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Nowadays, with the wide spread of smart phone, many users turn to use their smart phones frequently on online shopping
instead of immovable devices such as desktop PCs. For providing high quality service, the user’s evaluations on shopping
items are useful for recommendation and search of items that the user would prefer to. However, it is not easy to obtain
user’s manual evaluations on items. It is not convenient for user to make evaluations manually on each item. In this
paper, we propose a simple and effective idea to estimate user’s preference on online shopping items that the user has
already browsed without manual evaluation, based on the user’s browsing behaviors. This is performed under the
hypothesis that the user’s preference of browsed items is reflected by the operation behavior on the smart phone. This
hypothesis is verified by experiment, using our original application. The experimental results show the correlation
between browsing behaviors and evaluation of product items by using statistical analysis. In addition, by using machine-
learning techniques, the results show that the user’s preference of browsed item can be estimated effectively based on

the user’s browsing behaviors.
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1 Introduction

In recent years, online shopping with portable information
terminal such as smart phones has been common!'l, In the area
of online shopping, smart phones have a distinct advantage in
quick and convenient operation. However, due to the thousands
of millions of items, there is a problem that “how to discover
items that the user prefers to”, which is even more serious on
online shopping!?!.

In order to solve this problem, the estimation of that which
product attracts the user, becomes critical. There are many
meansP! such as collaborative filtering method have already
been applied to Amazon™, Taobaol”), etc. Generally, in these
methods!®®, the user’s preference is estimated according to the
user’s purchase history data. However, these techniques are not
easy to respond to the purchasing intention in a short term,
while they work properly when products that involved the
user’s interest over a long term are purchased. For example,
when selecting a gift for a friend, the presentation of the items
based on the user’s interest is not useful. It is not easy to achieve
an efficient estimation without considering the user’s needs but
only considering the historical information.

Therefore, the user’s explicit evaluation on the browsed item
are acquired and utilized to estimate the user’s preference in
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several researches!®!?. Based on the estimated user’s
preference, it is possible to provide a better effective
recommendation or search!''-'#! result. However, due to user’s
limited time and energy, it is not practical to evaluate each

browsed item manually.

Figure 1: The proposed idea is based on display touch
behaviors.

According to the above factors, it is important to estimate user’s
preference of browsed items automatically. On this basis,
several researches!!>'®) make advantage of the user’s access
records without the user’s manual evaluation. Shopping items
that the user browsed can reflect the user's preference. However,



even using the browsing history, it is still not effective in many
cases. This is because that the browsed items do not always
represent the user’s interest and preference. In this paper, we
propose a method of analyzing not only browsing history, but
also browsing behaviors for automatically estimating the user’s
preference of browsed items on online shopping. For example,
there is a trend that users pay longer time on interested items,
but shorter time on items not interested in. Therefore, we
estimate the user’s preference by using behavior data in this
study. Figure 1 shows the image of behavior operation on touch
display when user is browsing the item.

In this paper, the user’s operation behavior of browsing items
on online shopping are focused on. Our simple and effective
idea is that the user’s evaluation is obtained by analyzing the
operation behavior generated by the user’s emotion while
browsing. This is performed under the hypothesis that the user’s
preference of browsed item is reflected by the behavior
information. The experimental results indicate the relevance
between browsing behaviors and the evaluation of items using
statistical analysis. In addition, by using machine learning
technology, the user’s preference is estimated based on the
user’s browsing behavior data.

This paper is organized as follows. Chapter 2 shows some
works related to our method. Chapter 3 introduces the outline
of the research and proposal method. The evaluation method
and experiments on the user’s preference estimation are shown
in Chapter 4. Finally, a summary of this paper are shown in
Chapter 5.

2 Related Works

Up to now, many researches about discovering and
recommending valuable contents for individual users from a
large amount of stored contents have been done actively, and
many systems!!7-1T have been proposed. One of the most widely
used techniques is the collaborative filtering technique, which
is often used in recommending products, movies, and so on. The
basic idea of recommending items is to estimate the users’
preferences through the similarity analysis of the behavior
history data. Further, the recommending contents of some
systems are optimized by collecting and analyzing the
feedbacks from users. In other words, in those systems, users’
feedbacks are wused to improve the accuracy of
recommendations. In spite of these means have a potential to
enhance performance for wider range of researches, for a
recommendation, it is necessary to acquire the evaluation
scores given by users manually in these approaches. By only
taking advantage of these means it is difficult to realize smooth
browsing but increases burden on users.

