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Abstract
Predicting the next request of a user has gained importance as Webbased activity increases in order to guide Web users during their visits
to Web sites. Previously proposed methods for recommendation use data
collected over time in order to extract usage patterns. However, these patterns may change over time, because each day new log entries are added
to the database and old entries are deleted. Thus, over time it is highly
desirable to perform the update of the recommendation model incrementally. In this paper, we propose a new model for modeling and predicting
Web user sessions which attempt to reduce the online recommendation
time while retaining predictive accuracy. Since it is very easy to modify
the model, it is updated during the recommendation process. The incremental algorithm yields a better prediction accuracy as well as a shorter
online recommendation time. A performance evaluation of Incremental
Click-Stream Tree model over two diﬀerent Web server access logs indicate that the proposed incremental model yields signiﬁcant speed-up of
recommendation time and improvement of the prediction accuracy.
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Introduction

In recent years, the problem of modeling and predicting a Web user’s surﬁng
behavior at a Web site has become increasingly important since this can be used
to improve Web performance through caching [2, 38] and prefetching [34, 35],
to recommend related pages [33], improve search engines [9] and personalize
browsing in a Web site [34]. Recommender systems on Internet attempt to
determine which Web pages (items) will be accessed (bought) in the near future,
given a user’s (who may, for example, be a customer in an e-commerce site)
current actions. They help decision making in the complex information space
where the volume of information available to users is huge.
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There are three steps in this process [40]. The ﬁrst step is to clean the data
collected from several sources and prepare for mining the usage patterns. The
second step is to extract usage patterns, and the third step is to build a predictive
model based on the extracted usage patterns. Methods of data cleaning and
preparation have been well studied (see [40] for a survey). The traditional
techniques used for modelling usage patterns in a Web site are collaborative
ﬁltering (CF) [5, 36], clustering pages or user sessions [32, 27], association rule
generation [31, 39], sequential pattern generation [18], and Markov models [3, 15,
35]. The prediction step is the real-time processing of the model, which considers
the active user session and makes recommendations based on the discovered
patterns.
Most of the works in recommendation systems focus on the use of usage
data [27, 28, 32, 35, 18, 4, 3, 15]. while some works also consider knowledge
associated with the content [6, 7, 7, 12, 29] or the structure [25, 30]. Usage
based recommendation systems could be problematic due to content changes
or the incomplete and limited usage data [25]. In this paper, we solve these
problems by an incremental recommendation system that is updated according
to the behavior of new users. It is obvious that the change of the structure or
the content of some pages on the web site eﬀects the navigational behavior of
users. By adding the navigational path of new users to the system periodically,
the system solves both the problem of changing site content or the structure
and the incomplete data. Besides this, our systems enriches the usage data by
considering the time that a user spends on each page. An important feature of
the user’s navigation path is the time that a user spends on diﬀerent pages [37].
Even the same user may have diﬀerent desires at diﬀerent times; if the desire of a
user was known every time she visits a Web site, one could use this information
for recommending pages. Unfortunately, experience shows that users are rarely
willing to give explicit feedback. Thus, the time spent on a page is a good
measure of the user’s interest in that page, providing an implicit rating for it.
If a user is interested in the content of a page, she will likely spend more time
there compared to the other pages in her session.
We previously proposed a new similarity measure to calculate pair-wise similarities of user sessions derived from Web server access logs and presented a new
model that uses both the sequences of visiting pages and the time spent on those
pages [20]. In considering a Web server access log, we address an environment
with the following characteristics:
1. Derived information is present for analysis;
2. The environment is dynamic, i.e. many updates may occur.
On even a moderately busy Web server, the quantity of information stored in
the log ﬁles is very large. Consequently, it will be necessary to periodically rotate
the log ﬁles by moving or deleting the existing logs. In such an environment, all
of the extracted usage patterns may change over time. As far as we now, existing
tools for recommendation do not use the information derived from updates to
Web server log entries. The reason may be that the models are hard to modify.
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However, the rotation of the log data of the Web site provides useful information
for recommendation.
In this paper, we present an incremental Web page recommendation model,
building on our previous work [20]. Our algorithm is based on Click-Stream
Tree (CST) model. Due to the compact structure of CST, eﬃcient algorithms
can be given for incremental insertions and deletions to an existing CST. The
representation of the behavior of Web users in our model is convenient for incorporating this new information. Our overall approach can be summarized as
follows. The user sessions are clustered based on the pair-wise similarities of
the user sessions and each cluster is then represented by a CST whose nodes are
pages of user sessions of that cluster. When a request is received from an active
user, a recommendation set consisting of three diﬀerent pages that the user has
not yet visited is produced using the best matching user session1 . For the ﬁrst
two requests of an active user session all clusters are explored to ﬁnd the one
that best matches the active user session. For the remaining requests, the best
matching user session is found by exploring the top-N clusters that have the
highest N similarity values computed using the ﬁrst two requests of the active
user session. The rest of the recommendations for the same active user session
are generated by using the top-N clusters. Periodically, new user sessions are
added to the most matching cluster and nodes that are not used by former recommendations are deleted from the CSTs. We call this process the relevance
feedback since the information obtained from new users are added to the model2 .
Thus, the resulting CSTs cover the new user sessions. The model size does not
increase as new user sessions are added due to the compact structure of CSTs;
in fact, the sizes of the CSTs decrease since unused nodes are deleted. This
enables signiﬁcant speed-up of recommendation time and improvement of the
prediction accuracy. We demonstrate the high eﬃciency of Incremental ClickStream Tree Model (ICST-Model) on two diﬀerent Web server access logs and
compare our results with three well known recommendation models.
The contributions of this paper are the following:
1. A recommendation model is presented that can be modiﬁed according to
the updates in Web access logs;
2. A method is proposed to keep the model size under control;
3. The proposed recommendation model has high prediction accuracy and
low real time computation overhead.
The rest of the paper is organized as follows. Section 2 brieﬂy reviews the
work related to Web usage mining and describes graph-based clustering and
sequence alignment methods. Section 3 presents the proposed model. Section 4
provides detailed experimental results. In Section 5, we examine related work.
Finally, in Section 6 we conclude and discuss future work.
1 The user session that has the highest similarity to the active user session is deﬁned as the
best session.
2 Note that this is diﬀerent from the user feedback discussed earlier where individual users
are expected to give explicit feedback about the relevance of individual pages that are visited.
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2
2.1

Background
Web Usage Mining

In general, Web mining is a common term for three knowledge discovery domains that are concerned with mining diﬀerent parts of the Web: Web Content
Mining, Web Structure Mining, and Web Usage Mining [26]. While Web content and structure mining utilize real or primary data on the Web, Web usage
mining works on the secondary data such as Web server access logs, proxy server
logs, browser logs, user proﬁles, registration data, user sessions or transactions,
cookies, user queries, and bookmark data. Web usage mining refers to the application of data mining techniques to discover usage patterns from these secondary
data, in order to understand and better serve the needs of Web-based applications. The usage data collected at diﬀerent sources will represent the navigation
patterns of diﬀerent segments of the overall Web traﬃc, ranging from singleuser, single-site browsing behavior to multi-user, multi-site access patterns. The
information provided by the data sources can all be used to construct/identify
several data abstractions, such as users, server sessions, episodes, click stream,
and page views [24].

