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Abstract-The explosive growth of online data and the diver-

sity of goals that may be pursued over the web have significantly 
increased the monetary value of the web traffic. To tap into this 
accelerating market, web site operators try to increase their 
traffic by customizing their sites to the needs of specific users. 
Web site customization involves two great challenges: the effec-
tive identification of the user interests and the encapsulation of 
those interests into the sites’ presentation and content. In this 
paper, we study how we can effectively detect the user interests 
that are hidden behind navigational patterns and we introduce a 
novel recommendation mechanism that employs web mining 
techniques for correlating the identified interests to the sites’ 
semantic content, in order to customize them to specific users. 
Our experimental evaluation shows that the user interests can 
be accurately detected from their navigational behavior and that 
our recommendation mechanism, which uses the identified in-
terests, yields significant improvements in the sites’ usability. 

I. INTRODUCTION 
Millions of people access the web daily for various rea-

sons: find information, perform financial transactions, com-
municate with others, etc. Due to the explosive growth of the 
online data and the diversity of goals that may be pursued 
over the web, it is not surprising that web traffic has gained a 
high monetary value over the last years. To tap into this ac-
celerating market, web site operators strive to improve the 
usability and user retention of their sites, by customizing the 
latter to the needs of their users. Web site customization is the 
process of modifying the information or services provided by 
a web site so as to meet the user interests. 

Adjusting the content or structure of web data to specific 
interests has been an active field of research for several years. 
Some operators attempt to improve their sites based on the 
analysis of the web usage data. Most of these efforts [5] [17] 
[18] focus on extracting useful patterns and rules, using data 
mining techniques, in order to understand the users’ naviga-
tional behavior so that decisions concerning site restructuring 
may then be made by humans. However, usage-based site 
customization can be problematic either when there is not 
enough data in order to extract patterns related to certain 
categories, or when the site content changes and new pages 
are added that are not yet included in the web log [15]. To 
overcome such difficulties, researchers have proposed the 
exploitation of information about the content [8] [16] and/or 
the structure [7] of web sites. In particular, they propose to 
combine site usage and content knowledge in order to dy-
namically modify the web sites. Mining web logs to discover 
knowledge about the user interests has also been addressed in 
the context of recommendation engines [9] [20]. 

In this paper, we extend previous works and we introduce a 
site customization model that combines in new ways the 
sites’ usage patterns and semantics so as to derive knowledge 

about the users’ site interests. Our model explores a built-in 
subject hierarchy for the semantic annotation of the sites’ 
content as well as for the identification of the user interests in 
their site navigations. Based on the association between the 
sites’ usage and content semantics, our model builds recom-
mendations that aim at providing users with customized site 
views. The contribution of our work lies in the following: 
• We introduce a novel approach for the automatic identifi-

cation of the user interests as these are exemplified in the 
user’s navigational patterns. Our approach relies on a sub-
ject hierarchy for computing the user preferences in site 
visits and employs a number of heuristics for estimating 
both short-term and long-term user interests. 

• We show how we can explore the identified user interests 
in order to detect within a site which pages are interesting 
to the user. The computations of interesting pages rely on 
the pages’ semantic content as this is analyzed, processed 
and evaluated via the use of the hierarchy. 

• We introduce a recommendation model that correlates the 
identified user interests to their navigational patterns in 
order to predict which site pages a user would like to see 
in the recommendations of her future site accesses. Based 
on the predicted user preferences, our recommender cus-
tomizes the sites’ presentation accordingly.. 

To demonstrate the effectiveness of our approach in web 
site customization, we carried out a user study where we 
measured the accuracy of our model in capturing the user 
interests based on the semantic analysis of their navigational 
history. We also examined the effectiveness of our recom-
mendation system in improving the sites’ usability and hence 
in ameliorating the users’ navigational experience. Results 
indicate the effectiveness of our approach in identifying the 
user interests automatically and prove the usefulness of the 
recommendations suggested to web users. 

The rest of the paper is organized as follows. We begin our 
discussion with a detailed presentation of our web site cus-
tomization model. In Section II.A, we present our method for 
the automatic identification of the user interests in their site 
visits. In Section II.B we describe how we process the web 
sites’ content in order to identify which of the site pages 
match the identified user interests. Finally, in Section II.C we 
introduce our recommendation mechanism. In Section III we 
evaluate the effectiveness of our approach and we discuss 
obtained results. In Section IV we review related work and 
we conclude the paper in Section V. 

II. WEB MINING FOR IMPROVED NAVIGATIONS 
In our work, we introduce the use of a subject hierarchy for 

building models that represent both the user interests and the 
site semantics. Based on the combination of the user and the 



site models, we build recommendations in order to improve 
the users’ navigations in the sites’ contents. Figure 1 illus-
trates the functional architecture of our system. 

