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Table 1 Variable selection and introduction

Panel A:

Fraud ‘ 1 0

Panel B - 1:

TobinQ Q /

Growth

ART /

Leverage /

Asset

Size

ROA /

StdROE ROE

Return

Inded 2012 A01 ~S90 0~83

Panel B -2:

Nshrsms N

Nshrstt /

Bdnum ( )

Indep /

Analyst ( )

Opacity

Panel C:

Gender 1 0

Age

GTenure

SharEnd /

IsDuality CEO 1 CEO 0

IsCocurP 1 0

ProBack 1 0

RDBack 1 0

MFktBack 1 0

LawBack 1 0

OveseaBack 1 0

Academic 1 0

FinBack 1 0

2.3 20%

2008 —2019
15% 2012
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. 40 ~55 CEO
CEO 21 041 3 49 46 ~50
. 29% 51  ~55
1% 24% 35
99% ( winsorize) 3% . CEO 3
67% CEO 3 ;CEO
2 7% 35% CEO
Table 2 Annual violation statistics of the company 25% CEO
CEO
/ / o 99%  CEO
! 3
2008 1341 182 1159 13.57 Table 3 Descriptive statistics of samples
2009 1518 215 1303 14.16 ‘ ‘
2010 1 862 236 1 626 12.67
Panel A -1:
2011 2 190 390 1 800 17.81 -
TobinQ) 21 041 2.24 1.59 1.72
2012 2 404 473 1931 19.68
Growth 21 041 0.25 0.72 0.13
2013 2 354 390 1 964 16.57
ART 21 041 41.83 197.72 4.73
3 3 .
2014 2393 4 2 046 14.50 Leverage 21 041 0.41 0.22 0.39
.05
2015 2623 421 2202 16.0 Asset 21 041 5936.25 | 14 704.96 | 2 426.67
2016 2907 449 2 458 15.45 Size 21 041 21.53 1.17 21.44
2017 3232 456 2776 14.11 ROA 21 041 0.03 0.09 0. 04
2018 3274 42 2732 16.55 StdROE 21 041 0.12 0.33 0.03
2019 3437 478 2959 13.91 Return 21 041 0.13 0. 60 0. 00
Indcd 21 041 35.98 16. 65 33.00
3% 49, Panel A -2:
1% 39% 50% Nshrsms 21 041 0.15 0.19 0.02
Nshrstt 21 041 0.01 0.07 0.00
Q 1.7 2.24
Bdnum 21 041 8.30 1.54 9.00
N N Indep 21 041 0.38 0. 05 0.33
; Analyst 21 041 6. 82 9.02 3.00
13% 4.73 Opacity 21 041 1.18 1.50 2.00
25% 41.73 . Panel B: ( CEO)
Gender 21 041 0.93 0.26 1. 00
Age 21 041 48. 66 6. 84 49. 00
15%
GTenure 21 041 3.09 2.35 2.00
SharEnd 21 041 0.07 0.13 0. 00
0 8 ~9 IsDuality 21 041 0.35 0.48 0. 00
IsCocurP 21 041 0.25 0.43 0. 00
RDBack 21 041 0.22 0.42 0.00
11% ; 11%
MktBack 21 041 0.99 0.08 1.00
1 ( ) 10% LawBack 21 041 0.01 0.10 0.00
20 ( ) OveseaBack | 21041 |  0.08 0.27 0.00
Academic 21 041 0.20 0. 40 0.00
939, CEO : FinBack 21 041 0.07 0.25 0. 00
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57
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Table 4 Model building

( )

Nshrsms~Nshrstt~Bdnum-
Indep~Tobin(Q GrowthART-
LeverageAsset~ROA-
StdROE ReturnIndcd
Analyst Size Opacity

Nshrsms~Nshrstt«Bdnum-
Indep~TobinQGrowthART-
LeverageAsset-ROA-

StdROE Return~Indcd

CEO Analyst~ Size Opacity Gende-
Age~GTenure.SharEnd -
IsDualityIsCocurP ProBack-
RDBack-MktBack~LawBack-
OveseaBack

