Advances in Applied Mathematics BZF$2: 3, 2025, 14(12), 201-214 Hans X0
Published Online December 2025 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2025.1412500

i

ETGBDTREN T &Rt EVER B F #f

RERY, MRS, FXW, AHR

VAL E e S i E e L, W R
At aE B e b, Wb fRE
S bR s B A BE, AL fRE

ks H B 20254F11H11H; A B 20254F12 350 KA HB: 2025412 10H

wm B

EER, REEBMHERER CGERRE, REHERFR, AMEBNBETRERITERE, HIIETFHK.
EHREY K FHERBAORKRE N, RERSRTEEER, TS TRAFEARKEE. TR
IR . A SCHNLER 2 S R B B T SR N B XY : et 5L ELEC I TE 3R SRl R R IR | 53K AN HFIE
HBABRERRAS: BorHRERKESEK. FRSHE, BRRKVERE; 835 DKaggleM i $iE
RER, FiibHE 5 FHXGBoost. LightGBMAICatBoostli B YI%:, KBRS, BTSRRI SES
Brs BEETHF 5 HHnGEE £ XS TR & 2 B L

Xiid
HERME &R, ML, GBDT, Bifkik

Research on the Application of GBDT Model
in Financial Fraud Prevention

Hongwei Zhu'?*, Jiaxing Liu3, Xingbo Li2, Haihan Jiao?

'Hebei Center for Technology Finance and Collaborative Innovation, Baoding Hebei
2College of Financial Technology, Hebei Finance University, Baoding Hebei
3School of Management, Hebei Finance University, Baoding Hebei

Received: November 11, 2025; accepted: December 5, 2025; published: December 10, 2025

Abstract

In recent years, China’s internet consumer finance has developed rapidly, boosting consumer demand,
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opening up new lending channels for low-income groups, and driving economic growth. However, its
rapid expansion has also led to an increase in lending default risks, with risk characteristics differing
from those of traditional finance. The industry is in urgent need of innovating default risk manage-
ment and updating governance strategies. This paper uses machine learning ensemble models to pre-
dict borrowers’ default risks: first, it examines the development status of internet consumer finance,
borrower characteristics, default situations and their causes; second, it analyzes the classification,
characteristics and prevention of consumer financial fraud, and outlines anti-fraud models; third,
based on data from Kaggle, after preprocessing, it trains XGBoost, LightGBM and CatBoost models to
obtain optimal parameters and establishes a comprehensive evaluation model for empirical analysis;
finally, it puts forward suggestions for strengthening default risk prediction and management based
on the research.
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1. 5|15
1.1. RS

B TR L e, R R THIE K ME R R, R R AT T RE K,
WA T N0 it A TG B K . L 80 Ja .+ 90 Ja AR R BRI el & sl . mERZ, Hitk
R G R EE, B0 TG . BB S SR E R, A B AR G R 4 P
&, BRI . 4 Wind 285, 2022 AR A5 AT PR AR R FE b BT T IR I 9% S bR
B8 . 2022 4, [ E RV 2 S RAT M SGRRUE 21 J340 00, [FEEIEK 4.3%; REFIEL 6.2 /i1
JG, (ALK 7.2%.

AR S A B ) 1 e 4 £ R N A0 40 IR S0 R0 B O AT 8 B 0, A RS VA AR, o A RN )
LM S LR R T 08, IFiEid Kaggle P3G 1 1) Credit Card Fraud Detection £ #i& 4 47 SEUESGIE,
SN [ IR I 51 9 4 R P 4 AU A BB AL BT IR B S HE

12. IR

[l Py A1 22 5 AN 2 45 FE AT 7 EL IR RV 2 Rl sk NGB 20 R, B i Y AP BRE MR AR . T 4 7
R = RTT 1]

PIRPER 25 TR, A 7K 2655 (2019) [L]36 S 2 P 2665 2 AT 8 5 OB = 2E R0 ANETE
= L, B E(2016) [212R M5 F- 6 %%, Niinimaki J-P (2019) [3]-VEME B X7 5 EAKIFR . FFEFR 4 5
IS BT W55 uk%0, XIIEFH(2017) [4]. HEAR(2019) [S] MR RAZ B H . kL, &
S AL GBI [ B A 57 o) S Rila A R Y, I ]45(2018) [6]#4%E GBDT HE AR kA 4,
Dahiya S %5(2018) [713#1d 2 Hl 43 & 5 3] #54R THRFE AL S HUAE R %