 
Fig. 1. System architecture. 

 
In a high level, our method proceeds as follows. Given a 

site’s web logs and the site’s content, we pre-process log data 
in order to automatically identify the user interests. To do so, 
we address the log data processing from a classification per-
spective and we annotate every page visited within a site with 
an appropriate category from the subject hierarchy. We then 
combine the categories assigned to every visited page and the 
navigational patterns exemplified in the page visits, in order 
to estimate the user’s degree of interest in each of the catego-
ries considered. The categories that appear to be the most 
interesting to the user are selected for representing that user’s 
profile. 

Having computed the user profiles, we proceed with the 
exploitation of the site’s semantics. Our goal is to identify 
among the site pages the ones that are closer to the user inter-
ests. To enable that, we annotate every page in a site with an 
appropriate subject from the hierarchy and we compute the 
user’s degree of interest in each of the pages. By employing 
the same hierarchy for representing both the user profiles and 
the sites’ contents, we ensure consistency in the annotations 
given. 

As a final step, our approach correlates the information ob-
tained from the user’s navigational behavior and the site se-
mantics in order to recommend useful pages that the user may 
miss in her navigation, either because these are new pages 
and the user ignores their existence, or because these appear 
in deep site structures and they have a limited visibility. 

A. Identifying the User Interests in Site Visits 
Given the multitude of information that may be offered in a 

web site and the variety of interests between the different 
users who navigate into that site; we may assume that the 
success of a site customization system lies in the ability to 
distinguish between the different user interests. In this sec-
tion, we present our approach towards user interests’ identifi-
cation through the semantic analysis of the users’ navigation 
history. 

To obtain information about the users’ site navigations, we 
rely on the site’s log files, out of which we extract data about 

a visitor’s identity1, time and date of access, complete naviga-
tion path, duration and frequency of visit, click-stream infor-
mation and so on. We store this data to a transactions log 
database and we pre-process it in order to discover usage pat-
terns as well as the underlying correlation between users and 
pages. 

In particular, we download all the site pages that a user has 
visited, we parse them to remove markup, we apply tokeniza-
tion, POS-tagging and we remove their stop words. Thereaf-
ter, we rely on the page’s content terms2 and anchor text in 
order to extract a set of keywords that will be used for charac-
terizing the page’s thematic content. The reason for consider-
ing also the page’s anchor text for keyword extraction is the 
observation that in many cases the text around a link to a 
page is descriptive of its content [6]. In our approach, to iden-
tify keywords for a page P, we rely on the anchor text of 
other pages that point to P. However, to ensure that our ap-
proach is easy to implement and entails reasonable computa-
tional cost, we restrict the anchor text data within the site’s 
level, i.e. we identify anchor text keywords for a site’s page P 
based on the anchor text of other pages in the same site that 
point to P. 

Having collected all the content terms in a page’s text and 
anchor text, we weight them using the tf*idf formula in order 
to estimate how important is each of the keywords for the 
page’s content. We sort the page’s keywords and we retain 
the n (n =25%) most highly weighted terms. Based on these 
highly weighted keywords, we attempt to identify the page’s 
thematic content. 

For identifying the theme of a page’s content, we rely on a 
subject hierarchy and a classification module that have both 
been developed in the course of an earlier study (cf. [19]) in 
order to automatically identify a suitable subject from the 
hierarchy to annotate the page’s content. To enable the se-
mantic annotation of every site page that has been visited by 
a user, we proceed as follows. We take the n most important 
keywords extracted from a page’s content and anchor text 
and we map them to the hierarchy’s nodes. The hierarchy that 
our model employs is discussed in [20] and it emerged after 
appending to each of the 16 top level categories of the Dmoz 
Directory [1] the WordNet [3] hierarchies whose root con-
cepts are specializations of the respective Dmoz topics. 

Having mapped the page keywords to their corresponding 
hierarchy nodes, we attempt keywords’ disambiguation based 
on their semantic similarity values. In particular, we apply the 
Wu and Palmer similarity metric [21], which combines the 
depth of paired concepts in WordNet and the depth of their 
least common subsumer (LCS), in order to measure how 
much information the two concepts share in common. Ac-
cording to Wu and Palmer the similarity between two terms 
wi and wk is given by: 

( )
i k

2 * depth LCS (i,k)  
Similarity (w , w ) =

depth(i) depth(k)
  

 +  
  (1) 

Since the appropriate senses for wi and wk are not known, 
our measure selects the senses which maximize Similarity in 

                                                           
1 There exist several techniques for uniquely identifying visitors, such as 

cookies, IP address, registration forms, the identd protocol specified in 
RFC 1413 [2], etc.  