Many researches!?®2!] for discovering and estimating valuable
contents for an individual user without the user’s manual
evaluation have been conducted actively, and many approaches
have been proposed. Matsuo et al. proposed a method®" to
grasp the user’s interest from the user’s behaviors on the web
for presenting and recommending personalized information.
The main idea of this method is by analyzing the history of the
document that the user viewed, and extracting the words of high
importance for the user, to prevent the skipping browsing. In
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this approach, the system collects "familiar words" when the
user is browsing the document, and words that co-occur with
"familiar words" are considered to be important. However, in
this method, since general web documents are intended to, it
does not take into account differences in the browsing context.
The value of an article is not always the same for each user and
it varies depending on the user’s context. For example, it is
possible to find out valuable articles that were skipped in busy
time, only when there is sufficient time for user to provide. Toki
et al.?'! proposed two types of context for user, one is “busy”
and the other one is “free”. “Free” context can afford sufficient
time and “busy” context does the converse. Generally, these
methods are used to extract valuable articles from user’s interest
profile, which is generated from the user’s browsing behaviors.
The user can acquire information efficiently from textual stream,
according to reminding the article that is extracted from the
skipped valuable textual articles.

In consideration of above approaches, the basic idea of our
research is to utilize the user’s behaviors when browsing items.
We propose a method for estimating the user’s preference of
browsed items without the user’s manual evaluation on it on
online shopping with a smart phone.

3 Proposal Method

The browsing history of a user’s online shopping session
contains the items that the user has browsed in the session. The
history would contain not only preferred items but also non-
preferred items for the user. It is impossible for the user to
evaluate every item explicitly. The objective of this research is
to improve the efficiency of item discovery in an online
shopping session on a smart phone. In order to achieve our
objective, it is important to estimate the user’s preference on
each browsed item.

Most of time, a user’s mental state would influence the user’s
behaviors?>24], Therefore, we propose a simple and effective
idea for estimating the user’s preference on an item, by
considering the relevance between the browsing behaviors and
the user’s preference on the item.

3.1 Presentation of items

To take advantage of browsing behaviors, our proposition is
under the assumption that browsing behaviors for an item are
related to the user’s preference on it. Until now, there is no
research has proofed that there are no relevance between them
as we known.

In order to obtain the behavior data, we need to consider the
way of item presentation firstly. There are two ways as shown
in Figure 2 to present the item information. One is continuous
scrolling style, the other is periodic scrolling style. Continuous
scrolling has a little higher processing performance, but also has
a higher probability to skip away the valuable information. At
the same time, it is difficult for distinguishing behaviors of each
item. Therefore, in our research, we adopt the periodic scrolling
way to present item information. Besides, we developed an
interface to record simple operations on the smart phone for our
experiment as shown in Figure 3. Using this interface, one item
is presented to the user at one time. The next item is presented



by the user’s swipe operation.

Continuous Scrolling Style Periodic Scrolling Style

item
item

Touch
Display

item

Smart phone

Figure 2: The way of presentation of item information.
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Figure 3: Experimental interface.

3.2 User’s behaviors

Various types of browsing behaviors can be observed when a
user browses shopping items on a smart phone. In our research,
two types of browsing behaviors, reading time and swiping
speed, are utilized. The features of reading time and swiping
speed are described below.

Reading time

The reading time rt; of an item i is defined as the time for
displaying the page of an item i on the screen of the smart
phone. The reading time rt; can be defined as the following
formula where the start time st; represents the timestamp
(milliseconds) when the page of an item i appears on the
display of the smart phone and the end time et; represents the
timestamp when the page disappears on the display.

T'ti = eti - Sti (1)

In order to estimate the user’s preference on browsed items
based on the reading time, we suppose that it would be short to
browse an item with non-preference, while it would be long to
browse an item with preference.

Swiping speed
The swiping speed refers to the speed of the finger movement
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when the user swipes a page on the smart phone. For displaying
the page of the next item of the present item i, the swipe
operation is started at a coordinate (sx;, sy;) which represents
the point where the user’s finger touched on the touch display
at the time sst;. Likely, the swipe operation is ended at the
coordinates (ex;, ey;) where the user’s finger is away from the
touch display at the time set;. The movement distance dist; of
the swipe operation is defined as the following formula.

dist; = \/(sx; — ex;)2 + (sy; — ey;)? ... (2)
Then, the swiping time dur; is defined as the following formula.

dur; = set; — sst; ...(3)

The swiping speed sv; is defined as the velocity of the
trajectory of the finger on the touch screen of the smart phone
when the user changes the items for reading. Figure 4 illustrates
a segment of swiping speed calculation. The formula is defined

as follows.

