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Abstract

This study aims to predict whether bank customers will subscribe to financial products by analyzing
multiple customer metrics. To address this classification problem, various machine learning meth-
ods—includinglogistic regression, support vector machines (SVM), and random forest algorithms—
were applied for in-depth data analysis. First, the bank customer data underwent preprocessing,
including data cleaning, missing value imputation, variable categorization, and feature selection, to
ensure data quality. Subsequently, logistic regression, SVM, and random forest models were trained
and tested on the dataset. Finally, the performance of these models was compared and analyzed
based on training and testing results. By evaluating confusion matrices, ROC curves, prediction ac-
curacy, and other metrics, the optimal model was identified. The results indicate that the random
forest algorithm demonstrates strong predictive capability for classifying bank customers’ financial
product subscriptions. Factors such as age, occupation, marital status, and education level signifi-
cantly influence customers’ subscription decisions.
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TE T FESE 4 B Bl IR 25 T 3 i, RAT AR A 4 ROV LAA) TE 3 3KRGBIT D7 25K i v L7 4 SRS 1) 3R 3R A0 2
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. RAREHITET R EAERE TR, AEMRAAAN R, SECEHRAESA N ME KR
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R AL R, R 2 1 SRR R AE 5 A7 R AR RO AR AL, AT DUAE — e REFE 3 B AR AT 1R
A AT RE VT B SRl S R B, AMEE X AT i 8 8, 1R S8 81 ROI (R I B L E) . Ih4b,
A LR 1032 B FE AN R R ERAT DI S R E AR P R R A HEAR Y T B k. TEXFIT =T, WA
FITEL AN [RIATL A8 27 ) A2 () T A S, F FARAT SR Ul 22 G S 2L, m AT B e A1 D B8 47 b 43 B AR R 2
PRI THIR R, T m BRI & P IR S5 K F[1]

ASEFRHARAT 2% P (& PR AR EEAT 704, RSS2 2] Ok T H 2 5 23T M & ik it o ARAT %
FRIT AT A Z Z R R g, BREEART N ANAKT . KESE 5 B 60 . J5eSEAT A R
BT i) RN S . DL, GBI ZE G T R I 2 B R BR R TN FL T D < e S KRS AR, 6T ARAT
HURTT & H A B S
2. EBIgE

ASCPAFERS . Bl B PSR . B 0ER. MRS AR E, 2 EITWZRSER
KAZ &, SKH Logistics [A1VARGEE MIEAEARL, YNZRSCRFRENL. BEVLRMIX AL 7 21070, Baia =
TR Y 285 SR LS MR AR R P Yo 25 R B

(—) Logistic [A] )

DOI: 10.12677/sa.2025.146176 384 St 5N


https://doi.org/10.12677/sa.2025.146176
http://creativecommons.org/licenses/by/4.0/

Ak

Logistic [a] YRR A5 Ry — 32 B 40 28 i B Bt T ik, TEARAT &7 3T T it i 72 o Tl o
PrisE EE A,
WA AR Y Mim ANEAER X, X, X, FAERY RAERERN, TN
1 TG &b
=% AT 4=
FE—H FAR AR R N R AT & R= St R AR R P(Y =1] Xy, X,,-++, X, ) » id24 P, M Logistic ]
VAR S AT LR IR A (2]
b 1
L+exp[—(a+ B X, + B, X, ++++ B, X, ) ]

Horbo NEBI BB, B, BB H, i A nl LIS BB Y 2R AL O -

|n(ﬁ):a+ﬂlxl+ﬂzxz+---+ﬂmxm

FEETRY e 300 T T R A MR 3R 55 AT T T & A M 23R 114 U A PR AR 3, 324 logistic(P), T2 1A N[3]
logit(p)=a+B X, +B,X, +++ B, Xy,

WZ=a+ B X +BXy++F, Xy WA ZH P ZIFKFH logistic HZn F K 1.
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Figure 1. Logistic curve
[& 1. Logistic fh%k

MZ > +ooltf, PAAWTET 1, MZ - - i, PAEHHET 05 PAETE O ~LITERE NAR, B Z {H1HY
I/ N LU0, 0.5) AL R S TRAR . 24 R4S Logistic LAY AT DL I 1) S WLERAT 2 1 1T T 4
i R