BEKRE, WA EENZ AN, Lo SEREL, AN SELMAEEARE . B
BARN AR B PR HESEA e B 5 . Rk, ASOM EE 2 FiLas 2 SIS, #4)d XGBoost-
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LightGBM-CatBoost fl & #5824 KU Tl £ (B 6 4%
2. R EA
2.1. HBREREIES

HRERUE, WVEREAREM, K& ESLMRATIRISAES. L bFRIEZE+TT
BAGHENBL WE M EEh . B E B REREN BRIRVE =R, Hrp AR
fEFEMEICE, ZTIVEINE RS E 0L s, WREERR. SFRRELZT, HAI s En &
BB HIEPERIIELR 4578 P el s )R E AR R

TR ERRER AR . B, BVEE ST RIEEEL, AT MA R G, Tk, BEERR
K, WAVETFBAWEY, il S AMAT; iR b, & BV SSIAEER . FRAAHEER <5 i)
A, VRS HORT s VRV ERBOR BN, T ROAURGE, LR .

BEXTIX LRy, BEIRVE R N =J5 T3 2 5835 B ELe], a2 005 BAGHERB s M
S EAR, R 2 YEEAT O, St g TS R AN, O FHITIRVE FOR A AR BRI .

22. iHEEERR RERE

2.2.1. MF/HEIJER

IR R R AL A% 2 ) HRAE SR EE AT 5 R N I 2 . s BB S W, R
HHNTRHCREARNIZ, SRS, Wk 58 Bt R AGHE 2 21 /335, W K-means
s, SEERPEBES S M. SESIES REALL, TSI EAE RIKVERSGMBMNE, 46
KA RER A R R G, Bh 0 P SR LA B A R, PRAGARSS, e M GRS 25 K.

2.2.2. GBDT &8

GBDT RUBSEEIRTF R HEM LI, I MART . ‘BRG] B2 ST 85 (2 RN, FARTIUIN 45 R i
A, RS RN SRR IS BRSSO GR, KAT— SRR, G iRAIFEAR T
B, PRI RGBS I AR AR TN . REUGE A S SRR E, MR R A TME .

2.2.3. XGBoost &Y

XGBoost &% GBDT Iflif, FEH TS B, ek 2B il B Aneki 4, R
TRGHERAE N — DR R, RS S5 S SRR . AR, JefBismaite, v R RN
PR B DR B R /340 T A R T R, B AR, B SRGE, &y
PRI, AR R BN XIS R RR BITUE AT L5, A R B B AR D S T RE

2.2.4. LightGBM {5

LightGBM (Light Gradient Boosting Machine, &2t EZIEFHHL)E GBDT Hikm b mfTA, HAE
BROHT NG TR, EERFAURINGRE TR WAFHFEIG. #ERRm, JF SR E AL
W, EHT A LightGBM R4 H it b B KRR I GBDT A AR &L 75 3k ] BT AT i) B
M LUSEX R O, A B 3 B T Tl R

2.2.5. CatBoost &3

CatBoost &% GBDT HE4L[H] Boosting &t 5%, 5 XGBoost. LightGBM #HiT. ‘&R FHXTFR I
FWHEAR, m RIS BURFAE, W] A Rh B i 22 5 TR RS ) A, 3R BT F3h T 32 R 4E . 2R
INSEERIUL. SCFF GPU JRAT 4R, Bt & TIPS 34
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2.2.6. XGBoost-LightGBM-CatBoost {&#

XGBoost-LightGBM-CatBoost # il & T XGBoost. LightGBM Al CatBoost 5ykffL 3, it 5 #r
ISR E SRR . SCHUP RO R IR IR R R RS B S H A S N D
TAR s AN Kb R ACHR S N5 SR, IR 350 (O A T 14 B 7 ) s 26 MIIASURE 256 B v 28 01 g e 248 T 45 51
PR IESE A SRR, TRANAN R, BRSO E S, SR E SR, BARAE Z RE
BRI AE

3. EEXMH B SR B AEL KRG R

A5 4 ] Kaggle /34 Credit Card Fraud Detection $4 4£2E17 4047, T F 5 BAIH P22 5474
LR IRVERERY, {3 FHAIXT EE XGBoost #i% . LightGBM #i%, CatBoost #i%F1 XGBoost-LightGBM-
CatBoost A (1 RE, SEILE Rl SR VES, A2 B R fE I dn s 1.

