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Abstract— In this paper, an augmented sessions similarity based framework is proposed to measure the web user concern from web
server logs. This framework utilized the best user session similarity between any sessions based on the relevance of accessed page in a
particular session and syntactic structure of web URLs. The framework is tested using K-medoids clustering algorithms with
independent and combined similarity measures. The merits of generated clusters are evaluated by measuring average intra-cluster
and inter-cluster distances. The results demonstrated the superiority of combined augmented session dissimilarity metric over the
independent dissimilarity measures using augmented session regarding cluster validity measures.
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clustering of the web user session requires a precise
I. INTRODUCTION definition of similarity metric between user sessions. In

With brisk enlargement and continued popularity of the "tefat“'fe range of Sfi"?“af“y measures are reported o
World Wide Web, most of the institutes are presently putting recognize accurate S|m|lar_|ty among users baseq on their
their data on the web and offer online services [1]. So, manya_C(_zeSS behavior. In [10] visitor be_hawor IS consolldateq by
users now rely on the Web to seek information and gainwsned page content to built up likeness between various
knowledge by navigating websites. This user navigation page groupings. In .[11] common paths between two sessions
results in an enormous information about their surfing |so|ated_ into the '”W?“d part and the_ _ext_ernal part Of.
behavior on the web hosting server in the form of weblogs 9€neralized web session and a new similarity measure is
[2]. A challenging aspect of web usage mining is to know in ProPosed from users' navigation patterns o identify the
advance about user’s habits, interest, and expectations [3 ommon paths. In [12] the eIement.of uncertainty in users
and deduction of knowledge from logs. This knowledge can avigation patterns was handled using belief function based
be revealed by applying different web usages mining s!mll_anty measure anq Dempster-Shafer's theory.of mass
approaches on the weblog repositories which keep the recor%'smbmIon for clgsterlng. lr.] [13] an enhanced similarity
of past surfing behavior of users [4], [5]. The clustering is ased user Session clustering aIgor_|thm was presented to
proved very effective in grouping users with similar reduce the time and space complexity conventlon_k-means
browsing activities, navigational pattern, and access [14] anql RO_CK algorithm [15]. T_he sequence alignment
behavior [6], [7], [8]. However, clustering results are very based similarity method_and associated measures were used
much depending on similarity metric used for capturing user ©© cluster v_veb user sessions [16]. In [9] comparative study of
concerns and their accommodation. Normally, the higherf[he e_ffectlven_ess of ‘most popular similarity measures
precisions of similarity metric lead to the enhanced quality mclltjdlngdcomge,h_\]accalzd_, ?ndh Pearsond Cdoiﬁ'c'i?t W"(’;S
clusters of web user sessions and vice versa [9]. This papefﬁgr olrmelg, ago t_”']s work Is further extende yd[f' ] an
discusses a combined dissimilarity based model to estimate ]'. n [19], [20] The user interest on a page was defined by
user’s concern from augmented web user sessions. Thiémpl'c't. measures and further extended _by [21] and proposed
dissimilarity metric is based on accessing page relevance an ome implicit measures suqh as duration and frequengy of
syntactic structure of page URLs. The page relevance isthe page for assessing the interest of a user f.or.a partlcular
estimated using harmonic mean of the duration and accessed page. In [2_2] author used abstract similarity graph
frequency of the page while syntactic similarity is derived and comparative time _used up_on gene_ral greatest
from the syntactic structure of URLs. The effective subsequence for clustering. In [23] the various leveled
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structure of universal resource locators (URLS) on the siteharmonic mean of the frequency of pa@g within the
was used to introduce the concept of sequence alignment angessiog, and the duration of the pagg in session;,, as
clustering. The relationship due to the concept hierarchy ofshown in Eqg. (1) and Eqg. (2).

web pages is quantified and incorporated it in similarity

measure using a binary vector representation of web user . Pagefrequency
sessions, assuming an equal degree of user concern are S<<—yPage duration (in seconds) (D)
presented in [24]. The exact page viewing time of visiting Pagesize (in bytes)

pages and URL of the pages are used to find similarity

between users in [13]. In [25] a website concept hierarchy g g .. g

based similarity scoring system was introduced and further / f \

integrated with other similarity measures like page stay time R[m,n=| Sz ﬁ $ | (2)
and page visiting sequence. In [26] the sessions intuitive : oo

augmented similarity concept is discussed, and the Sh S 311/

effectiveness of same was tested in [27] and [28]. )

