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Abstract

In this paper, an in-depth study is conducted on the prediction of customers’ behaviour in subscrib-
ing time deposits in the context of the booming development of Internet finance. In view of the com-
plexity and uncertainty of customer behavioural data in the Internet financial environment, this
paper innovatively proposes a robust classifier model based on density weights and intuitionistic
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fuzzy twin support vector machine. The model optimises the distribution of the sample space by
introducing density weights, which enhances the ability to handle unbalanced datasets; at the same
time, combining with the intuitionistic fuzzy set theory, it effectively handles the noise and outliers
in the data, and improves the prediction accuracy of the model. At a time of intensified competition
in Internet finance, accurately predicting the behaviour of customers subscribing to time deposits
helps banks and financial institutions to optimize product design and formulate precise marketing
strategies, which in turn enhances customer satisfaction and market share. The experimental re-
sults show that the classifier significantly improves the accuracy and robustness of the prediction
of customer subscription to time deposits, and provides a powerful tool for banks to accurately
identify and serve their customer groups.
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TR, XTSI Z AR E TR R RS, XS N ERAT B WA T 3 RS KR A T 38K
(BN F1. AN,  TLERIN & Al R AR A R DL R SRR I 7= S 2 AR 55, TE T SR SO 5 AR AT & I AEaK
ATy XA ESRARAT A IR AN B AR RS P 755K, AN ™ it il R A R B 4
Fels, DASETH e BRI o [, ERSLRME IR, AR AR % R R A E A
BN, RTINS R 2 0 E B X AUE B FARAT S ar bR R IR B, IERe /R R T 5%
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SCREIA EHL(Support Vector Machines, SVM) 2 Hi Vapnik 1 Cortes $2 H i) —Fh DL 124 S BAE Fe A
S SR B O H LS 22 2] J77E[2]. B SVM iR 5 50E H i peah, H iz 8l T2, BB,
B R 5 S5 4R [3]-[5] - SRTIAL G SVM A A 2 - S 4H, O T s flioX — RXE,  Suresh [6]%F A4 Hi 28
A SRR EAL(Twin SVM, TSVM), 5 SVM ANFAR) S, TSVM i 78 1 5 8040 2851 v 73 Joll 5 0881 i >k
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PR THEATAE, IME TSVM RIS AT T EbAE 48 SYM BRPUE . #E—25, S.Rezvani [7]55 A2t T —Fhir
(1) B L BRI 28 A2 SRR BAHL(IFTSVM), IFTSVM 2T IFEN RN IIZRRE A 2 e — X SR B A R S I 2 pR
B, IX PR M R R S, R A R R S R R, TR SRR . TR
I AT ATAR B 4R P, B SR AP I, % Ge i o3 S84 2 10 7 B8 P A A R ) T 2 806K,
A D M T PR . TESRPRR I, BIRE R Z AP . (XA SR+, AE
R DHCERI A BE DL TEEUREAN PG, EZAFRAT I 5 R m o 28k ae: ey
R v AR DT Wi, RORFE i ANt R 715 [8] [9] 28 b 52 i s I G it s it 7 &
TR, AHOCTAEUL[10] [11]. 540 el T SCRF ) 2 25040 1504 (SVDD) H R i M A 12 i HAS 75 B B4
SIATRATAR B4 ) V2 A, Cha S8 A[12]4& H T —Fh AR 9% B2 IR (DW) S 7 ] & 4 4 i (DWSVDD)
(B, £ DWSVDD w1, BUEA L2 3% SRR, SIN T % EERCE S, 2R E £
S K AR 792, ARAE E AR % B o AT A5 0 RSB s AR % . 52 IFTSVM I FE AL 1)
Ry BAMRH T —FoBi 15 J 8 (DWIFTSVM) SR AA pk — 43 25 1) .

% DW, IFTSVM (a3 K, ARSCHEH T —Flop (125 T2 AU IR0 22 2E S 3E ] = AL(DW-IFTSVM)
R 87 FH 5% 2% 7 75 DA 5 B R O TR A 28, 8 o TR 5 o o o 25 - 56 2 AL PR SR 28 A S
FEIa) BTG 5 (B AN P A BoE SR, N ERAT SIS A R 0l 2 R S A B R AR AL T O R

2. mEHER

EAZ S, X SVM. CDFTSVM. FSVM HIF G HHT R ERIANH, N T HE, FRAURK
T ={(% Y ) (X0 Y2 )ooes (X, Vo )} REVNEREE, FEATERE X € R™P 2T p MEFRH n UMK, Hrh

X; =(Xil’xi2’”"xip )T e RPZRER | MIIGRFEAR, Yi = {—1.+1} ESTIN X TR . IERREARSERSE X, e R™"P
DL ARFEARHERE X e R™*P, Hrn, fln 2303 IR AR 0 R FEAR AL
2.1. WERIZFEEN
BRI T, IR T = (% v0), (%0 Vo) oo (%0 Yo )} » SYM B SSHEFT Y 0x+b =0,
HiEmE weR?, beRAMET. SVM ALK .
1
min—Jo; +Ce'¢
o [D(Xo+eb)—e+s>0, (1)
T lexo.

Hortt £ = (8,88 ) SRR, CRENMENZH, D=diag(y,y, - y,). €FOSHRETLESE
1RO 9 n 4EFI IR, R RO BT T T LA KK et o (1) 2R 08 1 R

min%aTDXXTDa—eTa

0<a <Ce, 2
" |e"Da =0.

