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Abstract-Clustering of web user sessions is extremely significant to comprehend their surfing activities on
the internet. Users with similar browsing behaviour are grouped together, and further analysis of
discovered user groups by domain experts may generate usable and actionable knowledge. In this paper,
a conglomerative clustering approach is presented to identify web user session clusters from web server
access logs, based on their browsing behaviour. Presented algorithm captures essential ideas from
subtractive and relational fuzzy c-mean clustering algorithm.This algorithm works in two phases, in the
first phase, it automatically identifies the number of potential clusters based on the successively
subtractive potential density function value of each relational data and their respective centres (centroid).
In the second phase, it assigns fuzzy membership values to from fuzzy clusters from a relational matrix.
The presented algorithm is applied on an augmented session dissimilarity matrix obtained from an openly
accessible NASA web server log data.
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I. INTRODUCTION

Clustering techniques are broadly classified into two major classes, one which works with feature vector
based clustering(object data clustering) and other works with relational data(relational clustering). Even though
feature vector clustering is very popular and received lots of attention from researchers, it is not very much
suitable for clustering of user sessions due to high dimensional and correlated feature space of web-related data
[1].

In this paper, a conglomerate relational data clustering approach is used to cluster user sessions based on their
browsing behaviour. For this, an augmented session dissimilarity based relational matrix is computed between
all user sessions by defining and calculating the various similarities/dissimilarity measures.

The remaining of this paper is arranged as follows: Section 2 briefly reviews the existing literature on user
session clustering. After that in section 3, the methodology adopted for proposed approach is described in
details. Section 4 presents the formulation of the idea of proposed conglomerate fuzzy clustering algorithm in
details. In section 5, experiments are set to demonstrate the performance of the given clustering approach on
NASA web server log data and results are discussed. Finally, this study is concluded with future work in section
6.

Il. RELATED WORK

Clustering techniques have been extensively investigated in the web usage mining to categorise web
users/sessions according to their web access behaviour with varying precision and accuracy in reported results.
Competitive Agglomeration for the relational data (CARD) algorithm is used for automatic discovery of user
session groups in a fuzzy and uncertain environment of web log data in [2] and further extended in [3]. [4]
Propose a fuzzy similarity measure and used the same in a relational fuzzy clustering algorithm to find
underlying clusters in the web usage data and derive categories modelling the preferences of similar users. In [5]
a matrix based fuzzy clustering approach is used to generate user clusters that can capture the web user's
navigation behaviour depending on their interest. In [6], [7] Relational fuzzy c-means (RFCM) algorithm is
presented for gathering pairwise dissimilarity values in a dissimilarity matrix D. Where RFCM is dual to the
fuzzy c-means (FCM) [8] object data algorithm when D is a Euclidean matrix. The objective function of RFCM
was based on computing c¢ representative clusters from the data so that the total dissimilarity between each
group is minimised. But RFCM works when we specify the number of potential clusters in advance, and this is
not always feasible in user session clustering.

p-ISSN : 2319-8613 Vol 8 No 3 Jun-Jul 2016 1433



e-ISSN : 0975-4024 Dilip Singh Sisodia et al. / International Journal of Engineering and Technology (IJET)

In this paper, we formulated a conglomerative web user clustering approach which captures key idea from
potential density based subtractive clustering (SC)[23] and relational fuzzy c-means RFCM[6],[7] algorithm and
subsequently known as conglomerate fuzzy relational c-mean (DFRCM) clustering algorithm. In Table 1 we are
presenting the summary of different notations used in the successive development of this study.

I1l. PROPOSED METHODOLOGY

In this section, a detailed description of adopted procedure is presented. The flowchart in Figure 1 gives the
brief outline of the proposed methodology.