2 Content terms are nouns, proper nouns, verbs, adjectives and adverbs. 



order to annotate every keyword in the page with an appro-
priate sense. 

Following keywords’ disambiguation, our next step is to 
annotate the pages’ content with an appropriate hierarchy 
topic, i.e. to classify every visited page to a suitable subject in 
the hierarchy. For page classification, we rely on the pages’ 
keywords for which we explore both their importance 
weights to the pages’ content and their topical categories. 
Considering that the keywords’ importance weights are given 
by their tf*idf values, and that their topical categories can be 
easily derived from the topics that our hierarchy uses to label3 
the keyword matching senses, we can easily estimate the 
topic that is the most representative for the page’s content as 
follows. 

We group the disambiguated keywords of a page into topi-
cal clusters, with every cluster representing a different topic 
and containing all the keywords whose senses are annotated 
with that topic. We then rely on the keywords’ importance 
weights in order to compute the average importance of the 
clusters’ items. That is, we take the average importance 
weights of the keywords organized in a cluster in order to 
measure how representative is the topic of the cluster to the 
page’s content. We then take the topic of the cluster whose 
elements exhibit the maximum importance average in order 
to annotate the content of the page. This way we annotate 
every visited page in a site with an appropriate topic from the 
hierarchy. The topics identified for the visited pages consti-
tute the topical preferences of the user in the site. Figure 2 
illustrates the user profiling process, i.e. how our approach 
identifies the site topics that interest the user. 

 
Fig. 2. The user profiling process. 

 
So far we have presented how we can automatically iden-

tify a set of topics for describing the user’s interests within a 
site, based on the topical categories of the site’s pages that the 
user has visited. We now turn our attention on how we can 
utilize the user’s navigational behavior, in order to estimate 
the user’s degree of interest in each of the topics that describe 
the content of the visited site pages. To enable that, we rely 
on the site’s transaction logs from which we collect the data 

                                                           
3 Note that every node in our hierarchy is annotated with a suitable topical 

category borrowed from the top level topics in the Dmoz ontology. 

recorded in the user sessions4 and we preprocess it in order to 
extract statistical information about the user’s site visits. 

The information that we collect from the user sessions 
summarize to: (i) the number of times the user has clicked on 
each of the site pages in every session, (ii) the frequency with 
which the user visits pages of the same topic across sessions 
and (iii) the duration of every session. Based on the above 
data, we can estimate the degree of the user interest to each of 
the topics discussed in a site’s content. 

For our estimations, we group by topic the site pages that a 
user has visited in each session and we compute the degree to 
which each topic was of interest to the user in every session. 
Formally, the degree of the user’s interest in topic TA in a 
single session is determined by the fraction of pages in the 
user’s visit that are categorized under TA, given by: 

A
A

#  of visits to pages assigned to T  
Visit Interest (T ) =

 #  of total visits 
  (2) 

Based on the above formula, we can compute the probabil-
ity that the user was interested in a particular topic in each of 
her site visits. Intuitively, the degree of a visit’s interest to 
some topic indicates a short term preference of the user to the 
site’s contents. More specifically, this topic preference prob-
ability help us deduce the user interests in a site’s content at a 
given time interval. As such it does not suffice for accumulat-
ing knowledge about the user’s general preferences in the 
site’s contents. By general preferences, we mean the topics of 
the pages that the user regularly visits in her site accesses. 

To account for the user’s general interests, we again rely 
on the information collected from the user’s sessions and we 
compute the degree to which a topic is preferred by the user 
across her site visits. Formally, the degree of the user’s gen-
eral topic preference in the site’s content is given by the fre-
quency with which the user visits pages of the same topic 
across her site interactions, as: 

S

A A

T STA

1Site Interest (T ) = Visit Interest (T )
S ∈ 

∑   (3) 

Where S is the total number of sessions recorded a user’s 
site transaction logs and ST is the set of topics discussed in 
the pages visited across the user’s sessions. The user’s site 
interest values give us perceptible evidence about the degree 
to which each site topic is generally preferred by the user and 
gives us some intuition about the long-term interests of the 
user, specified in the site’s context. 

Another useful indicator in deriving the user interests in a 
site’s topics concerns the amount of time the user has spent 
on the site pages categorized under each of the topics. Based 
on the intuition that the more time the user devotes for read-
ing pages dealing with a particular topic, the greater the 
user’s interest in that topic, we estimate the user’s interest in 
a topic heuristically as a weighted sum of the user’s site in-
terest in the topic and the normalized number of seconds the 
user spent reading pages about the topic: 

A A AUser Interest (T ) = Site Interest (T ) + D(T )  (4) 

                                                           
4 In our work, we define a user session as a delimited set of user clicks to a 

single web server. A user session is also called a visit. 



