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Abstract

With the rapid advancement of artificial intelligence and data science, numerous machine learning
techniques have emerged, among which Support Vector Machines (SVMs) have gained wide adoption
for classification tasks due to their solid theoretical foundation. However, their performance often
deteriorates in the presence of noise or outliers. This study utilizes the Online Shoppers Purchasing
Intention Dataset from the UCI Machine Learning Repository, comprising 12,330 unique user sessions
collected over one year, with 17 behavioral and categorical features such as page visit counts and du-
rations, bounce and exit rates, page values, proximity to special days, traffic sources, visitor types, and
months of visit. The target is a binary variable indicating purchase intention. We propose a novel ro-
bust classifier, the Bounded Pinball Twin Support Vector Machine (BP-TSVM), designed for purchase
intention prediction in e-commerce environments. The dataset includes multi-dimensional access
characteristics and historical behavior records of users on e-commerce websites, with the target var-
iable being whether there is a purchase intention (binary classification). The proposed method is
benchmarked against the classical Twin Support Vector Machine (TSVM), Pinball Twin Support Vector
Machine (PinTSVM), and Twin Parametric Margin Support Vector Machine (TPMSVM) under identical
parameter optimization settings. Experimental evaluation using accuracy and standard deviation
metrics shows that BP-TSVM consistently outperforms the baselines in both predictive accuracy and
robustness, particularly on noisy e-commerce datasets. These findings offer a viable technical solu-
tion and empirical insights for enhancing precision marketing, customer segmentation, and person-
alized recommendation in e-commerce platforms.
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CHF R EAL(Support Vector Machines, SVM) & H Vapnik [1]55 A (1995 45)2: T Siit2= S BgH 1 vC
PR NS5 70 RS S DM ER IR B I —FPHLES 52 ) D70 . SCRFmIENL— S 58 bl 72 B T 5 A4,
WISCAGN NN [2]-[4]0 SEBR b, SRARSCRE M 0L KA — AN A7 20 3R [ ) — R4l 1)
(Quadratic Programming Problem, QPP). SVM HIYIZREE— MR FH B2 i >R B RIS () — ik i) R
I3 R S S NI R e R, AR i AR S A AR 77 1 e 3K /NS Py — R Kl i) 80 S 52K A
35 S MR A5 30 (4 /NS IR K1) T 1) A SR A i R RIASE — R ) R PRI T BA AR (5 AR T XA (1) I R B0
I (] A A AR =y, DRI, S T4 SVM ISR RS, BEFE et 11 2 I Bud sk, o iz it
H e A B 7 (Chunking Algorithm) [6]. 43 5% (Decomposition Algorithm) [ 7105 41 & /IMICAL
%(Sequential Minimal Optimization, SMO) [8]% .

BEAE SVM B8 1) AN 58 £ AR FH 2 T 9 Fe, FE A 0gR i 5 B HE — 0 =y RV, 8] G 0o AR A0 Pl 7 T S
SRS [ R, R AE R RS O R R SR A PR AR (9], Rl AR IE R A 22X SVM R S RE R R B E G
FECM, NI R S, FEUHRN SVM 73288 nt g m Uk, FF Hoe T HERFEARR S . Mk
T, BERER RS A R B ARG, R R SRR T P AT R AR BB . Huang 55 K5 BRA5 25 oR 2
BT SVM, B 1 2 T 5B Ok R B (0 SCHF IR A L(Pin-SVM) [10]. [FIIATFE T Pin-SVM [PERT, €2
FEME PN BUBE, Fafg AR KR E ML . 5 SVM ML, Pin-SVM HAMIFE MR R,
It H AW AU B RAERRE . AR IR T S FITERE R SVM X AER: 75 AN Fa g 1)
e o BRI T — MR U B R R (PR A PR, P DAJE TR BRI 2 1K) SVML R A5 ) o SR - [T
B AWE TSR . T B SVM RS, Wu A Liu #4038 7 AW e ek i 2k s B, RO RN 2% R 8L
[ UE B T 2 TR B0 SVM X BSE R RIRR R (1] FERHEAR S s B 2EAE |, Tang %8 A4
7 RS VR R, PR SN B SVM T £ 038R 55 [12]. 2007 4F, 5T GEPSVM
B, Jayadeva [13]85 AT H T Z24E 2R [AI EHL(Twin Support Vector Machines, TWSVM). TWSVM ¥
AT SURFAE ] @A PR AN BN RS R R E AL R ) & AT SVM, SVM. BT 4% 2T
JRLE ™R 1] PR 24 SRS A T TWS VM K5 B bR B0 S IREAS s (1 55— RRE AR RO E L R 2% A
ZRE—OR, TWSVM WIIZRIEE B 18w, HINZRI (8 8 SVM [ 1/4.
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ER&Vm 2R RN ELEG %, YA RAERRT 5830 T, SRR W
UK O AR BT LA T S S5 i AR B R ZIRE M . AEMLTE 5 R, AR B AEIR AR R &
GrHUETREIE . Hrahae LA LB .