A. Web server logs pre-processing

The web server access log keeps a record of all files accessed by users explicitly or implicitly. Each log entry
consists of different fields like remote host address, remote log name, username, timestamp and time zone of the
request, request method, path on the server, protocol version, service status code, size of the returned data, and
referrer user agent, etc.[9].First we remove those entries which are not germane to our purpose. Mostly these are
implicit requests made by embedded objects within web pages [10], requests made by automated software
agents [12], unsuccessful requests of users, requests with access methods other than GET etc. In Second step
web user sessions are identified by adopting the methods presented in [11], [12].

B. User Session in Vector Space Model

Suppose that, for a given website, there are 7 usage sessions extracted from the web server log$§ =
{81,825, .8} fori =1,2,...m, Accessing n number of different URL’s (pages) P = {P,P,, ... P, } for j =
1,2, ...m of a website in some time interval. We can represent each user session §; (for4 =1,2,..m) inn -
dimensional vector over the space of web pages.
S ={(Pv t1, $1.81), Po t2, $2,82)s oo Prs s B0 84)} for = 1,2,..n. Where P;,£;,§; and 8, are the
accessed page, time spent on page (in seconds), # of visits to page and size of page (in bytes) respectively.

C. Page relevance based augmented session similarity

Web users’ interests for any page are computed by implicit measures [13], [14]. These implicit measures are
page stay time (duration) and page access frequency of a web page in web user session [15]. The following
measures are computed to find the relevance of a web page in any user session to measure the web user concern
for a web page.

1) Duration of Page(DoP):

Duration of page or Page stay time is defined as the time spent on a page by web user and it is the difference
between the exact time of the request of page Pi and the time of the request for the next webpage in the session
from the access log file. Following Eq. (1) is used to measure the duration of a web page (P;) in user session
(Sk)

¥ Time Spent on(?;)
Size of (P;)

Y, Time Spent on(?j)
Max V;egk—

Size of(?;)
Where 0<(DoP)p <1.
2) Frequency of Page(FoP):

Frequency is the number of times the web page P;has been visited in the session. It seems natural to assume
that web pages with a higher frequency are of more concern to users

(TO’:P) _ Y. # of visits to(P;)
Pi Max(\-/;egk Y # of visits to(P;))

Where 0< (FoP)p < 1.

3) The relevance of page(RoP):

Relevance of page in any session is measured by giving equal importance to duration of page and frequency
of Page. We use Eq. (3) to measure the relevance of web page (P;) in user session (Sp)
2><(Dzr?)g>i><(7-'zr?)g>i

Where 0 < (RoP)p, < 1.

(‘DO':P)?i = (1)

)

(RoP)p, = (€)
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Table I. Brief Description of Notations used in this article

Notations used

Brief description

AS; Set of augmented session
AST Vector representation of 4*” session in 7-dimention
ASS(as,A54) Augmented session similarity between sessions AS, and AS,
A, Acceptance ratio
c Number of clusters
Amin Minimum distance between cluster prototype
A Relational Euclidean distance between 7** prototype and 4*” session
D pxon a dissimilarity matrix
D(Z A4 ASy) An augmented dissimilarity matrix
(DoP)p, Duration of page P;
Frrcm Objective function of RFCM
(FoP)p, Frequency of page P;
; Number of visits to 7 page
f Fuzzification coefficient
L Set of log records
m Number of user sessions
n Number of URLs
P, (c,q S &;) 47" potential value of augmented session
P, i** web pages
(RoP) . Relevance of each accessing page
7 i** record of a log file
7z Neighbourhood radius
i Neighbourhood radius
R, Rejection ratio
RM i Page Relevance Matrix
3; size of **page (in bytes)
1; time spent on 4** page (in seconds)
S, 4*" user session
U Fuzzy membership matrix
R, 7% cluster prototype
Vg Set of cluster prototypes
Wy, Weight of 7 URL in 4** cluster
Hij Degree of membership between 7%# cluster prototype and 4** session

D. Augmented web user sessions

Now, by applying equations (1) to (3) the page relevance matrix (RM,,,,,) is computed This relevance
matrix will define the relevance of each page in every session. If the page has high relevance means the user has
more concern in this page. This relevance matrix is given by Eq. (4). By incorporating page relevance in web
user session access behaviour matrix, simple web user sessions converted to augmented web user sessions.

