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Summary

Web usage mining (WUM) utilizes mainly the Web logs as
its data sources. A user’s Web page browsing-time calculated
from the Web logs usually involves some possible
inaccuracies if the user was not navigating the Web page at
the whole time. This paper proposes to use intentional
browsing data (IDB), collected online from the user’s
interaction with the Web page, for adjusting the estimation of
the browsing time for potential better application results.
Two approaches on different phases of WUM, pre-
processing adjustments versus mining algorithm, are
proposed and illustrated for their rational benefits in
addressing the estimation issue.
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1. Introduction

The majority of Web usage mining algorithms use Web
log files as the main data sources in discovering useful
information. Web log records that typically include host
name or IP address, remote user name, login name, date
stamp, retrieval method, HTTP completion code, and
number of bytes in a file retrieved
(http://www.w3.0rg/TR/WD-logfile). Therefore, browsing
time or duration of stay on a Web page is a key item for
Web mining algorithms. However, Web server logs only
automatically record the time entering and leaving a
certain Web page, without knowing whether the user is
continuously working on that page? This precision of
estimation presents an issue in many Web applications,
such as online behavior analysis [1,5,8]. For example, in
e-learning, browsing time within the user profile is used to
measure the value of each Web page or performance of a
user’s learning. With inaccurate browsing time captured,
decision makers become conservative to the reliability of
the measurement. A very common practice is to
automatically disconnect the user session by the Web
server if no interactions over a certain period of time, such
as 30 seconds, which is inconvenient and may cause
customer retention problem.

Tao et al. [6] proposed a taxonomy of Web browsing
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behavior data and defined an intentional Behavior data
(1BD), which was demonstrated for its potential benefits
through the Web transaction mining algorithm by Yun and
Chen [7]. Because an IBD is a Web browser component
such as scroll bar, copy, save-as, and so on, the browsing
idle time can be better adjusted with any event of IBD. To
demonstrate the potential benefits of an IBD on browsing
time estimate, the fuzzy Web mining algorithm (FWMA)
proposed by Hong et al. [4] that mined fuzzy browsing
path via time and Web Page is used for the illustration.

2. Web Usage Mining

In order to easily understand the core research content,
the common background of the Web mining process is
reviewed and the FWMA is briefed.

2.1 Web Mining Process

Applying data mining techniques to Internet data becomes
a new area of Web mining [3]. Web mining has been
developed into categories of Web structure mining that
identifies authoritative Web pages, Web content mining
that classifies Web documents automatically or constructs
a multi-layered Web information base, and Web usage
mining (WUM) that discovers users’ access patterns of
Web pages [2].

WUM can be further classified into three components,
including pre-processing, mining algorithm and pattern
analyzing [2] Pre-processing is proceeded before the
actual mining procedure application for filtering and
screening data in Web log files for appropriately feeding
into the mining algorithm. The actual pre-processing
consists of data cleaning, user identification, session
identification, path complete and transaction identification.
Mining algorithm is mainly the association rules or called
basket analysis. When enough data is collected but not
sure the appropriate statistical analysis, association can be
applied. Pattern analyzing finds regularly occurred rules
that are similar to association rules, except for the time
sequential item is targeted in pattern analysis.
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2.2 Fuzzy Web Mining Algorithm

The FWMA [4] has total sixteen steps. Since the
improvements in this research address only from step 4 to
step 6, steps other than 4-6 were summarized in groups
without unnecessary details:

Steps 1-3: Filter unnecessary data in Log Files and keep
only the fields of date, time and client-imp. Transform
the client-imps into contiguous integers as client ID,
according to their first browsing time.

Step 4: Calculate the time durations of the Web pages by
each client ID from the time interval between a Web
page and its next page.

Step 5: For each client ID, sort its Web pages in order of
browsing sequence.

Step 6: Transform the browsing time based on a given
membership function as shown in Figure 1 into fuzzy
values. For example, ID 1 browsed Web page B for 30
seconds, which was transformed into values of 0.8 in
Low, 0.2 in Middle, and 0 in High according the
membership function in Fig. 1. The fuzzy value
representation is , 0.8 062 00
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Fig. 1 Membership function diagram [4]

Steps 7-8: With the fuzzy value transformation, find the
maximum value in each region in each browsing
sequence and sum them up.

Steps 9-13: Find the short, middle and long paths in each
fuzzy region, and record in L if higher than the pre-
specified Sup value, where L is a 2-sequence candidate
set if it is not empty.

Steps 14-16: Calculate the fuzzy membership values from
each candidate sequence, and record in L if higher
than the Sup value. Repeat steps 13-15 if L is not
empty. When there is no sequence higher than the Sup
value, stop the algorithm.

