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Abstract

In the context of the accelerating digital transformation in finance, bank customer credit risk
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decision-making faces the dual challenges of “sample imbalance” and “high misjudgment costs”.
This situation calls for a robust model that balances overall precision and minority class recall. This
study systematically compares three machine learning models—Logistic Regression, Random For-
est, and XGBoost—based on the credit data of 22,500 bank customers from Alibaba Cloud Tianchi,
finding that a single model falls short in recall rate and F1 metrics. It further proposes an ensemble
model framework that integrates soft voting weighted averaging and cost-sensitive learning, effec-
tively increasing the positive class gradient weight without altering the data distribution, thereby
boosting the recall rate to 80.17%, an improvement of 4.07% over the optimal single model, with
an AUC of 0.8913 and an accuracy maintained at 83.13%, providing an interpretable and actionable
technical pathway for banks to assess high-risk customers.
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1. 51§

WAESR, SRR IR R AR A R HE 5 N TR REHAR 2 N T b gl 15 F AR PR 1R
SRZOUGR, BT IS R ST AR M. AR GuVP Al i BRI 3= I W i A2 R SR PR,
BN IRE 2 AR I R . WL SR —Fhoe e B A FREER,  DAFORSHE R Tl B8 07 A 4
BRATAE R FRAR AL TR AR U7 SR M — 5508 A AR P RE A A FR B, MR Logistic BEALTHEUE
ZIMEA[1]. K ESE TN XGBoost LA BRERFEA, MRARAT H 1) FE 2L 3 07 1% A A5 XU PP AL 45
s A 7 ST ) B AT L AR ARASEZRY F TN A0 R, R [2] 0 T 5 Y — Fh I TR R VR I B LAR AR A,
FIH SSA fifk. RF A58 o pe SRR S /N7 s g, BT s I HERR R3]

XGBoost FHLARMELE B2 > 5 i i 150 oy 282 I VERE, o H SN U VP4l R At 52 () o] ek
[4][5]o AT, BT HEA ST SRR 45 5 i 55 W R, PR B AL LA AT T s Bk ik 6] [RIME, ARHIFFE7EIL
BRI b, B b P S R AR A FE R NAR TT
2. FEER SHELIE
2.1. BEH#ER

AR SCATE FH PRI SRR T B L 25 R e e SR A AR AT A B B, IZRgE il 22,500 &% 771 22
ANFRHIEE B, MIRASE RS 7500 4% 7 1 21 ANMFHIEE B B rRHEEAREE P A NFEAE R 18K
ok, EAIEREE, H, RHE Subscribe A HREME, RERELH RS, Rl Subscribe =yes [ )
15 F R B, AEAS DR a IR B, AT 2RI Subscribe 1TSS 5ok 5 i AR RGP o 245,
no 5 L4 86.88% (19,548/22,500), yes 5 EL4T 13.12% (2952/22,500). I ZFEERHE FIFEASF LW R | Fis:

Table 1. Features of training dataset

F 1 ISR BURHE

FRAE FER R RHIE S5
id PSS, HTME—RiREgNE ks g 22,500
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ak
age B A 35
job g4 eyt technician. admin. blue-collar %
marital & IS AR B! single. married. divorced &
education BIHERE Vo it P rOfeSSionali:;lilS;;’ ,2,_; gh.school,
default HIREHBLANE ezt no. yes. unknown
housing B RS A R 3R yes. no
loan %R HA Y Patit yess no
contact Hg PR IRE Vot cellular. telephone
month BERE A AR SR aug. may. apr %%
day of week PR EL Va3t mon. thu. wed %5
duration 5 PIETER K E) G gi) 3295
campaign AUE R ED P RIZE IR E kS gt 1
pdays BE B LRI R LA IR AL B 476
previous ERPEFEN AR RIZE P B 0
poutcome FREHESIE R ezt nonexistent. failure
emp_var rate ol AL 2 SR 1.4
cons_price_index HAHED TR A 95.37
cons_conf index WHREE LI SO —-33.04
lending_rate3m 3 A A BRI 2 ST 3.63

FARHRIR: P HL R

2.2. BiETALIE

(1) SRRAEALH

AR R A, BUERVRHE SR RN 17, 2 RBURHES R (A S &N 18, ] Pipeline 4%
Toh BRI AN R HAE . BT X BB AR, Simplelmputer PAIEIE MR R HHE ,  FIRE DS i 2 E T
LRI AT WAL IS O, A StandardScaler T 0 BHE 52 SEE bR AEAL AL IR s BF XS0 BYRRAE, {87 AX
AT B RAE AN, R OneHotEncoder Mt gifidh, H0&F—FHAL R — M &, (ET /58t EAAL .