(RoP)11 (RoP)y, (RoP)1n
RM/}’VLX/}’L — (RO‘?)ZI (Ra?)ZZ (RO:P)12 (4)
(:Ro'j))ml (RC’?)mz (Ray)mn

Now, the web sessions are converted into augmented web user sessions

AS; = {AS;, AS;, ... AS,,} fori =12, ..m. Where, every augmented web user session is represented
by AS, = {(PL, (RoP)py, (P2,(RoP)py) ...(Pn,(RoP)p,)}. Where, Pi and (RoP)p,; are the visiting
page, and its relevance respectively.
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Fig 1: Proposed methodology for web user session clustering

E. Page relevance based augmented session similarity

Here relevance of pages accessed in user sessions is incorporated in simple cosine similarity measure Eq. (5).
This augmented session similarity measure may represent more realistic and represents session similarities
based on the web user’s habits, interest, and expectations as compared to simple binary cosine measure [2].

Tie1 A5 (RoP) i XAS 4 (RoP);

(6))

ASS(as,454) =
J Y A (RoP);” J YL AS(RoP);

As a requirement of relational clustering, this augmented session similarity is converted to the
dissimilarity/distance measure. This distance measure satisfies the necessary conditions of a metric [18]. The
augmented session dissimilarity is computed using Eq. (6).

@(zﬂsa,ﬂs,,) = (1 — ASS(as,.45,))° (6)
Where 0 < Diys, a5, )< 1, for AS,, ASp=1,2....m.

The pseudo code for above-described procedure is presented a Algorithml.Which summarises the steps
involved in the computation of page relevance based dissimilarity matrix of web user sessions
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Algorithm 1: pseudo code for Page relevance based augmented session (dis)similarity matrix.

Input: {web server log file: Lof nrecordswherel « {r,r,..7,} ,wheren >>1,
V3 r; < ip,time,method,url,protocol,size, status,agent,referrer >}
Output: {D,,,,,| augmented session dissimilarity }
L: Pre-processing of web server access log
a. Removing of extraneous information- £¢ « {7, 7 ...7,,} is a cleaned web log file
b. Identification of web users U; = { Uy, U,, ... U, } fori=12,..n.
c. Identification of web user sessions § = {§,,85,....5,,, } fori=12,..m.
Where, m > n
2: Vector representation of web user sessions:
S ={(Pr, 11, $1,81), (Po, t2, $2,82) - (Pt B 8)} forg= 12,.m.
Where, P;, %;, f; and 8; are the accessed page, time spent on page (in seconds), # of visits to page
and the size of the page (in bytes) respectively.
3: Computation of relevance of any web page in user sessions for each pair of (S, P; ) session Spand page
P, wherei=1.2,..nand £ =1,2,..m.
a. Compute the duration of a web page (P;) in user session (Sy) using Eq. (1).
b. Compute the Frequency of web page () in user session (S;) using Eq. (2).
c. Compute the relevance of web page (P;) in user session (S, ) using Eq. (3).

4: Computation of page relevance based augmented session similarity matrix by using Eq. (5)
S: Calculation of page relevance based augmented session dissimilarity matrix D,,.,, = 1 — RM,,.xm
using Eq.(6).

