011 50(3): 585 —594.

“ 7 “ R/ 2018 34
(9): 143 -160.
Zeng Qingsheng Zhou Bo Zhang Cheng et al. The tone of the annual report and insider trading “The same as what it
says” or “Duplicity’? J . Journal of Management World 2018 34(9): 143 —=160. ( in Chinese)

? — J .
2010 (5): 130 -140.
Xue Shuang Xiao Zezhong Pan Miaoli. Have the discussion and analyses of managers provided useful information? ] .
Journal of Management World 2010 (5): 130 —140. ( in Chinese)
Haixiang G Yijing L Shang J et al. Learning from class-imbalanced data: Review of methods and applications J . Ex—
pert Systems with Applications 2017 73(5): 220 -239.
Bhatt N Thakkar A Ganatra A et al. Ranking of classifiers based on dataset characteristics using active meta learning
J . International Journal of Computer Applications 2013 69(20) : 31 -36.

Parmezan A RS Lee HD Wu F C. Metalearning for choosing feature selection algorithms in data mining: Proposal of a
new framework J . Expert Systems with Applications 2017 75: 1 -24.
Cecchini M Aytug H Koehler G J et al. Making words work: Using financial text as a predictor of financial events J .
Decision Support Systems 2010 50( 1) : 164 —175.

2015(6) : 58 —68.
Lu Xin Li Huimin Chen Shuohui. Top managers’ characteristics and financial fraud behavior: Empirical evidence from
Chinese listed firms J . Audit and Economy Research 2015(6): 58 —68. ( in Chinese)
Habib A Jiang H. Corporate governance and financial reporting quality in China: A survey of recent evidence J . Journal
of International Accounting Auditing and Taxation 2015(24): 29 -45.
Gao Y Kim J B Tsang D et al. Go before the whistle blows: An empirical analysis of director turnover and financial
fraud J . Review of Accounting Studies 2017 22(1): 320 -360.
Liao J Smith D Liu X. Female CFOs and accounting fraud: Evidence from China J . Pacific-Basin Finance Journal
2019 53(2): 449 -463.
Hambrick D C Mason P A. Upper echelons: The organization as a reflection of its top managers J . Academy of Manage—
ment Review 1984 9(2): 193 —206.
Conover C M Miller R E  Szakmary A. The timeliness of accounting disclosures in international security markets J . In-
ternational Review of Financial Analysis 2008 17(5): 849 -869.

E— J. 2020
23(2): 119 -139.
Lu Yao Zhang Yeqing Li Bo et al. Managerial individual characteristics and corporate performance: Evidence from a
machine learning approach J . Journal of Management Sciences in China 2020 23(2): 119 -139. (in Chinese)
Erickson M Hanlon M Maydew E L. Is there a link between executive equity incentives and accounting fraud? ] .
Journal of Accounting Research 2006 44(1): 113 -143.
J. 2012 (11): 144 -155.

Fang Junxiong. Executive excess compensation and corporate governance decision J . Journal of Management World
2012 (11): 144 - 155. (in Chinese)

Persons O S. The effects of fraud and lawsuit revelation on US executive turnover and compensation J . Journal of Business



10 : — 113 —

Ethics 2006 64(4): 405 -419.

48 . ? J . 2019 22(3):
53 -170.
Zhao Ziye Yang Qing Yang Nan. The less said the better? Economic consequences of textual similarity in management

discussion and analysis J . Journal of Management Sciences in China 2019 22(3): 53 —70. ( in Chinese)

Financial fraud recognition model based on meta-learning

ZHANG Xue—yong' SHI Yi’

1. School of Finance Central University of Finance and Economics Beijing 100081 China;
2. Webank Shenzhen 518063 China

Abstract: Based on diversified data-mining and machine learning integration this paper provides a systematic
prediction method for identifying financial fraud and improving the efficiency of financial fraud identification.

In terms of diversified data-mining not only the traditional financial factors are reconstructed but also the
corporate governance and the language factors are used. For improving the machine learning efficiency nine
machine learning algorithms with different characteristics are used as the basic learners and the metadearning
framework is applied to systematically identify the financial fraud of listed companies. This paper finds the fol-
lowing results. 1) Meta-dearning framework can not only significantly improve the recall and precision of fraud
samples and the overall prediction performance of the learner but also is applicable for most industries. 2)

Under the rolling prediction method close to the real scenario the meta-dearning can still significantly improve
the financial fraud identification ability of the basic learner. 3) corporate governance factors and language fac—
tors are helpful for financial fraud identification.

Key words: financial fraud; metadearning; machine learning; text analysis



