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Fig. 1 Partial DSE knowledge graph of Tesla Inc. (2018)
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Fig. 3 The vector representation and operation rules in the semantic logic of single-relation and multi-relation triples
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Table 1 Descriptive statistics of the main variables
PIFT -0. 006 0.979 -2.885 1.622 0. 158 -0.031 0. 190 ***
FTA 0. 341 0. 340 0. 000 1. 000 0.375 0.336 0. 039 ***
FDA 0.468 0.321 0. 000 1. 000 0. 494 0. 464 0. 030 ***
Acdm 0. 208 0.119 0. 000 0.571 0. 194 0.211 —-0.017
CEOCFO 0. 462 0. 499 0. 000 1. 000 0.513 0. 454 0. 059 ***
DirTovr 2.799 6.523 0. 000 30.769 3.647 2.675 0.972 %%
) : ) Wil 1% 5% 10%
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Table 2 The sample distribution of the variable values
1%
-3<PIFT< -2 1418 140 8. 986
-2<PIFT< -1 4136 479 10. 379
-1 <PIFT<0 9 608 1315 12. 039
0<PIFT<1 13 464 2124 13. 626
1 <PIFT <2 4 687 1011 17.743
FTA =0. 00 16 602 1 851 11. 149
FTA =0. 25 9 159 1252 13. 670
FTA =0.53 7 587 1 040 13. 708
FTA =0.75 4 862 717 14.747
FTA =1.00 5524 743 13. 450
FDA =0.00 6 567 704 10. 720
0 < FDA<0. 25 6 553 799 12. 193
0.25 < FDA<0. 50 9776 1261 12. 899
0.50 < FDA<0.75 10 904 1 486 13. 628
0.75 < FDA<1.00 7 082 978 13. 810
Acdm =0 3127 351 11.224 8
0 <Acdm<0.1 3 055 493 16. 137
0.1 <Acdm<0.2 15 359 2 154 14. 024
0.2 <Aedm<0.3 12 465 1 620 12. 996
0.3 <Acdm=<0.4 5310 603 11. 356
0.4 <Acedm<0.5 2 064 188 9.109
0.5 <Aedm <0.6 1 188 84 7.071
1 2
PIFT  FTA.FDA.Acdm.CEOCFO. DirTovr 5
5 PIFT 5.1
PIFT 3
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Table 3 The impact of PIFT on the probability of corporate mishehavior
1 2 1+ 2 +
*kk *k¥k H*kk
IET 0. 092 EhispAD 0.017 0.016
(0.015) (0. 006) (0. 006)
0. 169 *** 0. 168 *** 0.074 0.057
- N O . e v
CEOChair (0.034) (0.034) SaleGSY (0.055) (0.055)
IndeoDin® 0.194 0.233 LaraD 0. 037 *** 0. 036 *+*
naepor (0. 156) (0. 156) e (0.011) (0.011)
-0.553%** -0. 568 *** 0. 064 0. 064
. o - O
InstOC ( 0. 090) ( 0. 090) OCFRaiio ( 0. 049) ( 0. 049)
kK *kk *kk *kk
BrdSize® 0.198 0.185 OCFVolaD 0. 064 0. 066
(0.047) (0.047) (0.010) (0.010)
0. 789 *** 0. 779 *** 0. 201 *** 0. 190 ***
BrdMeet © dRECTY
raeet (0. 043) (0.043) (0. 065) (0. 064)
0. 277 ** 0. 286 ** -0.033 ~0.067
IndepAud ® Invent™
ndepAud (0. 130) (0. 130) dInvent (1.003) (0.985)
-0. 187 *** -0.179*** -0.027 -0.028
Lo O
BrdAudit (0.032) (0.032) dCSale (0.022) (0.022)
—1.191 %** —1. 177 % 0. 026 0.024
o O
Eqtlncent (0.203) (0.202) dNIBE (0. 026) (0. 026)
— 1. 249 *** —1. 183 %% -0.012 ~0.007
N O N
EqiCon (0.112) (0.113) IndusQ (0.251) (0.251)
~0. 762 %% ~0.763%** ~0. 225 ~0.210%**
Bigd© I O
€ (0.093) (0.093) ndusCon (0.075) (0.075)
-0. 1 Kk —0. 1 *kk 0. *%k —0. *%k
Analys® 0.159 0.158 w0 0. 063 0. 058
(0. 008) (0. 008) (0.028) (0.028)
0. 081 *** 0. 081 *** -0.232 ~0. 176
O O
IndusFraud (0.003) (0. 003) Vola (0.393) (0.385)
-0.091° -0.088" -5.106*** -5, 175 %%
Tonsg® 09 088 5. 10 5.175
(0. 048) (0.048) (0.229) (0.230)
44 261 44 261
Pseudo. R* 0.077 0.078
In LValue -16 133 -16 115.0
LR(df=1) 35.952 %%
0 1) (LR ) 1 2 :2) o0 O
4 . ) BN 1% 5% 10%
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Fig. 4 Comparison of the importance of governance—elated variables ( using SHAP method)
4 PIFT
Table 4 Comparison of results between PIFT and important comparable indicators
(1) (2) (3) (4) (5) (6)
0. 087 *** 0. 088 *** 0. 086 ***
PIFT
(0.016) (0.016) (0.016)
0.233*** 0. 227 ***
FTA
(0.043) (0.043)
0. 173 *** 0. 165 ***
FDA
(0.047) (0.047)
0. 119*** 0. 110***
CEOCFO
(0.030) (0.030)
e —0. 445 % —0. 4597 -0. 456" -0. 470 —0. 446 -0. 4607
cdm
(0.130) (0.130) (0.130) (0.130) (0.130) (0.130)
0.017 *** 0.017 *** 0.017 *** 0.017 *** 0.018*** 0.017 ***
DirTovr
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Pseudo. R 0. 080 0.081 0.079 0. 080 0.079 0. 080
In LValue -16078.4 -16 062. 4 -16 086.2 -16 070.0 -16 084.9 -16 069.3
LR(df=1) 109. 128 *** 32.078 % 93.501 *** 32.398 96. 226 *** 31. 2427

