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1. INTRODUCTION

In Japan, a penetration of the Internet is 80.020ih1[6]. Most people in Japan use the Internet to
investigate something, send an e-mail, purchase®ong and so on. Recently, the e-commerce sitekaha
in Japan is growing [8]. Many companies will congéi the e-commerce market. Many companies in e-
commerce market compete for customers with eacéroffherefore, e-commerce managers need to decide
which customer is good customer who may benefthenear future in order to win many rivals. Inath
words, e-commerce managers need to understandrarséopurchasing behavior at e-commerce sites, and
they need to predict which customer may benefit.

Customer’s purchasing in e-commerce sites is ortbeofajor problems for e-commerce managers.
Several preceding studies focused on customer'shpging in e-commerce sites. For example, Moe and
Fader [10] developed a model which predicts custpirchasing. They predict customer’s probabitify
purchasing based on an observed history of visispaurchases. Bucklin and Sismeiro[5] proposed deaino
which predicts customer’s purchasing. They decomgdke user's purchase process into the severs ste
such as “completion of product configuration”, “itpof complete personal information”. Van den Paed
Buckinx [12] analyzed purchasing behavior and tfeeyd that variables such as “Number of days siase
visit” have strong effect on purchasing. These iswdiscuss which visit leads to purchase. Howeveés,
unclear when a customer visits. Predicting the dagustomer visits and purchases helps e-commerce
managers to understand when a customer intends ¢bgse.

To predict customer’s purchase, it is importantdezommerce managers to understand consumer
behavior which leads to purchase. Moe and Fadgrffitis on a history of visits and purchases tajote
purchasing. We focus on viewing of product pagesedmavior which leads to purchase. As a precedimtys
which focus on product pages, Moe [9] found diteeying visit exhibits more focused behavior withremo
page views devoted to product-level information.wduwer, the relationship between purchasing behavior
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and viewing of product pages before purchasing weteevealed. Some customers may gather informatio
about products for several days before purchadihg. other customers may make blind purchase without
viewing many products pages. Customers who begigatber information about products several days
before purchasing can be a good target becausedsy for managers to predict their purchasingrdony

to their behavior. That is, finding customers whegin to gather information some days before puiolgas
can be important matter for managers.

It is speculated that behavior which leads to pasehis different for each customer. Some
customers may purchase after gathering much infiaomaOther customers may purchase long time after
their last purchase. Capturing individual-level &ébr helps managers to get insights for one-to-one
marketing. Therefore we aim to reveal customerividual-level behavior which leads to purchase.

E-commerce managers need to win many rivals. Custerpurchasing in e-commerce sites is one
of the major problems for e-commerce managers.ddieg studies [5][10][12] predict which visit leatts
purchase. However, it seems unclear when a custeisits. In order to solve this problem, we ainptedict
the day customer will visit and purchase. For examwe predict whether a customer will purchaseair
tomorrow. We also aim to capture customer’s hetmedy. Purposes of this study are to develop aeinod
which predicts customer’s purchasing behavior anceveal the behavior which leads to purchase. 8to g
managerial insights on marketing strategies toorusts is also the purpose of this study.

2. RESEARCH METHOD

In this study, we develop the model which focuscostomer’s purchasing. A binary variablg y
equals one if customer(i=1,...,N) purchase on theh day(=1,...T) and zero the customer didn’t purchase.
We employ binary probit model. Let, be the utility of customerront th day. A binary variableyyequals
one if Y, exceeds zero otherwisg gquals zero. The utility,us specified as

Uy =X B, + & & ~ N(O’l) @)
where ¥ is a vector of independent variables which congairinterceptp; is a parameter vector of customer

i. In this study, a parameter vecfpis different for each customer in order to captugterogeneity.
To capture heterogeneity, hierarchical Bayes mizdeployed. Parameter vecfyiis specified as

B =0+n 1, ~MVN(OV,) @)

whereA is parameter, and MVN(0,Yis multivariate normal distribution with a zerceem vector,
covariance matrix y Multivariate normal distribution is used as aoprilistribution ofA. Inverse Wishart
distribution is used as a prior distribution of.\Multivariate normal prior and inverse Wishartqgoriare
written as

A~ MVN(A, Aj ®)

V, ~ W (v,,V,) @)

where IW is inverse Wishart distribution. Constats, A, vy, Vo) are chosen to provide a diffuse
prior for parametera and \j [11].