AR T o Ath B A 2% AR TR (L SR LB Z N 4%),  Logistic [F1AREY BRI, IRk
FE
Y ) R BT DA R AR 25 R s a2 BT, A7 Bh T B AR
(=) SVM
1995 4F Vapnik S NFEGLTH2E 2] BEG SLT WFERE_F B gg i 17— Mo A I B LA 5% 21 ik, RISCHE
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FEHL, SRR HEHL(Support Vector Machine, SVM) & —Flibin A B 22 1 50k, & B0 28R a3 04
X T AR A ], FRAT AT LOs I R I 7 VR AR . eI GREEST AR %E, ik SVM BRI
FGEMTING, WNEZIE, AR E SVM B R A E 0 AT MR 2008, SVM RS g m] LA

B xR B 2T 02K
BB RAEZE S — DN ARLAE N, B, 40— AR R B M AREA X, 1=1--n,

e Fons R y; € {40, -1}, X R TR R R IR M o (X ) o NG, S MR
Ko TR K(%,T;)=@(%) (%) o FATHRE 5 w4 HAERE e 7] i 2

W= Yo%)

ﬁ#qﬂuﬁﬁ%%ﬁ@*%ﬁ%oﬁ%%ﬁi,E%%%#ZmewﬂmSngaTML

f (Cl"'cn): Zinzlci _%Zin:lyici (Q)(Xi)'(p(xi )) Yic

=2 _%Zinzlyicik(xi’xi)yjcj
BEEIE KA. JU R M AT LUBE KRR R . RIRE, RATATLLIRE i, (679
0<q<§a,Mﬁﬁ%¢&)&?%ﬁé@%ﬁ%%ﬁ%i,%E%iﬁﬁ%

b=-9(%)- {ZLCJ' vio(%)- o (% )]— Yi
=| 2ok (%)) -y
WG, BTSRRI AR AR SOE I R TR, BRI B Ttk o 2K H
21 sgn(W-¢(2)-b) =san([ T/, e vk (%, 2)] -b)

(=) BEHLARM

BEHLAR#L A i Leo Breiman 1 Adele Cutler T 2001 £E 42 H 1) —Fh 82 i 2% > (Ensemble Learning) .32,
TEREAE T AEWE B SRl ISR Z N o BEHLAR MR EE AL O AR R “HRR 217,
—AFEAR T LG R, B RA RO T HE— BRI S5 R, T Rk b g — AR
FMHAAH—NEIR, FRE R R E RS, SR RS Rt . BV S
STE T e IR B A A RERE, TETE 7 XA R ESLBA RS HEE. tih, et
&M a] DLAC B i 4ERFAE AR S0, R BE LR AR R0V AT DA o S b k2D o AN B SR AIE PR A 5] -

(V0) BRI AR

1. JB¥HEFE (Confusion Matrix)

TRVEFE R HER VPPN B 73 28 RE I HERE (R 1), — ORI —A N x N BORERE,  d1 T AP AAE
RN, FTUAEARSCE AT R 2x 2 FIVR R FERITAl oA DURREE R (1 4 2568 7

B

Table 1. Confusion matrix
%= 1 RERRE

TR B2 T 1E
SEBR N AR TN FP
SERR A IE FN TP
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TRV RS TG R, 472 TP (True Positive): 7 BSBr & IE TN IERIFEASL, &
S0, TRMIAEN 0. FN (False Negative): 3K HHSEBR b & A WU ERIREAS, B0, FH 1.
FP (False Positive): F/~skibr 2 IEE TN IFEASL, 98 1, TN 0. TN (True Negative): %
B SERR o SR o i REAR, BN 1, TR 1.

X F—ANBEH PN R B X PYRAE BB, KR EER R RN T &, A
SV A TR T 28 SR B AR, RIS 5 T B — S e VR R B AT AR SR VRN AR, 4

\ TP+TN P
% = ] -
A == L o=
TP FP
77|E];<: Lt O —
AR = o N I = E N

TR R OB O A 2R 0NN 2 SR R VP A FH 81 ) 3 2 v A 8 (Aceuracy, ACC),  IX 2 FiR B 1 fff il 1)
FEARBAE SFEARECT T SR, tt 28 IR 2 R .