PIFT 3 5 Logit (1)« (3) (5) (LR)

Logit (-16133.0 3¢ 1+7 ) (2). (4). (6) (LR)
(. (3. (5) N 1% 5% 10%
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(a) (b) ( Shapley )
5 PIFT FTA. FDA. Acdm. CEOCFO. DirTovr ( SHAP )
Fig. 5 Comparing the importance of PIFT with FTA FDA Acdm CEOCFO and DirTovr( SHAP Method)
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Table 5 Robustness test: Regression based on the BiProbit model
BiProbit m( |SHAP!) BiProbit m( |SHAP!) BiProbit m( |SHAP!)
m | @ (3) @ |0 (6) m | ® (9)
Panel A ”
. K*kk . Kkk 3 3 *kk
PIFT 0.088 0.084 0. 101 0.083 0. 10 0.085
(0.018) (0.020) (0.020)
*kk Fkx
FTA 0.39. 0.359 0.070
(0.070) (0.072)
Kkk Kkk
DA 0.348 0.319 0.046
(0.070) (0.069)
*kk K*kk
CEOCFO 0-157 0-127 0.072
(0.042) (0.041)
-0.057 -0.208 -0. 100 -0.103 -0.127 -0.083
Acdm 0.044 0. 045 0. 046
(0.221) (0.180) (0.204) (0.200) (0.209) (0.199)
*% Fkx *k *% Kk KKk
DirTour 0. 007 0.011 0.065 0. 007 0.007 0.069 0.010 0. 009 0.068
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Panel B 7
* *% *k
PIFT 0.021 —-0. 04 —0. 04
(0.011) (0.021) (0.022)
K,k
FTA -0.254 0. 041
(0.065) (0.031)
Kkk *kk
DA -0.212 -0.197
(0.064) (0.063)
_ * ~0.052
CEOCFO 0. 086 0.05
(0.044) (0.041)
ded) -0.239 -0.3607* -0.335 -0.342 -0.244 -0.355"
cdm
(0.223) (0.102) (0.210) (0.211) (0.234) (0.214)
. 0.001 0. 006 0. 004 0. 004 0. 000 0.003
DirTovr
(0.003) (0.002) (0.003) (0.003) (0.003) (0.003)
In LY alue 157522 —15745.3 15 686.4 —15 665.8 15 705.6 —15709.5
LR(2) ' 13. 848" ’ 41.26% ' 32,2747
1) (2. (5. (8) (LR) (. (4. (7 BiProbit df=2;
9) e e 1% 5% 10% 3) (3). (6). (9) SHAP (m( ISHAP1))
5.2.2 PIFT
“« 7 (1) nPIFT.
31.27%. (1)
/ « » PIFT
“ ” “@ » 26 ( mPIFT)
. . b
mPIFT, = median( : LEJ sim(v, f.))  (17)
iid T
median( *) U ;
13
(1)
(n ” nPIFT  mPIFT 6
1) 4 PIFT
+2) PIFT
SHAP (m( 1SHAP1Y)
PIFT 5
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Table 7 Three types of knowledge graph construction: PIFT,, PIFT, PIFT,)
(1) m( | SHAP!) (2) m( | SHAPI) (3) m( | SHAPI)
0. 087 *** 0. 087 *** 0. 090
PIFT), 0.091 0.091 0. 087 ***
(0.017) (0.017) (0.017)
0. 045 0. 047 0. 063
PIFT, 0. 064 0. 066 0. 045
(0.017) (0.017) (0.017)
0.015 0.014 0.014
PIFT s 0. 037 0. 037 0.037
(0.016) (0.016) (0.016)
0. 224
FTA 0. 069
(0.043)
0.161***
FDA 0.051
(0.047)
0. 108 ***
CEOCFO 0.072
(0.030)
—0. 493 *** —0. 504 *** —0. 494 ***
Acdm 0.061 0. 062 0. 063
(0.131) (0.131) (0.131)
) 0.017 *** 0.017 %% 0.017 7
DirTovr 0. 085 0.084 0. 085
(0.002) (0.002) (0.002)
Pseudo. R? 0. 081 0. 081 0.081
In L-Value -16 051.9 -16 059.4 -16 058. 6
LR 53. 092 *** 53.712% 52. 522 %
. 1) PIFT,\PIFT,  PIFT,; PIFT: ( ). .
12) (). (2). (3) FTA.FDA  CEOCFO ;3) m( | SHAP1)
SHAP o 4) (LR) 4 (). (3). (5 Logit
3 df=3; 5) . 7 1% 5% 10%
PIFT, . PIFT, . PIFT,,
20% ~30% PIFT,PIFT, PIFT,, (2)