Hifa= (a0, ) RABHIATT R HRGQAMRMME o, RIFTHIEEFH 0 x+b=0. #
R DHTIIREAR K X, » PR 01 R 55 B0 O FL kAT 5«

f(x)= sgn(a)Txnew + b) 3
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TEARSAENL T 52 BT () x—s g(x) LI NZERHK (%, X, ) =8 (%) ¢(x; ) RARMLAL I
L, KRR ERE ISR R A TEIE > B B AR AR T 23, AR AE e 4 23 (] rh R A BRI SR 5 2 ST LR A A
R IANABET, AT AL B AL 4 2 1] .

2.2. BRI FFEIE

MR PRI S AL FE V22 LS T A Bt 4R R AT AE 1, TIARHER) SVM XM EA s (AR B 21
SRR, DRI R P AT A LU . Oy TR X — [, 4R T FSVM 5%, WA E R IZRFEAIR 7
AN B SRR L, SRS HR B R AIC 1R 73 B0 T TR B 70 IR . 4 e VIZRER T, SRR R H0E SN

)-C*
1_||¢(:(+I) 5 ’ i:+1,
(%)= o )
O
"y =1L
rr+o
Hef, >0 AMHSH, HT#% u(x)=0, r" (r)fC" (CRKIE(FR)EMFAM T, &
XHR
TF R ARG RE A K P D5 LA A 7 :ni Y 4(x), C =ni Y ()
+ Y=+l - yj=-1
EXFFRMFAEE I T 1 =max|g(x)-C'[[s 1~ =max|g(x;)-C|
N IE, 2 u(x) =4, FSVM FERAIF:
1 n
min—Jof, +CXué
" 1
.. [D(Xo+eb)—ess=0, )
e
2.3. iR TEENEEIRERE
% EF) FSVM A TSVM B 5, Gao % A7E 2015 4E42H T CDFTSVM, HEIAA W F:
1 2 G2 T
mrrllr: 2||X+a)++e+b+|| S oo, | +cssT& )
st. —(X_ o, +eb,)+& >e & >0,
i
.1 2 G, 2 T
wﬂ!g+5||x_w_+e_b_|| +?||a)_|| +C,81¢E, @

st. (X,w_+eb )+¢& >e, & >0.
Hrfs, eR™,s. e R™ 2&BitinE, H & eR™, & eR™ ZAiliA &,
3. BENEEREMEEXFEEN

N Y U W PR B R R, e A IE RIS R B BN T FSVM LUK CDFTSVM f& ) B %
M. i 1 R L5 ERIPIAS R A R B X T -1 RITA MR SRREE, (EZ AT 2 SRR 1 STk 2
B, AEXFHEOL T, FSVM ARMERGIE 5 550/ F I B X 0 I, IR SN EL AR 4
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Figure 1. Similar degree of membership for two training samples.
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Soba >0 R ATHEY, || BFRENS. FERL. v(x)=v -
TR EE SAERRE, LU R A R BT B A s 1S E

Hi v, =0,

0, <V,
=Y others.

2— 1 -V,

LN, DWIFTSVM [ H AR T
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min %”x,w, reb [+ 2o +esD.E,

o_b_ &

st. (X, +e,b )+& >e,, & >0.

11

Hrbre,c, e, 0 BIRAMMIIETIZHL, £ ,& ZRIIAE, s, eR™,s e R™ 73l R FEFEAR
oA, D, =diag(d;) 720327 IE SR SRFEAS 1 FERLE X M, e
d(xi,xi")

k

maxjetrainset d (Xj ’ Xj )

o X TR B K ANMEARE, d (%, ) Fom K-NN B, H

d(x.x)=

|~

k
Zd(xi,xik‘), X\ FT X, K K AEAB A § A Kk (10) 2Rk 1 H B B F -
1

L(,.b,.& o ) =%||X+a)+ reb [+ 2o [ +esD s

(12)
+a'[e. & +(X o, +eb,)]|-pT¢.
Hira>0,p>0 mhikgHFT, TATNQ2)AKMmFLH N0 EF:
oL =X (X, 0, +e.b,)+co, + X a =0,
Ow,
oL =e/ (X,o, +e.b,)+efa =0, (13)
ab,
oL
£:C3Djsf—a—ﬂ=0.
T T
Ha(ls)ﬁﬂ%n[xgj(x+ e+)(\ll)v+j+(xT‘J+clEla)+=00/&\H+:[X+,e+], H_ =[X_.e]: u;[?],
e, . e +
AU, =—(HTH, +GE,) H o MO (LO)ZAF {8 i 8 F
1 -1
malnEaTH_(HIH++clEl) HTa-a'e 14)
st. 0<a<cD's.
(7] B AT 2801 (11) 20 £ ] Ly «
R - 1 T, T
min= H, (HTH +c,E,) HIp-pTe, 1)

st. 0<p<¢,D]s,.

I
Arf Elez{ 0} —H(14)~15) AR, RTINS T 3545 7 — B 0 Hds
R ATHRE N IR pR R B0 B E BEAT ], R SR R T

T
w+ XHSW + b+

i=+1

0]

+

. { wTXnew+b|}
f (x)=argmin , : (16)
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(21)
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(3) HEAERATIEBIIRDL: 550 E R R AL
(4) ZTFAERIAERROL: Bl AR A HE O R R SRR

4.2. BAAGRIANARERE L
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MNo PRI T TR 2, KGRI TR A D i A Ak AR AL T DA oK B A (R AR

Table 1. Data set prediction results
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