3. Benefits of IBD

The assumption is that when the browsing time is
greater than the Middle range in the membership function,
and no IBD appears, then the user is judged to be away
from the computer screen. The rational is that when a Web
page is longer than one screen page, the scroll-bar will be
used to navigate down the Web page. Also, when there is
any interested text or image, the user may select the
interested content for further actions such as printing or
cutting the selected area. Otherwise, when the browsing
time captured is longer than a certain period while no IBD
occurs, the most likely situation is that the user is not
concentrating on the navigation.

3.1 Pre-Process Adjustment

If any IBD is captured while a user is browsing the Web
pages, then the browsing times can be adjusted better
before feeding into any formal algorithms for processing.
Although this data pre-processing is not an exact solution
to the inaccurate browsing-time problem, it helps to
reduce the algorithmic error if any.

For example, if a total browsing time on a Web page is
120 seconds, and on the 40" second the user left the
computer as shown in Fig. 2. In normal case, this
particular browsing time estimate is either 80 seconds or
three times larger. However, if a user’s interaction with
the Web page on the 15" second which is captured, and a
pre-specified reasonable time for that action, say 30
seconds of buffer time (B), is assumed to be valid, then the
time after 45 (15+30) seconds can be truncated. In other
words, a pre-processing with IBD reduces the 120 seconds
to 45 seconds of browsing time. Although there still exist
5 seconds of inaccuracy, 45 seconds is a much better
estimate than 120 seconds compared to the actual
browsing time of 40 seconds.

Acutal Browsing Time
IBD occured N

Total Browsing Time (120 Seconds)
Fig. 2 Browsing time on a Web page

As illustrated, the pre-processing adjustment is not new
and very intuitive. Its accuracy is realized only because of
capturing an IBD as a new clue for aiding the truncation
decision. The worse case is that if there is no IBD action
captured during the browsing period, and the browsing
time remains unchanged.
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3.2 Hlustration of Intention-Based FWMA

The browsing time can be adjusted before processing by
the designated algorithm as a pre-processing approach or
during the algorithmic process. This section adopts and
modifies FWMA to an Intention-based FWMA (IFWMA)
as an illustration for the second approach. The original
example from Hong et al.[4] is used to illustrate how IBDs
are added into the FWMA. In this paper, the Web pages
browsed with their duration are represented by a tuple as
(Web page, duration) as seen in Table 1.
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Based on the data prepared in Table 1, the FWMA starts
from Step 5 as explained below.

Step 5 : Add IBD occurrences corresponding to each page.
The difference is on the judgment of browsing event
by the IBDs, where Pg,,™P represents a sub-type of
IBD P with sup number of occurrences as in Table 2.

Table 2 Browsing path Sequence with IBD elements

1D Browsing Sequence
Table 1 Web browsing data history 1 [(B, 30, P,%) (E, 42, P,) (D, 98, Ps?) (C, 91, P;)
Client ID (Web page, Client ID (Web page, 3 5 5
Duration) Duration) 2 |(D, 62, Psl) (B, 31, F’12) (D, 102, Ps?)
1 (B, 30) 4 (E, 118) 3 |(A92,Po) (D, 89, Py’)
1 (E, 42) 4 (B,11) 4 |(B,20,P,% (C, 101, P,%) (E, 118, P,°) (B, 11, P,%) (C, 42, P;°)
1 (D, 98) 4 (C, 42) 5 |(D, 64, P3) (B, 29, P,’) (C, 74, P,)
1 (€, 91) 5 (D. 64) 6 |(D, 80, P (C, 61, P,%) (E, 122, P, (B, 17, P,%)
2 (D, 62) 5 (B, 29) » 0U, F3 , 01, F2 ) y Fa y Ll Py
2 (B,31) 5 (C.74)
2 (B, 102) 6 (D, 80) Step 6 : Transform the browsing times into fuzzy values
';’ (g" ZS) 2 (Eclﬁzlz) according to the membership function as seen in Fig. 1.
. EB’ 20; 5 ((B’ 17)) However, the IBDs remain unchanged with each fuzzy
4 (C. 101) value as seen in Table 3.
Table 3 Fuzzy sets transformed from the browsing sequences
ClientID Fuzzy Sets
1 ( 0.2 Pluj( 0.6 0_.4 ,P}) 0:6 N 0.4 pY 0_.8 N 0.2 P2
B. Short B.Middle E.Short  E.Middle D.Middle D.Long C.Middle C.Long
2 ( 0.8 Pss]( 0.8 0_.2 'Plo] 0:6 N 0._4 P2
D. Short D Middle B.Short ~ B.Middle D.Middle  D.High
0.2 . 0.8 0.2 )
3 +Po - —— P,
A. Mlddle A ngh D .Middle D .High
0.4 2 0.2 0.8 0 1.0 2 0.6 0.4 3
4 N , P2 N N ’ P4 ’ P1 - , P2
B. Short C Mlddle C.ngh E.Middle E.High B.Short C.Short C.Middle
o )
D. Mlddle B. Short B.Middle C .Middle
P 0.2 0.8 1 0.2 0.8 2 1.0 1
6 , - P, - Py P
D. Mlddle C .Short C .Middle E .Middle E.Long B.Short
Table 4 IBDs judgment and Fuzzy values changes
Client ID Fuzzy Sets
1 ( 0.2 )( 0.6 0.4 j 0.6 0.4 0.8 0.2
B. Short B.Middle )\ E.Short E.Middle /| D.Middle D.Long ){ C.Middle C.Long
) 0.8 0.8 0.2 0.6 N 0.4
D. Short D Middle )\ B.Short  B.Middle ){ D.Middle D.High
3 0.2 0.8 0.2
A. Mlddle A.ngh D .Middle D .High
4 ( j 0.6 0.4 0.2 0.8 ( 1.0 ]( 0.6 0.4 j
B. Short C.Middle C.High ){ E.Middle E.High )\ B.Short A C.Short C.Middle
5 [ )( 0.8 0.2 )[ 1.0 )
D. Mlddle B.Short B.Middle C .Middle
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6 1.0 0.2 N 0.8
D .Middle C.Short C .Middle