Where Site Interest (TA) denotes the general user prefer-
ence in topic TA and D(TA) denotes the normalized number of 
seconds that the user spent reading pages about TA. 

Based on the above formula, we can compute the degree to 
which each of the site’s topics is of interest to the user. The 
topics that the user is interested in together with their degree 
of interestingness constitute the user’s profile that our site 
customization model employs for recommending site views 
that match the given profile. 

B. Identifying Interesting Site Pages 
So far we have presented our approach towards the auto-

matic identification of the user’s topic interests within a site’s 
contents and we introduced a scoring function for quantifying 
the degree of the user interests. However, although a user 
may be strongly interested in a particular topic, she may be 
less interested in some pages even if these pertain to her pre-
ferred topic. 

To ensure that our customization model will be capable of 
identifying among a set of topic relevant pages, the ones that 
are of true interest to the user, we rely on the subject hierar-
chy and we compute the degree to which every page within a 
site correlates to the user interests. 

Given that the user interests are represented as a set of hi-
erarchy topics weighted by their degree of interestingness, 
our aim is to represent the site pages in an analogous manner, 
i.e. as a set of topics weighted by their degree of topic rele-
vance. Based on the above data, we can approximate the de-
gree of the user interests in particular pages as a function of 
the of the user’s interests in the site’s topics and the pages’ 
topic relevance values. 

To represent the pages within a site as a set of topics 
weighted by their topic relevance scores, we firstly need to 
identify the topics of every page in a site and thereafter com-
pute the degree to which each of the pages relates to the iden-
tified topics. To do that, we pre-process pages as discussed in 
Section 2.1 and we rely on the subject hierarchy in order to 
disambiguate their weighted keywords. We then group every 
page’s keywords into topical clusters and we rely on the av-
erage keyword’s importance weights in order to estimate the 
importance that the items in every cluster have to the cluster’s 
topic. Formally, the average importance of keywords k (de-
noted as Wk) in a lexical cluster of m items (denoted as Cm) 
to some topic T of the cluster is: 

k = m

k =1

1Avg. Importance (Cm, T) = Wk (T)
m

 ∑   (5) 

where m is the total number of lexical items in the cluster. 
Having computed the average importance weights of the 
page’s keywords to their respective clusters, we employ the 
average importance of each of the identified clusters as a 
measure for indicating the degree of the page’s relevance to 
the respective cluster’s topic. Formally, the page’s relevance 
to a topic T is the sum of importance over all its keywords’ 
whose topic label is T: 

Cm P

Relevance(P, T) = Av. Importance (Cm, T)
∈

∑   (6) 

Based on the above, our model represents the pages within 
a site as a set of topics weighted by their degree of relevance 

to the page’s keywords. We now describe how we combine 
the topical categories computed for the site’s pages and the 
topical interests identified in a user’s site visits in order to 
estimate the degree to which each of the site pages’ might be 
of interest to the user. 

To measure how interesting is a page P that relates to some 
topic T to the user with some interest in T, we rely on the 
correlation between the page’s relevance to T and the user’s 
interest in T, as: 
User Interest (P) = User Interest (T) + Relevance (P, T)  (7) 

Based on the above formula, we can compute the probabil-
ity that page P, which relates to topic T will be of interest to 
the user who has some interest in T. Next, we describe how 
our model selects which pages to recommend to a user during 
her site visits, in an attempt to improve the user’s interaction 
with the site’s content. 

C. Building Recommendations 
As mentioned before, the aim of a recommendation system 

is to suggest web site users with a set of pages that are 
deemed relevant to their interests. Therefore, the recommen-
dation system is responsible for deciding which site pages 
correlate to the user interests and based on this decision to 
present the site’s contents accordingly. 

However, the greatest challenge that a recommendation 
system has to address is the so-called portfolio effect prob-
lem, i.e. how to ensure that the pages it recommends are not 
already seen by the user. An ideal recommender must be able 
to distinguish between useful-but-unvisited and useful-but-
visited pages, and it must also infer whether the user wants to 
see new pages (i.e. unvisited), old pages (i.e. visited) or both. 

In the course of our study, we have built a recommendation 
mechanism that tries to minimize the impact of the portfolio 
effect problem without asking for the user involvement. To 
tackle the first difficulty, i.e. to distinguish between visited 
and non-visited pages we obviously rely on the site’s transac-
tion logs where we record the time and frequency of page 
accesses by a user. Based on this data, we can easily identify 
the pages that the user has already visited (either recently or 
at some point of time) and exclude them from the recommen-
dations offered. Alternatively, we could exclude only recently 
visited pages, based on the intuition that pages not accessed 
for a long time might be of interest to the user either because 
she may not recall having visited them or because the page’s 
contents have been updated with data that the user has not 
seen in her previous visits. 