(2) FEAEAEAH RS H

N RS RIREZ 8] RS 20 7 AR 2 ] ARSI, D fE SRR RMIEIE 35 . BB Ry i it
WA, A corr_matrix THERHIEJE 5 subscribe MIAHIC R E X EUE YRR R B0 643 2880
FHIER R ITH 5.

H & 1 7T LLUF H Subscribe 5 4RHEJE M IAHICEE B : 308K # (emp_var_rate, —0.2701). 3 M H1¥
K # (lending_rate3m, —0.1809) 2 L 2. 35 FaiAH 5%, & 8915 3K B (campaign, 0.1640). 3 H (month mar,
0.1537) L B 4510 % (default_yes, 0.1527)54F1E 5 Subscribe 2 IEAHSC, For g 8475 sh O 39 In B #:4
A, B L% P 1 VT 1 56 75 AR FOE RS F XU .
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Top 20 Features Most Correlated with Subscribe

emp_var_rate 1 [N I ——
lending_rate3m - I
campaign |
month_mar - ]
default_yes - | |
month_oct - I
month_sep - ]
month_may - ]
contact_telephone - |
marital_unknown - | ]
month_dec - ]
loan_unknown ]
pdays - _
job_student - ]
age ]
education_illiterate - ]
job_retired 1 |
job_blue-collar 1
poutcome_nonexistent

marital_married - |
T
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Correlation Coefficient

Figure 1. Correlation between subscribe and feature values

1. Subscribe S4FAE{EFE XM

Numerical Feature Correlation Heatmap

1.0
age 0.24 -0.01 0.0062 0.0014  0.0069 0.051 0.0071 -0.0077
. 0.8
duration - 0.0055 0.54 -0.013 -0.016 0.11 -0.18 -0.15
campaign -  0.24 -1.5e-05 - 0.6
pdays - -0.01
-0.4
previous - 0.0062
-0.2
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Figure 2. Correlation analysis heatmap of numerical features
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LY 5

M 2 W LAE H, emp var rate Fl lending rate3m AHIE R ECHN 0.62, K BIHML AR Ak 2 A5G 1 D2 3CR]
FIEAAIK; duration 5 previous FHOCREH 0.54, K52 38 1T 1 I KRN E 8995 BN AT R BE AR K
duration 5 pdays #HX R%CN-0.53, K5 FIEERMNKSE FXEER RIS,

| Feature { Chi2 Score } P-value I
job 605. 0475 0. 0000
marital 425.9471 0. 0000
education 286. 8155 0. 0000
default 617.9258 0. 0000
housing 122. 2295 0. 0000
loan 240. 4844 0. 0000
contact 319. 5970 0. 0000
month 2067.8158 0. 0000
day_of_week 21.6471 0. 0002
poutcome | 209. 1941 0. 0000

Figure 3. Correlation analysis of categorical features

3. S RBMFERXRME IR

HE 3 R4 R A%, job. marital. education S5 R¢1iE 5 H b7 & Subscribe 1 p {HJLF N 0, 3
MAAERE R Bk, LBt Reab@PEmibs id, ORE 20 MRHIE.

3. MEIER

AW TR BRI AT VIR 5 80% HIEHE VI ZRBEAY , 20% M) HE #EAT 30 01E - 2640 iz FH 12 48 1B H [ 7]
BENLARAR[8]. XGBoost HIEM ALY, 101 28 SIS UE R il R B AT bhises v 7k — D m B A i 4 g
fabn, RABMEEHOR, 200 ZFBRI T A R RCE, 85 A8 R A 8] 205 m R E
IE IR SRR, R =R SRR TR £ SR AT IR, 0B P AT KU A

N T A B B TN AR, AR SO B 0 7 B VA (1) A8 A6 #ER 2 (Accuracy) ¥
1% (Precision)~ 1 [F1% (Recall)~ FE1Z A [FRFAFEAMEFL) AUC (ROC M2 FRIHAR), THHE T
HEIFE 2 FAR(D)~5)-

Table 2. Confusion matrix

F2. REREM

ToE A 3L THMIE 971
HEHE P FN
FLAA FP TN
TP +T]
Accuracy = N (1)
TP+ FP+FN+TN
TP
recision = 2
P TP+ FP @
TP
recall = 3
TP+ FN
ek
Fleo* Precision*Recall @)
Precision +Recall
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1
AUC = [TPR d (FPR) )
0

