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ABSTRACT

The tremendous growth in volume of web usage dealts in the
boost of web mining research with focus on discioner
potentially useful knowledge from web usage data.

This paper presents a new web usage mining prdoesmding
sequential patterns in web usage data which camdeel for
predicting the possible next move in browsing sessifor web
personalization. This process consists of threennsages:
preprocessing web access sequences from the weér deg,
mining preprocessed web log access sequences iBeddsed
algorithm, and predicting web access sequences giyg ua
dynamic clustering-based model. It is designed dase the
integration of the dynamic clustering-based Markoedel with
the Pre-Order Linked WAP-Tree Mining (PLWAP) algbm to
enhance mining performance. The proposed mininggs® is
verified by experiments with promising results.

Keywords

Markov Model, Sequential Patterns, Web Access Rett@VAP),
Pre-Order Linked WAP-Tree (PLWAP-tree), Web Usagaivy
(WUM)

1. INTRODUCTION

Web logs contain not only simple web usage sessiouisalso
useful information which can be used to trace wedige patterns
in relation to browsing behavior and recommendirmyerrelevant
web pages to users. By mining the web logs usingeradvanced
data mining techniques, the web usage patternsefsucan be
discovered. This process is called Web Usage Mir{ivyM)
which aims to discover potential knowledge hiddenthe web
browsing behavior of users [1].

Web Usage Mining algorithms can be classified imbany
categories, such as clustering, classificatiop@aton rules, and
sequential pattern discovery. There are two majethods of
sequential pattern discovery: deterministic techagy(recording
the navigational behavior of the user) and stodhasiethods
(using “the sequence of web pages that have be#edin order
to predict subsequent visits”) [1]. This paper feesi on the
advanced model-based techniques of the stochastilcoas for
predicting hidden sequential patterns.

Some applications of WUM are clustering web useaseld on
interesting patterns [2], mining conceptual linledairchies from

web log files for adaptive website navigation [Blilding the
frequent web access sequences using a tree atgoiih,

predicting web navigations using the Markov modehssociation
rules [5], [6]. Predicting web access patterns gidime Markov
model is very interesting in web personalizatiorcehese of its
special features, such as modeling a collectionnafigation
records, modeling user web navigation behaviorglassifying
browsing sessions into different categories. Actaydto J.
Borges and M. Levene [7], the Markov model is a pdul and
probabilistic model to estimate the probability wsiting web
pages. Each web page is referred to as a stateeirMarkov
model. The N-order Markov model enables us to ptetie next
visited page affected by the previous N-1 visitedgs. Although
the predictive probability of the N-order Markov d is higher
than the lower-order model, the number of its statgponentially
increases more. Because the model complexity isuned by the
number of states, the complexity of a higher-oildarkov model
excessively increases when using it to model a hugsber of
web pages. Some good news for this problem is tthexe are
usually a significant number of unessential webegaghich are
included in the Markov model in WUM. Effective 8iting of

such unessential web pages in the web usage datesalve the
aforementioned complexity problem. Some clustenmgthods
have been applied to filter web pages, such as Etflkameans
algorithms in [6].

Hybrid probabilistic predictive models based on thkarkov
model, such as the dynamic clustering-based Mankodel of J.
Borges and M. Levene [7], have shown improved [otexhi
accuracy over the traditional Markov model. Howevéhne
complexity problem of the model has not really beesolved as
it still mines the web usage data with a large amadi redundant
data.

In order to resolve this complexity problem, thappr proposes a
new mining algorithm for WUM based on the Markov deb
from the stochastic approach. The new featureisfaigorithm is
that it predicts users’ web navigation patternsigighe frequent
web access sequences extracted from the web Itger than all
web pages. As a result, the complexity of the Markwdel can
significantly decrease because only frequently ssme web
pages are used, resulting in a small number afstahe frequent
web access sequences fed into the model can bavdisd from
web log data by using a tree algorithm. Consequent have a
set of possible cases of interesting web naviggpiatterns. The



frequent web navigation patterns will then be medeby a
higher-order Markov model to predict the next pageessed by a
user.