2.2

One Dimensional Sequence Alignment

In our study, we use sequence alignment techniques to analyze the sequence of
user requests that appear in user sessions. For two strings of length m and n,
optimal sequence alignment has zero or more gaps inserted into the sequence
to maximize the number of positions in the aligned strings that match. For
example, consider aligning the sequences “p1 p2 p4 p5 ” and “p4 p1 p2 p5 p3 p6 ”.
By inserting gaps (−) in the appropriate place, the number of positions where
two sequences match can be maximized:
p4

p1
p1

p2
p2

p4
-

p5
p5

p3

p6

Here the aligned sequences match in three positions. Algorithms for eﬃciently solving this type of problem are well known and are based on dynamic
programming [10]. Our method for ﬁnding the best alignment for a pair of user
sessions uses the basic ideas from these algorithms.

2.3

Graph Based Clustering

The process of grouping a set of physical or abstract objects into classes of
similar objects is called clustering. A cluster is a collection of data objects that
are similar to one another within the same cluster and dissimilar to objects in
other clusters. In this study, we focus on pairwise data clustering. Formally, the
pairwise data clustering problem is deﬁned as follows: Given S = (D, N, W, C),
where D is a set of data, N ⊆ D × D is a set of data pairs, W is a symmetric
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matrix of similarity values of each data pair in N , and C is the clustering
criterion function, partition the data set D into clusters such that the criterion
function C is optimized.
Given the similarity metric between any pair of data items, the symmetric
matrix W forms a weighted adjacency matrix (weight matrix ) of an undirected
graph. Thus, the pairwise data clustering problem becomes a graph partitioning
problem. Given a weighted, undirected graph G = G(V, E) with a set of vertices
V that represent the data items in D and an edge set E that represent the data
pairs in N whose weights are deﬁned by W , we wish to partition it into several
subgraphs such that criterion function C is optimized.

3

Incremental Click-Stream Tree Model

This section presents the proposed model. As discussed in the Introduction,
Web usage mining consists of three steps. In the ﬁrst step, we use cleaning
and ﬁltering methods in order to identify unique users and user sessions. In
the second step, we use a similarity measure for calculating the similarities
between all pairs of sessions. In the third step, the sessions are clustered based
on those similarities using the graph partitioning algorithm and each cluster
is represented by a CST. In order to produce the recommendation set, we ﬁrst
select the cluster and then select the path from the CST of that cluster that best
matches the active user session. Periodically, the CSTs are updated according
to the behavior of new users.

3.1

Data Preparation and Cleaning

In the experimental part of this research (Section 4), we use two well-known
sets of server logs. The ﬁrst is from the NASA Kennedy Space Center server
over the months of July and August 1995 [44]. The second log is from ClarkNet
Web server which is a full Internet access provider for the Metro BaltimoreWashington DC area [45]. This server log was collected over the months of
August and September, 1995. For each log data set we apply the same preprocessing steps. The log entries are converted into a set of user sessions as
follows: the irrelevant log entries are eliminated such that only URL page requests of the form “GET ...html” are maintained. The visiting page time, which
we deﬁne as the time diﬀerence between consecutive page requests, is calculated
for each page. For the last page of the user session, we set the visiting page time
to be the mean of the times for that page taken across all sessions in which it
is not the last page request. A new session is created when a new IP-address
is encountered or if the visiting page time exceeds 30 minutes for the same IPaddress. Thus, a session consists of ordered sequence of page visits. As in other
studies [27, 28] short user sessions are removed. For this study, we eliminate
sessions whose session length 3 is less than or equal to 2 in order to eliminate
3 The length of a session is determined by the number of pages requested by one user within
a server session.
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the eﬀect of random accesses to the Web site. It is important to note that these
are only heuristics to identify users and user sessions, and other heuristics may
be employed in future studies.
The visiting times are normalized across the visiting times of the pages in the
same session, such that the normalized time has a value between 1 and 2. The
eﬀect of diﬀerent values for normalization times are examined in [21, 20] and we
show that normalizing time between 1 and 2 improves the prediction accuracy.
For that reason, in this study we normalize the visiting page time between 1 and
2. If a page is not in the user session, then the value of corresponding normalized
time is set to 0. This normalization captures the relative importance of a page
to a user in a session.
S
S1
S2
S3
S4
S5
S6
S7
S8
S9

Table 1: Sample user sessions as running example
PAGES
NORMS
[p1 , p5 , p7 , p3 , p4 ] [1, 0, 1, 2, 1, 0, 2, 0, 0, 0]
[p5 , p3 , p7 , p9 ]
[0, 0, 1, 0, 1, 0, 2, 0, 2, 0]
[p2 , p8 , p4 , p3 ]
[0, 1, 2, 2, 0, 0, 0, 1, 0, 0]
[p5 , p3 , p6 , p8 ]
[0, 0, 1, 0, 1, 1, 0, 2, 0, 0]
[p2 , p8 , p6 , p5 ]
[0, 1, 0, 0, 1, 2, 0, 2, 0, 0]
[p5 , p3 , p7 , p9 ]
[0, 0, 1, 0, 1, 0, 2, 0, 2, 0]
[p2 , p8 , p6 , p4 ]
[0, 1, 0, 2, 0, 1, 0, 2, 0, 0]
[p1 , p7 , p6 , p5 ]
[1, 0, 0, 0, 2, 2, 1, 0, 0, 0]
[p2 , p8 , p6 , p5 , p3 ] [0, 1, 1, 0, 1, 2, 0, 2, 0, 0]