But, the greatest challenge is to guarantee that the recom-
mendations offered to the users will meet their expectations. 
In other words, we need to ensure that visited pages will be 
excluded from the recommendations only when the users do 
not wish to visit pages already seen. Likewise, we need to 
ensure that visited pages will not be excluded from the rec-
ommendations only if the users whish to revisit site pages. 

To tackle the above difficulties, we rely on the distinction 
between persistent and ephemeral user interests, discussed in 
[20] and we introduce a novel approach for predicting the 
user’s preferred recommendations based on the analysis of 
her navigational patterns. In our work, we perceive a user’s 
interest in some page P to be persistent if the user regularly 
visits P across her site transactions, while we perceive the 



user’s interest in P to be ephemeral if the user visited P arbi-
trarily in some past site visits. Given the separation between 
persistent and ephemeral user interests in the site pages, we 
can predict the interests characterizing the users’ visits based 
on the following criterion: 

Interest(P) =  ephemeral     if avg. number of clicks on P < F
                        {persistent     if otherwise

{
 

where F value is selected based on the expected distribu-
tion of clicks for persistent and ephemeral interests in the site 
pages. 

Based on the intuition that the way in which a user inter-
acts with a site demonstrates some stereotypical patterns (e.g. 
site pages visited in the same sequence) we speculate that 
their modeling can help us predict the patterns of the user’s 
future interactions. In other words, if a user tends to revisit 
some of the site pages in the same sequence or when brows-
ing site pages that deal with a particular topic, then the user 
will keep revisiting them in her future site accesses. 

To estimate the expected distribution of clicks in the user’s 
future transactions with a site, we rely on the analysis of the 
user’s past clicks distribution on the site’s pages and proceed 
as follows. We sort the visited pages in a site in the descend-
ing order of the number of clicks that they have received 
from the user. We then compute the average click distribution 
on the site’s pages and we heuristically set the threshold 
value of F (i.e. the expected distribution of future clicks on 
each site page). 

Under this approach, our model predicts the type of the 
user interests in the site’s pages and depending on that predic-
tion, it makes decisions about whether to include a particular 
site page in the recommendations or not. In particular, if the 
value of F for some visited pages in a site is above the 
threshold, our model recommends them regardless of the fact 
that these have already been seen by the user. Alternatively, if 
the value of F for all the site’s visited pages is below the 
threshold, our model recommends only new (i.e. unvisited) 
pages to the user. Note that in both cases, our model primar-
ily relies on the pages’ interestingness to the user preferences 
(see previous section) and upon identification of user interest-
ing pages; it predicts the type of the user interest in their con-
tents. 

In a similar manner, and by employing different heuristics 
and threshold values, one could accommodate the case that 
the user wants to re-visit some but not all of the frequently 
revisited pages. However, we defer this investigation for a 
future study. 

Following the process presented above, our model selects 
the pages to recommend to the user and orders recommenda-
tions in a way so that pages with the highest probability of 
being interesting show up first on the list of recommenda-
tions. The user can then interact with the recommendations 
by clicking on any of the suggested pages. The recommenda-
tions that our model suggests rely on the learnt user interests 
and as such recommendations are dynamic in the sense that 
as our mechanism gets to learn the user interests, it explores 
the accumulated knowledge in the subsequent user recom-
mendations. In the current implementation of our model, the 
recommendations suggested change per user session, since 
the same user might be interested in different topics during 
different site visits. However, considering that the user’s 

topic preference might change during a single visit (i.e. ses-
sion) or that the user might have more than one topic interests 
in the same visit, our model can be modified and use a sliding 
time window for generating recommendations. 

III. EXPERIMENTS 
We now discuss the experiments we conducted in order to 

evaluate the effectiveness of our proposed site customization 
model and we present obtained results. We first describe our 
experimental setup. Then in Section III.B we describe a simu-
lation-based experiment to estimate the accuracy of our 
model in offering customized site views according to the user 
interests. Finally, in Section III.C we present the results from 
a human study that measures the perceived usefulness of our 
recommendation mechanism. 

A. Experimental Setup 

To evaluate the effectiveness of our site customization ap-
proach, we implemented a browser plug-in that records the 
users’ navigational behavior in their Web site visits. We then 
recruited 10 postgraduate students from our school, who were 
informed about our study and volunteered to install the plug-
in and supply us with information about their Web transac-
tions. 