The rest part of this paper is arranged under following C. Computation of Scale of Web User Concern for a Web
sections: The materials and methods used in present work Page

are discussed in Section Il. In Section Il experiments are In [20] concept of implicit measure of user interest of a
performed with combined similarity approach and with page was introduced and further extended by [21] and
individual measures and results are discussed in detailproposed Page stay time and page access frequency to
Lastly, in Section IV, this study is concluded with some measure the user concern for a page. The following metrics

suggested future work. are used to compute the relevance of a page in any user
session. Further, this relevance is used to measure the web
Il. MATERIAL AND METHOD user concern for a web page.
The methodology adopted to carry out the present work is 1) Duration of PagéDoP): The time used up by a user on
described in following subsections. any page is known as the duration of the page. Measured by

the precise time difference between two consecutive
o 2 ) ~ requests for web pages in the sessiarHigher value of

The eXPI|C|t or ImplICIt web access -behaV|0r OT a User-|s page stay time |mp||es more concern of the user to any page.
recorded in weblogs. The weblogs maintain user information However, sometimes the small size of a web page may lead
in the form of standard fields. The exact sequence and to a swift transition to another page. Therefore, the time
number of the field are varying from one log format to gpent on the page is normalized by the page size. The time
others. However essential information including address and spent on the page is again normalized by the max page stay

the login name of the remote host, name of the user, requesttime in that session. The Eq. (3) is used to measure the DoP
time, method, full path of the server, used protocol, status (p.) in session%)

code, access data size, and agents used to access the _

information are present in every format [29]. All recorded %’w

information like entries made by automated software agents (DoP)p, = S Time Spenton 3)
[30], default entries for embedded objects, unsuccessful Max("ffsk size ofP}) )

requests and non-human user method are not useful. First,

we remove these entries from log fil&&cond, user sessions Where &(D”_P)?is 1. . )
are extracted from log entriesThe user sessions are However, in the case of last access page, it is not feasible

accumulated activity of a user on a web server. Whenever 40 compute the difference of requests time. Therefore, the
fresh IP address is originated in the log file, a new session is2verage duration of the relevant session may be considered.

address is supplemented to the session based on somep in any session. The high value of this count indicates
is used. Otherwise, a fresh session is initiated by closing the page is divided by the accumulated frequency in the

current session. Multiple sessions are possible forvesty session: The Eq. (4) is used to determined the PYRIN(
user because of the possibility of multiple visits and |,ger sessiorg)

spending of an outlandish measure of time between back to

A. Pre-Processing of Web Server Logs

back visits [30], [31]. - Y # of visits to(P)
[ ] [ ] (FOP)Pi Max(lrjESkZ#Of visits to(@) (4)
B. Session Re.presentauor? in Vector Space Mgdel Where 0< (FoP), < 1.
For a particular website; we are assuming usage These two metrics are consolidated to measure the page

sessions are identifie§={ S,S,....Sy } andn number of  |ejevance for a user. The harmonic mearfDoP)p, and

d'ﬁere“F URI_‘,S (pages) P{ P1,P,,....P } are accessed in (FoP)p. is computedor estimating user concern because it
some time interval. Thereach user sessiof; may be , ! : .
will moderate the impact of large and small outliers [6].

represented by the following equation .
) . : After applying Eq. (1) and (2) on pre-processed log
s=s'¢.. ¢}, Vi=1,2,....m. Where everyiScorresponds t0 & jyiermediate results are generated as shown in Tablel
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3) The Relevance of the Page (RoPjom Tablel the The augmented user session is representédas {(P;,
page relevance is computed by the harmonic mean of DoP (RoP),il), Py, (RoP),Z) e (Pp,s (RoP)>n )}, where P;,

and FoP. The Eg. (5) is used to calculate the relevance of a(RoP):_ and are the visited pages, and its relevance

page (RoP)®,) in user sessiorsg,) respectively.