3.1. ZEEFER

AR EAEH] sigmoid BREL, FEMEA A HAL AMEZRAG T . A SO A PR LT 25 5871 N Logistic Re-
gression A AR SR, RAIMAEIE R, ULHE RN BAREATESEOR . S0 A ERKR SR E S8
M, Hrp C 2ZRHUE0.01, 0.1, 1, 10| LURR A E M IENIIL5EEE, penalty & 11, 124 elasticnet 25 1F ]
A, solver i liblinear. saga. newton-cg 55 PR /7. S HITA WIGIUE, e RESHAE C
=0.01, 11 _ratio=0.1, penalty = elasticnet, solver =saga, K ZHACNEE AR FATINGALAE,
U PPl FR PR a0 55 3 P

Table 3. Evaluation-metric results of logistic-regression model

% 3. BB EIRBTTEIERRLS

Model Accuracy Precision Recall F1 AUC

Logistic Regression 0.7944 0.3586 0.7203 0.4789 0.8089

3.2. BEALARMRE

BENLARR T2 T PSR I B 2 2] 7k, M Bl 2 BRI A BRI AR AR, BB AR AS o AT L
W, R 79 s RIS F R 0 R AIE, ST A AL 2R AE 1S s TN /3 7 (1) R Is) J2 2% SEAF Rz A MR RE . AR SR FH I
42, LLARIZA HARXT RandomForestClassifier HiEHATHSHARM . 7 2384 R U s il i ek
FHETETIMERE ST A, BEM FIEE n_estimators = [100, 200, 300]; W€ i NIRE max_depth =3, 4,
5,6,7,8], RELFHATAERA, B ARG B R A A R AL, B A R G,
W 4> S48/ MEAS min_samples_split = [3, 4, 5, 6,7, 8,9, 10]. Zid48 XEGIEELRS, #i%E n_estimators =
300, max_depth=35, min_samples_split=10 NEESE, FSERNFEHRME R AT I FILEE, 3R
U PEAS FR bR an o 4 PR

Table 4. Evaluation-metric results of random-forest model

3 4. BB ARMARBLTEIEAREER

Model Accuracy Precision Recall F1 AUC
Random Forest 0.7878 0.3555 0.7610 0.4846 0.8626
3.3. XGBoost 123!

XGBoost & —F 5w A RS BT USRSk, @I DRGSR B RR = IR TR
B, HARKREE R TR Z TN I, IS, Y12k XGBoost AL, {58 FH I A& 48 2= 18 ERHIE,
PAH B 2Pl BT S 80 . T B2 HENN R bR B G H MG RE Y], W€ $91TAL &5
% & n_estimators = [100, 200, 300]; N 7 PR AR5z 0EE 77, &M IR E max_depth =3, 4,
5,6,7,8]; B> learning rate =[0.01,0.1,0.2], MFEAH RAFERI LA subsample HUE 4[0.6, 0.8, 1.0],
R s A ARARS B B8 AL e A PR AR AAE /5 LU colsample bytree BXUE A[0.6, 0.8, 1.0]. 22 X IGUELE F KB, n_estimators
=300, max_depth =7, learning rate = 0.2, subsample Fl colsample bytree ¥4 1 B}, BRI R, £
B AR AR FRHE A B TR R 5 IE B 2SS 8 ST\ XGBoost AT I ZRAIERIE, &
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TRVTAS P An 28 e 5 s e
Table 5. Evaluation-metric results of XGBoost model

3 5. XGBoost AL HEHREER

Model Accuracy Precision Recall F1 AUC
XGBoost 0.8753 0.8372 0.0610 0.1137 0.8874

=PRI Accuracy Precisions Recall. F1. AUC TEREFRFREE LU 4 Aiom. MBI HIRE F15Rk
%, XGBoost 7 Accuracy (0.8753). AUC (0.8874) Precision (0.8732)=Wif&br L1556 —, BEMNTH
AR, 5 RME 2> 2845 A M BE A3 Random Forest 1k, H: AUC 4 0.8626, 1H Accuracy 79 0.7878,
Precision 4 0.3555, AHEE XGBoost 73 &A% T 8.75. 51.77 N E 43 #5.; Logistic Regression ] 4UC #
&N 0.8089, H& W2 IHEFREST, 1H Accuracy Precision 45 RN AR ZEAR L, HILL XGBoost 1%
TP AR BRI 22

