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Abstract: Because the number of Web pages is very huge, and still increasing, many people have difficulty to reach

pages they want. Although social bookmarking and search engines are helpful, users still have to find pages

themselves.

Our goal is to recommend Web pages which are supposed to be interesting for a user, without active effort

by the user. We first analyzed the http traffic data in our university collected by a sniffer, and developed a
recommendation system that works on URLs and their viewers (IP address).

Our system has four features: (1) collaborative filtering, (2) implicit build of user profiles, (3) exclusion of
popular Web pages (4) and use of the real activity in our university.

We evaluated the effectiveness of our system by applying it to the real http transaction data and found that

there were 18 successful recommended users out of 50 users.

1 INTRODUCTION quires the cooperation by the user while the latter col-
lects informations by analyzing user activity such as

With recent progress of network infrastructure, the In- browsing history.

ternet has come into wide use for general people. The

number of web pages is getting huge, including pic-

tures and movies as well as text pages. Butthe wayp2 PURPOSE

most people use the Internet is still very limited; they

only cruise around some known pages or use SearChOur goal is to construct and evaluate a web page rec-

enginesjto f'n.d sohmehspemflc topllc(:js.hThe(e might be ommendation system, which adopts the collaborative
tmhgn)c/o%?gfts \I/:/]evl\)I '(; :::ai%rmwrr?gn da’éiit\)/r? :rs]tg;eztc.ti\l/r; filtering method with implicit user profiling based on
rasedrch tofaics togag the browsing history of the user.
i e The pages we will recommend satisfy the follow-

Recommendation systems are classified into two ing conditions:
classes, content-based filtering and collaborative fil- '
tering. The former uses the relationship between 1. pages viewed by users whose interest is similar to
pages by analyzing page contents. The latter focuses that of the user,
their browsing behaviors. similar

Another important point is the user profile, the
representation of the interest of the user. Again there
are two methods to construct the profile, the explicit The condition 2 excludes popular pages such as portal
approach and the implicit approach. The former re- sites and search engines which are not novel for most

3. and pages the user has not viewed yet.
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users. In short, the recommended page is suitable forbut web pages, in contrast, are located at so many dis-
the user and not commonly known. tributed web servers in the world.
Li et al.(Jia Li and Osmar R. Zane, 2004) pro-
posed a web page recommendation system with col-

3 FEATURESOF OUR laborative filtering. It accepts access logs of a web
PROPOSAL server as its input, analyzes the contents of the ac-
cessed web pages and the behavior of users, and then

_ produces recommended web pages. However, it can
We have already launched a system which gatherspe 4ppjied only to a particular web site because of the
and provides web browsing activities of users into | se of access logs.
a single centralized server. They use our pllo_t web In contrast, the web page recommendation system
browser based on IE component or our Firefox ronosed by zhu et al.(R.Greiner, T.Zhu, G.Haubl,
extension to send their activities in real-time. The k jawell 2005) can recommend web pages at all web
gathered activities are provided as the rankings of geryers in the world. A special web browser for the
currently and heavily viewed web pages, and thus gystem enables it, but requires user to evaluate web
they can be regarded as "recommendation”. We yaqeg explicitly. As mentioned above, implicit evalu-
also showed the usefulness of the system throughgtion of web pages is expected.
a pilot experiment by student users in our earller_ Another approach to web page recommendation is
study(K.Maruyama,K.Takasuka, Y. Yagihara,M.Satoshit, se hookmarks of users because a bookmark of an

Y.Shlra|,M_.T(_erada, 2006). . user shows his or her interests (Rucker and Polanco,
The existing system has the following features: 1997) (Jung et al., 2001). If an user kept his or her

1. uses only browsing activities, bookmark up to date, the bookmark would reflect his

2. recommends web pages without analysis of web OF her short term interest.s. Updating bookmarks cor-
page contents responds explicit evaluation.

3. and retrieves users’ activities from their web
browsers directly.

The recommendation system in this paper has four

5 OUTLINE OF ALGORITHM

features: o The algorithm for generating recommendation is ex-
1. collaborative filtering, plained in 4 steps.
2. implicit build of user profiles, step 1: 5 URLSs are extracted from the history of the
3. exclusion of popular web pages target user.
4. and use of the real activity in our university. step 2: A group of users who have viewed one or
o . more of the 5 URLs in step 1 is extracted out of
Collaborative filtering, unlike contents based one, all users

can recommend URLs which don’t contain any texts o
such as images. The implicit build of user profiles re- Step 3: The similarities between target user and each
duces users’ effort in the explicit one, because users’ ~member of the group extracted in step 2 are com-
interest may change in short term when they see web ~ Puted and the group is ordered by the result. From
pages with some interesting hyper links at the upper  the history of the most similar user we get candi-
part of them. dates for the recommendation.

step 4: Computing the page score of each candidates,

we determine the recommendation.