Eventually, this step produces a set of URL’s P = {p1 , ..., pn }. The output
of this step is a set of user sessions S = {S1 , S2 , ..., S|S| } where |S| is the number
of sessions of S. Each session Si of the set of sessions S is deﬁned by a tuple
Si = (P AGESi , N ORM Si ) where P AGESi is a subset of P that the user visits
in her session Si and N ORM Si is the normalized visiting times of pages in P :
P AGESi = {pi1 , ..., pik }

i ∈ [1, ..., |S|] ∧ pi,k ⊂ P

N ORM Si = {normp1 , ..., normpn }

3.2

Session Similarity Measure

In this section, we propose a new session similarity measure. Following the
data cleaning and preprocessing steps, we use this measure in the second step
for calculating the similarities between all pairs of sessions. Since user sessions
are ordered URL requests, we can refer to them as sequences of Web pages.
The problem of ﬁnding the optimal sequence alignment is solved using dynamic
programming approach. Brieﬂy, the algorithm consists of three steps. The ﬁrst
step is initialization where a dynamic programming matrix is created with K +1
columns and N +1 rows where K and N correspond to the sizes of the sequences
to be aligned. One sequence is placed along the top of the matrix (sequence#1)
and the other one along the left-hand-side of the matrix (sequence#2). A gap
6
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(b) Aligned sequences

Figure 1: Alignment of two user sessions
is added to the end of each sequence which indicates the starting point of calculation of similarity score.
The second step of the algorithm is FindScore, in which we modify the
dynamic programming algorithm for sequence alignment to calculate the two
dimensional similarity of sessions. We implemented the algorithm with an additional module for that step that takes into account the time spent on matching
pages. In our implementation, the identical matching of Web pages and time
spent on those pages is given a score sm = 2 and each mismatch or gap inserted
into the sequences is given a penalty score of −1, i.e. sd = sg = −1. Then the
two dimensional matching score Scorel,r = s(pil , pjr ) of the matrix is calculated
for a pair of matching pages, pil = pjr = pm as follows:
Scorel,r = s(pil , pjr ) = sm

min(normpil , normpjr )
max(normpil , normpjr )

(1)

where pm ∈ P and normpil is the normalized value of time corresponding to the
page pil in session Si , and normpjr is the normalized value of time corresponding
to the page pjr in session Sj . In this step the scoring matrix is ﬁlled by starting
at the lower right-hand corner in the matrix and ﬁnding the maximal score Mi,j
for each position in the matrix.
The third step is FindPath which determines the actual alignment that leads
to the maximal score. FindPath traverses the matrix beginning from the destination point (upper left corner) to the start point (lower right corner) of the
matrix. It takes the current cell and chooses as the next cell one of the neighboring cells that leads to the maximal score.
The similarity between sessions is then calculated such that only the identical
matching of sequences has a similarity value of 1. The similarity measure has two
components, which we deﬁne as alignment score component and local similarity
component. The alignment score component computes how similar the two
sessions are in the region of their overlap. If the highest value of the score
matrix of two sessions, Si and Sj , is σ and the number of matching pages is M
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in the aligned sequence, then the alignment score component is:
sa (Si , Sj ) =

σ
sm ∗ M

The intuition behind this is that score σ is higher if the sessions have more
consecutive matching pages. This value is normalized by dividing it by the
matching score and the number of matching pages. The local similarity component computes how important the overlap region is. If the length of the aligned
sequences is L, the local similarity component is :
sl (Si , Sj ) =

M
L

Then the overall similarity between two sessions is given by
sim(Si , Sj ) = sa (Si , Sj ) ∗ sl (Si , Sj )

(2)

Example 1. Let us illustrate the calculation of similarity between two user
sessions. Suppose that the set of pages P consists of 10 pages, P = {p1 , ..., p10 }
and the user sessions are as in Table 1. For two user session, S3 and S9 , the
dynamic programming matrix is given in Figure 1(a). The sequence alignment
algorithm produces aligned sequences as in Figure 1(b). Since the length of the
aligned sequences is 5 and the number of matching pages in these sessions is 3,
the overall similarity between these sessions is sim(1, 2) = (2/(2 ∗ 3)) ∗ (3/5). 

3.3

Pairwise Clustering

After calculating pair-wise similarities of all user sessions, a graph is constructed
whose vertices are user sessions. There is an edge between two vertices (Si , Sj )
if the similarity value between Si and Sj computed as described in the previous
subsection is greater than 0 and this edge is weighted by this similarity value.
The problem of clustering user sessions is formulated as the problem of partitioning graph G into k disjoint subgraphs Gm , (m ∈ [1, ..., k]) by minimizing
MinMaxCut function [16]. MinMaxCut function combines both the minimization of similarity between each subgraph and the maximization of similarity
within each subgraph and is deﬁned as:
minimize

k


cut(Gm , G − Gm )

vi ,vj∈Gm sim(vi , vj )
m=1

where cut(Gm , G − Gm ) is the sum of edges connecting the vertices in Gm to
the rest of the vertices in graph G − Gm and sim(vi , vj ) is the similarity value
between vertices vi and vj calculated using the similarity metric. We use a
software package called Cluto is used for graph partitioning [46].
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3.3.1