MNEMZTE, B SIEE FRKA S A . T it (R st g, SR T abrK,
Ol 5P R G o HAE A — MR FERLG BN ER 5 SRl ik 55 AR, Y BR A R 4 5 ()
BEE TR AR 14].

SR, HRTETE N A b T Motk . oA S AE TS A B E STk . I eEk, DA
BT BRI ARER RN SRS, MRESE T A &, BKR. S IEEER,
HEJE M5 R E 2 MBS R RS BRI, XA RH O T AL S )T TR sk A, 1
BT LR 20 K R B RE[15] -

XA WR IR G B, AR EEARIE TP 6 A H A S A% . RS O R
Lo AR BEEYI . ST BdE . R ERAESE . a0, Rl <Rk
- DhRe” AR, RS AT AES RAAW T LAY Tk MO IKE) JI[16].
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¥ B H 3l T2 R MRS ) @, AR 5FIEIT clip-DCD BEsR AT . Btk p 38 T3 ER 35 2R A S ek 2R A4 57
Frr EANLBP-TSVM)R I S50 (5 A Skt
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B (x,,p,), i=1-,n AYGHEAR, D =diag(y,,»,.+,»,)

X, =(xl.1,xl.2,---,xip)T eR”, y e{-1+1}.
TE SUFE AR
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I H n™ ™ 2 HRERIERFEA KR A Y, HA

2.1. ETHRERANIFFEREN
TG00 SVM SV 3k T B BEBUR BB 1, BB R B BOE LI -
Lo (1) = max {0,u}. M
SIS E C(C > 0) MFAAL R £, i=1,2,--,n, SVM AR NATNE
min,, , , %wTw +Ce'&, st y°(Xw+be)>e-&, £20, )

HA g = (8.6 ) RN, C RIFETISH, o 10 HRRITTELN 1 A0 1) n 5 FIR
HRAR 08 B0 1 7 T4 2% KT 4k, 77758 Q)ROSR

min,, %aTD)O(TDa —e'a 3)
0<a<Ce,
s T
e Da =0.

i a=(a,a,,a,) RAEHHRTRE, ZREG)HKRMKM e, WATHEETHw x+b=0.
UE— ANHIOIREAR B x> SRR HON -
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j, VA,b>0 (8)
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A Jt# ¥k 45 Kk (Bounded Pinball Loss, BP Loss).
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f+(x)=a)+x+b+:0, ﬂ(X)=w7x+b7:0, (10)

FEARSC, SRR £, (x) R £ (x) SIERS ARSI VIR RS SO ST . R, A

WEHET . £ (x) M £ (x) e IERMAA RS HIA GV, Wl &IPS G- i, i,
BP-TSVM i BB 550405 43 15 .«

o x,+b, >0, i=12,-,n,, (11)
@ x;+b <0, j=12,-,n, (12)
T
1, (x)20, (~1)-f (x)<O0. (13)
L SN FERERSR, T A BT X B AL e L
m%m%Wﬂﬁﬁ%l%HX@+dm+ii%d%%ﬂﬁn, (14)
n_ o i=l
Al
. 1 2 1% ¢ <
min, , (. +bf)—fef(X+a)_+e+b_)+f;LBp(xj,yj,f_(xj)). (15)
Hortee, 20, vv, 20 RIETSM. FERIL, KHERERER I FEh | BRI ¢ e, B

L, (0)=Ly(mn=1), 2o, =(al.b)  X.=(X.1),
AR A I T 4 59

. 1 |4 c, &
o, E"w+”§ +ter—a)+ +_I+ZZ:1:LBP1 (_(wjxi))7 (16)
A
X 1 Vv c n_
min,, E"a)_ ||§ —fefXﬂ)_ +i;LBPI (a)_ij ) (17)

Rtz =0-yf, (x)=-0/x . "THERSESSEN:

min,, %"Q |- 2e' X 0 + 2 Ly, (o'x,). (18)
I’l+ n_ Jj=1
st. X,w, 2> 0—6—*, X,w, < 0+§—+
T, At

Wbt 65 = (8K .0,k .05 ) o & RAABBRIRL, RAESIMISEL ¢ >0y, >0 RIEFSH. HibsIA
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st p(x) o, 20-5, g(x,)o, 0+ 28)
+ + = 7, > + + = 7, .

F

n Lo o Yeer G G
min 2||a)7|| » e g(x,)o + o e + o 5. ¢(x.)o.

+

m.ﬂquzo—%3ﬂx)@g0+f;. (29)

7

Hofice, >0v,v, >0 REHSHL £.6 RMBRE, o0 RGOS K000, AT S
HE(27)~(28) IR 18

min, %uTK(X+,X+)u—ﬁK(X_,X+)u

n_
st~ L5~ dre <u<-L5 - g (30)
n+ + n+ n+
i
. v,
mlnvzv K(Xf,Xﬁ)v+—K(X+,X7)v
n+
st~ 28 -2 00 <v<-25 + 2 Az, 31)
n_ n_ n_ n_

HEMEEHIEL, AR ORI F B (30)~(B1) 2 5, AFZettE BP-TSVM )k 5% bk B m] 4438
(26).