3. DATA

Data of Joint Association Study Group of Managem&gtence was used. This data contains
clickstream data, transaction data of an e-commesitee which sells golf products in Japan. Data was
collected from July 1, 2010 to June 28, 2011. Figuishows data summary of the total sale at wdekisk
Figure 1 was drawn as 1 dollar equals 80 yen becans dollar equals around 80 yen on July 1st. The
vertical axis in figure 1 indicates the total saelelata and the horizontal axis indicates weekuieid. shows
the total money decreases at the 37th week. ThHe8&¢k is from March 10, 2011 to March 17, 2011. In
Japan, a massive earthquake occurred in Marchil1l,. Because of a massive earthquake, customers may
abstain from playing golf and purchasing golf prctdu Therefore Data from July 1, 2010 to Februa@y 2
2011 were used. We use data from July 1, 2010 noaig 31, 2011 as an estimation period and the
remaining period was set aside as a holdout pe@odtomers are qualified for inclusion in the saamipl
they purchase something more than on 4 days imastin period. The number of customers we analyzed
157. In this study, we summarized data at dailglevecause we aim to capture customer’'s purchasing
behavior each day.
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Figure 1. The weekly-level total money

A rate of male in data, an average of age and amage of the number of days a customer purchased
are shown in table 1 as a summary of data. Tablefvs most customers in data we used are male.vizata
used in this study is data of an e-commerce compdrigh sells golf products. This may be a reas@mstm
customers are male. An average of customer’s aghata we used is around 50. An average of the total
number of days a customer purchased is around 7.

Table 1. A summary of data
Average of the number of days a
customer purchased

arate of male  average of age

93.60 % 49.15 7.00

In this study, we use some variables as independeiatbles x. Variables we use in this study are shown
in table 2. The variable CumPages is containethénmiodel to capture the relationship between psinga
behavior and the total number of product pages lwhicustomer viewed in the past 7 days. We belieze
variable CumPages has positive effect on purchasitog and Fader[10] predict customer’s purchasedas
on an observed history of visits and purchasesreftuie, the variable, CumVisit, is contained in thedel
as the history of site visit. CumVisit is containedhe model to capture the relationship betweanmchmsing
behavior and the total number which a customet th&i site in the past 7 days. The variable CumMasn
contained in the model to capture the relationfigifwveen purchasing behavior and total of money hwhic
customer spent in the past 30 days. We believerdhable CumMoney has negative effect on purchasing
For example, customers who spent much money in gg@gral weeks may abstain from purchasing for a
while.

CumMoney was defined as thelgen. Logarithmic of CumPages after 1 was addedagatithmic of
CumVisit after 1 was added were used because thgad of page view and logarithmic of repeat visére
used in a preceding study[4].

Table 2. The details of independent vairables

Name Of Variable Description
the total number of product pages which customéewed between the (t-7) th day

CumPages and (t-1) th day
CumVisit the total number which customaiisit the site between the (t-7) th day and (thldlay
CumMoney the total of money which customepent between the (t-30)th day and (t-1) th day

4. RESULTSAND ANALYSIS
4.1. Estimation method

Parameters are estimated using Markov Chain MoattoGQMCMC) method. A Gibbs sampler is
used to draw samples of paramet@sA, Vg We use 100,000 draws for burn in, and additidrt),000
draws were used to infer the posterior distributtdithe parameters. We kept 5 th draw to reducepcioen
memory requirement. The resulting 20,000 draws wesed in our analysis. Posterior means are used as
estimates.
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4.2. Model camprison

First,the performance of models is investigated sotde models are compared. The performance of
models is investigated by Receiver Operation Charestics (ROC) curve and Area under the curve
(AUC)[2]. ROC curve is drawn by Table 3.

