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Application of machine learning in purchase intention
LIU Zhanyu, GAO Rongfang
('School of Computer Science, Xi‘an Shiyou University, Xi‘an 710065, China)

[ Abstract] Whether a customer successfully purchases a product is not only related to the product itself, but also related to the
region, type and special festival where the customer is located. In the Internet era, all major shopping sites have a large amount of
customer purchase information, so you can use machine learning algorithms to predict the customer s intention to purchase such
products through the customer’s use and operation of the website. In this paper, the random forest algorithm, SVM algorithm and
Naive Bayes algorithm are used to establish the model, and the three reliable models are selected by the method of 5 - fold
crossValidation to predict the possibility of customers buying online. Finally, the accuracy rate, recall rate, The F1 value and AUC
evaluate the model. The experimental results show that random forest is more suitable for online purchase intention prediction.
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Fig. 2 Support vector machines
XM T 238 BB SVM, I 5645 24 (1 4% R 5K
K(x;,x;) FEHRIZSEC, WiE IR L ml e, 4n
Na(1) .
masW(a)= 3 a, -3 yyaak(s.g). (1)

i,j=1

ot a, SR TR T, K(x, ;) JRREL,

C TG REL,
SCRF I LA LA 1 ek B, A3 (2)

f(x)=sign(Zai*yiK(xi,xj) +b7).  (2)

1.3 MEAMHEZ
IR DL SR 25 UL 307 JEU BRI R S 2% 1 F
B3Ik, A n BERFIE & X = {x),x,, 0,
RAE b o ARIEANZR DL 0t-Sr

x, b, RAEBEY = {1y ,y,,

HAHIE, FURRMER, A (3)
P(Y) ﬁP(xi I'Y)

P(X) (3)

AN DU AR R AR A AR X, TH 5 TR
M RIRER , e MR de K 1 B R 2 AR T
e, P(X) JEAZER 16 LB SR, H I EE
BT AR EN A RS R T2y, iAD
R DU 505k, e (4)

P(y,) f[P(le ¥i)
) = = . (4)

P(YI X) =

P(yil Xy ,Xp,°tt

2 HEHMIEEI

R CEEEH# FH Anaconda 3 5.0.1 8% UCI R
N FF ) Online Shoppers Purchasing Intention Dataset
Data Set Zr¥adE , IXKAR L AL 12330 5L A1 18
NFB, FBEALHE BounceRates ( Bk H ) | ExitRates
(iB %)  SpecialDay (£75% H ) . Region ( X35 |
PageValues ( U1 [ {H ) . VisitorType ( 15 % 2571 ) 45 H
H1 Revenue J228FR%5

S IR FH IER S AR A K HEAT RSN 25, /N
SIECIEHEA TR TION o VA Uk ik ) B B ST B
PLARAR SVM ARER DU AL S 1 2k i AT 8 A0 A5
BRI AT k P12 AR, S o0 TEE N
3.5.10, 8 LI IS UE 15 BISCR R A & v =5, HI 3
AMEERLR ] AT 28 SCIIE, 25 R W3R 1 s, SR
] A S ¢ RN R AL, il ik 2K S
A ¢ = 10 BRI ZRRCR Bty

x1 BREFFZXBWIETFHEER

Tab. 1 Model 5—fold cross—validation evaluation results
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Rl ALAR A [ 0.891 590 68 0.895 083 63 0.894 069 94 0.901 115 62 0.886 916 84 ]
SVM [ 0.842 451 87 0.841 358 34 0.841 865 18 0.842 799 19 0.842 799 19]
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