IV. DESCRIPTION OF PROPOSED CLUSTERING ALGORITHM

In this section, we are presenting the formulation of the idea of proposed conglomerate fuzzy relational c-
mean (DFRCM) clustering algorithm in details.
F. The estimation of number of representative cluster centres

To find a representative cluster prototype , clustering algorithms search for the centres of dense regions in the
given relation. We applied subtractive clustering method [16] is which more useful extension of the mountain
clustering [17] for estimation of some cluster centres. The subtractive clustering method assumes that each data
point is a potential cluster centre and, without prior knowledge of the default number of centres, it calculates the
likelihood of a data point being defined as a cluster centre according to the density of the surrounding data
points. We compute the value of potential density function at every augmented session using Eq. (7)

dg,ij(ASi AS;) .
P, (AS;) = Ty exp (—’”r—}’),w =12, .., m. @)

If dg,; is small then AS; and AS; will be more related and had major influence on the potential density
value P; (AS,;); otherwise AS; and AS; will be less related and had no significant influence on P; (AS;). The
parameter -2 is a radius and defines the neighbourhood of the selected augmented session AS;. The sessions
outside this radius have little influence on the selected session’s potential density value.

After computing the PDF at every session, we chose the highest PDF value session as the first representative
cluster centre ¢, by using Eq. (8). If there are multiple sessions with highest PDF value then we choose
subjectively any one of them.

731(045k1) = max;=1{P; (AS)} ; Vg1 < (045&1) (®
To find the second representative cluster centre, we use Eq. (9) compute the subtractive PDF value over the
neighbourhood defined by #72. If dgq; is smaller between AS; and vy, then effective potential of each
sessions around g ; will be reduced due to this subtraction.

Po(AS,;) = P, (AS,) — Py (g1 )exp (— M) Vi=12,..,m. )
&
After discounting PDF values for all sessions over effective zone of influence of 742 , we select the highest
subtractive PDF value as the second representative cluster centre v , by using Eq.( 10)

Py (ASp,) = max;-1 {P,(AS,)} ; V2 < Py(Sk,) (10)

Similarly, to select any j™ representative cluster centre, the PDF value of each user session over effective
zone of influence during j™ iteration is computed using Eq. (11)

dp,ij (ASi vR,-1))

Pi(AS,) = P;-1(AS;) = Pyoa (v -1y Jexp (—r—”

),w:z,...,m. (11)
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The same procedure will continued until the ratio of highest potential (during t™ iteration) and maximum
potential (during 1* iteration) is greater than to the acceptance ratio «A,..The t™ representative cluster centre VR
is selected by using Eq. (12)

P, (ASy,) = max,,{P(AS)}, Vi = 2, .., m. vy, « P;(ASp,) (12)

If this value is less than the reject ratio R,. then we will reject the session as representative cluster centre. If
this value falls between A,- and R,. we check that session is far from the existing representative cluster centre.

G. Relational Fuzzy C-mean clustering

Given a set of augmented user sessions AS; = { AS, ASy, ... AS,, } fori=12,..m. Where, each
session is represented by vector of 7-dimensions § = {AS}, AS?, ... AS]"}, Vi=1.2,..,m. Let dg ;i is the
relational distance between cluster prototype and augmented session AS,;. Let Vi « {vg1, V%2, ... Ugc}
represent a set of relational cluster centres in D . The objective function of relational fuzzy c-means algorithm
seek to ¢ representative sessions as relational cluster centres (known as centroid), such that the total distance of
other sessions to their closest centroid is minimized. The objective function of relational fuzzy c-means (RFCM)
[19] is defined as Eq. (13).

Yt k=1 Hf;#iﬂye,ﬂ

¥ (13)

237 Hij

Frrem = Z;:1
And membership functions is given by (14)

1
(drgi) @V

Hi; = (14)

1
Ty (drge) D
Where, # € [1,] is a fuzzification coefficient and The Euclidean distance dg i 1s the relational distance
between cluster prototype and augmented session AS; and this distance is calculated based on memberships in
U and dissimilarities in D using Eq.(15)
dgji = (Dvﬁ;l)i - %(03’5‘;1)77_)0;5;1 forl1<j<cand1<i<m (15)
The relational cluster centres are updated by using Eq.(16)

TP 1 I
vl = Wbl ) ¢ 4 iee (16)
7 7 i;r'#

The pseudo code for above-described procedure is presented as algorithm 2. Which summarises the steps
involved in conglomerate relational fuzzy clustering on estimating representative cluster centres from page
relevance based relational matrix of augmented web user sessions.

