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Abstract

With the increase of large web sites which have
complex link structures, web access logs have
caught attention as a clue for web site adminis-
trators to understand user’s needs and demands.
While conventional statistical analysis is used for
most of the cases, web usage mining is an
emerging attempt to apply data-mining based
technique to web access log analyses. However,
statistical and data-mining based analyses have
been independently applied, and no method has
been reported to correlate their results yet. This
paper introduces a novel web usage mining me-
thod to combine the statistical analysis of page
browsing time and the graph based data mining
technique in order to extract users’ typical
browsing behaviors.
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1 Introduction

Due to the growth of WWW related technologies,
the number of web sites on the Internet increases
rapidly, and human daily life is beginning to
depend on such sites as shopping sites like
Amazon.com, official sites of enterprises / or-
ganizations, promotion sites of events and so on.
These web sites contain a variety of contents and
complex link structures.

Web site administrators, who are constantly
requested to improve the easiness of use of such
large and complex web sites, need to analyze
user’s needs and demands in order to maintain
their sites as easy to use as possible. Web access
log has been recognized as a source of informa-
tion to do this analysis. A web access log is a
time-series record of users’ requests which are
sent to a web server when a user does some op-
eration on a web page. Analyzing the logs is very
useful for the administrators to understand users’
behavior on the web site.

For web access log analysis, statistical me-
thods, like Google Analytics, are widely used.
The results of statistical analysis contain bounce
rate, page views, page browsing time, and so on.
Among them, analysis of page browsing time
together with knowledge about the page gives
administrators an immediate trigger to reorganize
their sites in such a case when users rarely visit or
stay at important pages (warning, caution,
agreement, etc.) for very short period of time. It is
a direct sign that users do not pay much attention
to the message which the sites would like to
convey to the users. Administrators should im-
prove the accessibility or readability so that users
will visit at reasonable frequency and stay at such
pages for appropriate length of time.

On the other hand, Web usage mining (WUM)
is an emerging attempt to apply data mining (DM)
technique for web access log analyses. WUM can
develop a pattern of users’ navigation behavior in
consideration of combination, order, etc. of the
pages accessed by users. Examples of DM tech-
nique applied to the analysis are item-set mining,
sequential pattern mining, and graph mining, etc.
[1]. Particularly, graph mining can extract users’
access patterns as a graph structure like the web
site’s link structure. It can handle the case where
users browse more than one page at the same time.
Tab browsers are gaining more popularity, which
allow users to open several pages at a time. Graph
mining will become an effective analysis means,
especially for the web access log created with tab
browsers.

Web site administrators analyze web access
logs by using these statistical and WUM method
independently. However, administrators have not
yet correlated their results so far. We expect that
administrators can analyze users’ behavior more
in detail with a WUM method considering quan-
titative information as obtained by a statistical
method.

In this paper, we focus on page browsing time,
and propose a novel WUM method which takes
page browsing time into account, and extracts



Table 1. Example of the method used in web usage mining (In each pattern, a node intends a web page
and an edge intends a users’ transition path)

Pattern Mining method

Features

Item-set mining

The mined patterns can also be treated as an association
rule. Useful to understand the relationships among the

pages.

Sequential pattern
mining

This method treats only users’ sequential transition, recon-
structed by the requested order. It can’t consider the
branched transition to more than one page at the same time.

Graph mining

This method can extracts patterns, which structures are like
the web site’s link structure, considering the branched
transition. Easy to identify the paths frequently used by
users in the web site, and useful to reconstruct the web site’s
link structure etc.

users’ transition patterns by graph mining. By
doing this, we present one approach to correlate
analyses of the statistical and WUM method.
Moreover, by experiments which apply the pro-
posed method to real web access logs, we explain
the usefulness of our method.

2 Web Access Log Analysis
2.1 Statistical analysis

Web log analysis software, such as Google
Analytics, gives a statistical analysis of web
access log. It can output a variety of quantitative
information such as bounce rate (Single page
view visits divided by entry pages [2]), page
views (The number of times a page was viewed
[2]), page browsing time (the time during which
users browsed the page), etc. These observed
parameters show features and tendency of web
page usage.

Among them, page browsing time is one of the
most important parameters. About the pages
which administrators want users to read carefully,
such as an agreement page etc., it is desirable that
user’s browsing time is sufficiently long. On the
other hand, about the pages, such as sitemap
pages etc., should be passed soon, and their
browsing time should be short. If the length of
browsing time is different from what adminis-
trators expect, it suggests to improve the web
page. Thus, page browsing time is very useful for
administrators to reorganize the web site. We
focus on page browsing time in the rest of the

paper.

