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Abstract— with the explosive growth of information on the
Web, it has become more difficult to access relevant
information from the Web. One possible approach to solve this
problem is web personalization. In Semantic Web, user access
behavior models can be shared as ontology. Agent software
can then utilize it to provide personalized services such as
recommendation and search. To achieve this, we need to tackle
the technical issues on transforming web access activities into
ontology, and deducing personalized usage knowledge from
the ontology. In this paper, we propose a web usage mining
approach for semantic web personalization. The proposed
approach first incorporates fuzzy logic into Formal Concept
Analysis to mine user access data for automatic ontology
generation, and then applies approximate reasoning to
generate personalized usage knowledge from the ontology for
providing personalized services.
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I. INTRODUCTION

With the explosive growth of information available on the
World Wide Web, it has become more difficult to access
relevant information from the Web. One possible approach
to solve this problem is web personalization [1]. Web usage
mining [2], which aims to discover interesting and frequent
user access patterns from web usage data, can be used to
model past web access behavior of users. The acquired
model can then be used for analyzing and predicting the
future user access behavior. Semantic Web [3] provides a
common framework that allows data to be shared and
reused across application, enterprise and community
boundaries. In Semantic Web environment, user access
behavior models can be shared as ontology. Agent software
can then utilize the ontology to provide personalized user
services such as recommendation and search. Ontology has
become an important component for Semantic Web, as it
allows the description of the semantics of web content.
Various techniques such as Natural Language Processing
(NLP) [4], association rules [5], hierarchical clustering [6]
and Formal Concept Analysis (FCA) [7] have been
investigated for ontology generation. However, majority of
these works have focused on generating concept hierarchy
for building ontology from text documents. Recently,
semantic web personalization [8-10] has become an active
research area. However, the current research works create
ontology manually and are unable to deal with temporal
access behavior. Further, most of them investigated the
problem mainly for a specific domain such as e-learning [8,
9].
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To provide semantic web personalization, we need to tackle
the technical issues on how to define web access activities,
discover hierarchical relationships from web access
activities, transform them into ontology automatically, and
deduce personalized usage knowledge from the ontology.
This paper proposes a web usage mining approach for
semantic web personalization. The proposed approach first
incorporates fuzzy logic into Formal Concept Analysis [11]
to mine client-side web usage data for automatic ontology
generation, and then applies fuzzy approximate reasoning
[12] to generate personalized usage knowledge from the
ontology.

Il. PROPOSED ARCHITECTURE
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Fig. 1. Proposed architecture for semantic web personalization.

Web logs record user access events from websites as a
sequence of requested web pages. We focus on mining
client-side access logs, which record access events
(involving multiple websites) of a single user or client.
Figure 1 shows the proposed web usage mining approach
for semantic web personalization which consists of two
main components: Web Usage Ontology Generation and
Semantic Web Personalization.

I1l. EXPERIMENTAL RESULTS

Figure 2 shows the proposed approach for Web Usage
Ontology Generation, which consists of the following
components: (1) Preprocessing; (2) Constructing Web
Usage Context; (3) Constructing Web Usage Lattice; (4)
Pruning Web Usage Lattice; and (5) Generating Web
Usage Ontology.

3.1 Preprocessing

Preprocessing is responsible for processing the original
web usage logs in order to identify all user access sessions
for each individual user. Similar preprocessing tasks for
web server logs discussed in [13] can be used in this step.
Let E be a set of unique access events, which represents
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web resources accessed by users, i.e. URLSs of web pages. A
user access session S = ele2...en (ei 1 Efor 1 £i £ n) is a
sequence of access events. Each ei = (zsi, tei, URLQ), where
tsi is the start time of event e, tei is the end time of event
ei, and URLi is the URL accessed by the user in event ei.
Note that it is not necessary that URLi ' URLj fori' jin S.
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Fig. 2. Web usage ontology generation.

