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Abstract

Credit scoring, as a core aspect of financial risk management and decision making, is crucial to the
sound operation and market competitiveness of financial institutions. However, the prevalent cate-
gory imbalance in credit data, in which the number of default samples is much smaller than the num-
ber of non-default samples, poses a challenge to the construction of credit scoring models, which can
easily lead to a model biased toward the majority class and ignoring the minority class, thus reducing
the predictive accuracy and generalization ability of the model. To address this problem, the pro-
posed GLOF-BFL-LightGBM model adopts a staged optimization strategy. First, considering that the
presence of anomalous samples can further exacerbate the effect of category imbalance and reduce
the robustness of the model, this study introduces the Gaussian-weighted local anomaly factor
(GLOF) technique to identify and remove potentially anomalous samples from the data in order to
purify the dataset and improve the stability of the model. Secondly, in order to improve the model’s
ability to identify the minority class, the Focal Loss loss function is used to reduce the impact of the
majority class samples on the model training, and Bayesian optimization technique is used to auto-
matically search for the optimal parameters of the Focal Loss loss function in order to obtain the best
class imbalance learning effect. To verify the effectiveness of the model, experiments are conducted
on four credit datasets of the UCI database, and the GLOF-BFL-LightGBM model is compared with a
variety of baseline models (including traditional classification methods and conventional integrated
learning models). The experimental results show that the GLOF-BFL-LightGBM model outperforms
the comparison models in key metrics such as AUC and KS values, effectively improves the accuracy
of credit scoring and the generalization ability of the model, and provides a reliable tool for personal
credit risk assessment.
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Table 1. Dataset information

F 1L BEEER

BAGIES FFIEEL FEAKL IEGAEA LG
D1 14 690 1:1.2498
D2 20 1000 1:2.3333
D3 14 690 1:1.2498
D4 17 6000 1:5.0000

NT B ML GLOF-BFL-LightGBM AU ZE (S FH VP4 STk I PE R, A FUAE 2 AN A FF I TR 4
HET T S SRR IR VAL B0 A IEVERNGE R AT I RN, BT A BRI 8: 101 (1 Eh A BE AL
R AINGREE . AR . GLOF-BFL-LightGBM A ¥ 25 F i 80%[ Il R4 HEAT S 52 S Al
th, SRJE1EIT 10%[F5HIESEXT FocalLoss 347 DUM-HnE S8k, LAfE MBS HRE . &a, B
FEF AR 1) 10%IIREE B AT P4l AT 5 AR5 A PP T 55 TR Bz A e TR SERBR R I

4.2. FFECHRBY R BE T L e 4R

NATHVEAl #2805 PP B PR & F I, ASCE T — N RS IR ARG HUAESE, BE
N Z AN Y FE A BRI AT S AR AEAS VP 2 S0 rh (R I A TS E AR 3 o B AR 4 T L8 LIRS F VP2
Jiik: GUilSE07iE A ) LDA (LRI 73 HT) AT LR (GE 48 [R19) s £EGiHL 882 ) S 1) DT (VL3 i) KNN
(K JE4B). SVM GZHFFFRIEML) AN NN (MZE48); e > J7iEH i AdaBoost. GBDT (B HETH#).
XGBoost; U4k, WBEFEE: T AP EEE KA A R, 11 RUSBoost. SMOTEBagging. AsymBoost Al
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BalanceCascade.

ARSCR S S PR PR PR AR ZEAT B 1Al - AUC . ACC (HE %) Prec (K5 %) #1 Recall
(HAEIF), F1 5% GMean . 3£, AUC Fil ACC = 21 T Al — 4 A5 () 8RR 5 Prec I Recall
D TR AR B s OGBS TV b, IR 0% 7 B AR v TR AN ARE 2 2 7 B AR
F1 7320k Gmean {E ) 52 & & A 388 A1) AN~ 47 I @ N 1) 255 R4 o

4.3. SEWEER T

2P T EMERIE R AAE D1 B4R s B 1 REFE AR . GLOF-BFL-LightGBM 7£ AUC.
Acc. Recall. F1. GMean HAMRFrHERES T &, Won HZSE R B ARBE LA X e R
B E, BRWS AT MERAHL IR = XS & P AR % . [FlB, GLOF-BFL-LightGBM £ 2 A PFAlifit b
RS E R IR T R I R, 0E TR S AR A DRV AT 55 R Al AT R )RR VA . R LDA
£ Precision | RILHEAFIIRLST, BIRE TAEMRCD R AR 2 P (RIS BE ) i XU 7 T Al 35
{HFIAE AUC. F1 fl GMean S50 FE b LIMRINE %, SEOLLE SR RE TR,

