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Abstract—foreseeing of user future movements and intentions
based on the users’ clickstream data is a main cHahging
problem in Web based recommendation systems. Web age
mining based on the users’ clickstream data has beme the
subject of exhaustive research, as its potential foveb based
personalized services, predicting user near futuréntentions,
adaptive Web sites and customer profiling is recogred. A
variety of the recommender systems for online persalization
through web usage mining have been proposed. Howeyé¢he
quality of the recommendations in the current systas to predict
users’ future intentions systems cannot still satfg users
specially for long pattern of user activities in paticular web
sites. In this paper, to provide online predictingeffectively, we
develop a model for online predicting through web sage mining
system and propose a novel approach for classifyingiser
navigation patterns to predict users’ future intenions. The
approach is based on the using longest common subsence
(LCS) algorithm to classify current user activitiesto predict user
next movement. We have tested our proposed model tire CTI
datasets. The results indicate that the approach camprove the
quality of the system for the predictions. Moreover by using
LCS, we can achieve more accurate recommendation fdong
patterns of the current user activities in the paricular web sites.

Index Terms— Recommender Systems, Web Usage Mining

Longest Common Subsequence.

I. INTRODUCTION

Web based recommender systems use the opinions of

community of users to help individuals in that coumity
more effectively identify content of interest franpotentially
overwhelming set of choices [1]. Web-based recontteen
systems have been shown to greatly help Web users
navigating the Web, locating relevant and usefidrimation,
and receiving dynamic recommendations from Wels site
possible products or services that match theirests. Web
usage mining is one of the main approaches udeailtb\Web
recommender systems. Meanwhile, the substantigdase in
the number of websites presents a challenging fask
webmasters to organize the contents of the welisitgter to
the needs of users. Modeling and analyzing webgadiain
behavior is helpful in understanding what inforroatiof
online users demand. Following that, the analyesdlts can
be seen as knowledge to be used in intelligentnenli
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applications, refining web site maps, web based
personalization system and improving searching racgu
when seeking information. Nevertheless, an onlanégation
behavior grows each passing day, and thus extgactin
information intelligently from it is a difficult sue. Web usage
mining refers to the automatic discovery and anslyd
patterns in clickstream and associated data cetleair
generated as a result of user interactions with Yésburces
on one or more Web sites [2-4]. Web usage minirgytdeeen
used effectively as an approach to automatic peiwation
and as a way to overcome deficiencies of traditiona
approaches such as collaborative filtering. Thel gufa
personalization based on Web usage mining is wmetend

a set of objects to the current (active) user,ipbssonsisting

of links, ads, text, products, and so forth, tatbto the user’s
perceived preferences as determined by the matelsage
patterns. This task is accomplished by matchingattieve
user session with the usage patterns discoveredghrweb
usage mining recommendation systems.

In this paper, to provide online predicting effeety, we
develop a model for online predicting through wetage
mining system and propose a novel approach fosifyasg
user navigation patterns to predict users’ futuntentions.
The approach is based on the using longest comi@8s)(
subsequence algorithm to classify current usewities to
predict user next movement.

Jhe rest of this paper is organized as followssdation 2,

we review recent research advances in web usag&gnin
Section 3 describes the system design and sectioouées

on the user classifying based on the longest common
slubsequence. The system evaluation and the restilts
experimental evaluations are reported in sectiormnd 5.
Finally, section 6 summarizes the paper and inttedduture
work.

Web based recommender systems are very helpful in
directing the users to the target pages in padiowkb sites.
Moreover, Web usage mining recommender systems have
been proposed to predict user’s intention and therigation
behaviors. In the following, we review some of tmest
significant WUM recommender systems and architectioat
can be compared with our system.

Jalali et al. [5, 6] proposed a recommender sysf@m
navigation pattern mining through Web usage miniag
predict user future movements. The approach iscbasehe
graph partitioning clustering algorithm to model eus
navigation patterns for the navigation patternsimgrphase.
Furthermore, in the recommender phase, longest comm
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subsequence algorithm is utilized to classify aurraser
activities to foresee user next movement.

