Journal of Theoretical and Applied Information Technology
10" February 2014. Vol. 60 No.1 B

© 2005 - 2014 JATIT & LLS. All rights reserved-

SATIT

ISSN: 1992-8645 www.jatit.org E-ISSN17-3195

UTILITY, IMPORTANCE AND FREQUENCY DEPENDENT
ALGORITHM FOR WEB PATH TRAVERSAL USING PREFIX
TREE DATA STRUCTURE

Y K.JOSHILA GRACE AND °Dr.V. MAHESWARI

'Research Scholar, Department of Computer Sciert&agineering,
Sathyabama University, Chennai, India.
Professor and Head , Department of Computer Apidica
Sathyabama University, Chennai, India
E-mail: joshilagracejebin@gmail.com

ABSTRACT

Perceiving the navigational performance of websis#tors is an essential factor for the succesthe
emerging systems of electronic commerce and maloifemerce. In this paper, we propose a utility and
frequency dependent algorithm for web path traversimg prefix tree structure. Here, we take thd \og
files and extract the details such as time durati@t the user visited the web page and the bodkmar
information about the web page. The extracted ftata the web log file of different users are comesetl

as input to construct the prefix tree. Using thisfig tree we mine the continuous sequential pattard
discontinuous sequential pattern and we calculage weight value for each pattern mined using the
continuous and discontinuous sequential pattern.prhfix tree constructed using the existing usarsbe
updated further with the details of new users. Wmpgare the path traversal efficiency of our progose
technique with the existing frequency dependerfixpspan technique.

Keywords: Continuous Sequential Pattern, Discontinuous SetiplePattern, Time Duration, Bookmark,
Prefix Tree

1. INTRODUCTION are web personalization, adaptive web sites and
user modeling [4].

Web mining [1] is an area of data mining that In modern days, the research activities in web

manages the extraction of interesting knOWIedg%ining are based on the web usage mining. To

I:rgrr::erw(;:ilginwgea V\g??;)fl\cvzrl? niﬁ?r?tl¥hgi]éir¥1v§% r(l:iiscover interesting usage patterns from web server
INiNg IS a part of web, 9 log files, web usage mining technique is widely
the raw information existing in the web pages

source data primarily contains textual data in weﬁfed' To extract the user navigation patters,
P y ) ._mining algorithms are used. A navigation pattern
pages (e.g. words, but also tags); typlcaé1

o P notes the relationship among web pages in a
applications are content based classification anscg P 9 bag
h

X ecific web site. In practice, mining web
ngﬁntigaseda:?noﬁ'nﬁe%f Vrr\:ienbinpa?r?:t. Z\iﬁz S;Lui’ﬁé vigation patterns is useful and the extracted
9 P L 9 ) . patterns can be used to predict and grasp visitors
structure of web sites; source data mainly contai

structural information in web pages (e.g. links 19 fowsing behavior and intentions. It is helpful to

i ) €b pag 9. 1l improve the user experience, website configuration,
other_ _pages), typical apphcatlon_s are link base fficiency and effectiveness of e-commerce
classification of web pages, ranking of web Pages, apsi :

through a mixture of content and structure (e.9. [3
and reverse engineering of web site models. W
usage mining is a part of web mining that manag

atterns to analyze and predict user motivation and
ovide better recommendations and personalized
Services for their customers [5]. The issue for

g:)eur?:)e(ztr(;j‘;tt;onri(r)r]:aliir?O\::V(I)enotlgﬁlsfr(igtizrlvle(; lg%:lesmining path traversal patterns from a large static
P y ( ) log eb click dataset was proposed by Cleeml. [6].

gathered when users access web servers and m'%o multiple pass algorithms which are full scan

be denoted in standard formats; t_ypical appliczstiona d selective scan were proposed for mining set of
are those based on user modeling techniques tQJa[a}th traversal patterns [7]. In most of the works
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presented in the literature, the path travers&. RELATED WORKS: A BRIEF REVIEW
patterns were mined using data mining techniques
such as association rule discovery and sequentialLiterature presents several techniques for path
pattern mining. traversal patterns mining based on either frequency
Q" utility. In this section, we review some of the
. . r]glated techniques. Jieh-Shan Yethal. [15] have
mining has been developed in [8]. The concept of.. .

. . . utilized the HITS values and PNT preferences as
utility for web path traversal first time was . ,

..~ measures to mine users’ favored traversal paths.

eI'hey have structured mining based on HITS
etﬁypertext induced topic selection) to rank the web

site. TSP is an appealing and interest indicators ages. The preferred navigation path of the users

diverse fields such as information retrieval hulﬂnanOund by an algorithm named PNT (preferred
' navigation tree). They have introduced PNTH

ggnmsﬁgé?; d C?hma{mfrnslcpa“\?vg'uld” bc(:gouél\?} :)?Sl'g]at%? referred navigation tree with HITS) algorithm
P hich is an extension of PNT. Their algorithm used

measure of importance: the more time spend onde concept of PNT and considered the relationship
web page by the users, the more important the Page. 1 \web pages using HITS algorithm. Their

assumed for them [10]. Incorporating TSP measulfigorithm was suitable for e-commerce applications
into the mining of path traversal pattern can lead 9 bb

effective results to analyze and user forecast like improving web site design and web server
y ' performance. Yao-Te Wang and Anthony J.T. Leeb