MIERE 4 {EJ12KE, Random Forest 14 [FI % Recall 5% 1(0.7610), Logistic Regression 52 #2ilT,
XGBoost {4 0.0610, ASERTFIHE 11—/, FI XGBoost X IEFEAMIFUEME ™ EA L, W] A& R E AL
Al & Precision T4 T Recall

CREXTEERT IR, SRR SRR AR FRIVECA R H: B8 [ H AR Y & T bR 1) R AL T
WK, TERE ARG T A RIE AR T 0], DRk, FEXS R AR R SR AN 2 eyl ey B S0 F AR A
AIFRBEIE RIS DL, AT DA R A Y s BEALARMRAS Y & IR AR IR I LA T, BEAR M RN E
Precision BAKEWE G TFRNE @SN TEZEA; XGBoost B4 X 7 IE IR HEARRE J1H0m, HERIR
153 87.53%, KRN 83.72%, EAMBMT, HHLARRELH 6.1%, XA HAESLFRRNH 45 5 it
HEIEREA, TR A KA s B 7, BT 75 SO0 TR, =P RN B A
HENH, i

Model Performance Comparison on Validation Set

0.8 1

0.6

Scores

0.4

0.2 1

—8— Logistic Regression
—&— Random Forest (Tuned)
—8— XGBoost

Accuracy Precision Recall F1 AUC
Metrics
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Figure 4. Performance-metric comparison of three models

& 4. =FHERIRO M AEHEARRTEL
3.4. pEER

IR =R A SIS R B, R — IR B B 5 BE DL EAR AR SR MER IR, A RESE AR U R 2
TAER, PIERTHER 2 A R PIRS HEE, ASCR RGBSR, 25K B eSS & =
FREVEIILH, b B — R AR e M S R PR, AT ER TR PPl AR T e, RISR RS2 > 77
TR R S IR 24 S R S Bx — H i

(1) A

I U SRR TN 45 SR A B SR SR TR A A B, AT A T R PR R AR B KA 9], Bk
Wk N R FENLARAA XGBoost =AM EME IR T ANE AL, R VotingClassifier 2 ali #5524 2K
a5, N =R A MR R A AT IO, A RIS G TS5 R .

(2) FKRAFHT AL

IR = — R AE TE SRR AS (R TN R — M, A AT RS2 B AR SR AN T IR B2 (yes 7 EEZY
13%), HEANIGEDWZEHEME LT, SEOKL TS ERT . DR RA L BA S M
FOTIEAT IR BN : 28—, KM SMOTE J7iER I3 T I RAE, R8s A B, RAARN B
J&J7V[10], 1£ XGBoost ¥ B 5% scale pos weight = Nnegative/Nnegative, E8FEE M 1ES, EAKNAE
A A PRI R 5] S 58 2 4 ) D BOER XA 2L

(3) M E A

RN AR BN AR, W@ EEAE = 1, BENLARMA XGBoost ALE = 2, {3 BT
& W sy, BEREMERE TR RS, X TRITE S EHRNKRINS, RITERT
FAEUERA TR bR, TGV 15 2 8 iy AU 2% 7 RV, BRG] GE Recall BIRIZE . KUk, @i P
R, HRARBEHLAL L1 [1,2,2] [2,1,1] [2,2, 1]« [1,1,2] [2,2,2]« [3,1,1]+ [1,3, 1]«
(1, 1, 3JEAT S HOR, XA [RIALE [ Rl G 15 8 28 B Recall FaFRgEAT R EE, 28 B E R i 58 S L4

I
= o

(4) SEBe4EE R

6 g thh T RS AP A B SR R R S AR i AR RE . FTRAEH, SR SMOTE iR e, HAR
Recall i5% 0.9508, {H Precision ${F# % 0.1629, F1 40N 0.2781, Accuracy #% 0.3531, KL RFFELR
THEMFER SIS ZBOES], BRI L% PR M, MEEALETIKE scale_pos_weight
BTN U SR, EAR SR RGBT I RTIR T, R IESRRZRE AL, R RS 1 R A B AL 1,
1,3], B EIIAERBEYARMARBE RN 1, XGBoost HE N 3, LKL 7 AT IEAR I E LTS : Recall
$ET+# 0.8017, Precision 2~ 0.4242, F1 $2m 4% 0.5548, Accuracy 5 AUC 43y #1153 0.8313 1 0.8913.