Cluster Representation

The clusters created by the graph partitioning algorithm contain user sessions.
Each cluster has the following properties:
1. The order of occurrence of Web pages is similar across the user sessions
in the same cluster.
2. The distance between identical Web pages4 of two user sessions in a cluster is shorter than the distance between identical Web pages of two user
sessions in diﬀerent clusters.
3. The amount of time spent on identical Web pages of two user sessions in
a cluster is similar.
Each user session in a cluster is a sequence of Web pages visited by a single
user and the normalized time spent on those pages with a unique session number.
It is important to represent each user session in a cluster while preserving the
properties of a cluster. One way of doing this is to represent each unique user
session in a cluster as a branch of a tree, which is what we call the click-streamtree (CST). Thus, we generate a CST for each cluster. Each CST has a root
node, which is labelled as “null”. Each node except the root node consists of
four ﬁelds: data, count and next node and pass. Data ﬁeld consists of page
number and the normalized time information of that page. Count ﬁeld registers
the number of sessions represented by the portion of the path arriving at that
node. Next node links to the next node in the CST that has the same data ﬁeld
or null if there is any node with the same data ﬁeld. Pass ﬁeld registers the
number of recommendations made by the system using that node. The pass
ﬁeld is only used during recommendation and feedback processes. When the
CSTs are ﬁrst created all the pass ﬁelds of the nodes are set to zero. Each CST
has a data table, which consists of two ﬁelds: data ﬁeld and first node that links
to the ﬁrst node in the CST that has the data ﬁeld.
The tree for each cluster is constructed by applying the algorithm given in
Figure 2. Let each session be in the form of Si = (P AGESi , N ORM Si ), where
P AGESi = {pi1 , ..., pik } consists of visited pages in session Si and N ORM Si is
the normalized visiting times of pages in P , as stated in Section 3.1. Si .length
corresponds to the number of pages in P AGESi . We start the algorithm with an
empty tree that contains only the root node. For each session of a cluster (line
1) and for each request in the session (line 5) the algorithm does the following:
Since the algorithm starts to insert a session in the tree from the root node,
ﬁrst the root node is stored as Current N ode (line 4). For each request of the
session the requested page and corresponding normalized time value are merged
to create the data ﬁeld of a node (line 6) and labelled as Active Data. If the
Current N ode has a child with the same data ﬁeld as the Active Data (line
7), then the count ﬁeld of the child node of the Current N ode is incremented
4 The distance between identical pages is measured as the number of user requests between
these pages with the same order of occurrence in these sessions.
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Input : Sessions in a cluster
Output : CST
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

for all user sessions in a cluster do
Si ← next user session in the cluster
m←0
Current N ode ← root node of the CST
while m ≤ Si .length do
Active Data ← {pim } {normpim }
if there is a Child of Current N ode with the same data ﬁeld then
Child.count + +
Current N ode ← Child
else
create a child node of the Current N ode
Child.data = Active Data
Child.count = 1
Child.pass = 0
Current N ode ← Child
end if
m++
end while
end for

Figure 2: Build CST algorithm
by 1 (line 8) and the child node is labelled as Current N ode (line 9). If the
Current N ode does not have a child with the same data ﬁeld as Active Data
(line 10) a new node with that data ﬁeld is created as the child node of the
Current N ode (line 11), its data ﬁeld is set to Active Data (line 12), its count
is set to 1 (line 13), its pass is set to 0 (line 14) and is labelled as Current N ode
(line 15). Thus, the next request of a session is inserted always in a node that
is a child of the node of the previous request. Such a tree has an inherent
orientation, since each session is considered from beginning to end. This covers
the ﬁrst property of a cluster. If the distance between identical pages of two
user sessions is short, then the number of nodes between these pages in the tree
is less compared to the number of nodes of pages that have longer distances.
This covers the second property of a cluster. By constructing the CST, the page
number and corresponding normalized time values are merged together which
forms the data field of a node in the tree. This covers the last property of a
cluster.
The children of each node in the CST is ordered in the count-descending
order such that a child node with bigger count is closer to its parent node. The
resulting CSTs are then used for recommendation.
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Cl.
1
1
1
1
1
2
2
2
2

S
S1
S2
S4
S6
S8
S3
S5
S7
S9

PAGES
[p1 , p5 ,
[p5 , p3 ,
[p5 , p3 ,
[p5 , p3 ,
[p1 , p7 ,
[p2 , p8 ,
[p2 , p8 ,
[p2 , p8 ,
[p2 , p8 ,

Table 2: Sessions of two clusters.
NORMS
p7 , p3 , p4 ] [1, 0, 1, 2, 1, 0, 2, 0, 0,
p7 , p9 ]
[0, 0, 1, 0, 1, 0, 2, 0, 2,
p6 , p8 ]
[0, 0, 1, 0, 1, 1, 0, 2, 0,
p7 , p9 ]
[0, 0, 1, 0, 1, 0, 2, 0, 2,
p6 , p5 ]
[1, 0, 0, 0, 2, 2, 1, 0, 0,
p4 , p3 ]
[0, 1, 2, 2, 0, 0, 0, 1, 0,
p6 , p5 ]
[0, 1, 0, 0, 1, 2, 0, 2, 0,
p6 , p4 ]
[0, 1, 0, 2, 0, 1, 0, 2, 0,
p6 , p5 , p3 ] [0, 1, 1, 0, 1, 2, 0, 2, 0,

0]
0]
0]
0]
0]
0]
0]
0]
0]

Example 2. Let us illustrate the construction of the CST with an example.
Let the sessions in a data set be clustered into 2 clusters and let each cluster
consists of the sessions given in Table 2. First the root of the tree of the ﬁrst
cluster is created and labelled with null (Figure 3). The ﬁrst page of the session
S1 is inserted to the tree as the child of the root, and its count ﬁeld is set to 1.
The following pages of this session are inserted as the children of the previous
page and their count ﬁelds are set to one (ﬁrst For Iteration in Figure 3). For
session S2 , a new node is created with data ﬁeld 5 1 as the child node of the
root node since that node does not exist in the tree. The remaining pages are
inserted as the children nodes of the previous page in the session (second For
Iteration). For session S8 , since the root node has a child with the data ﬁeld
1 1, the count of that node is incremented by one. A new node is created with
data ﬁeld 7 1, and linked as the child of 1 1 (ﬁfth For Iteration). The remaining
sessions of that cluster are inserted in the tree in the same manner. The CST
of the second cluster is built as the ﬁrst one. Figure 4 shows the constructed
CSTs. Circles represent tree nodes. Each node in a tree has a data ﬁeld (shown
in Figure 4 as PageNumber NormalizedTime in the ﬁrst line in each node) and
a count ﬁeld (shown in Figure 4 as [count] in the second line in each node). For
simplicity, PageNumber of the data ﬁeld is represented by only the subscript of
pages in P AGES ﬁeld of a user session. Since the pass ﬁeld of all of the nodes
are 0, it is not shown in the ﬁgure. After inserting all the sessions in a cluster,
the CST of one cluster with the associated next node and data table is shown
in Figure 3. 