In this paper, we propose a utility, importancg17] have introduced the concept of throughout-
and frequency based algorithm for web patisurfing patterns (TSPs) and presented an efficient
traversal using prefix tree data structure. Here, wmethod for mining the patterns. The TSPs are more
use the web log file as input and we extract thexpressive to understand the purpose of website
details such as time duration, bookmark of that wetisitors. They suggested a compact graph structure,
page from the web log file. We construct a prefixermed a path traversal graph to store information
tree based on the web pages visited by differembout the navigation paths of website visitors. The
users. Initially, we take the web pages visitedi®y graph contained frequent surfing paths that were
first user to construct the prefix tree and themzaf wanted for mining TSPs. In addition, they devised a
we compare the web pages visited by the secomaph traverse algorithm derived from the
user with the tree formed by first user. If thesffir suggested graph structure to discover the TSPs.
web page of the second user is not same as that o
the first user, a new root will form in the prefree
to construct the nodes for the second user arif

The concept of utility based web path travers

measure for quality: the time spent on web pag
(TSP) at particular web site as a utility of thatbw

tI'o ascertain the user traversal pattern of web
(pages from the web log records, the web usage
. . mining is used. Typically, an admired website may
T s et s ot o, “feiter hucrd of megabyie of vb lg ecors
' very day that offers rich information about web

the first user and check for the second W?b page.ﬁ namics. From the web log databases, the repeated
the second web page of the second user is not safje

as that of the first user's second web page, a ne'X\/quential web accessing patterns were determined
branch will form after the first node. Similarlyll a y path traversal pattern mining. However, it fails

the web pages of every user are checked and tho reflect the different impacts of different Web

i ? 5pgges to different users. In internet information
prefix tree will be formed. When a new user come Service applications, the variation amid web pages
we can link those details with the already existin bp : pag

tree. We mine the continuous and discontinuo gnakes a sfrong impact on decision making.

sequential patterns from the prefix tree we forme herefore, Lin Zhotet al. [12] introduced "utility”
using the web pages visited by different users|nto path traversal pattern mining problem. Utility

Thereafter, we calculate the weight value for eac\ns an estimation of how ‘interesting’ or ‘useful’ a
' . . 9 . . web page. As an outcome, it allowed the web
patterns mined using continuous and dlscontmuo%s

sequential patterns. This paper is organized ervice providers to quantify the user preferemtes

follows: second section shows some of the relateéJVerse traversal paths. To recognize high utility

; ] . ath traversal pattern, two-phase utility mining

work and the third section explains our propose : . . ;
; . model is exploited. They implemented their
technique and the fourth section shows the outcome o iy L
) : . suggested ‘high utility path traversal mining

of our technique and fifth section concludes our .
technigue algorithm on real world weblog database and

contrast the high utility path traversal patterrithw
the frequent traversal patterns by traditional path

e ——
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traversal technique. They demonstrated thalgorithm applies a depth-first search that

interesting paths, as well as their significancéht® scrutinized the markov chain for high probability

decision making process. Chowdhury Farhatrails. Their technique result in the forecast of

Ahmedet al. [14] have proposed an algorithm foradmired web path and user navigation behavior.
utility-based web path traversal pattern miningWeb link prediction is a method to forecast the web
Their extensive experimental outcomes showed thpages visited by the user derived from web pages
their algorithm outperformed the existingvisited by other users already.

algorithm. 3. PROPOSED UTILITY AND FREQUENCY

A frequent sequential traversal pattern mining DEPENDENT ALGORITHM
algorithm  with  weights  constraint  was
recommended by Sisodia, M& al. [13]. Their This section explains our recommended
foremost approach was to include the weighinethodology. The input we give for our
constraints into the sequential traversal pattéith a recommended technique is web log files. The web
maintain  the downward closure propertypage, time duration, bookmark details are obtained
simultaneously. A weight range was expounded tfom the web log file and we use those details for
maintain the downward closure property and pagesur recommended process. The Fig.1 shows the

were given diverse weights and traversal sequencgfocess takes place in our recommended technigue.
allot a minimum and maximum weight. In

scrutinizing a session database, the maximum anc S35 Obiai requied Profis tree
minimum weight in the session database was — o
exploited to reduce infrequent sequential traversal

subsequence by doing downward closure property

was maintained. Their technique produced a few Coutauous Discontmons
but considerable sequential traversal patterns in D |
session databases with a low minimum support, by Mining
varying a weight range of pages and sequence.