4 RELATED WORKS The outline of the algorithm is illustrated in Figure 1.

Web page recommendation has two problems inher-5.1 Recommender Group

ent in web itself: the number of web pages and the lo-

cation of web servers. Most of e-commerce services In step 1, our system gets the latest five URLs from
provide recommendations to their customers in order the history of the target user. We use latest URLs
to increase their sales. E-commerce services such asn order to reflect the short-term interest of the target
Amazon.com(Linden et al., 2003) provide millions of user.

items, but all web servers in the world have tens of bil- In step 2, a set of users who share one or more of
lions of web pages. In addition, each e-commerce ser-the 5 URLSs is extracted, which we refdre recom-
vice has all the items to be provided in its own servers, mender group in this paper.
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Control group

Recommender group

Recommender group High @ @ Low
["m] User A || User B @
Browsing Similarity User C User G| | Similarity
historiy Viewing the ‘ User D
same URL Lowl| (-~} (-] High
Stepl:5 URLs are extracted |(Step2:A group of users who have
from the history of the target ||viewed one or more of the 5 URLs Figure 2: How to determine the vote value of the control
user. in step 1 is extracted out of all users, group.
Recommender group
[Recommendations] from users not in the recommender group. The con-
High trol group is sorted by the similarity to the target user
[Candidates ———> T in ascending order. We give one-to-one correspon-
dence between the member of each group, such as the
Lowmmgh the page score Pa'g;g‘s”core most s_im_ilar user.in the recommender group and the
: least similar user in the control group.
Step3:Computing the similarities, | (Step4:Computing the Member of each group votes for a page. The
the recommendation candidates | |pagescore of each candidates, value of the vote is determined as follows. Member
are extracted. we determine the

of the recommender group has positive value which
is the similarity between the member and the target
Figure 1: The outline of the algorithm. user. But, the most similar user has 1.0. Member
of the control group has negative value, obtained by
negating the value of the corresponding recommender
5.2 TheSimilarity Between Users member (Figure 2). But, if the user hasn’t viewed the
page to be scored, the vote value is 0. The most sim-
ilar user in the recommender group has the highest
vote value, while the least similar user in the control
group has the lowest.
Let R be the recommender group be the control
1. the number of pages viewed in common between group and the vote value for usbrbe vote(b), the

recommendation.

In step 3, we compute the similarity between two
users. To compute the similarity, we consider these
two factors:

the users score for a page is
2. and the number of unique users who have viewed
the page. i (zq vote(b)
e(RU
The second factor is introduced to make popular score(X) = —ws0)

pages less influential. Even if two users view a pop-
ular site in common, it doesn’t necessarily mean that
the interest of them is similar. We use the number
of unique users as the denominator in the calcula- 6 EXPERIMENT
tion. The browsing history of useris represented as ) ]
hist(a). The number of unique users viewing a page \We implemented the recommendation system for the
is represented asisr (x). The similarity of useaand ~ experiment and tried to generate web page recom-

b, that issimil arity(a, b), is computed as follows. mendations to several users picked up randomly based
on the real activities of web users in our university
1 captured by the sniffer. By examining the recom-

similarity(a,b) =
xehist(a)nhist(b)

mendations, which consist of multiple recommended
URLs, we found some successful and unsuccessful
results. A recommendation is classified as a success-
5.3 Page Score ful one if it contains URL with page score that is
higher than 1.0. If only the most similar user has
We computes the page score to determine the rec-viewed the URL, the URL's page score would be 1.0.
ommendations. First, we organize another group — If the users with high similarity have viewed the URL,
the control group — containing the same number of the URL's page score would be higher than 1.0. If the
users as the recommender group, chosen randomlyusers with low similarity have viewed the URL, the

uusr (x)
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7 CONCLUSION

—
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We examined the feasibility of the recommendation
only by URLs using real data captured by sniffer.

As a result, we succeeded to give recommenda-
tions for a user only using browsing URL histories.
We conclude the recommendation by only URLs is
possible enough.

In addition, we recognized that the highest sim-
ilarity score and the distribution of the recommender
group’s similarity affect the recommendation success.

—_
S
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Recommenders for user A

8 FUTURE WORKS

Figure 3: The distribution of the recommender group’s sim- \yje have following several future works:
ilarity to the user A. -

e computing similarity in advance to increase in
speed of generating recommendations,

URL's page score would be lower than 1.0. In other e correcting the bias in the recommender group to
cases, recommendation is classified as an unsuccess- let recommendation succeed,
fulone. . e Introduction of new parameters for calculation,

The criterion seems to be appropriate. The suc-
cessful recommendations tend to contain web pages
of which the category is the same as the target user's e and evaluation of recommendation.
browsing history, and which seem to be viewed only
by users interested in their category.
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