Mobasher et al present WebPersonalizarsystem which
provides dynamic recommendations, as a list of tigge
links, to users [7, 8]. The analysis is based oongmous

usage data combined with the structure formed hy th

hyperlinks of the site. Data mining techniques. @lastering,
association rules and sequential pattern discoeeeylised in
the preprocessing phase in order to obtain aggragsdge
profiles. In this phase Web server logs are coedein

clusters made up of sequences of visited pagesclaster
made up of set of pages with common usage chaistitter
The online phase considers the active user sessamder to
find matches among the user’s activities and tisealiered
usage profiles. Matching entries are then usedtopeite a
set of recommendations which will be inserted itlite last
requested page as a list of hypertext links. Wetitalizer is
a good example of two-tier architecture for Perimation

systems.

components.
Recommendation System \
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o
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Figure 1: Model of the system

As the first objective, the prediction engine isdisto
classify user navigation patterns and predicts Sudeture
requests. For this purpose, we propose a novebapprto

Baraglia and Palmerini proposed a WUM system calleglassify current user activity. In order to clagsier’s active

SUGGEST, that provide useful information to maksiea session, we look for the navigation pattern thatuides the
the web user navigation and to optimize the welveser |arger number of similar web pages in the sesdRaitern
performance [9, 10]. SUGGEST adopts a two levelsearch approaches can be utilized to find similelb wages
architecture composed by an offline creation otdnisal petween the current active session and navigatittens.
knowledge and an online engine that understandssuseThe longest common subsequence (LCS) algorithm fisd

behavior. As the requests arrive at this systaodule it
incrementally updates a graph representation of\thb site
based on the active user sessions and classiesdtive
session using a graph partitioning algorithm. Ptidén
limitation of this architecturemight be: a) the memory
required to store Web server pages is quadratleeimumber
of pages. This might be a severe limitation indasges made
up of millions of pages; b) it does not permit asntanage
Web sites made up of pages dynamically generated.

the longest subsequence common to all sequene@esdhof
sequences (often just two). In the next sectiondescribe
about the longest common Subsequence algorithm.
The second objective of this component is compuging

recommendation set for the current session, comgisif

links to pages that the user may want to visit Basesimilar
usage patterns. The recommendation set essentially
represents a "short-term" view of potentially usdfoks
based on the user's navigational activity through site.

All of these works attempt to find architecture andrhese recommended links are then added to the@dast in

algorithm to
recommendation, but the recommendations still donmeet
satisfaction. In our work, we advance a model arappse
novel approach to predict user intention in therrfeture
request.

M.
In this paper, a model is proposed to predict gskrture

SYSTEM DESIGN

improve quality of the personalizedihe session accessed by the user before thatpaggtito the

user browser.

IV. USERCLASSIFYING THROUGHLONGESTCOMMON
SUBSEQUENCE
The problem of comparing two sequenagsand g to

determine their similarity is one of the fundaméptablems
in pattern matching. One of the basic forms ofghablem is

requests and intentions. Generally, Web Usage Mining yetermine the longest common subsequence (LES) o

recommender systems consist of two main phase.nigliof
user navigation patterns has done in offline phafs¢he
recommender system. In the online phase, the reemchen
system predicts a set of web pages as user nertimts. We
have done navigation patterns mining based on thphg
partitioning algorithm as offline phase of a recoamter
system [11] . Figure 1 illustrates the model of slgstem.
According to different part of the proposed modwiline
components in a majority of prediction engine asaalin the
online phase of the system to predict user’s futegeiests.
Classifying of user’s current activities based awmigation
patterns in the particular web site is the maireotiye of the
prediction engine. In addition, creating a list

(0]

andg. The LCS string comparison metric measures the
subsequence of maximal length common to both segsen
12].

[ F]ormally, given a sequenag=(q; , 0y,..., O, ) , another
sequencey =(Y1 . Y2 Yy ) is a subsequence off if there
exists a strictly increasing sequeng€ j,..... jny of indices of

a such that for all i=1,2,..,l, we hawg =Y; . Given two
sequence? and g , we say thaj is common subsequence

of & andgif y is a subsequence of both and g .We

are interested in finding the maximum-length or gest
fcommon subsequence (LCS) given two paths or sequanc

recommendations web pages as prediction is anothege-visitsd =(ay , 0z,..., 0 ), B=(B1, P2r--., Pm)-

objective in online phase. In the following, wetstthe online
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as given by the following:

Theorem 1: Lew =(0,0y,...,a, ) andg=(By, P2,..., fm) be np = <ni)1, np2...., n|T)m> 3)
sequences, and 1¢t=(Y; Y>_ Y;) be any LCS off and  wherenji , is a set ok web pages as a navigation pattern
B. and show as below :

If a, = B, thenY; =a, = B, and Jj_yis a LCS ofa, ,andg... npi = <p1, P2,.., pk> (4)

It 0ty # Pim, theni # aq implies )/ is a LCS ofa, , andg - wherel<i<n, andpi is a web pages in a navigation

If O # Bm, thenY; # B implies )/ is aLCS ofd andf3,;.  pattern. MoreovernBi have to put in order as same as user’s
where g1 =(03,05...., 0n 1) , B, =B, B2-.., Pma) @and active session window.