Table 2. Performance comparison results on the D1 dataset
5z 2. D1 BB & LM REXTELEE R

Method AUC Acc Prec Recall F1 GMean
LDA 0.91265 0.86058 0.94020 0.79969 0.86427 0.86542

LR 0.91560 0.85493 0.91748 0.81164 0.86132 0.85891

DT 0.91344 0.84901 0.86981 0.85614 0.86292 0.84596

KNN 0.91109 0.84867 0.88621 0.83452 0.85959 0.85027

SVM 0.86821 0.85658 0.93115 0.80084 0.86109 0.86108

NN 0.91773 0.84868 0.88950 0.83102 0.85926 0.85032
AdaBoost 0.92105 0.85484 0.92933 0.79927 0.85940 0.85945
GBDT 0.93621 0.86415 0.88977 0.86245 0.87590 0.86436
XGBoost 0.93621 0.86784 0.89586 0.86251 0.87887 0.86849
RUSBoost 0.90307 0.81884 0.83784 0.82667 0.83221 0.81805
SMOTEBagging 0.92899 0.85507 0.87671 0.85333 0.86486 0.85524
AsymBoost 0.91503 0.86957 0.91304 0.84000 0.87500 0.87178
BalanceCascade 0.94596 0.87440 0.93069 0.83186 0.87850 0.87745
GLOF-BFL-LightGBM 0.96558 0.89706 0.92857 0.90698 0.91765 0.89339

K 3HIH T EMERHIE R AAE D2 HidE 4R ik B 1 REFE AR . GLOF-BFL-LightGBM 7£ AUC.
Acc. Precision fll F1 ZE5CHR R FIIUAS 1T RINAE R, Bom HIHAEG IR ARG I E T T L =68 77,
Reis X Ay BAZR P 5EA% . RE AdaBoost fll LDA £ Recall 1 GMean $84x AR50, RERSAE
— LR R B A SR IE 20 & F (HD K ), 5 I S A L 7 A SR VP4 FE AR (L1 Precision £ F1
85) ERIERBUEN RS, BULTOEAT . AN E AR . AR DEPP b, U RAERT KBS AT 4 T
EEERET, BRRGERIICANEE, T GLOF-BFL-LightGBM 7E 2 AME s L HISFATRE 11, d HAE
PP T AR O LR RR B I PP A S AR e
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Table 3. Performance comparison results on the D2 dataset
%< 3. D2 BiBE LA REXTEL AR

Method AUC Acc Prec Recall F1 GMean
LDA 0.77954 0.75846 0.79256 0.88714 0.83719 0.63756

LR 0.78084 0.76012 0.79421 0.88720 0.83813 0.64133

DT 0.70962 0.72324 0.77911 0.84389 0.81020 0.59916

KNN 0.73835 0.72798 0.73412 0.95857 0.83146 0.42669
SVM 0.71123 0.70650 0.79660 0.77983 0.78813 0.36659

NN 0.77994 0.76592 0.80674 0.87529 0.83961 0.66778
AdaBoost 0.70350 0.70208 0.70314 0.99409 0.82368 0.14356
GBDT 0.77916 0.75870 0.78790 0.89666 0.83877 0.62583
XGBoost 0.78113 0.75816 0.77567 0.92083 0.84204 0.59045
RUSBoost 0.69805 0.69000 0.75000 0.82609 0.78621 0.56549
SMOTEBagging 0.71196 0.71500 0.76821 0.84058 0.80277 0.60503
AsymBoost 0.71996 0.70000 0.76000 0.82609 0.79167 0.58858
BalanceCascade 0.75585 0.74000 0.80788 0.80788 0.80788 0.69503
GLOF-BFL-LightGBM 0.79334 0.81000 0.80851 0.98701 0.88889 0.46322

T ABH T EMEHIE R ALE D3 HdE 4R F s B 1 REFE AR . GLOF-BFL-LightGBM 7£ AUC.
Acc. Recall. Precision. F1 fl GMean %52 MG bR P IEUS T AR S R, B 7 HAE(E FHE TS+
() R RE . [N, Precision $8ARY KT AsymBoost I KNN, #—25iEH] T GLOF-BFL-LightGBM 7£ %
VR 2% 7 05 T BIAL 3 o X R W], GLOF-BFL-LightGBM ANY 7E 42 e B AR T e A 1 7 T Bl B
B, W REMETEAS FIVE 20 A R0k 3= A RS, A BT S RO 5 2 1 il v XURS: 2 7 AR A 55 5 4