Very useful data from the web logs with wide Patem weight
applications can be identified by mining web access e
sequence. More realistic data can be extracted bfid-1 Sample Process Of Our Recommended Technique
taking account of non-binary incidents of web ) ] ] ]
pages as internal utilities in web access sequences 1 he information we obtain from the web log file
The available utility based technique has manip Used to construct the prefix tree. The contirsuou
disadvantages such as taking account only trgequential patt_ern and d|sc0nt|nl_10us sequential
forward references of web access sequences, mtern are derived from the prefix tree and the
applicable for incremental mining, suffers in thePattern weight for each pattern in the continuous
level based candidate generation and teSequential pattern and discontinuous sequential
methodology, needs many database scans and d@g&ern are calculated.
not show how to mine the web traversal sequences] pata Preprocessing
with external utility. Ahmed, C.F and Tanbeer, S.K . . . ]
[16] have recommended a technique to solve those This section delineates the preprocessing of the
issues and they proposed two tree structures nam®gb log file that we take as input of our
utility based web access sequence (UWAS) tree ak@commended technique. Generally a web log file
incremental UWAS (IUWAS) tree to mine the webhas the following structure: IP address, access,tim
access sequences in static and dynamic datababtsTP request type used, URL of the referring page
respectively. Their technique handled both forwar@nd browser name. An example for web log file is
and backward referencesy static and dynamic da&? follows:192.164.31.18 [13/Jan/2013101852]
excludes level wise candidate generation and te$pET/HTTP/1.1" http://www.loganalyzer.net/
methodology, does not scan databases several tir¥4gzilla/19.0 Windows Q7We take the required

and considers both internal and external utilites fields from the web log file to process our
web page. recommended technique.

V.valliMayil [11] has developed user web 3.2User Identification
navigation sessions were inferred from log data and Tpjs is an important section that makes to form a

a Markov chain. The chain’s higher probability krai sequential database. To classify the users, we have
was the most favored trail on the website. Theg, consider the IP addresses and the sessions. The

e —
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IP address is divided as sessions based on cert&ig.2 shows the prefix tree formed from the details
time interval to make a unique user. For instaifce, given in Table.2.

we set thirty minutes as one session for an IP

address, the web pages visited within thirty miaute @

is taken as the web pages visited by a user. TI

next thirty minutes for that same IP address isttak

as next user. Similarly, we have to make differen

users using different IP addresses.

3.3 Prefix Tree Construction 33s 925 23s

I—“I—'

The prefix tree construction is explained as
follows: a set of web pages which were visited b
different users are taken for our process to caostr

Q‘._Ho

the prefix tree. A sample web pages visited b c =
different users are shown in Table.1. 405 555 iréi 27s
405 | - | 275
Table.1 Sample Web Pages Visited By Different Users % z [ 1] i
Users | Visited Web Pages 1 l
Ul b,d,g.k,n,r v
E e
u2 hceg,h k. e [a% &
U3 a,d,k,an 1] 21 5 o |
[ 1] A 1
U4 f,.gseg l ‘/l T
U5 bd,g,ns = e
2 195 43s 38s e

31s

In this table the web pages visited by the uset
are in sequential order and the time duration ohea
web page and bookmark details is shown in th
Table.2. The time duration, bookmark details an
frequency of the web pages is used to calculate tl [

i
]
CEaE
Je ik
| —E

28s
weight value for each pattern in the continuou: |29 _‘: % % (325 |
sequential pattern and the discontinuous sequent + — - 1|
pattern. — | 4]

Table.2 Sample Web Pages With Time Duration And r

Bookmark 27s
Use| Visited Web Pageswith Time Duration +
rs and Bookmark Fig.Zﬁefix Tree
U1 b ( 358 ( 260g( 3LDK 431K 280),¢ 271)
u2 b ( 2115 ( 440)e( 49D,¢ 381),0290) The prefix tree shown in Fig.2 is formed from
U3 a( 3300( 400)K 271),4 310),0.291) the time duration and the bookmark details of the
U4 f( 23( 2708 380).¢ 45)),@ 321) web pages given in Table.2. Here, initially theetre

is plotted using the first user and thereafter the
second user is considered and so on. For instance,
the web pages visited by the first user

In Table.2 the time duration that the users visitegreb d,g,k,Nn,r . We generate the tree based on
for a particular web site and the details about th oS

bookmark i.e. whether the user bookmarked thdf'€ first user initially and we take the web pages
web page or not is given followed by the web pagé/isited by the second useb ¢ €,g,hto link it

For instance, ind 291), d denotes the web page with the prefix tree construction. Comparing the

b isited by th d ith the first
and 29denotes the duration of time taken by theWe Pages visited Dy the Second User wi e s

; dicul bsite addlenotes that th user, the first web page i.8for both the users are
userfora par icular website a_ _en_o es that IN€ same and the second web page visited by both are
web page is bookmarked and if it Ginstead ol, gifferent. So while linking the second user in the

then it denotes the webpage is not bookmarked. Thgefix tree, a different branch would form in the

us b ( 361y( 290)d 320).4 191),6.230)
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tree after the first page which is common in bot!3.4 Continuous Sequential Pattern
the users. Here, the frequency of the first webpage It is a pattern that comes in sequential order. The

bwould get increase. When considering the thirdeqential order is taken in different length arel w

s different from both the first user and the setoncontinuous sequential pattern considered from the
user, so a new branch is formed from the rOOtfltselpreﬂX tree. Some Samp'e continuous Sequent|a|