Academic- FinBack

Fraud

Fig. 1 Samples division

2008  — 2017
2018 2019
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( GridSearchCV)

LightGBM

( core

parameters) ( learning control
parameters)
5
Table 5 Core parameters
objective binary
num_boost_
100
round
learning_rate
LightGBM leaf-wise

num_leaves

num_leaves

num leaves < 2 max_depth

6

Table 6 Learning control parameters

min_data_

in_leaf

num_leaves

max_depth

Sfeature_

fraction

bagging_

fraction

feature_fraction

bagging_
Jreq

bagging_fraction bagging

lambda_l1
lambda_I2

Ll 12

AUC( area under curve)

auc_test

AUC =

rank,

auc_train ~auc_valid

ins; e positive class

M x N

ns;

AUC

score
score

AUC ROC

0.5
CEO
( precision) (recall)

True Positives

TP; True Negatives

Positives

FP; False Negatives

ROC

( accuracy) .

Kappa

TN; False

FP.
7
Table 7 Confusion matrix
hypothesized class
true class
0 1

0 True Negatives False Positives
1 False Negatives True Positives

TP + TN

A =
CUrAY = rp f TN + FP + FN

Precision = _TIp
" TP + FP
TP
Recall = m
Kappa
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0 8 ( LightGBM)
Table 8 Main results of model ( LightGBM)
Po _Pe
= CEO
k 1-P, (7)
P+ TN (1) (2) (2) -(1) /%
+
Py = Accuracy = TP + TN + FP + FN (8) auc_train | 0.962 2 0.961 0 -0.12
p - ( FN + TN) ><( TN +FP) +( TP +FN) x( TP +FP) auc_valid | 0.799 8 0.805 4 0.55
. (TP +TN +FP +FN)? auc_test | 0.8027 0.8142 1.15
( 9) Accuracy 0.664 4 0.688 5 2.40
Precision 0.359 1 0.378 1 1.90
Recall 0.799 3 0.792 1 -0.72
Kappa 0.294 9 0.322 8 2.79
SHAP )
2 ROC ( receiver
operating characteristic curve)
) FPR( )
LightGBM
TPR( )
SHAP
ROC AUC
ROC
SHAP
SHAP 2)
AUC
CEO (preci—
. . LightGBM sion) ( recall)
3
3.1 N R
LightGBM CEO N
8
1) .CEO 90%
CEO
CEO 99 % CEO
AUC 80%
AUC 80%

50%




2 ROC
Fig.2 ROC curves of models

3) CEO
69% 38%
(
( )
0.5
80%
40%
15%

79%

\CEO
Kappa 0.3
3.2
LightGBM CEO
SHAP
SHAP Shapley 3
Shapley
Shapley
y
X Shapley
3
89%
56% 33%
11.44%.
Opacity 19.93%
2 ROA . Leverage
ROA 13.72% Leverage
10.81% Indcd.
StdROE . TobinQ 4% ~ T%
Asset~ GrowthSize \ART- Return
2% ~4% 5
Nshrsms 4%
Analyst~IndepBdnum Nshrsit
10%
4%
2% ~ 4% 1%
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3 ( LightGBM)

Fig. 3 Importance map and summary of model( LightGBM) output
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3.3
CEO

SHAP

SHAP
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4
Shapley
SHAP
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3.3.1
CEO
SHAP
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Fig. 4 SHAP partial dependency diagram of company characteristics

SHAP

“A” Opacity



2024
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SHAP
ROA <0 SHAP
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0 4) Nshrsms  SHAP
SHAP
>0
7 5) StdROE ~ SHAP
; 6) Analyst ~ SHAP
x e 150
72% 70%
SHAP