3.4

Recommendation Engine Based on Relevance Feedback

The recommendation engine is the real time component of the model that selects
the best path for predicting the next request of the active user session and adds
the relevance feedback. The recommendation engine consists of two parts. The
ﬁrst part ﬁnds the best matching path for the active user session and generates
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Initial State

First For Iteration

Second For Iteration

Third For Iteration

“root”
null

“root”
null

“root”
null

“root”
null

1_1
[1]

1_1
[1]

1_1
[1]

5_1
[1]

5_1
[1]

3_1
[1]

5_1
[1]

3_1
[2]

7_2
[1]

7_2
[1]

7_2
[1]

7_2
[1]

7_2
[1]

3_1
[1]

3_1
[1]

9_2
[1]

3_1
[1]

9_2
[1]

4_2
[1]

4_2
[1]

5_1
[1]

5_1
[2]

6_1
[1]

8_2
[1]

4_2
[1]

Fifth For Iteration
Fourth For Iteration
“root”
null
“root”
null

Data
1_1

First_Node

5_1

1_1
[1]

1_1
[2]

7_2

5_1
[3]

3_1

7_1
[1]

4_2

5_1
[1]

9_2

5_1
[1]

3_1
[3]

8_2

6_2
[1]

7_1
6_2

7_2
[2]

6_1
[1]
7_2
[1]

7_2
[2]

5_2

5_2
[1]

8_2
[1]
3_1
[1]

3_1
[3]

6_1
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Figure 3: Construction of the CST of the ﬁrst cluster
the recommendation set whereas the second part is responsible for relevance
feedback. The complete recommendation algorithm is given in Figure 5. Since
it is obvious that modifying the CSTs after each user session is not eﬃcient, it
would be better to form a buﬀer for storing new user sessions and corresponding
best clusters (line 10). If the buﬀer is full, user sessions that are stored in the
buﬀer can be inserted into CSTs (line 7). If the number of user sessions is equal
to a previously deﬁned number y, then the unused nodes can be pruned from
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null

2_1
[4]

5_1
[3]
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3_1
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6_2
[2]

5_1
[2]

4_2
[1]

3_2
[1]

3_2
[1]

4_2
[1]

Figure 4: CSTs of two clusters
the CSTs (line 12-15). A second alternative for the deletion frequency may be to
determine it according to the time needed for generating a recommendation set.
If the recommendation time exceeds a speciﬁed threshold, the unused nodes can
be pruned from ICSTs. In this study we use the ﬁrst alternative for determining
the insertion and deletion frequencies in order to speed up the recommendation
time. In this subsection, we ﬁrst describe the algorithm for ﬁnding the best
matching path, followed by a description of how we add the relevance feedback
to the model.

3.4.1

Recommendation Set Generation

There is a trade-oﬀ between the prediction accuracy of the next request and
the time spent for recommendation. The speed of the recommendation engine
is of great importance in on-line recommendation systems. Thus, we propose
the clustering of user sessions in order to reduce the search space, and represent
each cluster by a CST. Given the time of the last visited page of the active user
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Input : CSTs
Output : ICSTs
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

count = 0
Buf f er ← {∅}
for all new user sessions do
count + +
Find Best Path
if Buﬀer is full then
Insert CST
Buf f er ← {∅}
else
Buf f er ← Buf f er + {new user session}
end if
if count = y then
for i = 0 to N umberOf Clusters do
for all nodes of CST [i] do
if nodes.pass = 0 then
Prune CST
end if
end for
end for
count = 0
end if
end for

Figure 5: Recommendation process
session, the model recommends three pages. The most recently visited page of
the active user session contains the most important information. Before describing the recommendation algorithm, it is useful to ﬁrst understand a few special
properties of the CST. If a data ﬁeld di is found in the tree, all the possible
paths that contain di can be obtained by following di ’s next node, starting from
di ’s first node in the data table of the tree. The CST enables us to insert the
entire session of a user without any information loss. We not only store the
frequent patterns in the tree but also the whole path that a user follows during
her session. Besides this, the tree has a compact structure. If a user session with
the same P AGES and N ORM S ﬁelds occurs more than once, only the count
of its nodes is incremented. Based on the construction of the CST, a user session (pi1 , pi2 , ..., pik ), (normp1 , normp2 , ..., normpn ) occurs in the tree dk .count
times, where dk is the data ﬁeld formed by merging the page request pim and
corresponding normalized time value normpim of the user session.
Figure 6 presents the algorithm for ﬁnding the path that best matches the
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Input : Active user session, CSTs
Output : Best matching session
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:

Sa ← Active U ser Session
if Sa .length ≤ 2 then
Clusters = All Clusters
else
Clusters = T op − N Clusters
end if
for i = 0 to N umberOf Clusters do
cl = Clusters[i]
Sim[cl] = 0
m ← Sa .length
da ← {pam } {normpam }
N ode ← data table[cl](da).f irst node
path = null
while N ode = null do
path = {path} + {N ode.data}
P arent N ode ← N ode.P arent
while P arent N ode = null do
path = {path} + {P arent N ode.Data}
P arent N ode ← P arent N ode.P arent
end while
Sim(path) = sim(Sa , path)∗ N ode.count/S[cl]
if Sim(path) > Sim[cl] then
Sim[cl] ← Sim(path)
BestP ath[cl] ← path
end if
path = null
N ode ← N ode.next node
end while
end for
for all Nodes of BestP ath[cl] with greatest Sim[cl] do
N odes.pass + +
end for
if Sa .length = 2 then
T op − N Clusters ← N Clusters with highest Sim[cl] values
end if