RoP _ 2x(DoP)p, x(FoP)p, 5 5) Augmented Session Similarity Based on Page
(Ro )%_ (DoP)p, +(FoP)p, ®) Relevance: The Eg. (7) shows the modified cosine
Where 0< (RoP), < 1. similarity measure by incorporating relevance of a page.
|

The Eq. (5) demonstrates that high value of both DoP andThls is termed as page relevance based augmented session

FoP leads higher user concern for a particular page in anf
session S

imilarity measure and more realistic than binary cosine
ession similarity measure [9].

4) Augmented Web User Sessiofisst, we compute i1 ASa(ROP) xASy(RoP)
page relevance matrix\_ ) Eq. (6) of using equations (3) to
(5). The relevance of each page in every session is calculated
from this relevance matrix. The high value of relevance
suggests more user concern for the page.

ASSas,As,)= )

JZ{QlASa(RoP)Z \/z{;‘lASb(Ron

However, the key constraint of this measure will remain
same as it abandoned the hierarchical grouping of web
(RoP), (RoP), - (ROP)m\ URL's and placed in the same directory if web pages are

(RoP),; (RoP), ... (RoP)12| ©) related [32]

RMman ™ |

\(ROEP)nl (Ro:P)T12 (RoEP)nn /

TABLE |
SESSIONTABLE WITH PAGE FREQUENCY ANDDURATION
Session . . .
D Host Actual list of pages No. Of Pages accessed Frequency of Duration on Size of
Name accessed during session during session each page each page each page

Py fiq dyg S

1 P, Py, N, f10 diz S12

P fln dln Sin

Py fia di Su

i IP; . N; . . .

Pin fin din Sin

D. URL based Syntactic Similarity betweBrand |["Page
URL's Here, they assume a uniform URL based Syntactic

) . Similarity of 1 for any node and its parent as well as all
In [32] authors also consider the syntactic structure of sibling nodes of any parent.

URL's and computed their similarity by their respective
position in the web hierarchy by using Eq. (8). This measureE. URL based Syntactic Similarity betweBrand ["Page
will quantify the path overlapping between different visited URL’s

pages. Page relevance plays the major role in deciding the

similarity of two web user sessions. If any web page pair has

USS( o n=Min (1, |LoP(P(a)nLoP(Pgp )| (8) small US%us‘;i U p,-) (URL based syntactic similarity) then
us;\Us,) Max(1, Max(LoP(P(a’D), LOP(P(bJ)))—l) US

ASSas,as,) ( Page relevance based augmented session
similarity) will give good results and for a large value of

Where LoKP,;) is the length of URL (or a number of (Augmented URL based

edges) of the path followed by the root node and a particularUSS(usgi,usEj)’ AUSS(ASZi,ASEJ)
node of Rin the user session YSBy incorporating this  syntactic similarity) Will be producing better results.
syntactic similarity of page URL'’s, the similarity between Proposed combined augmented session similarity (CASS)
two augmented web user Sessié%? ,Aszj) is Computed .me.a§ure utilizes the beSt Ch?.ractel’istics Of bOth the
by Eq. (9) individual _Mmeasures and conS|der§ _the_ _most idealistic
A R accumulation to generate the better similarities between web
ZizlZj:lASa(ROP)XASb(ROP)XUSS(USgi'USEJ') user sessions using Eq. (10).

(9)

AUSS(Aszi ,ASEJ): 51T, ASo(RoP)x LT ASy(RoP)
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CASS(Asa,Asb)=MaX{ASS(Asa,Asb),AUSS(A . SE')} (10) Once the membership matfik = [u,;] is fixed the new

Sa A cluster medoid, that minimize F,.q0iqsCan be derived by
i ] ] ) ) the Eq.(14):
As a requirement of relational clustering, this combined
augmented session similarity is converted to the dissimilarity 8.= arami o2 14
metric using Eq. (11). = argMin, e, 2 ec, di (5.9) (14)
, Algorithm 1: Page relevance andJRL based syntactic
D%Asa,ASb )=(1-CASSs, as;)) (11)  (dis)similarity metric of web user sessions.
Input: {Log file: L of n records
Where 0 < Bhs, ag,)< 1, for AS, AS,=1, 2....m. whered={r,r,...r,} , where m>»1,
If Dmyn is @ dissimilarity relation denoted bf@a,ASb)' Un« - URL based syntactic similarity matrix}

Which satisfies the necessary conditions [18] of to be a Output: { Dm.m | (Dis) similarity matrix}
Euclidean metric. (i) Non-Negativity (i) Self Dissimilarity )
and (iii) Symmetry. 1) Pre-processing of web server access log