During their participation in the survey, our subjects were 
asked to keep a diary of preferences in their web site visits in 
which to record for each of their sessions, which was their 
preferred topic and which were the site pages that interested 
them the most in each of their site visits. To denote topic 
preferences we asked our subjects to use the text descriptors 
of the 16 top level Dmoz topics that are used to label the con-
cepts in our hierarchy. Moreover, to denote interesting pages 
we asked our subjects to rate every page in a site, using 
scores ranging from 1, meaning “not interesting at all” up to 5 
“very interesting”. Finally, we asked our subjects to indicate 
whether they had a persistent or ephemeral interest in each of 
the site pages. 

We used the log files collected from our subjects’ web ac-
cesses for a period of two months, we cleaned them from hits 
that were redirected or caused errors, we removed records 
accounting to non-textual Web accesses and we stored the 
cleaned data in a RDBMS server. Table 1 shows statistics on 
our experimental data. 

TABLE I 
STATISTICS ON THE EXPERIMENTAL DATASET 

 Collection period March-April 2007 
# of users 10 
# of sites visited 168 
# of log files 2,981 
Avg. # of pages visited per site 34.3 
Avg. # of hits per day 295 
  

We downloaded all the pages from each of the sites in our 
dataset, we processed them following the steps described in 
Section 2.1 and we computed for every page a suitable topic 
from the hierarchy in order to model the page’s semantic con-
tent. Thereafter, we processed our users’ site transaction logs 
in order to mine their navigational patterns and derive the 
user interests in each of their site visits. 

In particular, we computed for each of our subjects and for 
each of their visited sites, their most preferred topic, the sites’ 



pages that were most correlated to their interests as well as a 
number of recommendations for customizing the presentation 
of their visited sites. The computations of these values were 
performed on a workstation with a 2.4GHz 2 CPU and 2GB 
of RAM and took roughly 50 hours to pre-process our ex-
perimental data, to estimate the user’s topic and page prefer-
ences and to build recommendations for each of our subjects. 

B. Accuracy of User Interests Identification 
In this section, we measure the accuracy of our methods in 

identifying the user site interests and in recommending useful 
pages to the site users. In this respect, we are primarily con-
cerned with both the accuracy of our method and the amount 
of log data it requires for estimating accurate user profiles. 

1) Accuracy of Identified User Interests: To measure the ef-
fectiveness of our model in identifying the user topic interests 
in their site navigations, we relied on a synthetic dataset that 
we generated by simulation based our experimental site 
transaction logs. 

In our implementation, the number of sessions in the user’s 
site accesses is fixed to S as an experimental parameter and 
we assign to every session page visits as follows. We set a 
random set of topics the user is interested in every session to 
T and we distribute an equal number of page visits V to each 
of the topics in every session. In our implementation we set 
V=35 based on the findings of [24] that the majority of ses-
sions is 34 pages or longer. Once we generate a user’s ses-
sions we compute the user’s interest in each of the topics 
across sessions (equation 3). Note that under our implementa-
tion the user’s interest is equally distributed across the topics 
in each of the sessions and interest values are normalized to 
sum up to one. Based on the above, we derive a baseline topic 
interest estimation which we compare it against the estima-
tions derived by our model. 

To evaluate the accuracy of our topic identification ap-
proach, we measure the relative error for our estimated site 
interests compared to the baseline estimation, which assumes 
equal weights for every topic. For our comparison, we use: 

T  - TiE (T ) =i T
     (8) 

where T denotes the user’s actual topic interests (i.e. base-
line estimation) and Ti denotes the topic interests identified 
by our model. Figure 3 shows the results. 
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Fig. 3. Relative errors in estimated topic interests. 

 

From the figure, we see that at the same T value, as the 
number of session S increases, the relative error of our 
method decreases. This practically implies that the more ses-
sions considered about a topic, the less the relative error in 
estimating the degree of the user’s interest in that topic. 

For example, we can see that when the number of topics in 
which the user is interested in T=5, the relative error of our 
method when considering 20 sessions is 0.45 and it goes 
down to 0.25 when S=60. Moreover, we observe that when 
users are interested in a relatively small number of topics (i.e. 
1≤T≤5) our method estimates their interests with an overall 
accuracy of 66.6% when considering only 20 sessions, which 
goes up to 73.2% when 40 sessions are considered. On the 
other hand, we observe that when the user is interested in 
many topics (i.e. 6≤T≤10), our method achieves an overall 
estimation accuracy of 62.6% when considering more ses-
sions, i.e. S=80. Analogously, when the user is interested in 
more that 10 topics, our method has only a 46.2 overall accu-
racy in estimating the user interests through the examination 
of 80 user sessions. This practically implies that for a large 
number of different user interests, we need to collect a large 
amount of user logs until we can effectively estimate the de-
gree of the user interests. 