4. ELWME TR TN 2SR
4.1. BUERIR

AHIE T A FH A 2R 1) 2 7% 7] (Online Shoppers Purchasing Intention) #4555 T UCI Machine
Learning Repository, iZEHHHEMH 12,330 FoiHid sk, BRICAER AR P B— ML y5 i, %
PRI —4F, DAl 2= PR A ok e 1 H e s . Bl R rh 3L 17 MR B S 1 AN HAR
A, WEH A ERE TS BRIV RAT A 55N A TRHE SR AN ARG B BRI o AR
Revenue, HUHE True RN ZSTEZEME, False RoRAKRFZAETME, 29 1.5 IR N5, Hah
RS, BRI E AP ERE, BUEEER L 1.
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Table 1. Variables in the online shoppers’ purchase intention dataset

= 1. ALWYEBIEERIEELTE1RNA

BRI A B YL
HUH R0 )
Administrative RS HE NN/ C: Q1T JRE U N )

Administrative Duration

Informational

Informational Duration

ProductRelated
ProductRelated Duration

B B S T T P A A B I I (FD)

Vi 5 BT B s B TR 2R T 3UA ) (5 S8 S DT P 5 B I [ ()

7 17 7 it 2R T THT AR IR

7 i LT PR A5 B[] (D)

BounceRates Bk H 3R (A7 A% LT A2 U LR A
ExitRates B 28 (LAZ DU 45 3 1) 23 135 L))
PageValues T TH] T 2040 (O T %o 0 S PR B iR )
SpecialDay Rk H BRI FE (0~1, izl 5 H B =)

PR BHFAE(T )

Month i i) R A H

OperatingSystems F A A R

Browser FH P A8 A 00 e 8

Region F P B AEHIX

TrafficType Vi SRIERTY B M R )

VisitorType Vi BB CGRrvi & BREI 5 V5 %)

Weekend S N AR V1]

Hirs

Revenue S A2 75 P2 A2 ) S (True/False)

4.2. HEMYEWLERTMERET

AATHHATIUERE AL, K4 ) BP-TSVM B T-7E R G4 2 ) K 2 1) AR Y, SEEG#RAE R 4.3.1
kAT, T RGRE Intel(R) Core(TM) i7-10700 CPU (2.90GHz)#1 16 GB RAM K PC _L-iz4T, f# 1L
TR CVXR RMHAL, K THASMIBE, T TSVM, TPMSVM, ®EC={2"27,...,27,2*},
BLE Pin-TSVM Fll BP-TSVM 1 ¢ FHUETEREN 7 ={0.1,0.2,0.5,1}

LML, BB EmIIZ R, PPN TR R 2 (Ace.). XTI B SHUR R EE, A SCEH T
A XIHIEVE KA R W R 28 O T IHBR SR BN R Mg, BEAT 10 BB SESS, THEPHN AR )
SFIME(Acc ) FIbRiEZ (sd). 5 RESERR AR NARZRME R 23, B DL SZ sy A% R 8 AR R P mT o0 A5 Y, 55
SRR 2 Fon. SR IBAIR S T TR 2R, K LR T E 2R 0 S [ RN AL R DA SR
LFIIRCR .

Table 2. Prediction outcomes of the Dataset

2. BURSLERIN

BP-TSVM Pin-TSVM TPMSVM TSVM
Acc. 0.9149 0.8741 0.7922 0.8823
Sd. 0.0136 0.0144 0.0545 0.0523
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LRI T S R AL B SR R R b, AR SCHR Y T T S0 L4 K R AR A SR A B HL(BP-TSVM) R A,
N 5 2 A S A B AL(TSVM). Pin-TSVM LUK B/ 3¢ TPMSVM HEAT 1% LS5 . seih 4 1
KW, BP-TSVM 7 TR INAE FE AN 17 THI 425 D0 T FoAdooor EUARE Y, O FLAE A B 35 g 7 1) WL RS Y A7 R L
PRI RIUE ARG E o BEAL, FEBE X U1 o B 1 65 AR 7E 2R SE 35 AT 9B S A 2 0 AP e i, Tl 2%
R

AWML RY, EREERT, FHRAUIT . EEENK. Bk, TmiE & H
PRI P A5 22 EREAE, T LA RO 7 I S ). BP-TSVM AR RSN B H 1 1) S 2 1v) 000 4 1
P, AR B EREE . DR . 0 0 BRI SE T IR T IR i
Gb, ASHF TR T RSB0 S5 R ARMAE w . W 7S SR I A R AT I BT SR R A T AT IS
% 5 SEEIEAL

AKLAERAELF I T RETIF: (1) 25 RAERFEI LR TR T #REE: (2) K BP-TSVM 1E
HoAh A48 852 4 A RO S P A TR (3) A4S R RN vl 75 ) T2 35 U S R BTN oy, EAT B
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