The above-described methodology for proposed framework
is summarized in Algorithm 1. This algorithm is used to
compute essential dissimilarity matrix for relational

« Removal of extraneous information
L°¢{ry,r,..r,} Log file after cleaning

clustering of web user sessions - Identification of web USErs
g : U={U,U,,...U,} fori=1,.2,...n.
F. K-medoids Clustering - ldentification ~ of web  user  sessions
To evaluate the performance of the proposed augmented - Sn={ S1.8-Gn} fori=l,2,..m . Where m

user session (dis) similarity framework, we apply the most 2) V;ctor representation  of web USer Sessions
common implementation of K-medoids algorithm known as . P -

partition around medoids (PAM) on user session data with s={s ,sz,..s_’}, vi=12,....m. .
different session relational measures computed in this 3) Com_putauon of reIeva_nce of any web bage In user
framework. The K-medoids is preferred for experimentation sessions for e"."Ch pair ok, in  session, and
because; it selects actual user sessions as a cluster prototype pages where, ':1’2"_“”' and k:1,2,...,m._

to represent the cluster. At the same time in K-means[14], : Compute the_ duration of a web pagg (n user
cluster prototypes ( known as centroid) are the mean of sessiong) using Eq. (3). ,

sessions of that cluster. This fundamental difference makes - Compute the Frequency of web pagg i@ user

the k-medoids algorithm more suitable for user session sessiong) using eq.(4). _
(dis)similarity metrics (relational data) [33]. » Compute the relevance of web pagg (n user
Given a set of user sessions sessiond) using Eq. (5).
S=({S,,S,,....S,} fori=1,2,...m, where the vector of n- 4) Com_putat_lon o_f page relevar_lce based augmented
dimensions represents each session session similarity matrix by using Eq. (7).
s{g¢¢. g} Vi=1,2,...,m . The objective of K-medoids 5) Compute the page relevance and hierarchical URL
clustering algorithm is to find k representative sessions similarity based augmented session similarity
known as medoids, to such an extent that the aggregate matrix by using Eg. (9).

difference between different sessions to their nearest medoid ) Compute the combined augmented session
is minimized. Let G—{c,,c,,... G} be the set of medoids similarity by using Eq. (10).

| . o 7) Compute the combined augmented web user
The k-medoids objective function is shown as Eq.(12) ) sessti))n (dis)similarity matrix bygusing Eq. (11).

Frmedoids 21 (Z'ézluci d4(S ,5c)) (12)  G. Validity of Generating Clusters
The unsupervised cluster assessment techniques are
Where, S$is " user sessiord, is the medoid of cluster.C utilized to validate the worth of produced clusters. These
techniques are based on compactness and separation which
_(1,if SEC, is measured by intra-cluster (Eq.(12)) and inter-cluster
ci_{o otherwise (Eq.(13) distances [34] [35], [36].he low estimation of

intra-cluster and high estimation of inter-cluster separéaion
d%(S 5,) is the dissimilarity between sessisp and desirable for worthy clusters [37].

medoid of clustelC, represented a&.. The membership ZSeec; e, kd%(ASk AS)

i . inimi ' i Dintra= : - (15)
functionu; that minimizes f..q5i9sCaN be derived from Eq. R
(13):

D - ZSyec; ZSieq, 1k, KI(ASK AS)
(13) inter e

1; ifc=q (16)

q=argmin__, d5(S o) ”ciz{ 0; otherwise
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Where, dI(ASk AS) is the distance between two Sessions of length 1 or 2 are discarded from total identified
sessions in the cluster &d|C | is the number of sessions session because they are not able to convey any useful
inG. information for clustering. After this process, we obtained

124 user sessions. These user sessions combined accessed
IIl. RESULTS ANDDISCUSSION more than 150 unique pages. We have reduced pages to 95