Compared to the baseline estimation, our method can ef-
fectively identify the user interests in their site navigations 
when interests vary between 1 and 7 topics with an overall 
estimation accuracy of 66.6% and considering only 40 user 
sessions. Therefore, we may conclude that our user interests’ 
identification method needs only a small amount of log trans-
actions to effectively estimate the degree of the user interests 
in the sites’ contents, when interests span a relatively small 
(i.e. up to 7) number of topics. 

2) Accuracy of Recommendations: In this section, we ex-
perimentally investigate the accuracy of our method in rec-
ommending useful pages to the web site users, based on their 
identified topic preferences. To measure this accuracy, we 
again generate synthetic data for user navigations and esti-
mate the degree of the user’s interest in specific pages. Based 
on our estimations, we build recommendations and we sort 
them in terms of the pages’ interestingness to the user prefer-
ences. 

To evaluate the accuracy of our model in picking the most 
interesting pages to recommend to web site users, we rely on 
the Kendall’s distance metric [11] between our estimated 
ordering of page recommendations and the ideal recommen-
dations’ ranking. Formally, the Kendall’s distance metric (τ) 
between two ordered lists of recommendations is given by: 

( ) K K K
K K

i, j  : i, j    R , E ,  A  (i) >AK (j) 
τ  (E , A ) =

R    •  R - 1

(i) < E  (j) ∈
 (9) 

Where EK denotes the ordered list of the top-k recom-
mended pages estimated by our method, AK denotes the or-
dered list of the top-k recommended pages computed from 
the user’s actual topic preferences, R is the union of EK and 
AK and (i, j) is a random pair of distinct pages. τ values range 
between 0 and 1, taking 0 when the two orderings are identi-
cal. Given that most users visit on average 35 pages in their 
site navigations [24] we set the value of k between 5 and 40. 
We believe that the choice of k is reasonable based on the 
intuition that web site users would not like to see too few or 



too many pages in the recommendations offered. Figure 4 
shows the differences in the recommendations’ ordering for 
k=10, i.e. when considering the top 10 recommended pages5. 
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Fig. 4. Ordering differences of top 10 recommendations. 

 
We can see that our method has a significant potential in 

building useful recommendations to the web site users, even 
in cases that the user’s topic interests cannot be precisely 
identified. In particular, we observe that when the user is in-
terested in 5 topics (i.e. T=5) and there are 20 sessions con-
sidered about the user, the ordering of the recommendations 
given by our system has a distance of 0.1 compared to the 
ordering of the actual recommendations. This implies that 
only 10% of the pairs (i.e. 1 out of the 10 pairs considered) in 
our recommendations are reversed compared to the true rec-
ommendations. Moreover, for 1≤T≤76 the average distance 
between the estimated and the actual recommendations, when 
40 sessions are considered, is 0.06, which implies that our 
model has 94% accuracy in estimating useful recommenda-
tion lists compared to the actual recommendation lists when a 
small number of user sessions is considered. 

C. Quality of Site Customizations 
To measure the quality of our site customization approach, 

we used the data collected from our human survey (Section 
III.A) and we evaluated our model’s effectiveness in offering 
useful recommendations to web site users. In our evaluation, 
we relied on the collected transaction logs and we computed 
for each of our subjects and visited sites the degree to which 
each of the site pages would make a useful recommendation. 

To evaluate the effectiveness of our model in identifying 
useful pages in the sites’ contents, we compared the pages’ 
estimated usefulness to the pages’ actual usefulness, as the 
latter is explicitly indicated by our subjects. In our compari-
sons, we relied on the following formula for measuring the 
pages’ usefulness. 

P S

U sefu ln es s (P ) = U se r In te res t (P ) F
  

•
∈ 
∑  (10) 

Here S denotes the pages in a site, F denotes the probability 
that the user will revisit P and Usefulness (P) denotes the 
usefulness of P by the given method. The degree of the User 
                                                           
5 We obtained similar differences in orderings for larger k values. 
6 For that number of sessions and topics our model has a topic interest esti-

mation accuracy of 66.6%. 

Interest in P (User Interest (P)) that our model estimates is 
given by equation 7, while the actual user interest in P is ex-
plicitly indicated by our participants. Recall that while re-
cruiting our subjects we asked them to rate each of the site 
pages according to how interesting these are and we also 
asked then to indicate the type of their interest. 

In order for our model to predict the type of the user inter-
est in each of the site pages, we relied on the pages’ expected 
click distribution and we set the threshold value F=0.44, 
based on the findings in [24] that the average page revisit rate 
is roughly 44%. That is, pages with a predicted click distribu-
tion above F are pages in which our model predicts a persis-
tent user interest. Moreover, to quantify the type of the user 
interest indicated by our subjects, we set the value of F above 
0.44 for the pages in which our subjects attributed a persistent 
interest, and below 0.44 otherwise. Finally, we equally dis-
tributed the ≥F and ≤F values for persistent and ephemeral 
page interests, respectively. 

