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Abstract

In the digital economy era, the rapid development of financial technology drives profound transfor-
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mation in enterprise credit risk assessment models. Bank loan data contains rich risk information,
and through big data analysis technology, traditional risk assessment methods’ limitations can be
broken through. This study, based on a large commercial bank’s loan data, constructs a multi-di-
mensional data analysis model to deeply explore the intrinsic mechanism of enterprise credit risk.
By employing descriptive statistics, correlation analysis, and probability models, the study system-
atically explores the practical value of big data analysis in credit risk identification, prediction, and
management. Empirical analysis demonstrates that big data analysis significantly improves risk as-
sessment accuracy and efficiency, enabling precise portrayal of enterprise credit risk characteris-
tics and providing strong support for financial institutions’ lending decisions. The research results
not only enrich the theoretical connotation of enterprise credit risk assessment but also offer prac-
tical guidance for financial institutions to optimize risk management using big data technology.

Keywords

Big Data Analysis, Enterprise Credit Risk, Loan Data, Risk Assessment, Financial Technology

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. 518

X LTRG24, ARGHE AR PP (5 B AL BERE 7152 IR, S LARIN i i tRIE AR AL . K%L
P MrBoRBEET A, Dol s RS Pl 3R B A BoRVE . I 8 & 20 U5 M Ml DA RSBk 0%,
REHE 3 W R T AL e . — B IR R IR, eI Ik A5 P XU AR SZ AL 5 8 REAL Pl o HLAS 2 ST AR
TRERIGIN, DR TR AR 56 P B 1) Al X RO HE TN, AN vy 1 VRO HERAE, 3 E
T RS TV M L 4, O e R LA A S BN ah A 5 AT 45 A KU A BRAA AR i T AT RE .

2. HERERIAR

] Py oh e kAol A P XU YA HEAT TR AL . EPR b, Kevin Koharki Al Luke Watson (2025)%
FAE Journal of Corporate Finance [1] I8 745 i, 56 385 A0 WSS 7 BRI B (2 A Al A HE B 2 B IR EE
BT H, M FEARAS XU . He Huang 1 Yancheng Qiu (2025)#F Economics Letters [2]% 2 i 58l i 7
ProEE A m 548 5 B, R G EUE KR 5 (5 A 22 B 83 AU O8, 1X—RIANRE 2 WA BT R &
BN SE PESIE ARRE . 72 BT T T, A SC[3]5%(2024) 2 THRAT BB (S WX EER I AR, Brt & fE
PG B3 R AR TR U A NS E R E[4] (2024) % BUEC A0 R 58 i o 28 A A e 61 Jy 200
SRR, BT AR EREE s TRE[S] (2023)HR HE 1T R HERS E R B AN A ST A5 XU B
AR . X LR T B OIS R R, (HLTE 22 5 A B R S R R 2 SIS N FH O TS B RRIER N

3. RYE S Sl A KRR HIE I B f)

RE A M 5 Al A5 RS PP A P BRI S ik T < R R R AT XS iy PR AR o, AR My AR B I
A GV VARG B ACEERE A PR R BURS,  REdE 2 Ar s B B A OB BOR s,
O DY B R R TR, RO T 1% Gt f— R RN i S PP BRI PR, RS 20 A Bl
TR Al AE RS BB A M ATRS HE R, 3R T 1 RS TV (I P AT HE R, A RLFRAIR 15 B AKX
RERZ, HES) KU 12 7 B A AR RE AL

DOI: 10.12677/0rf.2025.153148 147 18 %5 S 2


https://doi.org/10.12677/orf.2025.153148
http://creativecommons.org/licenses/by/4.0/