The rest of this paper is organized as follows.ti8e@ reviews
some existing research related to sequential patiéscovery.
Section 3 explains the new web usage mining algwritSection 4
analyzes the performance of the new mining algoritSection 5
presents the experimental results of the new dlgaragainst two
sets of web logs taken from two real websites. iBec6t

concludes the paper and points out the further work

2. RELATED WORKS

Sequential pattern mining is considered as anieffianethod in
web usage mining because of its tolerance of crawdttacks
which create fake profiles [8]. In the last decateny sequence
mining algorithms have been proposed in the litemtEzeife and
Lu [4] proposed the PLWAP (tree) algorithm whichuilols the
frequent header node links of the original WAP-trea pre-order
fashion and uses the position code of each noddettify the
ancestor/descendant relationships between nodbs tfee”. This
algorithm was successful in extracting the set ibffrequent
patterns from the web access sequences. Theirimg@#rresults
show a huge performance boost by predicting fregnavigation
patterns of web users.

Regarding the modeling of user web navigation bemmadosé
Borges [7] proposed a dynamic clustering-based odetto
increase accuracy of a Markov model in represerdiggllection
of user web navigation sessions. The noveltieshizf approach
are to use the state cloning concept to duplicittes in a way
that separates the in-links whose correspondingnseorder
probabilities diverge, and to use a clustering néphe which
determines an efficient way to assign in-links véthilar second-
order probabilities to the same clone. The algorithnly clones
inaccurate states whose first and second-order apilities
diverge or the difference between these probatsliis greater
than a certain threshold. The results show thatninmber of
additional states induced by the dynamic clustenieghod can be
controlled through a threshold parameter, so thte Space does
not increase significantly, and the performancéhefmethod has
linear time regarding the size of the model.

Hybrid methods might be more robust than standatd chining
algorithms such as the Markov models, clusteriggrhms, and
association rules in current trustworthy recommersgstems [9].
Specially, some research has shown that the aéaptixture of
Markov models achieves higher performance for
personalization.

Some approaches to adaptive mixture of Markov n®ded the
combination of the Markov model with clustering ha@ues or
association rules. Liu et al. [5] proposed a chuste method
based on a mixture of Markov models to clustersised capture
the sequential relationships hidden in user webigasion
histories. The performance of this method is higtlean the
traditional Markov models, the association rules, ctustering
methods. Jalali et al. [10] proposed a clusteripygreach based on
“the graph partitioning for modeling user navigatipatterns”.
Their experimental results could improve the qyadit clustering
user navigation patterns in WUM systems. Khalil §@jmbined
three techniques of clustering, association rules @ low-order
Markov model. This combination obtains better aacyrof web
page access prediction, less state space complariyfewer
generated rules than the single methods.

web

All of these works attempt to build a more accurane efficient
model for mining the users’ web navigation pattérom the web
usage data. However, most of them are not concewitdthe
datasets in the mining process. This may lead toingi
unessential or uninteresting data. Considering thethods
proposed in [4] and [7], while mined patterns s¢ere separated
and have not yet presented relationships betwesgsagoints in
the PLWAP-tree [4], the Markov model could failrrine a huge
dataset including necessary and unnecessary infiomia].

Compared with the existing work, our work preserss
innovative idea of combining the tree algorithm ahd Markov
model to build a novel mining process. This procems predict
users’ web navigation patterns more effectivelyobjy using the
interesting web access patterns and can resolvdrévebacks of
the existing methods, i.e., the complexity problem.

3. NEW MINING PROCESS
The new mining process is designed based on théioation of
the PLWAP algorithm [4] and the dynamic clusterivased
Markov Model [7] to achieve higher performance iredicting
frequent web navigation patterns. The block diagraimthis
mining process is depicted in Figure 1.
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Figure 1. WUM process

There are three steps in this process.
Step 1: Preprocess the web log data.

In this step, sequential patterns or web accesseseg database
(WASD) are obtained after cleansing the web lagy, removing
erroneous and invalid pages from the web log amdirgting
multi-media files such as gif, jpg and script filesch as js and
cgi.

Step 2: Extract the frequent web page sequences from WASD
using the PLWAP-tree algorithm [4].

Given a transaction set T and a set S 5 ... S} of frequent
(contiguous) sequential patterns over T, the suppoeach Sis
defined as follows [11]:



[{tOT:$ is( contiguoys subsequence ¢
IT|

The support is a parameter commonly used to estintae
frequent sequences of web pages navigated by usersised in
the PLWAP algorithm to select web access pattdrashave the
support values greater than the predefined minimsupport
(MinSup). In this step, a complete set of frequpatterns in
WASD is discovered.