Table 6. Evaluation-metric results of ensemble model

6. MAERENTMIERER

BB BENE Accuracy Precision Recall F1 AUC
SMOTE [1,3,1] 0.3531 0.1629 0.9508 0.2781 0.8335
B HE scale pos [1, 1, 3] 0.8313 0.4242 0.8017 0.5548 0.8913

wiE s R, ZAEEIE. BEYLARR. XGBoost Ml (1) M BEFR AR 45 FESE, RL&EIMTE AUC
(0.8913)F1 Recall (0.8017)48 45 I B E T 8 —A45 RS, [HI Accuracy (0.8313)RFFAER: EI/K T, B AR
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LY 5

WU I R B BB BEA AE DR KR B AR RV RERS E IO RIS, A RERTT 7 BARFIBIRE 1. HETR RS 7
[, FlA AR B AL AR AR R R BT )3 20 5T T 4.35 i1 3.69 N 3 1, HEIEIET XGBoost ) 0.8753,
HZ55 I Recall M F1AH, B VERETE M, 535 FRAR 1 m KU 20 /7 AR iR XU, ]I R o 2 23
BEIGHLAR, Hd AT XS B SEhR 7 K o

AR

Model | Accuracy | Precision | Recall | Fl | auC |
| | |

|

| Logistic Regression | 0.7944 | 0.3586 | 0.7203 | 0.4789 | 0.8089 |
| Random Forest (Tuned) | 0.7878 | 0.3555 | 0.7610 | 0.4846 | 0.8626 |
|
[

XGBoost | 0.8753 | 0.8372 | 0.0610 | 0.1137 | 0.8874 |
Fusion Model | 0.8313 | 0.4242 | 0.8017 | 0.5548 | 0.8913 |
Model Performance Comparison (Including Fusion Model)
0.8 1
0.6
g
o
3
0.4
0.2
—e— Logistic Regression
—o— Random Forest (Tuned)
—8— XGBoost
—&— Fusion Model

Accuracy Precision Recall Fl1 AuC
Metrics

Figure 5. Performance-metric comparison across all models

Bl 5. PTARERMREIEFREE RITLL

4. &Eig

AR RHARAT 2 G R, N PLES 22 S AT TIRAWT I, T RS HECE R R, BENLAR
My XGBoost —FEAUAEARAT 20 P 5 B VR A5 AR (I PERER L, B —BRAA A B 2 R IR Ik, T2 9
3 AT B 45 A A U ST R SRR, SRR, I SRR AE Recall 5 AUC 1 R.35
R — A, [ BES YRR ) Accuracy R FLE, A RCHH TRSHVE S BE2RI00 G, KBl 1 IERE
A, S REHUT MR “RGHEIR R 5 “ e s KO AR, RN RER N RS SR AL
’iz%.

RRWETCR] i PR RS BE R BN, LS KL 55 R BRI G, G NIR B ST AR
SRRFERAERE S, LRI 2% 2 A8 ) S i U A5

i
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JEIK2E, AR, BBz, S5 BT ool i BEHLAR PRI AN NG RS PEASRAC[T]. 4iE(S, 2020, 38(1): 28-32.
JBE—, SHRERAE. ALas S SR T R ARAT R P H XS TR B[], SRl BT 5T, 2022(1): 79-84.

3R, /N, BRAE, 25 BT RERRELSEVARMEA AN NG PRSI B R 2254k
(AR AR D), 2024, 53(2): 241-246.

Tk Ak, WU, JET UL PSR S BENL AR T N 4 [ GDP[J]. B #RLZE 5, 2025(4): 39-50.

BAPH, FkASHS, ™E . #F SMOTE-XGBoost H kKI5 RE A MR G 7T [T]. B TRE K& 244), 2025,
47(3): 343-348.

Chen, T.Q. and Guestrin, C. (2016) XGBoost: A Scalable Tree Boosting System. CoRR, abs/1603.02754.

gk, FE TR RS (45 B R E B R T e Ak [d]. BARAE B RHE, 2024, 8(19): 141-145, 151.

DR, PR HG. HLRS S 500 S RS PG AR 2 M AT 7 — 35T b AR BB 1 A5 F RS AEAR 23 BT ).
A% B 5 S, 2021(10): 89-92, 194

BEE, SREIRA. T AT S0HE AL R 5 B A% 52 5 R A BRI AR P BT 2 RS TR (7). THEREHLR A 5 A A,
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