Table 3. A matrix of prediction and result

Prediction\Result Purchase Not Purchase
purchase True Positive(a) False Positive(b)
not purchase False Negative(c) True Negative(d)

ROC curve is a figure which False Positive Rat¢b(bd)) and True Positive Rate (a/(a+c)) are
plotted as the threshold is changed. Area undeR®E€ curve is AUC. AUC is 1 at the maximum and ikat
0.5 in case of predicting randomly. AUC indicatbattthe closer to 1 AUC of the model is, the better
performance the model is. Purchasing possibilityatculated by estimates and data of holdout period
Therefore, if AUC of the model exceed 0.5, it iseipreted that the performance of the model isebétan
random prediction. We calculate purchase possitofittustomer ont th day, p, as

P, =P(x.3) (5)

where ®() is cumulative density function of standard norrdetribution. We compare the model of this
study with the logit model without heterogeneitgdsn a study of Van den Poel and Buckinx[12]. Tdugt
model without heterogeneity is written as

_ expu,)
P T exdlu,)
Uy =%, )

(6)

where R is the probability of purchase of customem thet th day. Independent variablegcontains same
variables as our model. We estimate parameteisyifrhodel without heterogeneity by maximum likelid
method.

We compared some models. Model 1 is hierarchicgeBdinary probit model with a variable of
product pages. Model 1 is our approach. ModelHdgarchical Bayes binary probit model with a vhaléaof
site visits. Moe and Fader[10] predict customenschase based on an observed history of visits and
purchases. Therefore, Model 2 contained the variabkite visits instead of product page viewingddl 3
and Model 4 are approaches of Van den Poel andii[&®R]. They predict the possibility of purchase o
customer’s next visit using traditional logit modeithout heterogeneity, they don'’t predict the daayich a
customer will visit and purchase. Their approachkdsily to be applyed to the prediction of the dayisit
and purchase because they employ the traditiorggdtio regression. Therefore we compare our approac
and their approach. Our approach aim to capturces’s individual heterogeneity though an approach
Van den Poel and Buckinx doesn’t capture custoniadi&zidual heterogeneity.The performance of models
is shown in Table 4.

Table 4. The performance of models

variables AUC
CumPages CumVisit CumMoney Sztr'ir:gte holdout period

Model 1 v v 0.723 0.689
Model 2 v v 0.716 0.683

i ! v v
Model 3 (Preceeding study’s 0.621 0.665
approach[12] )

i ! v v
Model 4 (Preceeding study’s 0.607 0.655

approach[12])
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The model which has larger AUC has the better perdmce. The performance of Model 1, our
approach with a variable of product pages, of esttnperiod was 0.722 of AUC and that of holdouiquer
was 0.689 of AUC. The performance of our approadh & variable of site visits, Model 2, of estimate
period was 0.716 of AUC and that of holdout penas 0.683 of AUC. This result shows that Model & ha
better perfomance than Model 2 because AUC of Madsllarger than that of Model 2. This result irapl
that product page viewing may be more useful fedjeting customer’s purchase than a history afsuis

The performance of Model 3, preceding study’s apph@l?2], of estimate period was 0.621 and that
of holdout period was 0.665. The performance of BMo#, preceding study’s approach[12], of estimate
period was 0.607 and that of holdout period wa$®.6specialy, Model 3 and Model 4 has not good
performance in estimate period.

The result of AUC shows our approach is better ttemdom prediction because AUC of that
exceeds 0.5. AUC of our approach is larger than tfapreceding study’s approach[12]. Therefore,
performance of our model is better than the trad#él model. In this study, we discuss Model 1 bseau
Model 1 has the best performance in 4 models.

4.3. Result

First, table 5 shows posterior means of parameteiBarametera indicate the average effect on
purchase. The sign “**” in table 5 indicates the?®%onfidence interval of the parameter doesn't @iont
zero. Table 5 shows the variable CumPages hasiyeosffect on purchasing on average. This result
indicates the number of product pages which a custoziewed in the past several days has positifectef
on purchasing. This result suggests that a custoimer many product pages several days before psirnfpa
The variable CumMoney has negative effect on pwiciga This means a customer tend not to purchase af
he/she spent much money. A customer will not pwsehseveral weeks after he/she spent much money
because he/she may hesitate to spend money adteding much money.

Table 5. Esitemates of

Intercept CumPages CumMoney
-2.13** 0.15** -0.16**

Next, individual-level parameters are analyzed. @udel estimates individual-level parameters.
Figure 2 shows a histogram of each customer’s petemof CumPages. Figure 2 shows that parameters of
CumPages of most customers are around 0.15. Tt uggests that the total number of product page
which a customer viewed in the past several dagsshght positive effect on purchasing for mosttoogers.
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Figure 2. A histgram of CumPages
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Figure 2 also shows the variable CumPages hasymosifect on purchasing for some customers. It
is interpreted that customers whose parameter ofiRages is positive tend to gather information about
products several days before purchasing somethingll be easy to predict purchasing behavior leége
customers because they tend to purchase several af®y viewing many product pages. The variable
CumPages has no or negative effect on purchasmgpfoe customers. It is speculated that these st
tend to purchase on the day they viewed many ptquhges or tend to make blind purchase.