— I FORLIZR

st (o SYOTERI L Ao

EraliZNE e

l

SR TR

-1 DhseE

Figure 1. Model flow chart
1. RERIEE

3.1 BiEALE

3.1.1. BiEkiE

A HHE KR T Kaggle W3 Credit Card Fraud Detection 3 4E , $L3HL 74N A\ {5 58 % 1d 5% 284,807
o, FHIEHCR 28 . A IEHIEHEEE N 284,315 5%, EAEIE N 492 5%, WA HIEL ) 0.00173,
B RRRINE 1.

Table 1. Dataset results presentation

* 1 BIREERRTR

FEA S HT e
REEARN L 284,807
HAN 492
IEH AL 284,315
W R 0.001727485630620034

3.1.2. BIEFALE
(1) BRARAEALER
FERHE TRALBR R BUELHEAT SOR (AR B . A B A A IR A AE BRI, MORE RN 2.

DOI: 10.12677/aam.2025.1412500 204 N H it e


https://doi.org/10.12677/aam.2025.1412500

Table 2. Results of missing data imputation

F 2. BRE(EAELER

ERIAB L BRI JUSLEEPC
Amount 0
Class 0
IEHA Int64

(2) FEAEI

LRI B e R Bl S5 A AE BT 0. RO 713 I L VI AR R A,
IEGUREAR LA A 0.18%,  UBIRE AR, BRI B A0 P S AT RE A S A0 B, A S SMOTE #fiikilt
PRI ALEE, W 3.

Table 3. Balancing class distribution

3. HEARELIE

Al Jo AL F R T Ko
SMOTE #fi{H AT I SR FE A EL 199364
SMOTE B AT VI 2R IEFE A 4K 356
SMOTE #fi {8 Al Y 28R F e A% 199008
SMOTE i {H Al VI ZR4E 1E SiFEAS Ll 0.18%
SMOTE #i B J& Il 2R 4 IE iR AL 199008
SMOTE i {8 J5 VI ZR4E IE SiFEAS Ll 50.00%

3.1.3. BuBtHERE
A SCAH FH Catboost MAFEREAT RS, VEEBIE N 3%, L0k )G B4R 13 M, TR
(R AIE 97508 L 22 4

Table 4. Feature screening based on correlation coefficients
i 4. ETHEXRBFHERIE

Feature Correlation
Time 0.012323
Vi 0.101347
V3 0.192961
A\ 0.133447
\Z 0.187257
V10 0.216883
Vi1 0.154876
V12 0.260593
V14 0.302544
V15 0.004223
V16 0.196539
V17 0.326481
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3.2. HEXMiHBSSRERRAIE L KBS UM A9 SSIES 4

3.2.1. EREIMEEITHIERR

N T XFEE XGBoost #i7 . LightGBM #:74 . CatBoost #5784 Fl3E - — 43 28 ALK 5 22 1) 48 R A 7Y
XGBoost-LightGBM-CatBoost, A ffi[f] ROC k. AUC 1. KS {H S#ERIZR . K&K (Precision). 7 [A]
#(Recall). F1-Score HEATXILE, PN FEARIS AT i8I IRIE HE MR AT

ROC (Receiver Operating Characteristic) {1 £ /2 " 73 K8 1t Re i) — N EE T R . e@id 2 AN A 1)
fH VB N, EIEZR(TPR, True Positive Rate) f1Mi IE % (FPR, False Positive Rate) 2 [A] [ 9% & KPPl B G .
TPR & H FPR R TY M REAR 5, ROC HhZkieldzin /2 b Ay, UiHARET IX 73 8 7158 . AUC (Area Under
Curve){H %7~ ROC 14 F I, AW R LI — N giit 2. AUC EREZIT 1, Ry i) wil gé
JIHRLT, RESE A BOHIX 4 IR SR