Figure 6: Find Best Path algorithm
active user sessions. For the ﬁrst two pages of the active user session all clusters
are searched to select the best path (line 3 in Figure 6). After the second request
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of the active user, top-N clusters that have higher recommendation scores among
other clusters are selected (line 30-32) for producing further recommendation
sets (line 5). To select the best path we use a backward stepping algorithm. The
last visited page and normalized time of that page of the active user session are
merged together to build the data ﬁeld (line 11). We ﬁnd from the data table
of the CST of a cluster the first node that has the same data ﬁeld (line 12). We
start with that node and go back until the root node (or until the active user
session has no more pages to compare) to calculate the similarity of that path to
the active user session (line 17-20). We calculate the similarity of the optimal
alignment. To obtain the recommendation score of a path, the similarity is
multiplied by the relative frequency of that path, which we deﬁne as the count
of the path divided by the total number of paths (S[cl]) in the tree (line 21).
Starting from the first node of the data ﬁeld and following the next node, the
recommendation score is calculated for the paths that contain the data ﬁeld in
the cluster (line 27). The path that has the highest recommendation score is
selected as the best path for generating the recommendation set for that cluster
(line 22-25). The pass ﬁeld of the nodes of the best are incremented by one
(line 30-32). The ﬁrst three children nodes of the last node of the best path is
used for producing the recommendation set. The pages of these child nodes are
recommended to the active user.
Example 3. We illustrate the method for ﬁnding the best path with a
simple example for top 1 Cluster (Figure 7). Let the active user session be
Sa , [2, 5, 3, 7], [0, 1, 1, 0, 1, 0, 2, 0, 0, 0] and the CSTs be as in Figure 4. The ﬁrst
request of the active user is page 2 with a normalized time value 1. The data
ﬁeld is formed by merging 2 and 1. Since only cluster 2 has a node with a data
ﬁeld 2 1 only the path N ode(2 1) of cluster 2 is examined and found as the best
path with a similarity value of 1. N ode(2 1) in cluster 2 has only children with
the page number 8 and page 8 is recommended to the active user. The second
request of the active user is page 5 with the normalized time value 1. Thus, the
active user path becomes 2 1 → 5 1. Starting from the first node of N ode(5 1)
on the data table of cluster 1, all the paths that contain N ode(5 1) in cluster
1 are examined by following next node of N ode(5 1). Cluster 2 has only one
path with a data ﬁeld 5 1, N ode(2 1) → N ode(8 2) → N ode(6 2) → N ode(5 1),
however the similarity value of this path is 1/8. Thus the path with the highest
similarity value in the ﬁrst cluster, N ode(5 1), is selected as the best path to
produce the recommendation set and page 3 is recommended to the active user.
The third request of the active user is page 3 with the normalized time value
1. The active user path becomes 2 1 → 5 1 → 3 1. After the ﬁrst two request
of the active user, only top 1 cluster is examined for further recommendation.
Since the last best path is from cluster 1, the best path is searched only in
cluster 1. Starting from the first node of 3 1 on the data table of cluster 1,
two paths are examined by following the next node of N ode(3 1). The path
N ode(5 1) → N ode(3 1) is found as the best path with a similarity value of
2/5. Page 7 and page 6 are recommended to the active user. 
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3.4.2

Relevance Feedback

As mentioned in Section 1, Web server access log databases are dynamic. Thus,
the usage patterns may change over time. It is important to keep the recommenBest Path
User request = {2_1}
Candidate Paths

“2_1”
[4]

“2_1”
[4]

Child

Similarity : 1
RS = {8}
Child

“8_2”
[3]

“8_1”
[1]

User request = {2_1, 5_1}
Candidate Paths

1_1
[2]

5_1
[3]

Best Path

7_1
[1]

2_1
[4]

6_2
[1]

8_2
[3]

5_2
[1]

6_2
[2]

“5_1”
[3]

Similarity : 3/10
RS = {3}

Child

5_1
[1]

“3_1”
[3]

Cl=1

5_1
[2]
Cl=2

User request = {2_1, 5_1, 3_1}
Candidate Paths
1_1
[2]

5_1
[1]

Best Path

5_1
[3]

“5_1”
[3]

3_1
[3]

“3_1”
[3]
Child

7_2
[1]

“7_2”
[2]

Similarity : 2/5
RS = {7, 6}

Child

“6_1”
[1]

3_1
[1]

Figure 7: A sample recommendation set generation
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dation model up-to-date to improve the prediction accuracy. Every time a new
user enters the Web site, the model generates a recommendation set after each
request of the user. It is important to observe the behavior of that new user. If
she does not request one of the pages in the recommendation set, it means that
the recommendation was wrong. This can be due to two reasons: either the
recommendation engine is inadequate to generate the correct recommendation
set, or the path that this particular user follows does not exist in the CSTs.
Let us illustrate this situation with an example. Suppose that a user requests
ﬁrst page p1 and then page p2 . In order to make a correct recommendation
after page p1 , there should be a path in the CSTs that contains the sequence
p1 p2 . If not, the recommendation engine would be unable to produce the correct recommendation. An examination of the training set in our experiments
shows that the recommendation engine generally selects the path that most ﬁts
the active user session. In 93.75% of the cases when the recommendation was
incorrect, there does not exist a path in the CSTs that contains the sequence
for producing the correct recommendation. Only in 6.25% of all of cases the
recommendation engine is unable to ﬁnd the most ﬁtting path even though it
exists in the CSTs. This investigation leads us to insert new user sessions into
CSTs to cover the change of usage patterns over time.
As mentioned before, due to the compact structure of the CST, adding new
sessions to the clusters is very simple. However, it is important to prune the
nodes that are not used for previous recommendations in order to control the
size of the CSTs. If a path in the existing CSTs is not used for generating a
recommendation set, it means that the corresponding path is no longer followed
by new users. The pass ﬁeld of nodes of a CST provides information about
nodes that are used for former recommendations. Thus, deleting the nodes that
are not used for recommendation handles the deletion of old entries in the Web
server access log database. Furthermore, deleting unused nodes decreases the
size of the CSTs which, in turn, leads to a speed-up in recommendation set
generation.

4

Experimental Results

In this research we use two diﬀerent Web server access logs (cleaned for experiments as mentioned in Section 3.1). Approximately 30% of these cleaned user
sessions are randomly selected as the test set, and the remaining part as the
training set. The experiments are repeated with diﬀerent numbers of clusters
and with diﬀerent values of N for selecting the top-N clusters after the ﬁrst two
pages of the active user session.
Given the visiting time of a page in the current session, the model recommends three pages. We deﬁne the hit-ratio metric [11] to evaluate our method:
Hit-Ratio: A hit is declared if any one of the three recommended pages is the
next request of the user. The hit-ratio is the number of hits divided by
the total number of recommendations made by the system.
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Table 3: Hit-Ratio in % of the data sets. Time information is ignored.
(a) NASA data set

No.Of
Clusters
5
10
15
20
25
30

1
56.19
53.92
52.3
48.96
48.67
48.33

Top-N
2
57.23
55.07
53.77
50.58
50.02
49.37

(b) ClarkNet data set

No.Of
Clusters
4
6
8
10
20
30

3
57.95
56.01
54.68
52.10
50.42
50.58

1
49.94
48.69
48.42
47.18
40.95
37.69

Top-N
2
51
49.86
49.63
48.64
43.25
38.48

3
51.09
50.4
50.22
48.97
44.45
41.23

In [20], we demonstrated that modeling user sessions with visiting page time
information improves the prediction accuracy. Table 3 shows the results of
NASA and ClarkNet data sets for diﬀerent number of clusters without taking
visiting page time into consideration. Further experiments conducted in [20]
validate the following results:
• The clustering approach reduces the search space when working with sites
with complex architecture;
• Normalizing time in a narrow range improves the prediction accuracy;
• CST captures the characteristics of user sessions;
• The proposed similarity measure yields a good prediction accuracy.