. . L ._unique pages by removing very less frequent and very short
The combined _augmentgd session 5|m|Iar|ty framework 'S guration pages visited by this session. First, we compute
evaluated for its effectiveness and efficiency. The Dissase USNg EqQ. (7) and get augmented session

experiments are performed on the web server access log,. 2. <57 . . ) .
recorded from a heavy trafficked and global service provider%ISS'm'_Iarlty ASShs, as,) Metric and run k-medoid _
clustering for 5, 10, 15 and 20 number of clusters. This

portal. This portal provides information about visa, laorith . 124 _ ¢ i ‘ b ¢
insurance, and other related services to internationa/299MtNM assigns sessions 1o a diflerent number: o
travelers to the USA. The proposed framework is cluste.rs respectively. The summarized readings of
implemented and tested using MATLAB [38]. Experiments €XPeriments are recorded in Table 2. Then a9§5URL

were performed on Intel® Core™ i3 (CPU M370 2.40 GHz) Similarity metric <_:omputed for all re_ferred_ unique
with 4.00 GB RAM, and operating system Windows 7 (64- Pages(URLs) by using Eq.(9) and by using this a URL
bit OS). In all experiments, k-medoid clustering was Pased Syntactic dissimilarity AU%ASszi,AsEJ) of 124124

performed with different dissimilarity measures and by Eq. (8) is computed. Again, the same procedure is
computed both average intra-cluster and inter—clusteradopted, and the results are reported in Table 2. Now we
distances against a varying number of user sessions cluster%mpute a combined augmented session dissimilarity metric
First, we applied pre-processing [29] on the used web log CASSas,as,) by using Eq.(10) and (11) which takes the

file and generated 468 sessions using 30 minute threshOIC;‘naximum value of dissimilarity from both dissimilarity
time. We have filtered out 128 web robot sessions becaus?natrices

autonomous software agents generate them and their access
behavior is monotonous [31]. There are 216 very small

0.40 —
0.38 -
0.36 -
0.34
T 0.32 - ® b
ﬁoso— \ /
4 .\- _4
o28- L ° e
0.26 - Tl e
0.24 - T ea----mTTTTT Cm— ASS
50.22—
0.20 —e— AUSS
0.18 --4&-- CASS
0.16 -
T T T T T T 1
5 10 15 20

Number of Clusters

Fig. 1 Avg. Intra-Cluster distance Vs. No. of clusters for different dissimilarity measures

0.98

g 77777777777777777777 -4

§ 0.96 /.

b ® [ ]

% -/

£ 0.94
—m— ASS
—@®— AUSS

0.92
A CASS
5 ' 10 I 15 I 20

Number of Clusters

Fig. 2 Avg. Inter-Cluster distance Vs. No. of clusters for different dissimilarity measures

1011



TABLE Il

SUMMARY OF AVERAGE INTRA-CLUSTER ANDINTER-
CLUSTERDISTANCE FORDIFFERENT(DIS) SIMILARITY

MEASURES ANDV ARYING NO. OF CLUSTERS BY
K-MEDOIDS CLUSTERING

K-Medoids Clustering No. Of Avg. Avg.
with Clusters Dintra Dinter
5 0.319 | 0.955
10 0.293 | 0.967
1. ASQas,Asy) 15 0322 | 0948
20 0.321 | 0.954
5 0.291 | 0.975
2 AUSS( _ 10 0.281 | 0.977
ASyAS)) 15 0.315 | 0.955
20 0.321 | 0.961
5 0.275 | 0.981
10 0.241 | 0.982
3. CASSs,Asy) 15 0.254 | 0.968
20 0.289 | 0.967

IV. CONCLUSION

In this paper, the Page relevance based augmented

session dissimilarityURL based syntactic dissimilarity,

and their combinations to take the advantages of both are

evaluated. Thedissimilarity metrics generated by these

measures are passed as input to k-medoid clustering. The
k-medoid generates the different number of clusters. The
worthiness of produced clusters is evaluated by average
inter-cluster distance measures. The
different value for input clusters is passed to k-medoid

clustering to get optimized and stable results. The results
suggest
measure CAS@s, as,)

intra-cluster

and

session
the

combined
outperformed

that dissimilarity

individual

ASSps,as,) and AUS%ASE,ASEJ) Dissimilarity measure

on

parameters. It is also observed that optimize and stable
results are found with ten numbers of clusters.

both intra-cluster and inter-cluster evaluation

experiment we consider a small size log to avoid

preprocessing overhead but in the same future experiment
can be extended on the large log file. The same hypothesis
can be tested with other clustering algorithms with a

different set of cluster validation measures to generalize the

results.
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