Bie -

Table 4. Performance comparison results on the D3 dataset
F< 4. D3 BUiBE LA REXTELEE R

Method AUC Acc Prec Recall F1 GMean
LDA 0.92688 0.85942 0.79607 0.91961 0.85339 0.86369
LR 0.92977 0.86487 0.83094 0.87414 0.85199 0.86575
DT 0.91402 0.84368 0.82704 0.82020 0.82360 0.83549
KNN 0.91336 0.84939 0.86399 0.78508 0.82265 0.82049
SVM 0.92622 0.86255 0.84973 0.83954 0.84461 0.85257
NN 0.91476 0.85017 0.83282 0.82984 0.83133 0.84778
AdaBoost 0.92733 0.85554 0.79128 0.91726 0.84963 0.85986
GBDT 0.93922 0.86371 0.84260 0.85303 0.84778 0.86260
XGBoost 0.93942 0.86333 0.84487 0.84866 0.84676 0.86178
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RUSBoost 0.90399 0.86957 0.85106 0.78431 0.81633 0.84924
SMOTEBagging 0.91977 0.85507 0.80392 0.80392 0.80392 0.84351
AsymBoost 0.91120 0.86957 0.86667 0.76471 0.81250 0.84378
BalanceCascade 0.92994 0.85990 0.80952 0.83951 0.82424 0.85610
GLOF-BFL-LightGBM 0.96791 0.91304 0.86111 0.96875 0.91177 0.91534

5B T &ME VR BETE D4 B 4E bk B REFE A5 . GLOF-BFL-LightGBM 7E AUC.
Acc. Recall, Precision. F1 fl GMean %5 Z AN PFhifabr 3y TSR, I T HAERE P TS+
4T 35 . A2 7E AUC F1 Ace Fighr |, GLOF-BFL-LightGBM At i A M- il AE A B AR L i, [H]
i 7E Recall #1 Precision febr FHUS P, #fORTEIBEL R BIFER, Jb w3l . F1F1 GMean
(D075 R IE— HAIE ] 1 A B 7 A 3 AN 16 A5 SR ) (1) e ME A

Table 5. Performance comparison results on the D4 dataset
< 5. D4 HiBE LM REXT LR

Method AUC Acc Prec Recall F1 GMean
LDA 0.69845 0.65116 0.66763 0.60228 0.63327 0.64933

LR 0.69988 0.64862 0.66120 0.60986 0.63449 0.64747

DT 0.71990 0.66657 0.68511 0.61669 0.64910 0.65889

KNN 0.71690 0.66755 0.71635 0.55495 0.62541 0.65800
SVM 0.70582 0.67314 0.75608 0.51136 0.61010 0.63649

NN 0.73771 0.68058 0.71314 0.60437 0.65426 0.67619
AdaBoost 0.71697 0.67278 0.75990 0.50533 0.60701 0.65163
GBDT 0.74961 0.69477 0.72968 0.61893 0.66976 0.69063
XGBoost 0.75038 0.69453 0.73006 0.61749 0.66907 0.69026
RUSBoost 0.75057 0.70111 0.73427 0.60137 0.66121 0.69146
SMOTEBagging 0.73662 0.67750 0.35338 0.62267 0.65539 0.67453
AsymBoost 0.75221 0.69583 0.74249 0.58545 0.65468 0.68563
BalanceCascade 0.73578 0.67722 0.68342 0.62314 0.65189 0.67360
GLOF-BFL-LightGBM 0.76665 0.71667 0.77372 0.66250 0.71381 0.71820

N T EMER&E I FRIMERE, SCER s R ROC ih&#kAT ERAL LL L. ROC HhZk & —Hh
i VPG AE VP ORI R AG TR, H R Rl 2 7 B BH 14 22 (False Positive Rate, FPR), 2\l < FLIH
£ (True Positive Rate, TPR). & 1 JE/R T ARG P B BUTE DU B4 4 1) ROC MiZkR . (ST
I RRBRTE A R BE AR B RO SA MR, SRt TR VR & R AR A A 1 I&E B . 7E D2 A D3 %
i I, GLOF-BFL-LightGBM #5574 (1) S B35 A1 T- AR, 2 B AR X et A2 b B s i) il
RE A& REYE. T7E D1 Al D4 $E4E I, R4 GLOF-BFL-LightGBM It ARG & W ., {H}: ROC
4R R T A (AUC) IR IRIE 57, UL B TE 2 FhASR R AT RE RN AR B IR R, & & F T SERR 15 F VP
TS
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Figure 1. Comparison of ROC curves for the four datasets
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