2. ¥ BRVERFE 2% (Receiver Operating Characteristic Curve, ROC)

ROC HiZk /2 AE [l 2 9 A ALbR, DR ZE M AL R A T 2. ROC It 2k i % 147 Fp. B W b S Bt A 7Y
PIFIINRCR, ROC hZGEREENT /e B, Ud BB () 00 AR B GF . A SCF Logistic [BIEAEAL ., SCRR A&
PHLUSVM). FENLARIRE) ROC i 2k 22 il 75 7] — 7k B o, T (0 BE A% ELUL 3t ) T 5 A AR F) Tt 0C5R

AUC (Area Under ROC Curve): &5 — /M 7 R R, ©RR12E ROC 2 AT
SRR . AUC > 0.5 Fn A HCR, AUC IIME BRI R AL IR 70 SRR s, AUC = 0.5 JU i TS A
JoRL AUC < 0.5 U5 B AR R A1 O o

3. BUERIRR AL

AR ST HE R Y B B B 5 Rt e S R it P A T BARAT 2 P A e TR £ . R AR LI
AT 73 AT B % S AT BZ o AT R ELAE 2 SO il WL, SRR . RAH KT
RBAEMNELICRSE, BERR. Fie. IR A A UGE SN R RS 21 MR E . Sk
AR RREE AL, FELIER 2 70 4 SCRE AT B B . ASCHER R — 4800, R4
B MLt ) 70 D Bt B 2 3:1 BN ZREEAN M 14k

Table 2. Code-variable reference table

F2 wIBTEXNRE

B s B3 gy Bl Yy
16~23 % 0 SN 10 A NBER 1
24~40 % 1 Jolv & 11 NI E S 2
41~60 ¥ 2 AR 12 BANGER 3
61 5Ll I 3 FRNHBE, 4 ) 1 157 FH AL 1

ey 1 EbAEE, 6 4l 2 fFHFHL 2

oy 2 SbEE, 9 3 RE R R 1

gy 3 R 4 B BE 2
S A 4 XH 5 BRI 3
ITBA R 1 £l ifAE 6 JBERT ] 0~100 434 0
TN 2 REEEEAL 7 G ] 101~200 43 1

a5 3 AR 8 IR A] 201~500 434 2
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EQLgE 4 Tofs kg 1 A IE I A 501~1000 434k 3
(L= 5 15 HB 2 AR 2 A E )] 1001~2000 434 4
BIRAL 6 (L ERS-Eab NS 3 1% E] 2001~3500 434 6
H H R 7 P RENA 1 B iE I A] 3501 434 LAk 7
X4 8 1 s BER AR S 2 AT 0
A4 9 A5 bR 3 T 1

4. GRS

ASCFH R x64 4.3.3 /R TR 40 e1071 4. randomForest 32584 2 (.45 Logistics [A1)9. BEHLARA
CFFAEHLE A I [ R BONLAS 5 IR . ARSIl o A A A I A VR VB R R T SRR %6 . ROC 2k
SIRVRER G T R ERE, 4 R AL

(—) [EAEERLEE R Hr

1. Logistic [B]/7

ASCAERX — 1 Im s ER 2 logistic [A[HARY, ASCHLrHr 130,000 #4722 G R, i &
S DR 2R 0 ARAT 20 P R I T T e Rl iR AT o0 b, IRAE A B B AR BT, AR 0.5 1 BRI K T
MRS 45 Ry — JeR A, it — B s TN 20 e 4y HAT 0 A 1 AP R 7.