0.2 N 0.8 [ 1.0 J
E .Middle E.Long B.Short

Step 6-1 : If a browsing time is greater than Middle and
no IBD occurrence, change the fuzzy semantic value
to Short and set the fuzzy value to 1 as illustrated in
Table 4 .

The changes in Step 6 from FWMA to IFWMA can
be seen from the records of ID=1 and ID=4. The Web

page D of ID=1 changed from
( 0.6 0.4 ] to ( 1 ] , While 1D=4
D .Middle D .Long D .Short
changed from ( 0.2 0.8 ] to ( 1 ) .
E .Middle E .High E .Short

Both pages have browsing times greater than MIDDLE
but without IBD occurrences and therefore the semantic
value MIDDLE was changed to SHORT.

4. Rule Implications

In our own experiment for comparing IFWMA and
FWMA, there are three rules derived by FWMA method,
including (B.SHORT-> H.MIDDLE-> J.MIDDLE),
(H.MIDDLE-> I.MIDDLE-> J.MIDDLE) and
(K.SHORT-> L.LONG-> O.LONG), but only one rule
derived by IFWMA method as (H.MIDDLE->
ILMIDDLE-> J.SHORT). The first and third rules
generated by FWMA were purged in IFWMA due to
possible inaccurate browsing time.

In another experiment for comparing our pre-
processing adjustment to IFWMA, 37 browsing times out
of 59 Web pages were adjusted with different amplitudes.
Feeding the adjusted data set into the original FWMA,
three rules derived as (B.SHORT -> H.SHORT->
I.MIDDLE), (B.SHORT-> |.MIDDLE-> J.SHORT) and
(H.SHORT=> I.MIDDLE - J.SHORT) while the original
FWMA only derived one rule as (H.MIDDLE->
I.MIDDLE - J.SHORT). Contrary to the above IFWMA
experiment, IBDs provided effective filtering on the raw
data, which led to discovering the first two missing rules
in the FWMA method.

The implications are two folds. First, the fuzzy
semantic adjustment enhanced the predicative rules to be
more accurate if any; second, both IFWMA and pre-
processing adjustment reduce the possibility of misplacing
limited resources such that the performance increases
potentially. In practice, from a marketing viewpoint,
allocating limited available resources to two possible
faulty out of total three applicable rules greatly reduces the
potential returns on the marketing investment. On the
other hand, two additional quality rules provides more

options in allocating resources to preferred marketing
opportunities for better returns.

5. Conclusions and Future Work

As demonstrated, the major impact of IBD on the
business implications is a more accurate WUM result if
any, and consequently more appropriate usage of available
resources in WUM applications. In addition to the
applicable phases between pre-processing and mining
algorithm in WUM as described by Cooley et al. (1999),
another difference in applying IFWMA and pre-
processing adjustments is that IFWMA targets on Web
pages without IBDs while pre-processing adjustment on
Web pages with IBDs. Accordingly, both methods can be
applied together to the same data set without affecting
each other, and may complement the effects of a more
accurate predication.

One immediate future work is the decision of B value
in the pre-processing adjustment. Even though B value is
subjective to the Website management, IBD has also an
influence on how B is calculated. For one end, browsing a
professional technical Web page takes quite different
amount of time from a news Web page. On the other end,
for instance, a scroll-bar IBD and a printing IBD represent
different meanings: a scrollbar indicates the B value
should be higher since the navigation is not yet done,
while printing implies a lower B value since the user may
leave the page soon. Therefore, it takes some research to
generate a few general rules of thumb and some domain-
dependent rules for B-value setup.
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