4. SRITERBIRNABRESITE
4.1, [EREBIEEAERNSHIETREIE

Tt FC A U AR 30344 0 /S A R T O ARAT £l DR 3G BR IR A AR AR . S R a6 103,308 Z A
A, PN, EE 89.4%. AT A0 ARGV o 32(39.9%), AT il K Y LA BR 5T A RN
F(65.7%). HARTALIERFH MICE J7iEACERERJAR, B XA [F) 2R BYAR SR F A R R A MBE Y . LA &
15 FA TR B DT L, J3 2878 B A O 4 [l U o ok Bl A8 3 kI i J TR0 B0 40 A B0IE T AR FR 45 SR 1) & 3
FEAEATRA 30 RN, XHHHIEE3 N Z SR ST, B e AR R E R, Bk
M 15.3%FFK % 0.5%LL T o

EVE TN A NS W

x =S H (1)

Hor, X OB S BUE, xi NIRIGEUE, 1 NIIE, o NARHEZE.

SIS T AR B A SRS B WS Fabn. 15 D7 s 2 4k B b b B 45 . 7E 5,370,263 2%
fEPHBEACI T, B Z RSN 0.082, FrEZEA 0.275, RIHFEA AN A BEK FE L R AR R ZE
o RGALIEIR AT IR NAR R REIE 2 5 AL A5 RS SRS B s it 7 Ay SE LAt
4.2. REBESHEARBEE T

KEE DT AR ARG A I 2 R b5k, M@ ae b MBS TE M AE S . AR R ECR H £ o 20 i
(PCAY i1, BE4ER B AR E AT AR R N

max {4, 1p.-+, @
Horp 4 ROREFIEAE, B B KA 3 A BT ZE DR, e B XU FE AR

WA= I FIEE BRI TS0 S BEVUARMER: WIEE 500, mARIRE 10, FRFEFRH
HEIERE, S EN: KA RBF R, EHNSH C=10, ZEHESH =001, BERIAN: ET
XGBoost SZHL, > 0.1, BKIRE 6, TRAH] 0.8, IREIMEE . =240, RigZEML ok
43524 128, 64. 32, dropout % 0.3,

43. EARKIEGERGE
125 FH DU, PP A AR 70 A 78 e IR BLE A R A AL, B A N
H; =—k2(pij *'“(pu‘)) @)
o, HyATRFPRIE, i NERUELL S FEARNER, k AH $.

T B NV E I, R S AR RR S DL S B . KBS TR A AL A T logistic [81 A DL & v 3
PR, R AR T A AR
1
P(y)=

) 1+e™
Hrpb, Py E R R AEME, 2 HEMHAA BN &,

WAL ROC BHZE LA K K-S it & AL T M RE, 57 20 45 KU S WM ML) o B B2 B A 5 £

MEAE F XS AT RS HE IS, AARAT (S DR R SR BRI s DR B O 2 e ST HF

(4)

DOI: 10.12677/0rf.2025.153148 148 BE 51


https://doi.org/10.12677/orf.2025.153148

5. KRStk (= A R TTEAE B SSIER N
5.1. KBRS REIRABEDRIRA

RE R Wi 22 45 P 5 R Z O R P24, R M0 1 Al A5 T DAURG PR3 A < T 4 DA BORS VA (B
1)o ARGE USR5 J5 75 3 PR 50— 4 R LA S M, TR B 70 i R 173X — BRI [4] . il
BE M S 1ahn 5 28 Bl UL LT 905 B UL AR VR 55 2 IR A s, s A Al S EHR . Bl
W) FILRE IR AR AR R AR, PRI R I U5 5 DL SRIBRE S, DR B v XIS TR £ UK
JE o BRI T LU S R N R B A 1 5 A v XS, RV R A4S, S IR FR) S ST T8 o 0 BIX 8l 1) XL
W ITIEALBERS RN T R BRYE, I B SEIIR A A5 FI RS B804 5 s B, O ERbbLrR
AL N4 T LAARN B XU 52

Table 1. Key dimensions of big data analytics for enhancing risk identification capability
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Table 2. Comparative analysis of predictive performance of different models
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Table 3. Comparative table of the practical value of big data analytics for credit decision support
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