Table 3. Logistic regression coefficient results
%% 3. Logistics Bl)FE RER B HIE

Estimate Std. Error z value Pr (>|z])

(Intercept) -3.45 1.110000 -3.108 0.001881

id —0.00006455 0.000003 —22.633 <2e-16
age 0.2048 0.035650 5.745 9.20E-09
job 0.03115 0.006446 4.832 1.35E-06
marital 0.2353 0.035770 6.578 4.76E-11
education 0.04676 0.011270 4.151 3.31E-05
default 0.07464 0.052920 1.41 0.158423
housing —0.0424 0.024100 -1.76 0.078485
loan 0.05134 0.030710 1.671 0.094623
contact —0.3051 0.060160 -5.072 3.94E-07
month 0.05096 0.010150 5.021 5.13E-07
day_of_week 0.03246 0.016460 1.973 0.048517

duration 0.1774 0.014670 12.093 <2e-16

campaign 0.04405 0.002605 16.913 <2e-16
pdays —0.0003072 0.000081 -3.772 0.000162
previous —-0.1162 0.015220 —7.637 2.22E-14
poutcome 0.1781 0.036320 4.905 9.33E-07

emp_var_rate —0.4413 0.018180 —24.278 <2e-16
cons_price_index 0.01877 0.008358 2.246 0.024732
cons_conf_index 0.004575 0.003735 1.225 0.220653
lending_rate3m —0.05641 0.018590 -3.034 0.002413
nr_employed —0.0002884 0.000145 -1.995 0.04607
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F:F UL E Logistics [B] R A sty gh R o] R4 3), AFEE IR 0.2048, FIRFRS I In— > HhL
(—%), NEJLERI 0.2048, BPFESXIIT B0 A A EFE0,  ED A RSB B ) T T I Al
Job. marital. education X433 & (1) P {EE/NR IR . A5 IR GLANBCE 7K TPl & 745 37 W6 A i
F . default T THE HIEZ), HARKN 0.07464, Ui REGEZ K% BRI T 1T 4R 5,
housing 7R & A (1575 08K, HRECN-0.0424, KRB LR RHNE P IEAREIT WA, loan &
A HAMSEE, HRECN 0.05134, KA HARDT I P A T WG/l {HJ2 default. housing
1 loan =AM R P AEECR, R EAT BT IR RE %8855 Month. day_of week 437l 7= 3 I H S
(6] 25, O AR A L) R B0 W B 1 IR 256 0 (T BelAT A — e e, HABATTI BB I, R
RO BOERAT 2 P il LA m, JE— 308 LB L3R 361 o duration 75 388 1 477 22 IN [A]38 1 FF 22 I 1] 1)
FHCN 01774, ZRERIEZRE(p<0.001), KU ER AR, B LT 5 = 5] e Bk . Campaign
FORAUGES T 5% FECRIRE, Campaign 1 R30CH 0.04405 RRERRIIREZE, %P0 L%
k. Pdays #omH LiESE, Zir k%, Pdays B9 R$8-0.0003072, Fon&id b REukE, %5
FRANARLT W G fl = 5, BT DARAT A3 22 £ BiA% . previous fEAVGESIZ 1T, S5i%% B REL H RN
-0.1162, KRIESNHIAARITE B RKZ SEFAIER . Poutcome FRor L —CE SIS SIM4ER, HREC
0.1781, Fo~ b— UGB B T B %% P 53X — S g [ 11 W e ™ & - Duration Campaign . Pdays. previous.
Poutcome )32 #5200 1T (2 Z B . emp_var_rate FRgl R R(L T eIr 2 —), HSE08-0.4413, E£H
AIRE NN E B A, nTRETHIG AR E MU o AT € SN A4S AT SE A H S I 2% 2 i,
€ JISCAS et i () 9 H . cons_price_index DA Bl A A% fi Hi (1 BB IK AN K- AR I FE AR ) S 4
4 0.01877, FWIBEAE A G A bk, AATRT ARSI SGTEIV S5 R A B o AT T AT e 25 SR I S <
an BCHAR R BE TR, DU ERE R R RE IS S0 T RE I %5 Bk . cons_conf_index il 9 # (5 Lo d (i &
T B H X B TORGLE 0 KF), HRBON 0.004575, FEIZFORBUBRET, 25 Bk 1 1 SE 4 b= 5
lending_rate3m #HBH = AN H GEECR] 2 (7] RE I BRI 51 /7). HS40h-0.05641, R =4 H BE50R) %
A, ANATTERAS ARG SE 4Rl . nr_employed FRoR32 i NE(& P HRn 2 —), HZS¥(N-0.0002884, #*
TN T RENELT BEINES, 52 AE G SR ST I R TT B 2k o IR AR O R T RE A A A2 e AN
I RRAE 55 S i g G, AT R BT K T BEECR AR BT, AR 1Rt B
E T & . emp_var_rate. cons_price_index. cons_conf_index. lending_rate3m. nr_employed: iXit
ZTHHRPR 1) RBER A TR AN [F) J7 TR U 1RV T TR AT A 2 5 .