_ diSti
B duri )

L4

SV;

Here, dist; represents the distance (pixels) of the finger during
the swipe operation for displaying the next item from the item
i, and dur; represents swiping time (milliseconds).

Swipe Start

L

Swipe Finish

time

Figure 4: Illustration of a swipe.

On account of the prediction that when browsing the interested
product, the information of product are carefully confirmed
with the relatively slowly swiping to next product. On the other
hand, when browsing the product with no interest, the highly
swiping to the next product is predicted. Therefore, for the
relevance of swiping speed and the user’s preference to the
browsed item, we suppose that the swiping speed is fast when
browsing products with non-preference, while the swiping
speed is low when browsing products with preference.

3.3 Hypothesis

In this paper, we assume that a user uses a smart phone to

browse items for online shopping. We evaluate the following

hypothesis about the relationships between the browsing

behaviors on an item and the preference on it.

=  Hypothesis 1: Reading time is related to the user’s
preference. When browsing the products with no



preference, it costs less reading time.

=  Hypothesis 2: Swiping speed is related to the user’s
preference. When browsing the products with non-
preference, the swiping speed is fast.

The relevance between the user’s preference of an item and

browsing behaviors is needed to be verified experimentally.

3.4 Estimation of the user’s preference

We propose a method to estimate a user’s preference on a
shopping item based on the browsing behaviors. We define our
method in the followings. A set of items, a set of evaluations,
and a set of behaviors are defined as /= {iy, iy, -, in}, E =
{ei, €5, -+, en}, B =1{bq, by, -, by} respectively. Where e;
represents the evaluation score by the user on the item i;, and
b; represents the browsing behavior of the item i;. In our model,
auser u can be represented by triple = (I, By, E,,) . In addition,
a browsing behavior b = (rt, sv) consists of the reading time
rt and swiping speed sv.

Uy, Uy are normalized as follows:

Ty, —T
rt; = = ..(5)
Oprt
SV, — D
sy, =—2—2.(6)
Osy

Where rt,; is the original value and rt; is the normalized value
and, 7 represents the mean value, g, represents the standard
deviation. Formula (6) also uses the same notations of formula
(%).

In order to estimate the user’s preference on a browsed item, the
SVM (Support Vector Machine), which is one of the typical
supervised learning techniques is used. The technique for
estimating the user’s interest of product based on the user’s
behaviors is described below.

The training data set can be represented as {(bq,e;),
(b3, e3),:++,(by, €,)}. For an item i, the user’s behaviors are
represented with vector b; = (rt;, sv;). Here, the feature vector
of item i is represented with b; . e; represents the user’s
explicit evaluation on the item i in training data. When the item
meets user’s preference, it is shown with 1, otherwise with 0.
The discriminant function f:b; = {0,1} in class level V; €
{0,1} is exported from these training data. Refer to testing data
{(b1',e1), (b2',€;"), -, (bn',x))} , when f(b)=1, it
means that the user is interested in item i. Otherwise,
when f(b;") = 0, it means the user is not interested in item i.

4 Evaluation

4.1 Experimental Setting

Participants were requested to browse a list of item information
with our interface for browsing. This interface works on a smart
phone. Figure 4 shows a snapshot of our interface. Using this
interface, only one item in a list can be displayed at one time
and the next item is displayed by the user’s swipe operation.
Using this interface, we can obtain the proposed behaviors on
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the smart phone while the participant is browsing specified item
information. The configuration of the smart phone used for the
experiments is shown as follows: CPU: 1.6GHz, Memory: 2 GB,
Display size: 4.8 inches, OS: Android ™ 4.3.

The list of items that were used for the experiments consists of
50 items that distributed “best seller” of books on Jun 2014
from Amazon. The all information of items is written in
Japanese. The sampling rate for achieving the behavior data
was 1000 points/second.

The participants were asked to browse these items individually
with the smart phone. In the evaluation experiment, the
participants have no knowledge about what kind of products are
in the dataset. As the task for the participants, the participants
are requested that “buy the book you like”. In addition, the
participant cannot return to the previous products which had
browsed. After each participant finished the browsing, we
asked the participant to score the preference on each browsed
item, using a 0-1 scale where 1 represents preference and 0
represents non-preference. On the other hand, the reading time
of the item is measured individually, for analyzing the
relationship between the preference on the item and the
behaviors. The participants consist of 3 graduated students and
a college student who daily use online shopping service on
smart phone.

4.2 Experimental Results and Discussion

4.2.1 Analysis on Behaviors

Figure 5 shows the result of reading time. In this graph,
different user’s results are normalized from 0 to 1. Horizontal
axis shows the preference items and non-preference items, and
vertical axis shows the average value of normalized reading
time. As a result, when users browse preferred items, the
reading time would be long. On the other hand, when the users
browse non-preferred items, the reading time would be short.