SHAP Q

31

Asset Size
Bdnum
Indep  SHAP
SHAP
12 1/2
2 28
“ROA. .
3.3.2
SharEnd - IsDuality Age.
1) SharEnd ~ SHAP
CEO
SHAP 0
CEO
CEO
CEO
; CEO
CEO CEO
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Fig. 5 SHAP partial dependency diagram of managerial individual characteristics
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X Gender
0.5%
6 1) Opacity = -1
90%
RDBack~ MktBack OveseaBack~ FinBack-
ProBack «Academic~ LawBack 0 2) ROA € 0.0 0.05
2.43% SHAP <0
N S N ROA
IsCocurP 7 3) Leverage
0.67%.
3.3.3 Leverage
Opacity
ROA | Leverage SHAP 2) \3)
6 SHAP
Fig. 6 SHAP partial dependency diagram including interactive items
3.3.4 8
SHAP
SHAP
7
7 SHAP
Fig.7 A case study of predicting no violations based on SHAP
7 2019 N
( :300553) SHAP 10% N “B” .



8 SHAP

Fig. 8 A case study of predicting violations based on SHAP

8 2019

:603991)  SHAP

LightGBM
AUC  CEO
LightGBM
SHAP
CEO

SHAP

SHAP

( ) 4.1
CEO
20 520 CEO
CEO.
9
94% .
CEO 3.6
11%
45% .
CEO
93%
CEO 20%
8%
Table 9 Descriptive statistics of chairman’ s characteristics
Gender 20 520 0.94 0.23 1.00
X Age 20520 | 52.17 7.73 52.00
GTenure 20 520 3.60 2.68 3.00
SharEnd 20 520 0.11 0.15 0.01
IsDuality 20 520 0.36 0.48 0.00
IsCocurP 20 520 0.45 0.50 0.00
ProBack 20 520 0.08 0.28 0. 00
~ RDBack 20 520 0.20 0.40 0.00
MktBack 20 520 0.93 0.26 1. 00
LawBack 20 520 0.01 0.09 0. 00
OveseaBack 20 520 0.08 0.27 0. 00
Academic 20 520 0.28 0.45 0.00
FinBack 20 520 0.10 0.30 0.00
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10%
1%
CEO .
LightGBM
10
CEO
AUC
AUC 80%
9

CEO 10 ( LightGBM)
Table 10 Main results of model( LightGBM) based on chairman’s
characteristics

- 9
(1) (2) (2t

auc_train | 0.939 1 0.978 9 3.98

auc_valid | 0.790 1 0. 800 5 1.04

80% auc_test 0.8053 0.8105 0.53

Accuracy 0.6553 0.697 5 4.22

Precision 0.350 2 0.3828 3.25

Recall 0.803 0 0.784 2 -1.88
Kappa 0.284 0 0.330 6 4.66

( LightGBM)

Fig. 9 Importance map and summary of model( LightGBM) output based on chairman’ s characteristics
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XGBoost

XGBoost

BM
Boost

XGBoost
Boost

CEO
CEO

GBDT

. LightGBM

LightGBM

~CEO

10

LightG-
XG-

XG-

( XGBoost)

11 ( XGBoost)
Table 11 Main results of model ( XGBoost)
CEO
(1) (2)  (2) (1) /%

auc_train 0.999 1 0.999 5 0.04
auc_valid 0.787 9 0.789 7 0.17
auc_test 0.788 1 0.784 17 -0.34
Accuracy 0.673 17 0.685 1 1.15
Precision 0.360 8 0.3659 0.51

Recall 0.754 5 0.718 6 -3.58

Kappa | 0.2900 | 0.2912 0.11

11 XGBoost
LightGBM CEO

Fig. 10 Importance map and summary of model( XGBoost) output
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10
N N max_depth
3~10
N CEO learning_rate
0.01 ~0.1
max_depth {3 10} learning_rate {0.01
0.05 0.1} 2 6
4.3
AUC, N
12 ( LightGBM)
Table 12 Main results of model( LightGBM) based on alternative parameters
learning_rate max_depth CEO
(1) (2) (2) -(1) /%
Panel A:
auc_test 0.802 7 0.814 2 1.15
0.05 10 Precision 0.359 1 0.378 1 1.90
Recall 0.799 3 0.792 1 -0.72
Panel B:
auc_test 0.801 0 0.804 7 0.37
0.05 3 Precision 0.370 3 0.397 0 2.67
Recall 0.759 9 0.75217 -0.72
auc_test 0.803 7 0.801 2 -0.25
0.1 10 Precision 0.361 1 0.371 0 0.99
Recall 0.784 9 0.783 2 -0.18
auc_test 0.799 7 0.802 1 0.24
0.1 3 Precision 0.379 8 0.399 6 1.98
Recall 0.781 4 0.745 5 -3.58
auc_test 0. 809 2 0. 806 7 -0.24
0.01 10 Precision 0.3549 0.378 0 2.30
Recall 0.804 7 0. 7688 -3.58
auc_test 0.802 1 0.798 8 -0.33
0.01 3 Precision 0.387 9 0. 3820 -0.58
Recall 0.743 17 0.754 5 1.08
12
AUC 4.4
80% 1
3