2.2 Web usage mining

Web usage mining, also called web log mining,
includes analysis and prediction of users’ beha-
vior in the web site by extracting the access pat-
terns from the page request records like web
access logs, applying DM techniques.

For example, consider the case where, in some
web site, a user browses the page a, and moves to
the page b, then opens the page ¢ on another
window and moves from b to the page d, and
finally browses ¢ and d at the same time. In this
case, users’ access patterns extracted by WUM
are as shown in the Table 1.

On shopping sites, which have been growing
in recent years, users often browse more than one
page at the same time to compare some com-
modities on the pages. Besides, tab browsers
begin to prevail. In such situations, users’ transi-
tion path becomes branched. Administrators who
should improve the web site need to comprehend
users’ behavior including the branched transition
like this. So, in what follows, we adopt graph
mining which can treat branched transitions.

2.3 Graph mining algorithms

AGM [3], FSG [4], gSpan [5], and GASTON [6]
are known as representatives of graph mining
algorithms.

AGM is the first graph mining algorithm
proposed by Inokuchi et al. AGM represents a
graph structure as an adjacency matrix, and ex-
tracts frequent subgraphs based on an apriori
—like algorithm with extension of the adjacency



matrix by node addition.

FSG uses an adjacency matrix like AGM, but
differs in extending the adjacency matrix by edge
addition.

gSpan represents a graph as a DFS (Depth First
Search) tree, and extracts frequent subgraphs by
right-most expansion of the tree.

GASTON extracts frequent patterns by using
level-wise approach in which first simple paths
are considered, then more complex trees and
finally the most complex cyclic graphs.
GASTON handles the very sparse data and ex-
tracts frequent subgraphs very fast.

2.4 Pattern mining method considering time
interval

Hirate et al [7] proposed the sequential pattern
mining method which extracts patterns taking
into account the interval of the time each item
occurred, by calculating and discretizing the
difference from the time the first item occurred.

This approach treats the time as a distance of
items, and in the case applying to WUM, it suits
to evaluate the achievement of the conversion on
marketing etc.

3 Proposed Method
3.1 Problem limitation

One of the challenging issues on WUM is the
existence of the proxy server and cache. For
example, when a user pushed the backward but-
ton, the requested page is loaded from either
proxy server or local cached page of the user’s
client PC. In this case, no request is sent to the
web server and recorded on web access logs. As a
result, user’s transition path cannot be recon-
structed precisely only from the web access logs.

To cope with this problem, the solution using
Cookies or Remote Agents is presented [8].
Writing scripts to gain the necessary information
into web page files is another solution. These
solutions will enable more precise analysis.

But even if the user behavior information in-
ferred from web server log is not the accurate
user behavior, web server log should not be de-
nied as an important source of information. In
this paper, we describe the way to apply the
proposed method to the server logs.

Web access logs

*
v Calculation and
Construction of discretization of
ead sion giaph browsing time
of each page
Pattern mining
with graph mining
+
Analysis of the mined patterns

Figure 1. Process of the proposed method

3.2 Process of the proposed method

Figure 1 shows the process of our proposed me-
thod.

First, in the preprocessing phase, irrelevant
information is removed and user sessions are
identified [8]. Second, in the graph construction
phase, browsing time of each page is calculated
and discretized, and each wuser session is
represented in a graph structure. We will detail
this phase in section 3.3. Then, by applying a
graph mining algorithm, frequent subgraphs are
extracted as users’ access patterns. Finally, ad-
ministrators analyze the mined patterns.

In the proposed method, a frequent pattern
means that the pattern has the support (the per-
centage of the sessions which includes the pattern
against all sessions) greater than or equal to the
predefined the minimum support.

3.3 Construction of each user session graph

In the graph construction phase, first, browsing
time of each page is calculated and discretized
according to the length, and then, each user ses-
sion graph is constructed.

Browsing time #, of a certain page P is as-
sumed to be the period of time with the longest
time difference between the request time ¢, of the
request which includes P as a referrer (Ref, the
page that originally generated the request for the
current page [2]) and another ¢, of the request
which includes P as a requested page (Req), until
P is requested next or until the end of the session
if P is not requested again. If the request which
includes P as Ref does not exist in the session
after the P is requested, #, is assumed to be null.