The proof of this theorem can be found in [13].icnt B.  User classifying based on LCS algorithm

recursive algorithms to compute the LCS exist uding There are two sets, navigation pattem@ and active
property of the LCS [14]. We shall not go into thetails of
the algorithms since a lot of literature alreadjsexon the
topic[14-16].

Definition 1:Let s1 and2 be two sequencetdS (4, s2)|
is the size of the longest common subsequence besieand
s2. The degree of similarity betwesh ands2 is defined as
below:

session windowS as input of this step. Classifying algorithm
attempts to find a navigation pattern (Cluster) utiizing
longest common subsequences algorithm. A navigation
pattern with the highest degree of similarity isurid
according to the LCS algorithm to predict next isser
activities and create a recommendation set.

2x|LCY(S1, S2)| C. Predict user next’s intention
| S1+]|S2] 1) In this step of the algorithm, a set of web pagjaswvs to

Pattern search algorithm can be utilized to findigetion the user as recommendation set. A recommendatigmen
patterns based on the current user activities églipr and 2teMPpts to show a set of web pages to the cuasant after
recommend user future's request. We apply a pageanch the system finds a navigation pattern with the égjldegree

algorithm namely Longest Common Subsequences (IICS) of similarity. Meanwhile, web pages in the recomuotegtion

the recommendation part of the system. In this pdpere are set are.rank.ed in terms O_f degree of coqnectiw’tyvpen web
several steps to create recommendations set basetieo pages in adjacency matilik that created in the offline phase.

current user’s session in the online phase ofybm which MOreoVer, for improving the quality of recommendat the
will be explained below. recommendation engine shows only the web pageghg$t

degree of connectivity and the rest of web page® wet be
considered in the recommendation set. The new
A. Data Pretreatment for recommendation recommendation set is created by next user’'s moneiméhe
Preprocessing for both current active session aneeb site. In this case, after each user’s activigw user
navigation patterns is done in the first step &f pinediction session window is created.
engine. In this step the prediction engine perforims
preparing data for applying LCS algorithm with taikeo
account the efficiency of the algorithm. V. SYSTEM EVALUATION
Intthis study, the current active sessi®is represented as a A variety of techniques are used to measure the
vector:

Sim cs-

performance of the recommender systems. Some
S = <P1, P2.. Pm> @) experimentations ha_ve been done for characterézq_mhlity
of the recommendation. In order to evaluate eféectess of
where Pi=n, and n is a unique numeric value that wB€ Proposed system several tests should be cardidot

assigned to each web pages in the offline phasseffvisits a P0th online phase and offline phase. o
web page, the system replaces it with a predefimégue Measuring the accuracy of the predictions a_nd pt@g in
numeric value. the recommender system needs to characterize Higyoof
Fix-size sliding window is utilized over the curteactive the results obtained. As we described evaluatiothaeein
session to capture the current user’s activities. aall this the offline phase, to measure the quality of recemdation,
sliding window, the users active session window.e W We Use second half of the dataset after the dadasded into
two halves; training set and evaluation set. Eanhigational

consider the mean of web pages in each sessioatadet as : J =% k i )
user's active session window. patternnpi (a session in the dataset) in the evaluationsset i

Furthermore, in the proposed algorithm, web pagsislé divided intq two parts_. The first pageviews im.pi.are use_d
the users active session window have to put ineprdOr 9enerating predictions, whereas, the remaipag ofnpi
according to the numeric values. is used to evaluate the generated predictions. adire