13 ( LightGBM)
Table 13 Main results of model( LightGBM) based on alternative

rolling windows

CEO
(1) (2)  |(2) -(1) /%
auc_train 0.941 4 0.981 1 3.98
auc_valid 0. 800 4 0.809 9 0.9%4
auc_test 0.798 5 0.793 6 -0.49
Accuracy 0.727 6 0.712 9 -1.48
Precision 0.406 5 0.3923 -1.41
Recall 0.697 1 0.715 1 1.79
Kappa 0.342 2 0.327 6 -1.45
13
AUC 80%
70%
( Logistic) .
( SVM) . ( Random Forest) .
( GBDT) CEO
14

Table 14 Comparative study of different models

auc_test Precision Recall
Logistic 0.747 8 0.328 1 0.754 5
SVM 0.758 4 0.370 2 0.720 4
Random Forest 0.79 0.3811 0.743 7
GBDT 0.788 3 0.377 6 0.729 4
LightGBM 0.814 2 0.378 1 0.792 1
LightGBM
AUC Lo-

gistic.SVM 6%
Random Forest.GBDT 2% ;
LightGBM  SVM. Random Forest. GBDT
37% ;
LightGBM

0.5
LightGBM Random

Forest.GBDT
LightGBM
6

2008 —2019 A

LightGBM SHAP
CEO
AUC 1%
2%
CEO
CEO CEO
CEO
. SHAP
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Corporate and managerial individual characteristics and listed company vio—
lation: Evidence from a machine learning approach

HE Ying' REN Li-i° YU Wen-ei’ DU Ya-guang'

1. School of Economics and Management Beijing University of Posts and Telecommunications Beijing
100876 China;

2. Mobile Digital Consulting Co. Ltd Beijing 100080 China;

3. School of Management Minzu University of China Beijing 100081 China

Abstract; Listed companies’ violations have been an important issue that attracts the attention of the capital
market. While studying the causal relationship between single-dimensional variables and this issue is crucial
constructing an effective holistic prediction model is also of great significance. This paper constructs a predic—
tion model of listed companies’ violations based on important company characteristics and managerial individu—
al characteristics from the perspective of internal governance. Using a sample of Chinese A-share listed compa—
nies from 2008 to 2019 this study introduces two machine learning algorithms LightGBM and SHAP to ex—
amine the predictive ability importance ranking and prediction mode of the two types of characteristics on vi—
olation behaviors. The results show that the model can predict corporate violations to a certain extent and cor—
porate characteristics have a greater impact on the prediction than managerial individual characteristics. Spe—
cifically higher information transparency of listed companies higher net profit margin of total assets lower
assetiability ratio higher managerial shareholding ratio lower performance volatility and higher analyst at—
tention are associated with a lower tendency for the model to predict violations. In addition the model predicts
an increased tendency for violations when executives are young and when the chairman and CEO roles are com—
bined. Moreover most corporate characteristics and managerial individual characteristics exhibit a nondinear
relationship in predicting corporate violations which is consistent with the findings of traditional theoretical
and empirical studies. Overall our study enriches the research on the characteristics of corporate executives in
China from a predictive perspective and provides empirical evidence for regulatory authorities and investors to
improve supervision and investment efficiency and for companies to optimize internal governance mechanisms.
Key words: corporate violation; company characteristics; managerial individual characteristics; LightGBM;

SHAP