TPR = —17 )
TP+FN
FP
= 2
FP+TN @

TEERIRVES S, IEREARID, SREAR B4R 25, AU AR 525 5 168 B B M e 1R A
B, 5INKEH 2R (Precision) 14 [5] 2 (Recall) 58 8 . s B S 487 S AR 7R T A R VE OO RE A h SEZBR A BVE )
Eefil, A R e fhy B T B SR VERE A Th A R s DR ) L g . FL-Score J& & AR, EHFA
P EIE. FERRER . [ 3%F F1-Score MR A XU :

TP

Precision = ———— (3)
TP+FP
Recall =" (4)
TP+FN

Flo 2x Prejc.lsmn x Recall )
Precision + Recall

TESEBRL S, 8 TR EAER R S A B AT . BRSO TE, TR TN Ve
Sl FERE A EIE, W] RRRE 2 IR A G R FUNIRVE . BRIk, PR b 55 XU i 2 18 2 43 S5 RME

KS (Kolmogorov-Smirnov){i H -5 S AR A0 IE SRR A K A Be T FaHR, € R K IERARIERZ ZH)
HOKAE, AT DA BV S AR [X A0 IE SAREAS IR BE 170 KS 1B ST () ) 51 B JJAEAE IEAR G, 8% KS KT
0.2 RP AT IA AR B BT X 4 RE T

TERfR 22 48 BT A B ASE B TE A T AR A o5 AR T O8] o MR 2R 50 e (RS B R A b B B A T
RV E N

Accuracy = TP+TN (6)
TP+FP+TN+FN

3.2.2. {RENIZ

FERRITF RO R, ZHOR R IRTHE R B R R s D IR . DU S (e B B sh AL s i L2527
ABERGES B MR RE . SAEGINMSE R SN R AL, DU e s k. DU efe
WAETHIART, XHESHOCRA — MR, EH RS B, BB S HAE 2 e W N5 7040,
ZAMERBON AL RS 1S Ah A

DU e A it R PR BOR E 5 T ORIR R M SR &, SRR BRI R PR G AR
B SEAE PR Z M FH 2 (R 2147 o SR 48 R S50 B 35 PO 5 (B ) I B — itk s i R AR RESR T (1 39
{6, s TR R BE AN E T o () X IR R s R (PY): THEE — Mk R THERE IR, idr T
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KREMH 5

R REORTERECCEE A X4k _EFREAS FH(UCB): S5 S EANT Z2oRIEFE T — i, AU R sl BT 42
2R () A2 M ) A AN S PR o XA R (R R) - R UGEANE R P LS 2R T e A 53 2 4
BRI G R340 o XA SHA A T UL, 2R 25 8 5B 00 SRR T (0 0 % e ok AcE o e 2 b g
MUEEE . DU S e AR e IRIK B IR S S, HOEHITER)

DU AL AR B AR AT

(1) Frhatt: @ Bk AATAG 1 2 HUE, XL AT DU B LIE I, FORM S RIAA 1) 5 56 o A i A

(2) BACLRE: il SR 5 56 0 A AR AR B ORI E N — AR PP B S 5. X4 2 H0e
PR, SRR REHEAT VP AG . ARIE SRS ARV RE R R A, X — IR e A5 AR IR B AN
A SR TR .

(3) A ubsRf: IBACE BIE B TUE i) e AEAR A AR TR AR T2 AN B

3.2.3. XGBoost &%k 5T

%} XGBoost #EATSHEL R E: > F (learning_rate) J6 [ 7E 0.01 F] 0.2 Z[8); WA KIRE
(max_depth)JEFEI7E 3 #| 10 ZI8]; T RAFEELH(subsample)TEFEZE 0.5 # 0.9 1], FIRFE Ll (colsam-
ple_bytree) i FEI7E 0.5 % 0.9 2[5 -1 i f5t/MEASKE Al (min_child_weight)iti FEI7E 1 1 6 2 [fl; SRJ5 1A
FA DU 2500 Ak bR 0 N AR B 5 ARSI . B i AT A A I 25 . 201125 )5 XGBoost I 241
W4 5:

Table 5. Optimal parameter combination of XGBoost
2 5. XGBoost RS HEE

¥ (parameter) Value
H b7 1 (target) 0.998610
2% 2] % (learning_rate) 0.150079
W 1) f5 KR (max_depth) 5.109427
W45 51 B /NEE S B A (min_child_weight) 1.947671
TRAELL B (subsample) 0.590743
FI| KAE L5l (colsample_bytree) 0.553434

ROC Curve - XGBoost
1.0 -—

-
-,
-
-
-
,
-,
-
@
-

o o
[o) [ele]
A

True Positive Rate
o
S
\
\

0.21

= ROC curve (area = 0.99)

%% 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 2. AUC of XGBoost
[& 2. XGBoost #J AUC
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RS HA A HATHR AT, 432 XGBoost 1] AUC 4 0.98544, KS iy 0.924196, Accuracy N
0.999649, Precision = 0.9492, Recall =0.8235, F1-Score = 0.8816. Fiill%s S an& 2 #1% 3.

Confusion Matrix - XGBoost

80000
70000
Normal

60000

50000

40000

True Label

30000

Fraud 24 112 L 20000

+ 10000

Nor“lmal Frélud
Predicted Label

Figure 3. Confusion matrix for the XGBoost model
3. XGBoost ;& & %EM

3.2.4. LightGBM &% 5T

%} LightGBM #E47 S $ih A% €. 2% > F(learning_rate) L 7E 0.01 %] 0.2 ZI8]; M fi¥E
(num_leaves) 3t FEI7E 20 %] 40 2 [i]; 747 2P (1 85/ N & (min_data_in_leaf) i FEI7E 10 1 200 2 [ 4
()8 IR FE (max_depth) {a FEI7E 5 F1] 15 2 [i]; - KAF il (subsample) i 7E 0.5 $1] 0.9 Z [a]; FIRAE L 45
(colsample_bytree)Ji [l 7 0.5 F] 0.9 . [i]; #RJ5 18 DLt Hr S B0 Ak iR B0 N AR ER G RFIEB0E . Ras 3
TR ZE, 21455 LightGBM IS A S5 0% 6.

Table 6. Optimal parameter combination of LightGBM
%2 6. LightGBM RIS B E

% ¥ (parameter) Value
H ¥r 4y i (target) 0.998611
2% 2] % (learning_rate) 0.065333
TR 1 55 K TR P (max_depth) 36.503833
745 1 $E (num_leaves) 25.842892
FRAE L5l (subsample) 0.646544
FI| K Bf LAl (colsample_bytree) 0.6727780

RS HO BRI, 153 LightGBM [f] AUC 24 0.958081, KS 4 0.877283, Accuracy 4
0.999462, Precision 4 0.875, Recall 4y 0.7721, F1-Score Ay 0.82 Fij&h a4 f14 5.
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ROC Curve - XGBoost
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Figure 4. AUC of LightGBM
4. LightGBM B9 AUC

Normal

True Label

Fraud 4

Confusion Matrix - LightGBM
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Figure 5. Confusion matrix of the LightGBM model
[ 5. LightGBM B3R B XERE

3.2.5. CatBoost ##E)IZk 5T

%} CatBoost #HTZ ¥l A E: 2> % (learning_rate) i FI7E 0.01 #] 0.2 2 [6]; #[{1% % (depth) T
7E 4 1) 10 2 A]; L2 IENI{k 25112 _leaf _reg) il #E 1 ] 10 22 [a]; FFEAE L F4(border_count)iu FEI7E 5 I
255 2 [a]; IEAMREARLE Vit 2% (scale_pos_weight)yi FEI7E 0.01 2 1.0 2 [8]; #RJ5 1 A DL S50t AL ek

Bt NACH S R RS . AR SR AT RIS, 2i)IZk)5 CatBoost HIHRMSHILE 7.

i SRS H A AT R TN, 193] CatBoost ] AUC iy 0.980773, KS 4 0.916128, Accuracy 4
0.999482, Precision 35 0.925, Recall 3y 0.8162, F1-Score )y 0.8654, THiill4s HRunl& 6 FiE 7.
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Table 7. Optimal hyperparameter combination for CatBoost
%2 7. CatBoost IS HAE