Here, we present each cluster that created in fifieeo S€SSION window is the part of the user's navigatigratterns
phase as set of navigation patterns. used by the prediction engine in order to produpeediction

set. We call this part of the navigational patteprthe active
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session with respect top, denoted byas,,. The prediction
engine takess,, and a recommendation threshelas inputs
and produces a set of pageviews as a predictidn li
Recommendation threshotds theMinFreq. We denote this
prediction set by (as,, 7). The set of pageview (as,p, 7)
can now be compared with the remainjing| — n, pageviews
in np. We denote this part oip by eval,,. Our comparison of
these sets is based on 3 different metrics, naraetyracy
coverageandF1 measureTheaccuracyof prediction set is

Science 2009 Vol 11

system. The average number of web pages in a pessicbe
used for considering the length of active sesgdsrshown in
gigure 2 the percentage of the sessions formed by a
predefined number of pages quickly decreases when t
minimum number of pages in a session increasesedter,

for CTI dataset, average length of a user sessi@bout 3
pages. Therefore, we still have almost half offadl sessions,

we choose this value as the minimum length for eivea
session to be classified.

defined as:

P ]
Accuracy(P(as,,. 7)) = ‘ (aip(;;ﬁ TG)vaLp
iy

P(as,, ) n eVaLp‘ is number of web pages that

Sessions

®)

100

90 4 —CTI

where,

80
these are common in the prediction list and evelnaset. 701
Accuracyis Number of relevant web pages retrieved divide
by the total number of web pages in recommendatehs

In the other hand, accuracy measures the degrediti
the prediction engine produces accurate recommiemdat

Another evaluation parameter in the online phase i
coveragethat is defined as:

P 1
CoveraggP(as, ) = - 23T 7 &by

60

50 4

40

30 4

% Session in Dataset

10

3 4 5 6 7 8
Minimum Number of Pagesin a Session

10

(6)

Coverageds number of relevant web pages retrieved divide
by the total number of web pages that actually fgelm the
user sessions. In the other hand, coverage medkarability
of the prediction engine to produce all of the pages that
are likely to be visited by the user.

The F1 measureattains its maximum value when both
accuracy and coverage are maximized. Finally, fgiven
prediction threshold, the mean over all navigational patter
in the evaluation set is computed as the overalluation
score for each measure.

_ 2x Accuracy(P(as,,, 7)) x CoveragéP(as,,, 7))
- Accuracy(P(as,,, 7)) + CoveragéP(as,,, 7))

eval,

Figure 2: Minimum Number of pages in a session

In this section, we measure the quality of the
recommendation generated by prediction engine dutie
online phase. Sessions found in one half of thé Hatasets
are submitted to the prediction engine to classifiyrent
user's activities and to generate recommendation.
nSubsequently, the overlapping between the generated
predictionP(as,, 7) and the session pagesal,,is computed
by using expression (5) that introduce in sectidfiBally, the
percentage of all predictions figures out as quadit the
7) predicting in the proposed recommender system.

In this study, we evaluate the quality of the

All parameters attempt to measure the quality afecommendations between the navigation patterriexday
recommendation in the rangeMfnFreqbetween 0 and 1.  proposed method [11] and classifying method basedGS
algorithm by the previous algorithms [11]. Threegraeters
have been measured to verify the quality of thaipt®ns;
accuracy, coverage and F1.

VI.

In order to evaluate the performance of the progose
system, experimentation has been conducted foiqpiau of
the user's next request by classifying algorithnsdaaon
longest common subsequence.

All evaluation tests have run on a dual procesatel®
Core™ Duo CPU 2.4 GHz with 3.23 GBytes of RAM,
operating system Windows XP. Our implementationgeha
run on .Net framework 2 and VB.net and C#.net hasen
used for coding the proposed system.

For our experiments, it is necessary to use sudataset
that allows us to evaluate the recommendations. Ol
experiments have been conducted on DePaul UniyeZ3it
logs file dataset (www.cs.depaul.edu).

All evaluations for the creating user navigatiorttgans
have been done based on the CTI dataset in therevious
work [11].

