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Abstract

This paper proposes a method based on Graph Neural Networks (GNNs) to predict the repayment will-
ingness of borrowers. Repayment willingness is a key factor in credit risk management, and accurately
predicting itis of great significance for reducing the risk of default. Traditional methods, such as credit
scoring card models, are widely used in credit assessment. However, their linear assumptions and lim-
itations in modeling complex relationships restrict the accuracy of predictions. Graph Neural Networks
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are capable of effectively handling complex relationships and non-linear features in the data. By con-
structing a relationship graph among borrowers and using GNNs to learn the embedded representa-
tions of nodes (borrowers), the factors influencing repayment willingness can be more accurately cap-
tured. Experimental results show that, compared with traditional credit scoring card models, the GNN
method demonstrates significant advantages in terms of prediction accuracy, AUC value, and F1 score.
It outperforms the scoring card models comprehensively, providing a more efficient and precise new
approach for credit risk assessment.

Keywords

Logistic Regression, Graph Neural Network, Machine Learning

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

< ik AR 11 DRI 42 o) e SO0 T T R T & /2 B AS S I L 230, A R0 JRUR: 28 ol 44 e m LR
38 ) U AR DL R s i R IR 7, A B TR B E R AT R i . AT &, MERG
Seat A d, ME A RE SRS AE AR AR AT I — D00 0E 30l 25 ) B 2 75 BEARAT RN A7 o AR G i) XU
WAL ik, BARRETZ NP S REAL. 1941 45, Durand [1]38 H 80 H TR AS B BEEK K
BB SN T VP REERLAETE, BEJS S0 424K, SEE M Fair Isaac Company A ] & B ] FICO——
BN NEHED RGE—— N T8 — DR PR R o B W] 0P 20 R 5k Ja T 2 At A ) 7
W, LU F 72 Altman (1968) [2]FT#2& H 5 T2 5o H 0 73 #r ) Z-score #27Y, 2 J5 Altman %%
(1977) [3]1XAE Z-score BRI LAl FHEH T ZETA B . T AN Y 1) (i B 75 1 19 3 280 D 4 1 ) o A
A, R AR R AR R I AE . 20 142 80 4E4X, Wiginton (1980) [4]14 S 7 T 3 132 45 0]
VRS IV B, T 3 M B 38 4 (e VA R PP 20 R AL By 1 5 K < T 22 4 d i FH KD 7 ol KU
PEAG AR

T G AT S T3 45 [ A B9 ) Vo0 R A LA Gk 1R U A 2 B e A b B AR LR PR E A, 5
ANMLES S HR I RS R T B WA S0P oy R R A s . B — R M Bdm 454, B
T RAX AN B, AR IR X RO R R A2 B TR R H o) T2 R R I Ik, A
NGB BB . TEIRRILS . TRIE E Shmidasss T AR EAR, & SO 7 F - Ab 2 B 5008 1 i e )
LREEF—— PRI 4 . Wu 25(2019) [S]H2H GNN EZ LU RIS #IFEME ML, SRR M
2%, K SN YA 2 AN 25 A N 2% . Scarselli Z5(2009) [6]7E 3 VA48 /9 2% (3L RE 2 M T ] )3 )
P22 RN 28 5390 GNIN 5 FH BRI A0 22 R 28 3 N4k GNIN AT ZS 38, GNN PANIRLR, 3% 3 GNIN (BS54
PR 40 VA — A 2 o 3007 2R 30 A7 4 A 40 M DA R A 5 R B e f 8 R b AR e, Hodh (2 L8 UL FE Kipf 25
(2017) [71EET OIS R ZHA0E 42 H ) GCN LA He 5(2022) [8]2E T Bernstein 2 I =CIT {442 (1)
BernNet; 738 GNN ME T4 Gt F G R I 26 735 B0 B EAT B ARERAE, &80 U S Micheli
(2009) [9]#2H fJ Neural Network for Graph (NN4G)PA K Gilmer %5(2017) [10]32 H #J Massage Passing for
Neural Networks (MPNN).

TEAE DR IR, 5 Gn 40 ) 2t R B 2 S A 1 S 1B AR AR S ol 2% 75 SR 1), i EL BB 45 44 1

DOI: 10.12677/aam.2025.145232 54 W Bt e


https://doi.org/10.12677/aam.2025.145232
http://creativecommons.org/licenses/by/4.0/

T

N AR B PR 22 [ Bt 4 R 75 5 T e A AR R PR TR e R T Bl i L, 22 5 SO T IR
CNN WF7E, £ CNN Sk all ER SOy IE ] T B S MG R M 248 5k . RREZEH
PRl A A CNN S TG JR IR RS [ R I A 5T, IR Bl P2 40 Be i T AR I PG 2 18] Hodls 45
Bk &R, TS THEE R P RE . S UL, EEGRUR 2 0 2% 5957 BLIe 20 R ki 538 2 18]
RIKKFR, T SEBLR A 57 519 ml 5 R WAL I Th e -

2. AERRBREEL
2.1. Z38EYT

BRI — PG T, T R MER Y (Generalized Linear Models, GLM) ) —FREE 2,
BSOS H0U L R BRHCK R AT H AR S B 2 1A 0 R AN . RN e AL B — 4 SR ), iBRE
IRBFHI AR PR 2 43 2K 00 . MR B, e@ak @ oA s, AR I A VR AR A e e I A AR Y
SR, AT IR R A A . B R R o — e, a0 F1 1 (). B4
IS Sigmoid BRECKE 2 VRN 1) 45 SR 20, DIEEIN, MR FEERAENBER ., BRI,
TR AR T 73, B A 31 2k RO SR i e 2 8. BB AR AT LR R A -

1

l+e®?

P(Y=1|X)= (M

x

Hrr, P(Y:1|X) FORTEL ERFEIR 2 X AN, BREE YEUEN 1| (IR, /X 235 NE B
¥ Em & X AR
2.2. BERML%E
P26 # 4% (Graph Convolutional Network, GCN)J& —Fft F T & 25 b Bl (R 5 2 S 18 . GON AR
(1) 3 A AR i L B S AR VR R ) SRR, AN AT LA 1 i 95, B RS T 55
WNF—ABG=(V,E), Hhy Z2Wa%Es, ERLES. WX RTARERERM, A4=2RBRAEE
B, DEJEREFE, B2 GON BEAEE 1 )24 v DLRIR A :

1

H" = a(ﬁ_zﬁﬁ_;H(’)W(’)J )
Seh, HO RS RN S RTIERE, A = A+ DRAVBEREIN LI GOERE, D A A PR, WO R
ERIRER, o & B2 3s s
3. ERYEERTMLETE
3.1. BIEEENSE

AR F P P (0 B R T BT 5 R B BT 93 SRR T BE % LE SRR S5 O U
PHGE T Y. BARGk B AT A ERICR, BEIEREIEF] 800,000 %, W 475 RER, H
15 PN A AR, BRE AN ERRILIE 1 s,

Table 1. Loan repayment willingness prediction dataset
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Figure 1. Confusion matrix of logistic regression model
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Figure 2. ROC curve of logistic regression model
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Figure 3. Visualization result of graph-structured data
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