Similarly, we have to form the tree using the welhattern from the prefix tree in  Fig.2
pages visited by different users. The Fig.3 showgb coedokoa

etc. The given
the details contain in the cells of a web pagehin t g

sample patterns are three length continuous

prefix tree. sequential pattern. Similarly, we can take any
length of continuous sequential patterns and we
have to calculate the weight value for each pattern
n Web page The pattern b -~ ¢ - gis not a continuous
295 L % Duration sequential pattern, because the web pagjs
missing and this pattern is considered from thke lin
1 L—» Bookmark Details of second user in the prefix tree. The Fig.5 shows
the algorithm for the continuous sequential pattern
1 —* Frequeney

- . Algorithm for continuous sequential pattern:
Fig.3 Representation Of Each Cell

) i 1. Input: Prefix tree we constructed

The prefix tree formed eventually would get | 2. Generate set of patterns with different length
update using incremental concept. The incremental 3. For each pattern check with prefix tree |
concept is that adding the details of web pages 4. If sequence is same i
visited by new users. So, whenever a new USGIJ; 5. Consider the sequence and calculate Weight
comes, the prefix tree will get update i.e. theadlet | value i

of the web pages visited by the new user will get: g Flse " :
link with the prefix tree already formed. The Fig.4 | 8 S:;:}?t € sequence i
shows the algorithm for the construction of prefix 9 End for :
tree. 10. Output: Weight value for the pattern th%it

satisfies the sequence in the prefix tree |

| Algorithm for prefix tree construction: | "Fig’s Algorithm For Continuous Sequential Pattern

' 1. Input: Time duration, bookmark details ¢f 35 Discontinuous Sequential Pattern
i the web page extracted from web log file |

! 2. Separate users based on specific time peribd It is a pattern that comes in sequential order
© 3. Construct tree using first user initially : except the threshold length we set to ignore the we
4. For each user check web pages with the pages. Some of the sample discontinuous sequential

sequence of nodes in tree

5. If any sequence of nodes in the tree is Sqime patterns arb — € —~ g.,b — g - n, etc. Here,

as the web pages of user we check ; the patterns given in sample discontinuous
| 6. Add the details of the web pages of user Wlth sequence are one length threshold based two length
the nodes in the tree ; discontinuous sequential patterns. In

! 8. If some of nodes in the sequence is same . . ) .
from the beginning and differ in the middle ! amid the web page€andg in the prefix tree; and

i 9. Add the details until the sequence and forma jn b _ g - npattern, the web pagd is missing
| new branch from the node it differ . -
| 10, Else betweenb andg , and the web pagek is missing

|
|
! 11. Construct a new branch from the root ! betweeng andnin the prefix tree shown in Fig.2.
i
I

» 12, End if o . L _
! 13. End for When considering the fifth user’s link in the prefi

I 14. Output: Prefix tree based on the sequence of tree for the pattedd - g — n, the web page

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
| 7. El= ! b - ¢ - gpattern one web pag€is missing
|
|
|
|
|
|
|
|
|
:
: web pages visited by the users
|

i dis missing amid the web page®andg.
" "Fig.4 Algorithm For Prefix Tree Construction Similarly, we can set any length as threshold ler t

e —
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discontinuous sequential pattern. If we consider this the web page visited by the users. The fornula t
threshold length as two, some of the sample thremlculate the utility of a pattern is given below:
length discontinuous sequential patterns from the

prefix tree R I
areb—»k—»ﬂ,b—»Q—»h,f—»C—»g, TNthanX

etc. We have to calculate weight value for eacMVhere,

pattern formed from the discontinuous sequentiaP - Time duration of total web pages in a

pattern based on different threshold length. A

algorithm is shown in Fig.6 for discontinuous%a‘ttern

sequential pattern. TN - Total number of nodes in the prefix tree
max . . . :

rAIgorithmfor discontinuous sequential pattern: | Ntd > Maximum time duration of a node in

: . prefix tree

i 1. Input: Prefix tree we constructed i The total time duration of the web pagB§in a

I 2. Generate set of patterns with different length'! . . . .

! 3. For each pattern check with prefix tree ! particular pattern is calculated by adding the time

i 4. Setdiscontinuous length i duration of all the web pages in that particular

' 5. If sequence is same that satisfies discontindouspattern. It is shown by the formula below:

: length we set |

i 6. Consider the sequence and calculate weight R

E value : Ptd - ztdu

1 7. Else ; i=1

i 8. Ignore the sequence i Where,

1 9. Endif L td, > Time duration of § web page in a

E 10. Change the length we set for discontinuous : ! pag

i 11. End for i pattern _

! 12. Output: Weight value for the pattern that N - Total number (i.e. length) of web pages

i satisfies the discontinuous length we set i ina pattern

|

L. e ! Importance of a Pattern: The importance of a
Fig.6 Algorithm For Discontinuous Sequential Patter  pattern is based on the bookmark details of the web
3.6 Pattern Weight Calculation pages in the pattern. It is the ratio of total nemb
_ ) of bookmarked web pages in the pattern to the total
The pattern weight value of a pattern is the sURumper of nodes in the prefix tree. The formula to

of utility of a pattern and importance of pattemia ca|culate the importance of a pattern is as follows
frequency of pattern. It is shown by an equation

below: _ B,
Ry =Ry +Pmp * Pfreg ™ TN

Where, In the above equationP,.indicates the total
Ry - Weight value of a pattern number of bookmarked web pages in a pattern and
P > Utility of a pattern TNindicates the total number of nodes in the