Z ¥ (parameter) Value
H br 4 $ (target) 0.998655
HIE1H 12 57 % (border_count) 44355738
W IR 5 (depth) 4.487357
L2 1EJU4k 251 (12_leaf _reg) 25.842892
2% 2] % (learning_rate) 0.014111
E AR REA K - 5 £ ¥ (scale_pos_weight) 0.232192

ROC Curve - CatBoost

1.0 r,_'_,_ —
0.8 1
L S
s 2
~ S
206
B> e
S
Q-‘ ”
% 0.4 1 ‘ //’
= -
0.2
//’ —— ROC curve (arca = 0.99)
0.0 y ‘ y y
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
Figure 6. AUC of CatBoost
6. CatBoost fJ AUC
Confusion Matrix - CatBoost
80000
70000
Normal 9
60000
o) 50000
]
< !
2 L 40000
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Figure 7. Confusion matrix of the CatBoost model
[&] 7. CatBoost BYR 50 E
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3.2.6. XGBoost-LightGBM-CatBoost &I, I 5N

XGBoost-LightGBM-CatBoost 15! /& {5 F 5 . 4t i XGBoost. LightGBM #1 CatBoost #5252 jd it
SR ZEAS ok, H AUC v 0.990773, KS A 0.926148, Accuracy /y 0.999602, Precision 4 0.9573,
Recall 4 0.8235, F1-Score A 0.8856, Fiijl4h Hanl 8 A1l 9.

ROC Curve - XGBoost-LightGBM-CatBoost

=1
-
-
-
-

o o
[o} [ee]
L L

\
\
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\
i
N\,

N
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\
L
N\

True Positive Rate

0.2+ Vil

o —— ROC curve (area = 0.99)

0'0040 0.2 0.4 0.6 0.8 1.0
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Figure 8. AUC of XGBoost-LightGBM-CatBoost
[] 8. XGBoost-LightGBM-CatBoost B AUC

Confusion Matrix - XGBoost-LightGBM-CatBoost

80000
70000
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60000

50000

40000
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30000

Fraud - 24 12 L 20000

10000

Normal Fraud
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Figure 9. Confusion matrix of the XGBoost-LightGBM-CatBoost ensemble
model

9. XGBoost-LightGBM-CatBoost KR & 5E M

3.2.7. RBITMELE R ITEL 5347
AT T AR LE AR B 28800, B MR 20t DIH- i Sk B A . AARAIE &% B
RIS R E, I B 258 F3 A8 I AE B P ME, 45 5 03 8.
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Table 8. Comparison of prediction results among different models
5z 8. PNRMERFUMEERITEL

Model AUC KS Accuracy Precision Recall F1-Score
XGBoost 0.98544 0.924196 0.999649 0.9492 0.8235 0.8816
LightGBM 0.958081 0.877283 0.999462 0.8750 0.7721 0.8200
CatBoost 0.980773 0.916128 0.999482 0.9250 0.8162 0.8654
XLC 0.990773 0.926148 0.999602 0.9573 0.8235 0.8856

e AT R, XGBoost-LightGBM-CatBoost fill &5 1 76 i 4 - [ #ER =4 0.999602, AUC {H
9 0.990773, KS {7y 0.926148, Ki#fiZ 1 F1-Score ML T8 —46A/1, 7 [a|% 5 XGBoost #H[F], {HizkHk
F/b, RO ERIKVEIR TS h BA I R45 &R .

3.2.8. FHEEEM O

Hi L3R T K1 Catboost A7 F A 2 4k (KR AL BELE FAD YA 0 R A SE B L3, BlbASL
i3t Catboost FERL X A NRHIEHEAT B ENEHER, BARKEOLINE 9 From. HAIH T & AR A S i
DTHRIEOL, AL T AT+ B S MR AR B DTk i BREEAT HES Y, HeA i ML TR EE ik 62.8%. 1X 4%
FRFR AT DU 9 TN <5 RtV R S B A «

Table 9. Feature importance
FO. FHEEEM

Feature Importance
V4 12.02496
V14 9.481508
V8 8.919415
V12 6.965279
Vi 5.363229
V10 4.580627
V26 4.354876
Amount 3.87673
V17 3.636011
V28 3.620691

3.3. BESMER

IR B R i H bn e 7 AR S i o A R RO . B9 AN, HATEEA /.
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