Based on the above formula, we evaluate our model’s ac-
curacy in identifying useful pages to the site users by compar-
ing the pages’ estimated usefulness to their actual usefulness, 
denoted by our subjects. Figure 5, reports the average differ-
ences between the estimated and the actual usefulness values 
of the pages in the sites that our subjects have visited during 
the reporting period. The bars on the horizontal axis represent 
the 10 subjects in our study. Scores are normalized to sum up 
to one and they are aggregated by users in the sense that for 
all the pages in the sites that a user has visited we measured 
both their average actual and estimated usefulness and we 
report the difference between the two. Average differences 
between the actual and the estimated pages’ usefulness help 
us evaluate the overall effectiveness of our model in identify-
ing useful pages in the sites’ contents. That is, the lower the 
average difference values between the pages’ actual and es-
timated usefulness, the better the performance of our model 
in identifying valuable recommendations to the site visitors. 

Results show that our model is very effective in estimating 
useful pages in the sites’ contents, achieving an overall accu-
racy of 0.763. As we can see, our method can accurately es-
timate the usefulness that most of the site pages have to par-
ticular user interests. Results indicate that our site customiza-
tion model, which attempts to provide site visitors with valu-
able recommendations, has a significant potential in accu-
rately estimating how useful is every page in a site to the user 
preferences. Based on the estimated usefulness values for the 
site pages, our model decides which pages to recommend to 
the site visitors, as well as the recommendations’ ordering so 
as to enable customized site views for individual users. 
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Fig. 5. Average difference values for the actual and the esti-

mated usefulness of the site pages that users have visited. 
 



IV. RELATED WORK 
Many researchers have proposed ways of customizing Web 

sites to the needs of specific users [5] [7] [8] [9] [15]. For an 
overview we refer the reader to the work of [22]. Most of 
these efforts use data mining techniques in order to extract 
useful patterns and rules from the users’ navigational behav-
ior and based on these patterns they modify the site’s content 
and structure so as to meet specific user interests. In the last 
years, there has been a surge of interest into enabling seman-
tically-driven site modifications [8] [14]. In this respect, re-
searchers have explored the use of ontologies in the user pro-
filing process. We refer the reader to the work of [10] for an 
overview on the role of ontologies in the site customizations. 
There also exist studies [12] [16] that examine the sites’ con-
tent in order to extract specific features. Such features are 
integrated in the customization process, so as to retrieve simi-
larly characterized content. In this direction, researchers have 
investigated the problem of providing Web site visitors with 
recommendations that relate to their interests [4]. Recom-
mendation systems match the user activity against specific 
profiles and provide every user with a list of recommended 
hypertext links. In [13] the authors used an ontology and util-
ized the Wu & Palmer similarity measure [21] for estimating 
the impact of different concepts on the users’ navigational 
behavior. However, there are no results reported on the im-
pact of the recommendation process. In our work, we extend 
the approaches suggested by other researchers and we com-
bine them in novel ways in an attempt to build a recommen-
dation mechanism that explores a subject hierarchy not only 
towards the identification of the user interests, but also to-
wards the evaluation of the identified preferences in terms of 
time persistence. Moreover, we introduce some novel meas-
ures for the estimation of the user interests, which we deem 
complementary to existing ones. 

V. CONCLUDING REMARKS 
In this paper, we have proposed a site customization ap-

proach that explores a subject hierarchy for building user 
profiles as well as for identifying the thematic content of the 
sites’ pages. Based on the association between user profiles 
and page semantics, our model mines the users’ navigational 
patterns in the sites’ contents in order to identify useful pages 
to recommend to the site visitors. We have conducted ex-
periments to evaluate the effectiveness of our model. In one 
experiment using synthetic data, we found that for a relatively 
small number of user sessions (i.e. 40), our method yields a 
significant accuracy in estimating the user interests in the 
sites’ contents and that our recommendation model, which 
relies on the user interests has a great potential in estimating 
valuable recommendations to the sites’ visitors. In another 
real-life experiment, we applied our method to estimate use-
ful pages for 10 subjects and we assessed the effectiveness of 
our model in estimating valuable recommendations to web 
site users. Obtained results demonstrate that on average our 
approach successfully estimates which pages might be useful 
to the site users. In the future, we plan to expand our frame-
work to take across-site user-specific information into ac-
count so as to provide users with valuable recommendations 
from different sites with similar content or from sites in the 
contents of which the user has similar interests. 
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