BEBRN WAL A &, J83d Null deviance A1 Residual deviance HIELE BN, TIANfRBEA &
JE AL I 22 Y2 D, IX 3R B A e R A R AR

Table 4. Confusion matrix for Logistic regression
%= 4. Logistic [E)ARTRIEIER

MM 0 T 1
SEBRA 0 5391 518
SEfRA 1 50 41

1 4 A2 Logistic R ITRIEHFE, N XX R FEA N A BT .

TRVERE RS B 5391 Fon AR IE R T 1 5391 M ARITIWHI 241, {H 518 Fon A 27 M ARIT A% /-
WA R TN 7%k 55, {H 50 FonA 50 Askbr BT 7% R 55 20 7 B R b TN D 50 1T 1%
M55, A8 41 FoRBARLER T 41 ST T 28R 55 K 61 .

MTEEVE RE I 55 (1 DY B 2015 2 BE G TF 5 L B R R AR FEAT AR R I HET R . BURE . e IEBlarh
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2, fflarthE, AW

WEMRZE . (TP +TN)/ % = (5391 + 41)/(5391 + 518 + 50 + 41) = 0.905

HA#; TP/I(TP + FN) = 41/(41 + 50) = 0.451

RIRZ: FP/(FP + TN) = 518/(518 + 5391) = 0.087

FEWHEE: TP/(TP + FP) = 41/(41 + 518) = 0.073

M EREERAKTE, BEIR Logistic BAERAANERZ RN RAF, (AAERIRISHURE B FE 77 7 R )™ 5
AR o R RABAEWG MBS R FON IE B RIAE, SECTRICRI LT, R FRAC T RS .
BRI EARAE S B0 T TR SR AR IR 23 R v 2R 8 (ME R 26 131) » AHRVBAE X 43 S4B IR A AE SR R TR A
WCAERE € 55 N W RETC A Rt g /> iRk [6] -

o |
[ce]
- e —

0.088 (0.689, 0.756)

> © oL

= o

=2

[ AUC: 0.794

3 i e I A R —
N L
o
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2

I I I
1.0 0.5 0.0
Specificity

Figure 2. ROC curve of the Logistic model
[ 2. Logistic 8 ROC ghik

Kl 2 72 Logistic A AR YE I ZR R AN AL A B IR B ROC HiZk. AUC {H 7 0.794, FRonii Rl )R i
AE

rREE T RIF, 3 E T RN S EHE(0.5). AUC (EHEIT 0.8, 18 % 3R B — AN (17 R 2R R il 4 K
R X REASR AT IZ IR S B 5, (HIEA DR (1S 5 R BET LR . £ RBUZL 0.689 ARy F-E

Y79 0.756 5 b, FRIE T —NERE 94> 2518 (0.088), RIIAEIZIIME N R HtERe R L. Mk b, iXEk
ROC i £k B B 1 @45 [a] AR LE (X 43 IR 2R A K5 T BA — 2 T Se ik, (BA5E — & 4R 25 16 .
() ZRLER 2 o) 7 ik T &5 51 K o #r
1. XEFHENL(SVM)
ASCHIHH R x64 4.3.3 WA TR e1071 AT AR 3745 21 DL R VRIE 36 FE AT ROC 42

Table 5. Confusion matrix for SVM
2 5. SVM JRiE5ERME

Ty 0 Ty 1
SEBRA O 6756 27
SERRA 1 664 53
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%5 WoRZ SVM BARLKTRIEFERE, JETHISCHE, IREFHFET 0 RoRE P A Iz, 1R
TN AT 7%

T T IX AR R FE R AE G A K 4 BT [ 7]