Algorithm 2: pseudo code for conglomerate relational fuzzy clustering for augmented web user sessions

Input: 1. {D,,,,,|Dissimilarity matrix}
2. Neighbourhood parameters: 77, > 7, > 0 ; accept ratio: A, , reject ratio: R -;
Output: { Vg « {vg1, V%2, ... ¥z} |setofrelational cluster centres, U| Fuzzy membership matrix }

1: t<«1;
2: fori=1,2,..,m
3: calculate potential density function (PDF)of each session using Eq.(7)
4: end for
5:  select the session with Maxpdf P, (S ,&1) =max;—.{P,(5,)}
6: set it as first cluster centre v, « Py (5 /&1)
7: compute the subtractive PDF of each session using Eq.(11)
P;(Ss,
8: if 7( % ) > A, then add S, as the new cluster centre;
P1(Sk,) 7
te—t+l & set vg; <« P, (5@) go to step 5
. T;(Sk,-) . )
9: else if ——= < R,. then discard S, and terminate
P1(Sey) i
10: else let dpyy = minSZid}, (v, , vr,e)
. dmin ?7(54%})
11: if 4+ —— > 1 thenadd S, as the new cluster centre
7, 731(5&1) 7
12: tet+l & set vy, < F (S@) , go to step 3
13: else discard S, and 0 < P;(S;) and select Prey; (S;), go to step 3
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14: end if

15: end if

16: Estimated cluster centres: Vg < {v'g1, U2, - URe}

17: Calculate Euclidean distance (d ;;)between augmented sessions AS; and centroid of clusters using
Eq.(15)

18: Fori« 1,2,..m do

19: Ifdg;; #0 Vj

20: calculate membership function matrix (U) using Eq.(14)

21: else

22: Setu;; > 0 fordg;; =0, py; €[0,1]and Y- py; =1

23: End If

24 End For

25: Apply defuzzification by assigning sessions to nearest neighbour clusters

V. EXPERIMENTAL RESULTS AND DISCUSSIONS

In this section, the clustering capability of the proposed approach is presented by applying it to open access
NASA web server log data[20]. This data set (NASA access log Aug95) contains one month’s worth of all
HTTP requests from the NASA Kennedy Space Centre’s web server in Florida. The log was collected from
00:00:00 August 1, 1995, through 23:59:59 August 31, 1995. The uncompressed content of the dataset is 167.8
MB and contains 1,569,898 records with timestamps having a 1-second resolution.

The proposed algorithms are implemented using MATLAB (R2012a) package [21].The experiments are
performed on an HPZ420 workstation with an Intel(R) Xeon(R) CPU E51620 0 @ 3.60 GHz, and 4 GB RAM,
running under the MS Windows-7 operating system(64-bit) with a randomly selected different number of web
user sessions from a pre-processed NASA access log data set.

After cleaning of irrelevant entries(image, icons, sound files, etc.) from the original log file, it has been
reduced to 525981 entries results are shown in the figure. However, we did not find any entries for automated
software (web robots, spiders, crawlers, indexers, etc.) probably due to old log files. In this log data, a total
number of 75060 unique hosts’/IP are requesting 4030 individual pages.

T

L1500

GiF—RBh—PG—MPG IPEG WAV WA

EPS—BPS—BhP

File Type:

Fig 2 Web server log cleaning results

The sessions are identified by setting 30 minutes threshold time, as it is widely acceptable to capture the user
notion in most of the weblog dataset, and a total of 139,086 sessions are identified. To alleviate processing
overhead, randomly selected user sessions of size 1000, 2000 and 3000 are considered from an enormous
number of sessions for further processing. The default root / and mini sessions of size 1 are filtered out from the
total generated sessions as they did not contribute any significant information for user session clustering. Table
2 presents a summary of cleaned and pre-processed sample logs.