40
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Figure 3. A histgram of CumMoney

Figure 3 shows a histogram of each customer’s patemof CumMoeny. Figure 3 shows that
parameter of CumMoney of most customers is aroQrl This result suggests that the total of monbiclv
a customer spent in the past 30days has negati®et @n purchasing for most customers. Figure 8 als
shows parameters of CumMoney of some customersa@end zero or positive. It is interpreted that
customers whose parameter of CumMoney is positwve to purchase several weeks after they purchase
something. It is speculated that these customedstte continue to have an interest in golf in arsperiod
because they tend to purchase several weeks aftdigsing.

The number of customers whose 95% and 90% confidérervals of parameters don’t contain
zero is shown in table 6. The total number of cusis analyzed in this study is 157. 30 customeve ha
positive parameter of CumPages and their 95% cendid intervals of the parameter don't contain zero.
Table 6 shows that around one-fifth customers is dlata have strong relationship between purcheesing
viewing product pages. The 90% confidence intereélé2 customers don’t contain zero. That is, thaye
a tendency to purchase several days after viewiagynproduct pages. 14 customers have negative
parameter of CumMoney and the 95 % confidencevatsrof the parameter don't contain zero. The 90%
confidence intervals of 26 customers don’t conzagro. That is, they have a tendency not to purckegeral
weeks after spending much money.

Table 6. The number of customers
Confidence interval

Variables
95% 90%
CumPages 30 42
CumMoney 14 26

Next, the relationship between CumPages and tatalemwhich a customer spent in data period is
analyzed. The reason we focus on CumPages is tparameter of CumPages is useful for predicting
purchasing because customers whose parameter oP&yen is high tend to purchase several days after
viewing many product pages. A customer who spergtnmoney in the e-commerce site is a good customer
for the e-commerce company and e-commerce managiegsromote them to purchase and aim customer
retention. However, some good customers who spamthmoney may tend to purchase several days after
viewing product pages. Other good customers mag tenmake blind purchase. In other words, good
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customer’s behavior which leads to purchasing atdkcommerce site may be different. Understanding
customer behavior before purchasing such as viepiiaduct pages will provide managerial insights.

$7,000
F
@ $6,000 - =
s 18
= $5,000 {
=
~— $4,000
Sy
-+
S $3,000
(=]
E $2,000 -
8
= $1,000
'

$0

-0.3 02 -0.1 0 0.1 0:2 DL3 0.4
CumPages
Figure 4. A scatter plot of total money and CumRage

Figure 4 shows a scatter plot of total money aaust spent in data period (total money) and the
parameter of CumPages. Dots in figure 4 mean custmrthe number attached to the dot which mearis eac
customer indicates the serial number of customiee. Viertical axis in figure 4 means total money lats) a
customer spent in data period. Figure 4 was drasvh dollar equals 80 yen. Customers who are Iddate
the upper spent more money in data period. Thezbotal axis in figure 4 means the parameter of
CumPages. Customers located in the left have thleehiparameter of CumPages. Therefore, a customer
plotted in the more right in figure 4 is more likeb purchase after viewing many product pages.

A few characteristic customers are picked up asngies. Customer No. 18 is located in the upper
middle in figure 4. Customer No. 18 is the bestt@oner in respect of total money. Customer No. 128 a
customer N0.95 are located in the lower left irufiy4. They spent less money in data period. Theg la
strong tendency to purchase something after viewiagy product pages. Therefore they can be onlkeof t
best targets in respect of predicting purchaserdetgto viewing product pages and can be a passgidd
target in respect of total money.

Analysis using the model of this study considerimgterogeneity reveals the individual-level
tendency before purchasing. The traditional logidel used in a preceding study[12] without hetenegs
reveals the whole tendency which leads to purchasedoesn’t reveal the individual-level tendencheT
individual-level tendency provides managerial ih$sg for one-to-one marketing. By revealing the
individual-level tendency before purchasing, e-caroe managers can get insights about which customer
will be a good target and when a customer inteagmitchase.