The length of the active session window is impdrtian
classify current active session in the proposedmecender

EXPERIMENTAL EVALUATION

Accuracy
60

= =Prev. Method (CTI)

——LCs(CT)

50 1

40 4

30

20 1

Percentage of the Accuracy

10 A

05 06 07 08

MinFreq

0.4
Figure 3: Accuracy of the recommendations

Figure 3 depicts the accuracy of the proposed syse
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MinFreq ranging from O to 1 for the CTI dataset. Minimum For all experiments, we run paired t-test with 95%

frequency is a parameter for filtering the weightsich are
below a constant value, namedMisFreq. The edges of the
graph whose values are less tiMimFreq are inadequately
correlated and thus they are not considered bipEte graph
search algorithm. This parameter is used in théga#ion
pattern mining as threshold.

confidence .Paired t-test is used to compare meanthe
same or related subject over time or in the difigri
circumstances. On the other hand, the t-test assedwether
the means of two groups are statistically diffefenin each
other. This analysis is appropriate whenever yomtwia
compare the means of two groups. The assumptionsiog

The percentage of the accuracy for the proposei@mys the paired t-test is that the observed data ara fre same

achieves the best results when we choose the vdiltiee

subject or from a matched subject and are drawm feo

MinFreq to be around 0.55 for CTI dataset. The resultgopulation with a normal distribution. In this sy paired

illustrate the approach can improve the accuracythef
recommendation in a great deal of difference vahfethe
MinFreq against the previous work.

Figure 4 depicts the coverage of the proposed rsyfie

t-test is carried out to compare the experimemislits for the
F1 measure. The mean of F1 measure for the CTéelaist
19.5 for the proposed approach and 7.9 for theipuewvork.
The two-tail p-value for the paired t-test is 0.0006 that

MinFreq ranging from O to 1. The coverage achieves higachieves significant valug{/alue<=0.05).

percentage for the lower values of @ Freq. In this case,

In this paper, we also test the scalability basadtte

for the lower values of th#inFreq by classifying current current active session (window size). We staretkgeriment
user’s activities, the prediction engine can fih@ tlusters with window size 2, and according to this size measure the
with large size that many web pages inside thaeliselong accuracy of the WebPUM system. Moreover, in thénegsl
to the actual user’s activities. Moreover, simigsoning can we add one page to current user active sessiom@win On
be used for the higher values of MaFreqthat decrease the the other hand, window size increases in each #ailwe
percentage of the coverage. The results illustret@pproach shown in Figure 6, the percentage of the accuramrgases, if
can improve coverage of the recommender system fine window size changes between 2 and 13. In thet time,

comparison with previous work.

Coverage

100

904 & = = Prev. Method (CTI)

80 - . ——LCS (CT)
70 4
60
50 4
40 4
30 4

Percentage of the Coverage

20 4
10 A

04 05 06 07
MinFreq

Figure 4: Coverage of the recommendations

Figure 5 depict the F1 measure kdinFreqranging from 0
to 1 for the CTI dataset. In the most time, F1 eebs higher
percentages for the proposed system than the mework.

F1

= = =Prev. Method (CTI)

——LCs(CT)

05
MinFreq

Figure 5: F1 measure of the recommendations
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the accuracy is stable in the previous work acogydo the
difference window size. However, the weakness afdasing
the window size is that the number of active sessibich can
be considering for the recommendation system isedse
and the system cannot prepare prediction for at giea of
active sessions.

80

70 A

= = =Prev. Method(CTI)
—— LCS(CTI)

N w ey o [92]
o o o o o
| | | | |

Percentage of the Accuracy

=
o
I

o

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Size of active session

Figure 6: The accuracy based on size of activésessindow size)

Based on experimental results, it indicates that ou
approach to classify current user’s activities tedict user's
next request can improve the quality of the préalict in the
web usage mining recommender systems.

VII.

In this paper, we advanced a system and proposeded
approach to classify the user navigation patternofdine
predicting users’ future intentions through miniofy web
server logs. To classify current user activities,used longest
common subsequences algorithm to predict user foeae
movement. We used some evaluation methodologi¢sdima
evaluate the quality of the clusters found and iguaf the
recommendations. The experimental results show dhat

CONCLUSIONS ANDFUTURE WORK
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approach can improve the quality of clustering dser the
navigation pattern and quality of recommendatiartfie CTI
dataset. Moreover, by using LCS, we achieved mocarate
recommendation for long patterns of the currentr use
activities in the particular web sites.

There are some aspects in that can be improvediin o
system. For instance, we can take into accounséneantic
knowledge about underlying domain to improve thaligy of
the recommendation. On the other hand, integratimgantic
web and web wusage mining can achieve best
recommendations in the dynamic huge web sites. Mare
we would perfect the system and let it serves étwal users
to the best of its abilities.
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