. prefix tree. The nodes in the prefix tree are tiedw
Pae = Importance of the pattern pages visited by the users.
Pieq = Frequency of the pattern Frequency of a pattern: The frequency of a

pattern depends on the total number of similar
pattern in the prefix tree. It is defined as thioraf

calculated based on the time duratit@hthat the similar patterns in the prefix tree to the total
users taken for the web pages in the pattern. Tigimber of nodes in the prefix tree. It is shown by

utility of a pattern P,is the ratio of total time &N €quation below:

Utility of a pattern: The utility of a patternP, is

duration of the web pagé¥ in the pattern to the Pireq = TPeount
TN
product of total number of nodeBN in the prefix \\nare

tree and the maximum time duratioN,,~ of a TP_ - Total number of similar pattern in the

node in the prefix tree. The node in the prefietre prefix tree

TN - Total number of nodes in the prefix tree

e —
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4, RESULT AND DISCUSSION

The threshold we set to obtain the number of
This section explains the result we obtained fopatterns mined is based on pattern weight. We set
our proposed technigque. We have used the synthetite pattern weight value as threshold and check the
dataset and real dataset for implementation and weimber of patterns mined for continuous pattern
evaluated the number of patterns mined by settingining and discontinuous pattern mining. Here,
different threshold and we evaluated the efficiencywhen we set the threshold as 0.04, the number of
patterns mined using continuous sequential pattern
mining is 21 and the number of patterns mined
Our proposed technique is implemented in javasing discontinuous sequential mining is 140.
(jdk 1.6) that has the system configuration as i%Vhen the threshold is 0.06, the number of patterns
processor with 4GB RAM. The synthetic dataset isnined is 11 using continuous sequential pattern
generated as same format of the real dataset andnining and it is 60 using discontinuous sequential
is divided as training dataset and testing datfaset pattern mining. When we set the threshold as 0.08,
our implementation. The real dataset is taken by thwe get the same number of patterns as we got using
procedure as follows: we installed ‘CC Proxy'threshold 0.06 for both the continuous sequential
software on the server to monitor the web usage phttern and discontinuous sequential pattern. When
the users. The users are connected to the serder dne threshold is 0.18, the number of patterns mined
we checked the navigation of every user from thesing continuous sequential pattern is 10 and the
website “http://www.infrauniv.com/”. The number of patterns mined using discontinuous
bookmark details are taken from each usesequential pattern is 55. When we set the threshold
separately. The Fig.7 shows the sample web log filgs 0.2, the number of patterns mined is 7 for the
and the web log files are converted to our process.continuous sequential pattern and it is 55 for the
discontinuous sequential pattern.

4.1 Experimental setup and Dataset description

29/7u1/2013:17-18:08 +0530] 192 168 1 120[ Aksharal HTTP| GET| [ http:/svvwov ifrauniv com/aboutus php HTTP/1.1
29/7ul/2013:17-1823 +0530] 192 168 1.120[ Aksharal HTTP| GET| | bttp:/swvvow nfrauniv comsofutions php HTTP/1 1 600000 -
29/7u/2013:17-1833 +0530| 192 168 1.120[ Aksharal HTTP| GET] | http:/wvw infrauniv comy/contactus php HTTP/1 1
20/Jul/2013:17:19:27 +0530] 192 168 1.120] Akshara| HTTP| GET| | http/swwww infrauniv com/events php HTTP/1.1 = 500000 - .——H_-
20/7ul/2013:17:20:01 +0530| 192.168.1.120[ Aksharal HTTP| GET| | et/ swvrov.nfiauniv. com/phd php HTTP/1.1 g {
29/7ul/2013:17:20-10 +0530| 192 168 1 120| Aksharal HTTP| GET| | ttp:/swvwwv infrauniv comindex php HTTP/1 1 - 400000 - 3
29/7u1/2013:1728:18 +0530| 192 168 1 122 Aksharal HTTP| GET| w bp HTTP/1.1 = \
20/7ul/2013:17:28:49 +0530] 192.168.1.122] Alcsharal HTTP| GET| | betp:/svvrov.nfrauniv. com‘aboutus php HTTP/1.1 = \
£ B
=
-

29/Jul/2013:17:28:54 +0530| 192.168.1.122| Akshara| HTTP| GET| | http://www.infrauniv.com/infrastructure php HTTP/1.1 3

29/Ful/2013:17:29:12 +0530] 192.168.1.122| Akshara| HTTP| GET] | http://wwwv.infrauniv.com/events.php HTTP/1.1 == Continuous

29/Tul2013:17:29:17 +0530) 192.168.1.122| Akshara| HTTP| GET]| | http://www.infrauniv.com/contactus.php HTTP/1.1 = \

: ; s } === Discontmuous
Fig.7 Sample Web Log File E i
= 100000
A—_

4.2 Performance Comparison 0 T ————0

4.2.1. Comparison of patterns mined based on I

. Weight Threshold
synthetic dataset £

raph.2 Execution Time For Patterns Mined By Vagyin

. . G
This section shows the performance of the Weight Threshold Using Synthetic Dataset

continuous sequential pattern mining and

discontinuous sequential pattern mining and the
existing technique using synthetic dataset. Thﬁn
Graph.1 shows the comparison between th{?1
continuous and discontinuous sequential patter

mining based on the patterns mined for differeq?
pattern weight threshold we set.