5. CONCLUSION

Customer’s purchasing in e-commerce sites is oribeofajor problems for e-commerce managers.
Preceding studies discuss which visit lead to paseho solve this problem. However a customer’s visk
may occur 5 minutes after or may occur 1 monthrafteother words, it is unclear when a custonisits
In order to solve this problems, in this reseamh,develop a model which predicts the day a custamie
purchase considering customer’s individual-leveehmgeneity.

There are four findings as results of this resedraist, a model which predicts the day a customer
will purchase was developed and our approach lmdtar performance than the traditional model o8d¢
we found that a model which contains product paigevimg and spending money as predictors has better
perfomance than a model which contains a historyisit and spending money as predictors. Third, we
found that viewing product pages has positive ¢ffemn purchase on average and spending money past a
month has negative effects on average. Last, Sammmers who tend to purchase after viewing many
product pages were found.

First, we developed hierarchical Bayes binary pramiodel considering heterogeneity. We
compared the performance of the model of this stwdth the performance of preceding study’'s
approach[12] and that of random prediction. Assalteof comparing the performance of the model singi
AUC, the performance of the model of this studpeéster than preceding study’s approach[12] andgand
prediction in both the estimation period and thklbot period.
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A preceding study[10] predicted customer’s purcHazessed on a history of visits and purchases. In
this study, we predict customer’s purchase by ptbgage viewing instead of a history of site vishs a
result, a model which contains product page viewang spending money has better perfomance than a
model which contains a history of visit and spegdmoney. This result implies that product page uiew
may be a useful predictor for purchase in seveags @fter.

Next, the whole effect on purchasing was investidatt is found that the variable CumPages, the
total number of product pages a customer viewetthénpast 7 days, has a positive effect on purchasin
average. Customers more or less tend to view ptquages and gather information before purchasing. W
also found that the variable CumMoney, the totahafney a customer spent in the past 30 days, has a
negative effect on purchasing on average. Custom#rqnot purchase something after they spent much
money. In this research, we found behavior whiell$eto purchase at an e-commerce site.

Last, the individual-level parameters were investtg. By investigating the individual-level
parameters, some customer’s behavior which leagsirthase is revealed. As a result of analysisfowad
some customers tend to purchase several daysvateing many product pages. It is found that aroand-
fifth customers in data we analyzed have strongticiship between purchasing and viewing produgepa
before purchase. These customers can be goodsangetspect of predicting purchasing accordinthesr
viewing behavior. We also found some customers t@ido purchase several weeks after they spenhmuc
money. We investigated which customer can be a daogket by a scatter plot of total money and the
parameter of a predictor of CumPages. Precedimy'st approach doesn'’t reveal individual-level tendy
which leads to purchase. In this research, we foundividual-level tendency which leads to purchase

As future studies, the accuracy of prediction afchase may need to be improved by the variables
about the frequency of playing golf. Data in thiady is clickstream data and transaction data okan
commerce site which sells golf products. Therefthe, variable like “the total number of days sirece
customer played golf last” may contribute the peadin of purchasing. Empirical analysis on other e-
commerce sites such as a site which sells clotliebevneeded and the result need to be compartdtie
result of this study. In this study, we develople model which capture customer’s purchasing behan
daily level. Purchasing of a customer is never niadbe e-commerce site unless a customer visiisitie.
Capturing both visiting and purchasing behaviorl ilovide useful knowledge. That is, to enhance the
model to capture customer’s visiting behavior andcpasing behavior will be a future task. Some
studies[1][3] developed the model which integraistomer’s purchase incident, brand choice and psech
quantity. To apply their model to clickstream datacapture tendencies of visiting and purchasielgalvior
will be a future task.

Clickstream data and transaction data in the e-centensite were used in this study. However,
some e-commerce companies have not only a virhggd but also a real shop. In this study, datadftaal
shop was only analyzed. Kimery and Amirkhalkhalif@lind that trustworthiness is strong motivatonsefe
commerce adoption for Japanese. Therefore someadspaustomer may like to purchase at a virtugb,sho
but others may like to purchase at a real shop.eStapanese may feel trustworthy to purchase al ahep.
Therefore, integrating data of virtual shop andadait real shop, analyzing them will provide morefus
insights for managers to understand customer’'s\iehaAnalysis using integrated data which contdinth
data of virtual shop and data of real shop wilbdle a future task.
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