After that, the calculated browsing time is



discretized according to the length. In section 3.4,
we will describe the reason why the discretization
is needed. To discretize the browsing time, we
introduce the weighting function w(P, t,). Let T

be the minimum browsing time the administra-
tors arbitrarily define, f£(z,, Tb) a decision func-

tion to judge if the browsing time is shorter than
T, or not. The weighting function w(P,1,) is

given by the equation (1).

0 where t, # null and f(t,,T,)= true
w(P, t,) =<1 where t, # null and f(t,,T,)= false (M

2 where t, = null

If ¢, is not null, the weight 0 is given when
f(¢,, T,) is true, and the weight 1 is given when

f(t,, T,) is false. If #, is null, the weight 2 is

given to the page which does not exist as Ref in
the session (called an exit page). Browsing time
of an exit page cannot be calculated, and the page
has an important meaning that the user doesn’t
move to another page from the exit page. So, we
give a special weight to this kind of pages to dis-
tinguish from the others. £(¢,, Tb) can be arbi-

trarily defined depending on the web site man-
agement policies.

When constructing the graph representing each
user session, a pair of a page and the weight is
treated as a node. In the case that both the page
and weight is the same respectively, the pairs are
treated as the same node. And an edge connects
cach Ref and Req. If there are several requests
that connect the same nodes, they are treated as
only one edge. Thus, a constructed graph of each
session includes a cyclic undirected graph.

3.4 Discretization problem

We assume to use the existing graph mining al-
gorithm. However, the existing algorithm con-
siders only the substructures, and cannot deal
with the numerical values like browsing time.
Therefore, we first discretize each browsing time
by introducing the weighting function w(P, t,),

label each node with discretized browsing time
and corresponding page. This preprocessing
enables us to apply the existing graph mining
algorithm to the constructed user session graphs,
still taking browsing time into consideration.

In this paper, we discussed the simplest ex-

ample of w(P, ¢, ), where the weight is given only

depending on whether each browsing time is
longer or shorter than the threshold which ad-
ministrators assumed. The proposed method will
work flexibly for more complicated cases by
introducing a more generalized decision function
and weighting function.

3.5 Consideration about examples

In the example of the section 2.2, samples of the
patterns, which are expected to be extracted by
the proposed method, will be as shown in Figure
2. In the proposed method, even if the pages and
subgraph structures included in the mined pat-
terns are the same, by the difference of the length
of page browsing time, it become possible to
distinguish the patterns and extract as the dif-
ferent patterns.

From the patterns of Figure 2, for example,
web site administrators can analyze as follows. In
the pattern (1), it seems that browsing time of the
page b is short, and users passed b and exited
from the page d. In the pattern (2), it seems that
browsing time of b is long, and users moved
another page after having moved to d from b. If
the administrators want users to move to the page
further than d, one of the solutions is to improve b
to give users more about the contents of b easily.

Thus, with the patterns mined by the proposed
method, administrators can correlate the patterns
with browsing time, and analyze more in detail.

a1l a,1

c,2 .2
3 ()

Figure 2. Samples of access patterns extracted by
the proposed method (Each node indicates a web
page and its weight, and each edge indicates a
transition path. A square, double square, and
circle nodes mean the weight 0, 1, and 2, respec-
tively. The circled area is different from each
other.)



4 Experiment and Evaluation
4.1 Contents and purposes

To evaluate the proposed method, we conduct the
experiment on the real web access logs. About
the cases where the weight is added to each page
or not, we compare the number of the mined
patterns, and confirm that it become possible to
distinguish the patterns originally treated as the
same, by weighting each page. Furthermore,
through the inspection, we explain the patterns
mined by the proposed method can give more
information than the patterns mined by the ex-
isting method.

4.2 Environment and configuration

Table 2 shows the machine specification used for
the experiment.

On the experiment, each session was identified
by a timeout of 30 minutes.

About the weighting function, we defined
f(t,, T,) as follows;

T, =30 [sec]

f(rb,Tb)={

true if t, <T, (2)

false otherwise

Under these conditions, we applied the pro-
posed method to the real web access logs men-
tioned in section 4.3, while changing the mini-
mum support. As the graph mining algorithm, we
adopted GASTON.

4.3 Web access log data

On the experiment, we used the web access log
data provided from Sendai City Industrial Pro-
motion Organization, and KDDI R&D Labora-
tory.

The summary of each data is shown in Table 3.