Table II. Summary of pre-processed sessions and matrices

Number of initial Number of valid Number of unique Size of FoP/DoP Size of ASS/
sessions sessions URLS in sessions /RoP matrix (D, 100 ) Matrix
1000 665 419 665x419 665x665
2000 1341 589 1341x589 1341x1341
3000 2048 731 2048x731 2048x2048
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From pre-processed sample logs frequency of page (FoP), duration of the page (DoP) and consequently
relevance of page (RoP) matrix is computed. The page relevance matrix is harmonic mean of the frequency of
page(FoP) and duration of the page(DoP) and gives equal importance to both matrices.The Augmented session
(dis)similarity(ASS) is derived from this matrix and converted to dissimilarity matrix(D,,,,,,) using algorithm 1.
The size of FoP, DoP, RoP and ASS matrix for sample data sets is given in Table 2.

To visualise, potential clusters buried in relational dissimilarity matrix, a visual assessment of tendency
(VAT) tool is used [22]. This VAT tool maps the values of dissimilarity matrix into the densities of a reordered
VAT image along the diagonal. The number of dark blocks in diagonal which possess visual clarity represents
the number of potential clusters. However, this is not always possible. These dark blocks appear only when a
compact group exists in the data; however, this is not always possible [23]. The VAT images of augmented
session (dis)similarity (ASS) are shown in Figure 3.

The augmented session dissimilarity (D,,,.,,,) for different size of user session data sets and other parameters
(as given in Table 3), are used as input arguments in the proposed conglomerate fuzzy c-mean clustering
algorithm (Algorithm 2). The selection of right neighbourhood radius parameters 72 and #-? affect the output of
clustering algorithm.Generally, the value of 72 > 72 because algorithm seeks to find all sessions with
significant potential density values, while discounting the influence zone of already detected potential cluster
prototypes.

i) ASS-BES5xEAS (i) ASE-1341:1341 iy ASS-2048:2048

Fig 3: VAT images of augmented session pair wise dissimilarity matrix of different sizes

The value of accept ratio and reject ratio governs the number of generated clusters, if A,.and R,. is too low
then it will generate more clusters and some of them may be of insignificant potential density values.if the value
of A,and R, is very high then only few clusters will be generated and some significant clusters may be left
undetected. We conducted multiple experiments on selected data sets with different values and combinations of
these parameters and empirically selected the best values for these data set.

Table III. Summary of used default parameter values

Parameters Symbols Choose Values Range
Neighbourhood radius r? 0.3 0.2<72<0.5
Neighbourhood radius 7 1.5 72 rE>r?
Acceptance ratio A, 0.7 0.3<A,<0.9
Rejection ratio R, 0.15 0.05<R,.<0.4
Fuzzyfier f 1.5 F €[1,0]

This algorithm produces output as Potential density value for an index of prototype session of the cluster in
descending order. For our experimental log sessions data the number of generated clusters and time taken to
produce these clusters are summarised in Table IV.
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Table IV. Time required for generate clusters from different size dissimilarity matrix.

Number of initial Size of ASS/ Number of generated Time required creating
sessions D ixean) clusters clusters
matrix (In Seconds)
1000 665x665 8 5.71
2000 1341x1341 10 65.41
3000 2048x2048 12 103.63

After finding the number of clusters and cluster centres (prototype sessions), the degree of membership of
each session in every group is determined. By applying defuzzification, sessions with the highest level of
accession is assigned crisply to nearest neighbour clusters to decide cardinality of clusters. All designated
sessions are merged in a cluster, to represent the aggregate view of uniquely accessing URLs in that cluster. The
detailed results are summarised in Table 5,6, and 7.

Table V. Clustering results for dissimilarity matrix of size 665x665.