The Graph.2 shows the time taken to execute for
ding the number of patterns mined by varying
e pattern weight value as threshold. When the
reshold is 0.04, the time taken to execute is
0.962s for continuous sequential pattern and
510.020s for discontinuous sequential pattern.

160 When we set the threshold as 0.06, the time taken
140 to execute is 16.367s for continuous sequential
é;g pattern and 522.008s for discontinuous sequential
Z w0 I pattern. When the threshold is 0.08, the time taken
Z o0 e Discontinione to execute for continuous sequential pattern is
- 15.841s and for discontinuous pattern is 498.980s.
Py M When the threshold is 0.18, the execution time is
004 Ogiighfﬁi_mlg-lf 0.2 16.253s for continuous sequential pattern and it is

- ) 492.646s for discontinuous sequential pattern; and

Graph.1 Comparison Of Patterns Mined For Varying when we set the threshold as 0.2, the executiog tim
Weight Threshold Using Synthetic Dataset

e ——
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is 15.814s for continuous sequential pattern arg it 700000 -
129.789s for discontinuous sequential pattern. 600000
500000 -
35000 _ §400000 1 —+—Proposed (Continuous)

; 30000 /l-'/."?,‘- 5300000 1 —B—Proposed

LI == g (Discontinuous)

sBw0 S 200000 - Existing

£ 2omn . . 100000 -

& 15000 e 0o L —

o | A 50 60 70 80 90

g

E Dataset Threshold

‘ ‘ ‘ Graph.4 Execution Time By Varying The Percentage
Level Of Dataset Using Synthetic Dataset

Dataset Threshold

The Graph.4 shows the time taken to execute to
find the number of patterns mined by varying the
percentage level of dataset taken for training. kVhe
. the dataset threshold is 50, the execution time is
The Graph.3 shows the number of patterns mine .645s for continuous sequential pattern and it is

using our proposed  technique (COﬂtIHUOU§F4'483S for discontinuous sequential pattern and

sequential pattern _apd discoptinuous sequentig.583s for the existing technique; and when the
pattern) and the existing technique by varying thSataset threshold is 60, the ex’ecution time is

percentage level of dataset as threshold €. tbl%.lSZs using continuous sequential pattern and it
percentage level of dataset we taken for trammg.

When we take fifty percentages of dataset for 388.203s for discontinuous sequential pattech an
o "y p 9 .482s for the existing technique; and when the
training and remaining for testing, the number o

. ; ~dataset threshold is 70, the execution time is
patterns we obtained for continuous sequenti . .
5.288s for continuous sequential pattern and

pattern is 11267 and the number of patterns w . . .
obtained for discontinuous pattern is 25881 and thiESS'lms for discontinuous sequential pattern and

) . . . .777s for the existing technique. When we take
patterns we obtained using the existing technigue L hty percentages of dataset for training, the
2145' When we Set sixty percentages of data;etf >r<gecution time is 62.992s using contin,uous
training and remaining fo_r testing, we _obtame equential pattern and it is 522.396s using
12724 patterns using continuous sequentlal patteﬂ?lscontinuous sequential pattern and 5.102s for the
and 28120 patterns using discontinuous Sequem'@xistin technique: and when we take ninet
pattern and 2115 using the existing technique; 9 que, y

> o Percentages of dataset for training, the time taken
When the dataset we give for training as seventy ' . . .
xecute is 71.113s using continuous sequential

percentages, the number of patterns we obtained_gattem and it is 585.649s using discontinuous

Graph.3 Patterns Mined By Varying Percentage L&fel
Dataset As Threshold Using Synthetic Dataset

14091 for continuous sequential pattern and it i cquential pattern and  6.574s  using  existin
29672 for discontinuous sequential pattern an eghnique P ' g 9

2096 for the existing technique. When we give
eighty percentages of dataset for training, wdé.2.2. Comparison of patterns mined based on real
obtained 15407 patterns using continuouslataset

sequential pattern and 31452 patterns using

discontinuous sequential pattern and 2102 patterr(ﬁ-[nt'aS S:;g?r?ssg?r‘]’g trl](seir?erlgzlgiﬂgisczzpjéﬁt?ar}
using the existing technique. When we give ninet P 9 q

percentages of dataset for training, we obtain ttern, discontinuous sequential pattern and the

16723 patterns using continuous sequential patte isting technique based on real dataset. The

and 32933 patterns using discontinuous sequenti |raph.5 shows the number of patterns mined using

pattern and 2093 patterns using the existin ur proposed_ tech_nique (continupus sequential
technique attern and discontinuous sequential pattern) and

the existing technique by varying the percentage
level of dataset for training and remaining for
testing.
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2000 Table.3 Efficiency Comparison Using Synthetic Datas
1800 Path Traver sal Efficiency
% 1600 Patterns Proposed Technique Existing
E 1400 Technique
é 1200 —+—Proposed (Continuous) Continuous Discontinuous
£ 1000 1 length 1 1 1
S 300 —=Proposed 2 length 1 1 1
P (Discontinuous)
£ 600 Exist 3 length 1 1 1
= xisting
5 400 ' 4 length 0.787 0.892 0.36