Table 4: Hit-Ratio in % and time in ms. for the NASA data set. The CSTs are
modiﬁed
No.Of
Top-N
Clusters
1
2
3
H-R
Time H-R Time H-R Time
5
58.75
0.06 60.02 0.08 60.72 0.10
10
56.07
0.04 57.51 0.05 58.03 0.07
15
53.741 0.03 53.51 0.04 56.37 0.06
20
52
0.03 53.51 0.04 54.85 0.06
25
50
0.03
52.2
0.47 53.60
0.4
30
48
0.02 51.15 0.03
52.3
0.04

We conduct further experiments to validate our claim that adding new user
sessions and deleting unused nodes yields an improvement in the prediction
accuracy, as well as speed-up of the recommendation time. The size of the
buﬀer can be determined according to the rotation frequency of Web server
logs. We try diﬀerent buﬀer sizes and diﬀerent y values for deleting the nodes
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from CSTs. The experiments show that determining the buﬀer size as 1/9 of the
test set and the y value as 1/3 of the test set decreases the recommendation time
signiﬁcantly with an improvement in the prediction accuracy. The more frequent
the insertion to the CSTs, the greater the prediction accuracy. However, deleting
the nodes with the same frequency decreases the prediction accuracy. Thus,
setting the deletion frequency as three times that of the insertion frequency is
reasonable. In real time the insertion frequency can be determined as weekly.
All experiments are performed on a Pentium IV, 2.4 GHz computer with a 512
MB main memory running Microsoft Windows XP. The programs are coded in
Java without any code optimization.
Table 5: Hit-Ratio in % and time in ms. for the NASA data set. The CSTs are
not modiﬁed
No.Of
Top-N
Clusters
1
2
3
H-R Time H-R Time H-R Time
5
57.41 0.15 59.22 0.19 59.79 0.20
10
54.68 0.08 56.15 0.13 57.18 0.17
15
52.61 0.08 54.65 0.09 55.95 0.13
20
50.79 0.05 52.47 0.07 53.51 0.13
25
49.59 0.05 52.17 0.07 53.11 0.12
30
48.75 0.04 51.29 0.06 52.15 0.09

Table 6: Hit-Ratio in % and time in
are modiﬁed
No.Of
Clusters
1
H-R Time
4
54.18 0.05
6
52.34 0.04
8
52.26 0.04
10
50.06 0.02
20
44.14 0.02
30
35.75 0.01

ms. for the ClarkNet data set. The CSTs
Top-N
2
H-R Time
54.83 0.08
52.31 0.07
52.34 0.06
50.74 0.05
45.5
0.03
39.77 0.01

3
H-R
55.14
53.09
53.02
51.19
46.593
40.76

Time
0.08
0.08
0.05
0.07
0.05
0.03

Table 4 shows the results of the NASA data set where the visiting time
of pages are normalized between 1 and 2 and insertion and deletion to the
clusters are performed periodically. The results in Table 5 are obtained without
modifying the clusters according to the new user sessions. Table 6 and Table
7 show the results of ClarkNet data set with and without modifying the CSTs,
respectively. The Time ﬁeld in the tables presents the average time spent in
milliseconds to produce one recommendation set. As can be seen from the tables,
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adding relevance feedback reduces the time to produce the recommendation set
signiﬁcantly as well as increasing the prediction accuracy. We perform the
experiments for ClarkNet data set with diﬀerent number of clusters from the
experiments of NASA data set. This is done to account for the lower number
of sessions and number of pages in the ClarkNet data set. As can be seen from
the tables, the method that incorporates relevance feedback performs mostly
better.
Table 7: Hit-Ratio in % and time in
are not modiﬁed
No.Of
Clusters
1
H-R Time
4
53
0.1
6
50.53 0.08
8
49.65 0.08
10
48.22 0.04
20
39.9
0.03
30
35.65 0.02

4.1

ms. for the ClarkNet data set. The CSTs
Top-N
2
H-R Time
53.84 0.09
50.81 0.11
50.01 0.09
48.65 0.08
41.51 0.03
37.74 0.04

3
H-R
54.07
51.40
50.95
49.01
42.13
39.19

Time
0.14
0.11
0.12
0.10
0.08
0.04

Comparative Evaluation

In this subsection, we compare our model with previously proposed models. For
comparison it is useful to classify approaches into three groups according to the
data structure they use for representing user sessions:
1. Those that represent user sessions using only the time that a user spends
on each page during her visit [27, 19];
2. Those that represent user sessions by association rules that capture the
relationships among pages based on their patterns of co-occurrence across
user sessions [43, 23];
3. Those that represent user sessions by ordering information of Web pages
[13].
There is no other recommendation model that uses both the ordering information and the time information, which makes a direct comparison diﬃcult.
For evaluating the performance of our method, we run the experiments with
the same training and test examples using 3 other recommendation methods:
Proﬁle Aggregations based on Clustering Transactions (PACT) [27], Personalization Based on Association Rule Discovery from Web Usage Data [28], and
Link Prediction and Path Analysis Using Markov Chains [35] (these methods
are discussed further in the next section). The ﬁrst model uses only time information for representing the user sessions. The comparison between the ﬁrst
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model and ours will show the eﬀect of using ordering information. The second
model uses only association rules and it does not use clustering approach. The
comparison between ICST and this model will show the eﬀect of our clustering
criteria and similarity measure. The last model, Markov chains, is based only
on the ordering information. Since it is unable to use the time information, the
comparison will show us the eﬀect of using time information. In addition, this
comparison will show the eﬀect of using the whole path of user sessions. Finally,
the results will show the eﬀect of relevance feedback, since the ICST model is
the only one that can be modiﬁed during the recommendation process.