Cluster Prototype Session of the Cardinality of Potential density Number of Unique
Number cluster Cluster Value URLs

1 256 320 243.43 322

2 156 85 234.94 117

3 143 42 224.02 79

4 395 7 198.67 35

5 171 46 197.91 72

6 200 4 192.97 66

7 609 159 179.47 98

8 49 2 164.01 25

Table VI. Clustering results for dissimilarity matrix of size 1341x1341.

Cluster Prototype Session of the Cardinality of Potential density Number of Unique
Number cluster Cluster Value URLs
1 1104 396 506.28 400
2 256 223 503.91 264
3 982 19 495.54 58
4 156 270 488.39 182
5 1068 18 477.03 63
6 1105 41 431.48 95
7 1034 19 418.44 70
8 200 8 387.21 66
9 609 337 362.37 210
10 94 10 349.35 43

Now, the clusters are representing the aggregate view of all belonging members (web user sessions) and their
accessing page URLs. We computed the weight of URLSs in any cluster by using Eq. (17) as given in [2].

W, = # of occurrences of the ;‘th URL in cluster 4

= (17)

cardinality of cluster i
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Table VII. Clustering results for dissimilarity matrix of size 2048x2048.

Cluster Prototype Session of the Cardinality of Potential density Number of Unique

Number cluster Cluster Value URLs
1 1104 566 737.43 477
2 256 344 735.03 377
3 982 79 734.06 148
4 1378 58 727.05 138
5 1452 23 714.28 82
6 156 400 688.73 264
7 1034 13 634.10 30
8 1057 17 625.06 111
9 1353 51 590.10 82
10 609 480 560.69 257
11 94 10 531.90 45
12 1992 7 469.61 20

The most important pages in any clusters are represented by URL weight value(W,;), and the prototype URL
of the cluster has the highest weight value. The cluster profile is represented by group of URLs who have W,;
greater than some predefined threshold weight values and are more similar to the prototype URL of cluster. Due
to space constraint only the summary of Prototype URL’s and their respective relevance value W;; for each
cluster of 1000 size log data are presented in Table 8.

Table VIII. Summary of generated cluster profiles for a matrix of size 665x665.

Cluster  Prototype URL URL Remarks
No. Relevanc
eR,;
1 /shuttle/missions/* 0.31 URLSs accessed for different shuttle missions
2 /history/Apollo/* 0.60 URLs accessed for historical information
3 /cgi-bin/imagemap/astrohome/*  0.37 Dynamic web pages
4 /facilities/* 0.85 URLs giving information related with facilities
5 /shuttle/resources/* 0.56 URLs related to shuttle resources
6 /facts/* 1.00 pages giving facts
7 /ksc.html 0.53 Main page of Kennedy space centre
8 /persons/astronauts/* 1.00 URLSs related with persons and astronauts

VI. CONCLUSION AND FUTURE WORK

In this paper, a conglomerate relational fuzzy clustering approach is presented for clustering of web user
sessions. This method is based on potential density based sub-clustering and relational fuzzy clustering
techniques. The relationships between web user sessions are derived from access relevance of pages in any
sessions. The relevance of a page is a measure of user’s interest for any page URL and calculated by applying
harmonic mean of access frequency of pages and duration of pages in any session. The simple binary web user’s
sessions are transformed into augmented sessions by incorporating relevance of page in accessing sessions.The
augmented session similarity matrix is computed from page relevance matrix using cosine similarity measure
and converted to dissimilarity matrix. To visualise the number of potential clusters from an of web user
relational dissimilarity matrix, a (VAT) tool is used. The VAT image shows the number of possible clusters
ranging from 8 to 12. This dissimilarity matrix along with the values of different parameters are passed to the
algorithm and get the output as some clusters, their potential density values and index of prototype session of
clusters. The number of clusters generated by proposed approach are 8, 10 and 12 respectively for the different
size of matrices (665x665, 1341x1341 and 2048x2048). The aggregate user cluster profile for 665x665
augmented dissimilarity matrix with 8 number of cluster is discovered and presented in results.
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