200 5 length 0.33 0.663 0.055

0 T T T T |
50 60 70 80 90 . .
Dataset Threshold The path traversal efficiency is calculated by

dividing the number of patterns matched with the
total number of patterns taken for comparisons |t i
shown by a formula below:

Graph.5 Patterns Mined By Varying Percentage L&fel
Dataset As Threshold Using Real Dataset

In this Graph.5, our proposed continuous an naof patternsnatched
discontinuous patterns performed well than th Totalnaof patternsakenfor comparison
existing technique. ~While comparing the The efficiency values shown in the Table.3 is
continuous and discontinuous  pattern, thealculated by giving eighty percentages of dataset
discontinuous sequential pattern mined bettéfor training and remaining dataset for testing. For
compared to the continuous sequential pattern. Thestance, if there has fifty data in the testingadat
Graph.6 shows the time taken to execute to mingnd if we need to check four length pattern, thet fi
the patterns using real dataset. four nodes from each data are taken and checked
with the tree we formed; if twenty patterns aresexi
in the tree, then the number of patterns matched is
twenty and the total number of patterns we taken
for comparison is fifty. In this Table.3, we have

%atrtraversabfficiency:

250000 4

200000 -

£ 130000 1 o Froposed (Continons) checked the path traversal efficiency of our

£ 100000 —B—Proposed proposed technique and existing technique for one

a f‘_"‘?““““o“") length pattern, two length patterns, three length
X1sting

50000 - patterns, four length patterns and five length
patterns. Here, the path traversal efficiency is
e hundred percentages for both the proposed and
Dataset Threshold existing techniques for one length pattern, two
length patterns and three length patterns. When
evaluating the path traversal efficiency using four
Jiength patterns, the continuous sequential patiérn
ur proposed technique achieved 78.7 percentages
d the discontinuous of our proposed technique

0

Graph.6 Execution Time Using Real Dataset

In this Graph.6, the execution time is less for th
existing technique compared to our propose8

continuous and discontinuous sequential patte

mining techniques. While comparing the executiofRchieved 592 percehntagessgnd the existing S\r/ﬁf'x
time of our techniques, the continuous sequentiélolanI tec nlr(]que ar:: Ieve I fr;_er_centage_s. p en
pattern mining obtained less execution timé&'CU ating the path traversal efficiency usingefiv

compared to the discontinuous sequential patte fngth patterns, the continuous sequential pattérn
our proposed technique achieved 33 percentages

mining.

9 N _ _ o and the discontinuous sequential pattern of our
4.2.3.Efficiency Comparison with Existing proposed technique achieved 66.3 percentages and
Technique the existing prefix span technique achieved five

This section shows the comparison of oupereentages.
proposed technique with the existing technique in
terms of efficiency. The Table.3 shows the
comparison of our proposed technique with the
existing technique based on path traversal
efficiency calculation.
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Table.4 Efficiency Comparison Using Real Dataset constructed the prefix tree based on the web pages
Path Traversal Efficiency visited by different users. From this prefix tree
Patterns Proposed Technique Existing have mined the continuous sequential pattern and
Technique discontinuous sequential pattern. We compared the
Continuous | Discontinuous number of patterns mined based on continuous and
1 length 0.875 0.875 0.75 discontinuous sequential pattern by setting differe
2 length 0.875 0.875 0.75 thresholds. We also evaluated the efficiency of our
3 length 0.25 0.255 0.25 technique and compared with the existing
4 length 0 0 0 frequency dependent prefix span technique. The
5 length 0 0 0 path traversal efficiency comparison showed that

our proposed technique is better compared to the

The Table.4 shows the path traversal efficienc§XiSting technique.
we obtained for our technique (continUOUSREFERENCES
sequential pattern and discontinuous sequential

pattern) and the existing technique using re%] Oren Etzioni, “The world-wide web: Quagmire

dataset. or gold mine?”, Communications of the ACM,
Top References of continuous pattern Vol, 39, no.ll, pp.65—68, 1996.

1 length pattern 2 length pattern 3 length pattern @ ..
g | PSS |y s consonts s [2] Kosala and Blockeel, “Web mining research: A
LSO |y e i o | B M oo o survey’, ACM  SIGKDD  Explorations

- dex.php
http:/www.infra ll;"p\\\;\\‘mh‘w http://www.infrauniv.com/favicon.ico. NeWSletter, VOI' 21 no. 1! pp' 1_151 2000'
univ.com/solutio (AHOISDIR. | iy wwiw.infrauniv.conyindex.php . . “

el T Y e [3] Sergey Brin and Lawrence, “Page. The anatomy
hitp v i | BRSO Fanaiv con of a large-scale hypertextual Web search