Step 3: Predict frequent web navigations based on thguat
patterns

The dynamic clustering-based Markov model [7] idigo

discover a weighted graph of the frequent web r&iogs with

second-order probability accuracy. Compared with second-
order Markov model, this used model is more effiti@and

flexible because of its dynamic prediction of thextnpages based
on the previous pages.

as)=

This new mining process allows the prediction ofrusveb

navigation based on web access history. It predicsnext web
pages that the user likely to visit based on hisiar previously
visited web pages, and its predictive accuracyigbdr than the
first-order Markov model which predicts the nexsiting web

pages only based on the current state. More impttytathe

complexity of the Markov model in this new miningopess can
be significantly decreased because the input ofvtgkov model

is only the useful and essential information extrdcfrom the

web log using the PLWAP-tree (all the unessentiab wages are
filtered out). Consequently, the final mined resoft this new

mining process allows accurate prediction or recemuation of
interesting web navigation patterns. It will be weiseful for web

personalization using recommender systems.

4. EXPERIMENTAL EVALUATION

In order to validate the proposed mining process,web logs are
used for the experiments. They are taken from dfleviing two
websites: http://www.cs.kent.edu/ (KENT) and
http://science.ksc.nasa.gov (NASA). The KENT ddtasas
collected from 18/Sep/2002:12:05:25
23/Sep/2002:12:05:11, with a total of 6 days. THESK dataset
was collected from 00:00:00 August 1, 1995 throdgh46:43
August 13, 1995, with a total of 13 days. The wed tleaning
tool! is used to clean the web log files and extractddia sets in
the preprocessing step. In this step, we can ogitiomemove
invalid pages and select correct web pages. Tregstis a set of
web access sequences which is the input data afekiemining
steps. Table 1 shows the data sets after the megsing step
(Step 1).

Table 1. Datasets after preprocessing

Dataset Number of Size Number of
users (M bytes) sessions

KENT 4472 2.14 8412

NASA 26037 10.20 49406

From the sessions listed in table 1, web pages asdracted and
were processed in the next mining steps. Table @vshthe

! http://sol.cs.uwindsor.ca/~cezeife/webcleanegzar.

number of web pages (states) of the Markov modédtezfuent

web navigations after applying the PLWAP algorittBtep 2).

Table 2. Number of states (web pages)

Dataset | MinSup Number of web Number of web
pages (or states) pages (or states)
after running beforerunning
PLWAP-tree PLWAP-tree
algorithm algorithm
KENT 0.01 11 7134
0.02 4 7134
0.03 0 7134
NASA 0.01 50 1446
0.02 22 1446
0.03 12 1446

through

As we can see from the last two columns in Tablé &e do not
use the PLWAP-tree before the Markov model basedetimy,

the number of web pages fed into the Markov modkilbe much
larger (7134 for the KENT dataset and 1446 for M@&SA

dataset). This will make the state space of thekmMamodel too
large to be practical. If we apply the PLWAP-treefdre, the
number of web pages fed into the model can be fignily

decreased. For example, the number of web pageseaddo 11
(with the MinSup = 0.01) for the KENT dataset froine original
number of web pages 7134 and 50 (with the MinSup02) for
the NASA dataset from 1446, because the web papeserthe
supports were less than MinSup had been removededver, it
is possible to control the size of the frequent weakliigations by
adjusting the MinSup values.

In step 3, the final result of the dynamic clustgrbased Markov
model is a graph presenting the weighted relatissbf frequent
web links. Each web link has the historical linksited before the
web link and the recommended links which might [sited after
the web link with the corresponding predictive mablities, as
shown in the following two examples.

Example 1 In the case of the KENT dataset choosing MinSup =

0.01, we have a graph linking 11 web pages. Figudepicts a
part of the graph containing the nodstdc.html with its

historical links and the predicted links for thexnhenove (the
recommended links).

http:/iwww.cs.kent.edu/~blewis/stat/scon.htm

v

http://www.cs.kent.edu/~b|ewis/stat/stoc.htmll

/ 50% 50%\

http://www.cs.kent.edu/~blewis/stat/stat.htm

Exit

Figure 2. Example of a nodein the weighted graph
of frequent web navigations (KENT dataset)



This graph shows, for the web page
“http://www.cs.kent.edu/~blewis/stat/stoc.itnits historical link

is “http://www.cs.kent.edu/~blewis/stat/scon.hfwhich is in the
same parent directonhttp://www.cs.kent.edu/~blewis/stat is
predicted that a user has 50% probability to vibié page
“http://www.cs.kent.edu/~blewis/stat/stat.Hfmivhich is in the
same parent directory, and 50% probability to \asitirrelevant
page or end the session (we do not consider thizapility).