TR FRE A {E 6756 oA AL ERR T 1 6756 MRS B, {H 27 R 27 NMETIWE
BERGR TN AT 1% 0R%S, 10 664 XA 664 NSLbr BT 1120k 5% 105 7 A3 et T A A 3T
ZIR%5, fH 53 FANBLAY IE#fTI B 53 AT T %R 55 S

AR VR 0 R L2 I DU 30 235 S RE B TH S L FHVRVE R R AT AR I HER R . MU R IEW A
R, g, BEWT:

WERfZ: (TP + TN)/E % = (53 + 6756)/(6756 + 27 + 664 + 53) = 0.9079

HnlF. TP/I(TP + FN) = 53/(53 + 664) = 0.073

RIRZ. FP/(FP + TN) = 27/(27 + 6756) = 0.0039

KSR . TPI(TP + FP) = 53/(53 + 27) = 0.6625

o ]
[ce]
I R I R
.é‘ g [ PO T By T T I T T TR
=
@ AUC: 0.536
]
S ! 0 IR
N
N o A
o 1.500 (0.994, 0.078)
S
T T 1
1.0 0.5 0.0
Specificity

Figure 3. ROC curve of the SVM model
B 3. SVM 153 ROC Bh%k

3 FoRAIE SVM KAL) ROC Bhk, B s SVM RALEE TR A 75 HY i) AUC 1R 0.536, iX
AME ISR T 0.5, EERE SR BN EE /1L T FIBEAUE B A XA, 7 2R 68 TR AN AE[8]-[10]

M ROC #£k FoRE XA ROC HiZEIEH B W M2k, BB BRI X /A 2850 B s
10T — AR BE N £1(0.994, 0.078), LA RIXAN BIE G B (14 b AE AR 25(1.500) 03X s REBEARIS,
FrmthiR e, BUREERXABE T, BRI TR 2 8RR N RITIGIE, INifmsE G 7 s ix,
RIS T2 BRI % [11].

M EREERRE, BIR SVM BRI R R LRI R, EIEBURE IR EA L. X RV
AR AR M AR R, A SIS B IERITINE . A SVM LY ROC ik f1 AUC 1 &
B, SVM BUEITEX /31T 5 3E3T W8 A 7 7 T R AN EE[12]

2. BENLRRA

AR R x64 4.3.3 Wit AH -5 randomForest £k 47 B 78 2 7. 753 2 vk SR £ Al OOB 1% 2 K R
TRIEHEFEAT ROC HhHZk .
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OOB Error vs. Number of Variables
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Figure 4. Relationship between node variables and OOB error
4. HBREES 00B REXRE
ERROR & TREES
©
g
©
©
£ — 00B ---- 0 1
W
o
o
o
L L e
e T T T T T
0 50 100 150 200
trees

Figure 5. Relationship between the number of decision trees and OOB error
[E 5. RIEMEEM OOB REXZRE

AR HAMEGE TS AR AR, N T RIS RENBRRAS, WAOTHE 7R 0]
BLEFRRBEMN 12 21 5IRZRRARE, M4 R UE S, HEZREEDUE 2 B EIRZE R
%, ROREAF JRSEE R B AERE D 2, RIKITHE SRR ECE A 1 ) 200 fiRZE K 5, AESarEL
B BIA K 200 AR R SRR AR TR FD 5 P X ME A T R LB T AR € [13].

Table 6. Random forest confusion matrix
< 6. BEHLARMOR BREME

T 0 A 1
SEBRA O 6548 214
SERRA 1 573 165

12 6 SRR HEREHLAR AR A IR R, AR IX AR IR A R 2 B 0 47 »
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TRVEHFE P (14 6548 R AL IR TN T 6548 NN EITIEIIZRG], {8 214 Fon A 27 N EITIERE P
PEETR TN AT 1% 0RSS, 1 573 LA 573 NSEbr BT 1Ak S5 105 7 A et T e A T e
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Figure 6. ROC curve of random forest
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Table 7. Evaluation indicators of model classification performance
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logistic [7] 90.50% 7.33% 45.10% 91.20% 0.794
SVM ## 7 90.79% 66.25% 7.30% 99.60% 0.536
BEALARAR 89.50% 43.53% 22.60% 96.80% 0.856
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Figure 7. ROC curves of each model
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