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( FTA\FDA.CEOCFO.Acdm  DirTour) Prob(y, =1) = A(B, + B, PIFT;,_, +
4 “ B.PIFT, ., x H,_, +BX;, ., +&,) (3)
0 X\ ( (2); PIFT,
DSE PIFT( (1))
6.2 PIFT,( 6.1 ) H. Ind-
Fraud5 ( StateOwn
(Ind- ). ( LawLevel
Frauds) N ).
( LawLevel) . ( NERI)
“ " 8 . IndFraud5 LawLevel
L 7 PIFT( PIFT,)
: DSE PIFT
PIFT ( PIFT,
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DSE ;
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Table 8 Heterogeneity analysis on the impact of PIFT on the probability of misconduct
DSE( PIFT) ( PIFT,)
(1) (2) (3) (4) (5) (6)
oI 0.038" 0. 100 *** 0.039° 0. 082 *** 0. 109 *** 0.076***
(0.022) (0.016) (0.021) (0.023) (0.016) (0.022)
PIFT x IndFraud5 0. 4157 0-164
(0.118) (0.119)
PIFT x StateOwn ~0.0%3 ~0.0%3
(0.024) (0.022)
PIFT x Lawl.evel 0.1237% 0.060°
(0.031) (0.031)
Pseudo. R2 0.081 0. 080 0. 081 0. 080 0. 080 0. 081
In LValue ~16 048. 1 ~16 053.4 ~16 046.2 ~16 050.0 ~16 050.0 ~16 049. 1
7 t - - »
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Measuring fraud tendency from the three-dimensional composite characteris—
tics of top management teams: A new indicator based on knowledge graph

FANG Li-bing' ZHANG Ke*™ LI Xin-dan' LI Wen-zhong’

1. School of Management and Engineering Nanjing University / Jiangsu Key Laboratory of Digital Finance
Nanjing 210093  China;

2. School of Digital Economics and Management Nanjing University Suzhou 215163 China;

3. School of Computer Science and Technology Nanjing University Nanjing 210023  China

Abstract: The top management team comprising directors supervisors and executives ( DSEs) is the pri—
mary group responsible for corporate financial misconduct. By applying knowledge graph embedding ( KGE) to
DSE profiles this paper constructs a novel fraud propensity indicator ( PIFT) that captures semantic similarity
across three dimensionso personal) basic traits governance structure and cross tiesHrom a holistic perspec—
tive. Empirical tests using Logit and binary Probit models reveal that Higher PIFTs are associated with a grea—
ter likelihood of financial violations and that compared to single-dimension indicators PIFT demonstrates
superior predictive power. Further analyses show that non-independent directors play a dominant role in driv—-
ing PIFT’ s effectiveness that the proportion of fraudulent firms in the same industry strengthens PIFT’ s im—
pact and that higher regional legal enforcement enhances the link between PIFT and fraud risk while state
ownership remains insignificant. This study establishes a new starting point for applying knowledge graph em—
bedding in corporate finance research following the standard empirical financial research paradigm.

Key words: financial misreporting; corporate governance; knowledge graph; machine learning