Example 2 In the case of the NASA dataset choosing MinSup =
0.01, we have a graph linking 50 web pages. Figudepicts a
part of the graph containing the nodgistory.htm! with its
historical links and the predicted links for thexhenove (the
recommended links).

http://science.ksc.nasa.gov/shuttle/missions/missidml

http://science.ksc.nasa.gov/ksc.htm

\

/

http://science.ksc.nasa.gov/history/history.htnfl

20% 60%

v

http://science.ksc.nasa.gov/history/apollo/apolimh

http://science.ksc.nasa.gov/shuttle/missions/nmssidml

Exit

Figure 3. Example of a node in the weighted graph
of frequent web navigations (NASA dataset)

This graph shows that for the web
“http://science.ksc.nasa.gov/history/history.titmiits  historical
links are

“http://science.ksc.nasa.gov/shuttle/missions/missidm!?
and ‘http://science.ksc.nasa.gov/ksc.Html

a 20% probability is predicted that a user mayegitfjo to one
page ‘http://science.ksc.nasa.gov/history/apollo/apotimhb in
the same parent directory or go back the historipage
“http://science.ksc.nasa.gov/shuttle/missions/missitm!, and
a 60% probability of going to an irrelevant pagesnd the session
(we do not consider this probability).

Note that either the historical links or the recoemaled links can
be in a different parent directory as the curreage This is
allowed as long as the web links are listed inrdiated pages.

As we can see from the examples, the discoverediaethips
between the links are reasonable with referenceh® link

structure of the websites, in which the historigats are often in
the same directory or the parent directory of theent link and
the recommended links are often in the same dingato the

subdirectory of the current link. However, web gssometimes
may not follow the link structure of the websiteit bather visit
the interesting pages shown on the web pages.iF e reason
why some discovered web navigations are differemnfthe link

structure. In such a case, the web designer may teeeonsider
redesigning the website to reconstruct the linksrier to make
the website more convenient for users.

5. DISCUSSION AND CONCLUSION

In the mining step, some data mining techniquesh sas the
Markov model and the PLWAP algorithm are used szaler the
data sets. However, the traditional Markov modeghmifail to
model a web log containing numerous web pages igher
prediction accuracy because the number of statdsingrease

page significantly in the high-order Markov model. Evémough the

dynamic clustering-based Markov model tries to aarthe state
space complexity to achieve second-order accurpdgtbgrating
the K-means algorithm to clone the necessary nurobestates
[7], it is a waste of time and memory to mine a sidarable
number of unessential web pages from a web logilllbe more
efficient to collect only the essential web pagefote applying
the Markov model. The PLWAP algorithm is one of the
promising candidates for generating the requiredjfent web
access sequences because it not only can accoripisask, but
is also verifiable and more effective compared wittriori-like
algorithms [4]. However, the PLWAP algorithm wiliop at the
same level as the association rules, and cannailysueet the
demand of a user who needs the most relevant wgbspa be
recommended for the next navigation step in a recender
system. The probabilistic Markov model, on the othand, can
take the frequent patterns from the PLWAP algoritiomd further
predict the most interesting and relevant web psmeswvigate for
a user.

The new web usage mining process proposed in #psrmis the
combination of the PLWAP algorithm and the dynamic
clustering-based Markov model. It inherits the adages of the
PLWAP-tree and the dynamic clustering-based Markaowdel
and overcomes their drawbacks by omitting unintergsweb
pages. It can predict the most interesting websacpatterns from
the users’ navigation history. It has been tessdguithe two web
log datasets taken from real websites. The testisglts show
that the new mining process can considerably improke
drawbacks of Markov model and enhances the perfocenaf
PLWAP algorithm.

Another important contribution of this paper isttiize resultant
web page link graph not only presents all posdibles of the web
sites, but also predicts the frequently visitedkdiror the frequent
web navigations. This makes the new mining prodessvery



useful for web personalization systems using recendar
systems. In contrast, a web usage mining procelysusing the
Markov model does not highlight frequent web natiayaor user
interests.

Our future work will apply the new process to mthe web usage
data from an e-government service website to desctive user
navigation patterns in order to predict users’ rieges and
preferences in that specific service domain.
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