Data
Set
NASA
C.Net

Table 8: Comparison of recommendation models.
Metric PACT Ass. Markov ICST.
Rules Chains
Tree
Prec.
4
48.63
H-R
47.84
52.6
60.72
Prec.
15
49.62
H-R
49.3
50.08
55.14

Table 8 shows the comparison of the models. Since the hit-ratio metric has
not performed well for the model in [27] (PACT in Table 8), it is not presented
here and we use the precision metric as proposed in [27] for evaluation. For this
metric, each session is divided into two parts. The ﬁrst 2 pages of the session
are used for generating the recommendation set while the remaining portion of
session is used to evaluate the generated recommendations. We obtain the best
result with 23 clusters for NASA data set and 4 clusters for ClarkNet data set.
The precision is 4% and 15% for NASA and ClarkNet data sets, respectively.
The other two models are evaluated using hit-ratio metric since they perform
better in this case. For the method in [28] (Ass. Rules in Table 8) we use a
sliding window with a window size of 2. The sliding window is the last portion
of the active user session to produce the recommendation set. Thus, the model
begins to produce the recommendation set after the ﬁrst two pages of the active
user session. We set the support for association rule generation to a low value
(such as 1 %) in order to have good prediction accuracy. The hit-ratio for NASA
and ClarkNet data sets are 47.84% and 49.30%, respectively. ICST has a hitratio of 60.72% for NASA data set and 55.14% for ClarkNet data set. Clearly
our method is superior. Another diﬀerence between our model and this one
is that our model begins to produce the recommendation set after the user’s
ﬁrst request. For the last set of experiments we use ﬁrst order Markov models
(Markov Chains in Table 8) [35]. The parameters of the Markov model are
learned using Expectation-Maximization algorithm [14]. The best results for
NASA data set is with 23 clusters giving a hit-ratio is 52.6%, while for the
ClarkNet data set it is 4 clusters with a hit-ratio of 50.08%. These results prove
that our model performs better than the previous proposed models.
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5

Related Work

The major classes of recommendation services are based on collaborative ﬁltering techniques and the discovery of navigational patterns of users. The
main techniques for pattern discovery are sequential patterns, association rules,
Markov models, and clustering.
Collaborative ﬁltering techniques predict the utility of items of an active
user by matching, in real-time, the active user’s preferences against similar
records (nearest neighbors) obtained by the system over time from other users
[5]. A shortcoming of these approaches is that it becomes hard to maintain
the prediction accuracy in a reasonable range while handling the large number
of items in order to decrease the on-line prediction cost. Some approaches are
proposed to handle these problems, but they all have high execution cost [36].
There have been attempts to use association rules [31], sequential patterns
[1], and Markov models [15, 35] in recommender systems. These techniques
work well for Web sites that do not have a complex structure, but experiments
on complex, highly interconnected sites show that the storage space and runtime
requirements of these techniques increase due to the large number of patterns
for sequential pattern and association rules, and the large number of states for
Markov models. It may be possible to prune the rule space, enabling faster
on-line prediction. Other than higher order Markov models, none of these techniques capture the entire behavior of a user in a session. Since the number of
parameters for higher order Markov models is high, it is not feasible to learn
higher order Markov models where the number of Web pages in a site (i.e. the
number of states for the Markov model) is large. The compact structure of
the CST used in our model makes it possible to keep the entire structure of a
user session without any information loss, which is characteristic of higher order
Markov models (if the length of a user session is n, like n − th order Markov
models). Furthermore, the similarity measure we propose in this paper capture
both the sequentiality and the time information of user sessions where all of the
previous models lack the time information.
As an alternative to the methods discussed above, the system described
in [32] clusters user sessions using a fuzzy clustering algorithm and allows a
page or user to be assigned to more than one cluster. However, the work has
not been extended to show how these clusters can be used for predicting the
user’s next request. The methods in [42, 4] cluster user sessions based on a
similarity measure between each session. Our method for clustering has a similar
basic idea, but our similarity measure is diﬀerent since it considers the distance
between matching pages. Furthermore, we extend our work by representing each
cluster by a CST to use these clusters for predicting the user’s next request.
Page recommendations in [27] are based on clusters of pages found from
the server log for a site whereas the recommendations in [28] are based on
association rule discovery from usage data. The former model uses the time
information without considering the visiting order of pages. The experimental
results of this model are not satisfactory in our case. Although the model based
on association rules [28] does not use the time or the order information, it
23

performs better. However, our model outperforms these models since it uses
two kinds of information about user sessions: the order of visited pages, and the
time spent on them. The model proposed in [35] uses only the order information.
But, since it is a ﬁrst order Markov model it does not use the whole path that
a user follows during her visit. It is obvious that the recommendation time
would increase if the model uses higher order Markov models. Thus, our ICST
outperforms this model due to the fact that ICST uses the whole path of a user as
well as the time that a user spends on each page. The crucial diﬀerences between
our model and these previous models are that we consider both the order of
pages and the time spent on those pages and our model enables clustering of
user sessions which reduces the search space and thus the recommendation time.
Furthermore, the CST in our model represents the behavior of a user from the
beginning that a user enters to the Web site to the end of her session in that
site.
The main diﬀerence between all the previous proposed methods and our
ICST-model is that ICST is able to easily insert new user sessions and delete
old user sessions which keeps the model up-to-date. This property of the ICSTmodel covers the dynamic characteristic of Web access log data. Consequently,
as the experiments demonstrate, our model’s prediction accuracy is superior.

6

Conclusion and Future Work

Web server access logs increase dynamically every time new users enter a Web
site which leads to periodic rotation the log ﬁles by moving or deleting the existing logs. Thus, usage patterns extracted by the recommendation models may
change over time. Then, all usage patterns extracted by some recommendation
models have to be updated as well.
In this paper, we presented the ﬁrst incremental recommendation model,
based on CST model, for Web page prediction. The model (abbreviated ICST)
represents the behavior of a Web user during a single visit to the Web site and
model uses a similarity metric to ﬁnd pair-wise similarities between user sessions
by means of visited pages and visiting times. It also reﬂects the distance between
matching pages of two user sessions. User sessions are partitioned based on that
similarity metric using a graph partitioning algorithm. The resulting clusters
are represented by CSTs. The compact structure of CSTs enables the insertion
of new user sessions or deletion of unused nodes very easily. Thus, the feedback
from new users of the site is incorporated to the model.
A performance evaluation of ICST model versus CST model using two different Web server access logs is presented, demonstrating that using the ICST
model increases the prediction accuracy while signiﬁcantly reducing the online
recommendation time. We also compare our model to three other recommendation models. Results show that our model improves the eﬃciency and eﬀectiveness signiﬁcantly.
We are now extending the model in several ways. We are developing a
similarity measure that simultaneously considers the structure and the content
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of a web site as well as the visiting order of the pages. Besides this, a better
clustering algorithm may increase the accuracy of the recommendation model.
Since graph clustering problem is NP-hard, heuristic algorithms are required.
We are studying evolutionary heuristic algorithms and the preliminary results
for this study are promising and suggest further study [22, 41].
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