(* <0.05)

Reading Time

¥ Preference items w Non-Preference items

Figure 5: The relationship between reading time and user’s
preference.

Figure 6 shows the results on swiping speed. In this graph,
different user’s results are also normalized. Horizontal axis
shows the preference items and non-preference items, and
vertical axis shows the average value of normalized swiping
speed corresponding to each evaluation. As a result, when users



browse preferred items, the swiping speed would be low. On the
other hand, when users browse non-preferred items, the swiping
speed would be high.

We make advantage of t-test to prove whether result is
fortuitous. The calculated p-values are both below 0.05, so the
null hypothesis is rejected. It is in favor of our proposed
hypothesis.

From the results of the experiments, we can observe the
following features on the relationships between the browsing
behaviors and the user’s preference on browsed items.

=  When a user browses a preferred item, the reading time
tends to be long. Conversely, when the user browses a non-
preferred item, the reading time tends to be short.

=  When a user moves from the page of a preferred item to
the page of the next item, the swiping speed tends to be
low. On the other hand, when a user moves from the page
of a non-preferred item to the page of the next item, the
swiping speed tends to be high.

Based on the experiment results, it can be considered that the

reading time and swiping speed of an item would be very

effective for estimating the user’s preference on an item.

(* <0.05)

Swiping speed

0.1

® Preference items ® Non-Preference items

Figure 6: The relationship between swiping speed and user’s
preference.

4.2.2 Estimation of the user’s preference

We estimated the preference of each participant on every item
using SVM-based method.

We evaluate the effectiveness of our estimation method by the
K-fold cross-validation technique. In this experiment, K is set
to 5 and the evaluation at 1 to items in this experiment is viewed
as correct answer. Based on the result of the judgment, correct
rate of classification, precision rate, recall, and F-measure are
calculated!?”], The criteria are defined as follows.

A _ TP +TN 7
couracy = rp TN+ FP+ N )
Precision = P 8
recision = 5 T FP ..(8)
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eca _TP+FN'"( )
2
F — Measure = 1 1 ..(10)

Precision + Recall

Where TP (True Positive) represents the number of items with
correct estimation and FP (False Positive) represents the
number of items with incorrect estimation. Besides, TP (True
Positive) represents the number of items with no incorrect
estimation, and TN (True Negative) represents the number of
items with no correct estimation. The experimental results are
shown in Table 1 for each participant. The total results are
shown in Table 2, the accuracy rate is 0.85, precision rate is 0.79,
recall is 0.72, and F-Measure is 0.753. The results show that
using the proposed method the user’s preference on items can
be estimated effectively based on the browsing behaviors on
online shopping.

The conventional techniques for estimating the preference
require users to input some feedbacks or to post some
information on online shopping list manually. On the other hand,
our behavior-based technique does not require users to input
any information. Therefore, our technique can be applied to
estimate each user’s preference by analyzing the user’s
operation behaviors on the smart phone automatically.

In this study, we employ the SVM algorithm, which is one of
the most popular machine learning techniques, and the
experimental results show that it is possible to extract the
products that a user is interested in. In addition to the SVM
algorithm, there are several techniques in machine learning.
The possibility of adopting other techniques should be
discussed as future work.

The experiment was conducted under the limited conditions,
and the evaluation results are not enough to apply out method
to actual online shopping applications. In the future work, we
plan to expand the number of participants and product
categories of experiment.

The purpose of this research is to design a method for realizing
the proposed idea and to make a prototype to evaluate our
proposal. The applicable domains of the periodic scrolling style
are more limited than the continuous scrolling style. However,
the periodic scrolling style has an advantage of obtaining the
browsing time and swiping speed for individual product more
accurately. Therefore, using the periodic scrolling style, the
effectiveness of proposed technique can be verified. We take the
discussion as the future work.

5 Conclusion

In this paper, we propose a method to estimate a user’s
preference on each item that the user has viewed on the smart
phone automatically. In this method, the browsing behaviors
are automatically acquired. Besides, there is no need to have the
user to make an explicit evaluation to the browsed item.
Therefore, compared with traditional methods, the burden on
the user is less with proposed method and the estimation result
is effective according to the experiments.



Table 1: The experimental results for each participant

Participant Participant Participant Total
1 2 3
pomue 13 1 9 33
Posite ‘ 3 2 9
Negative 6 s 2 13
Neg;‘ifve 27 31 37 95
Table 2: The total experimental results
Accuracy Precision Recall F-Measure
0.85 0.79 0.72 0.753
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