4.4 Comparison of the number of mined pat-
terns

We compared the number of the mined patterns.
First, about Sendai City Industrial Promotion

Organization’s web access log (Figure 3), in the

case where the minimum support is 1% or less,

Table 2. A specification of the test machine
(0N Microsoft Windows XP Profes-
sional SP2
CPU Intel Core 2 Duo 1.80GHz
Memory | 1.99GB

Table 3. Web access log data used on the expe-
riment
Sendai City Industrial Promotion Organization
http://www.siip.city.sendai.jp/
01/Sep/2006
—01/Mar/2007
About 1.94GB
About 92.7MB

Term

Original data size
Size after the preprocess

Number of all requests 9,440,870

Number of sessions 96196

KDDI R&D Laboratory

http://www.kddilabs.jp/

Term 01/0ct/2005
—27/Feb/2007

Original data size About 827MB

Size after the preprocess About 252MB

Number of all requests 5,057,390

Number of sessions 21189

more weighted patterns were extracted than un-
weighted ones. This is because, the pages, which
are treated as the same node in the case the weight
is NOT added, were distinguished by weighting,
and the patterns which include these pages were
extracted as different transition patterns. Also, in
larger values of the minimum support less
weighted patterns were mined because each page
distinguished by weighting became unable to
satisty the large minimum support.

On the other hand, in the case of KDDI R&D
Laboratory’s web access log (Figure 4.), less
weighted patterns were mined as a whole. This is
why the cases, where all the pages distinguished
by weighting became unable to satisfy the min-
imum support, increased.

Thus, by the comparison of the number of the
mined patterns, it is shown that the proposed
method can distinguish and extract the different
transition patterns considering page browsing
time.
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4.5 Consideration of mined patterns

Actually extracted patterns are shown in Figure 5.

These are the samples of the mined results from
KDDI R&D Laboratory’s web access log. The
“-“ means that users accessed from the outside of
the web site, that is, the page next to “-“ is the
entry page (the first page in the visit regardless of

how the sessions are calculated [2]). In Figure 5,
all the information administrators can obtain
from the pattern mined by the existing method is
that, the frequency of the access to each page and
that of the use of each link in the pattern are high.

On the other hand, more information can be
obtained from the patterns mined by the proposed
method. For example, by the comparison of the
pattern (a) and (b), administrators can see that, in



the case where browsing time of the /menu page
is long, users move to another page. We con-
firmed that the /menu page gathered the links to
the other pages. Generally, these types of page
are provided to navigate users quickly, so
browsing time of such pages should be short.
However, the patterns of the results suggests that
the /menu page wasn’t able to navigate users to

the other page, or spent longer time than expected.

Thus, administrators can conclude that some
improvement is needed to the /menu page.

Moreover, patterns containing exit pages as in
Figure 5 can be treated in correlation with the
page exit ratio (Number of exits from a page
divided by total number of page views of that
page [2]) obtained by statistical analysis. The
proposed method can be used for the analysis of
user’s behavior exiting from the web sites.

As a result, by introducing the proposed me-
thod, administrators can analyze web access logs
more in detail than by using the statistical and
existing WUM method independently.

5 Conclusion and Future Works

This paper proposed the WUM method which
weights each page according to the length of
browsing time, and extracts access patterns by
graph mining. Through the experiments with the
two real web access logs, we confirmed that the
proposed method can extract meaningful patterns
by considering browsing time and make it poss-
ible for web site administrators to analyze users’
behavior more in detail by integrating the statis-
tical and existing WUM methods.

In our current proposed method, we con-
structed each user session as an undirected graph,
but it is expected to mine more informative pat-
terns by representing the session as a directed
graph which shows the direction users moved
between pages. Termier et al [9] reported the
directed acyclic graph mining method. It would
be possible to apply Termier’s algorithm to ex-
tend our method.

In this paper, we assumed to use the existing
graph mining algorithms and made it possible by
the discretization of page browsing time with the
weighting function. On this occasion, to simplify
the problem, the same weighting function is ap-
plied to all pages. Actually, the features of each
page differ from each other, and consequently it
is useful to categorize the pages which have

similar features, and apply the weighting function
suited to each category.

Since the goal of the proposed method is to
assist web site administrators to improve their
web site, it is desirable to choose more useful
patterns for the administrators from all the mined
patterns, and visualize the chosen patterns in
easy-to-understand presentation.

Therefore, studies related to element technol-
ogies to realize this are needed. For example, the
means that discover the patterns which has sub-
structures similar to each other, or the metrics
that estimate the usefulness of the patterns except
for the support should be established. Moreover,
a visualization method to make it easier to cor-
relate the results of the statistical and WUM
methods, which is the concept of our proposed
method, is also needed. As future works, we
studies to solve these challenges.
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