— vicowieo | engine”, Computer Networks and ISDN

Top References of pattern

:)‘]]e‘:f‘"l: 2 length pattern 3 length pattern SyStemS. VOI' 301 pp'107_1171 1998'
bty | DI COBIRIR | gy i comcontctus sho [4] Federico Michele Facca and Pier Luca Lanzi,
frauniv.convf o http:/www.infrauniv.convaboutus.php. n . ..
avicon.ico lew lm:\”\\'\\'wmtim\mvcom’feedhwkMm Recent Developments |n Web Usage Mln'ng
el Research”, Lecture Notes in Computer Science,
frauniv.com/'s = > = oo 3
“olutions.php | LR/www llliji:;;ll\’.coxlle\'ellts http:/www.infrauniv. Bcom infrastructure.ph VO|. 2737, pp 140_150’ 2003
hf‘l‘wiluzx\“clglli“ AIH‘Lpimlm [5] YaO_Te Wanga’ Anthony ‘]'T' Lee’ " Mlnlng
» T T Web navigation patterns with a path traversal
OISO | ey it comuidan graph”, Expert Systems with Applications, vol.
ontactus.php = *

ﬁ%{?keferemesal‘preﬂxspnn 381 pp' 7112_71221 2011'

o 2iengihpatiern | 3 lngth pattern [6] M.-S. Chen, J.-S. Park, P.S. Yu, “Efficient @at
e s | nl e mining for path traversal patterns”, IEEE Trans.
actus.php MWQ hitp:wvww.infrauniv.cony'solutions. php Knowl. Data Eng.(TKDE), vol. 10, no. 2, pp.

hittp: xm‘\vfmf_r m‘ww 209_221, 1998.
SULV.COMIAVL | 1t/ www. infrauniv.conyind . .
E = [7] Hua-Fu Li, Suh-Yin Lee, Man-Kwan Shan,
Fig.8 Web Pages Mined While Testing Using Real “DSM-PLW: Single-pass mining of path
Dataset raversal patterns over streaming Web click-

) ) ) sequences”, Computer Networks, vol. 50,
The Fig.8 shows the web pages mined while pp.1474-1487, 2006.

testing using the real dataset for our techniqu ] Liu Y., W.-keng. Liao, Choudhary A. N.: A fast
(continuous sequential pattern and discontinuous high 'utility itemseté mining algorithm. In
sequential pattern) and the existing technique. Proceedings of the first International

5. CONCLUSION Conference on Utility-Based Data Mining, pp.
90-99, 2005.

In this paper we have proposed a utility[9] Zhou L., Liu Y., Wang J., Shi Y.: Utility-Based
importance and frequency dependent algorithm for Web Path Traversal Pattern Mining. In
web path traversal using prefix tree data structure Proceedings 7th International Conference on
We used the web log files as input for our Data Mining Workshops, pp. 373-378, 2007.
technique and we extracted the time duration of thao] Istvan K. Nagy and Csaba Gaspar-Papanek,
websites that the users used and the bookmark "«yser Behaviour Analysis Based on Time Spent
information about the web pages and we onweb Pages”, Web Mining Applications in E-

163



Journal of Theoretical and Applied Information Technology

10" February 2014. Vol. 60 No.1 N
© 2005 - 2014 JATIT & LLS. All rights reserved- T
ISSN:1992-8645 www.jatit.org E-ISSI¥17-3195
commerce and E-services, pp. 117-136 ,
January 2009.

[11] V.VvalliMayil, "Web Navigation Path Pattern
Prediction using First Order Markov Model and
Depth first Evaluation," International Journal of
Computer Applications, Vol.45, no.16, 2012.

[12] Lin  Zhou,Ying LiuJing Wang,Yong
Shi,"Utility-Based Web Path Traversal Pattern
Mining,” Proceedings of the Seventh IEEE
International Conference on Data Mining
Workshops,pp.373-380,2007.

[13] Sisodia, M.S. Pathak, M.; Verma, B.; Nigam,
R.K.“Design and Implementation of an
Algorithm for Finding Frequent Sequential
Traversal Patterns from Web Logs Based on
Weight  Constraint,” 2nd  International
Conference on Emerging Trends in Engineering
and Technology (ICETET), pp.317 — 322, 2009.

[14] Chowdhury  Farhan  Ahmed, Syed
Khairuzzaman Tanbeer, Byeong-Soo Jeong,
Young-Koo Lee, "Efficient mining of utility-
based web path traversal patterns, “Proceedings
of the 11th international conference on
Advanced Communication
Technology,Vol.3,pp.2215-2218, 2009.

[15] Jieh-Shan Yeh ,Ying-Lin Lin,Yu-Cheng Chen,”
Mining Preferred Traversal Paths with HITS,
“Proceedings of the International Conference on
Web Information Systems and Mining,pp.98-
107, 2009.

[16] Ahmed, C.F.-Tanbeer, S.K. ; Byeong-Soo
Jeong ,"Mining High Utility Web Access
Sequences in Dynamic Web Log Data ,"11th
ACIS International Conference on Software
Engineering Artificial Intelligence Networking
and Parallel/Distributed Computing (SNPD),
2010.

[17] Yao-Te Wang, Anthony J.T. Leeb," Mining
Web navigation patterns with a path traversal
graph”, Journal Expert Systems with
Applications,” Vol.38, no.6, pp.7112-7122,
June, 2011.

164