The URLs in web usage logs contain little semantic
information about the web contents accessed by users. To
overcome this problem, we map each URL into a
predefined category or topic such as News, Sports and
Entertainment. The category information can be obtained
using a web page category classification technique [14]. As
such, each user access session can be classified into a
sequence of categories. Suppose that the set of event
attributes MC consists of all valid predefined categories, we
define the function Category (ei) = me (me 1 MC) such that
it converts each ei into an event attribute mc in MC. In
general, the duration (zei - tsi) of an access event ei can be
used to indicate the level of interest the user has in that web
content. Therefore, the total duration for each category
accessed can be used for estimating the level of user interest
in that category for each user access session. After
classifying the categories and computing the duration, each
user access session S is transformed into S* = (Ts, Te, D),
where Ts is the start time of the session (i.e. zs1 in S), Te is
the end time of the session (i.e. tern in S) and the total
duration D = {d(S, mi)| d(S, mi) =
2 cic5.caregory ep=m, T€ TS\ 1T 14C, 1 £ 1 £ |MCY)-
3.2 Constructing Web Usage Context

We have defined seven real-life time concepts, namely
Early Morning, Morning, Noon, Early Afternoon, Late
Afternoon, Evening and Night to represent temporal
attributes for web activities. We have also defined 26 web
categories such as Games, Adults, Sports and Entertainment
as event attributes to describe web access activities. As
such, user access behavior can be represented by a set of
temporal and event attributes.

In addition, we also use fuzzy logic [12] to represent both
temporal and event attributes, and incorporate them into
Formal Concept Analysis [11] for constructing Web Usage
Context.

Definition 1: A fuzzy temporal based Web Usage Context is
K = (G, MT, MC, I), where G is a set of user access
sessions, MT is a set of temporal attributes, MC is a set of
event attributes, I = R(G, MTEMC) is a fuzzy set on domain
G~ (MTEMC) to represent fuzzy relation between G and
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MTEMC. Each fuzzy relation R (g, m) 17, where g1 G, m 1
MTEMC, is represented by a membership value mRr(g, m)
in [0, 1]. The member function of a user access session gi =
(Tsi, Tei, Di), on a temporal attribute m¢ T MT is computed
as

m R (gi ;mt ) = max(m (¢,mt ),t 1[Tsi ,Tei ]) where u(t, mt) is
defined in Figure 3, which is modified from [15].
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Fig. 3. Member function u(z, mf).

The member function of a user access session gi = (7si, Tei,
Di) on an event attribute mc | MC is computed as

0 lf Z(gr.mc)q'%Z(mc.)
Hr(8irm.) = Hgeme) if 1Z(im.)<z(g;.m)<Z(m,)
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Z (mc) is defined as the proportion of the duration of
accessing a web category mc in all user access sessions,
which indicates the user’s global interest of the web
category me. z(gi, mc) is defined as the proportion of the
duration of accessing a web category mc within a user
access session gi, which indicates the user’s local interest of
the web category mc. A Web Usage Context can be
represented by a cross table with rows indicating user
session IDs and columns indicating the temporal and event
attributes. A membership value mR(g, m) 1[0, 1] in row g
and column m indicates a fuzzy relation between the
session g and attribute m. Table 1 shows an example Web
Usage Context, which consists of five user access sessions,
three temporal attributes “T1 (A - Late Afternoon)”, “T2 (E
- Evening)” and “T3 (N - Night)”, and three event attributes
“C1 (S - Sports)”, “C2 (G - Games)” and “C3 (C - Chat)”.
The relation between a user access session, and a temporal
attribute or an event attribute is represented by a
membership value in [0, 1], which can be computed
automatically as discussed earlier.

Table 1. A cross table of an example Web Usage Context.

SID THA) TXHE) TIN) CLS) €6 G30)
51 0.6 0.3 - 08 - 0.6
§2 - 04 07 - - 0.9
53 - - 0.9 - 01 0.5
$4 - 08 03 08 0.6 0.5
53 - - 1.0 - 0.9
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3.3 Constructing Web Usage Lattice
In this step, we construct a Web Usage Lattice from a Web
Usage Context.
Definition 2. Given a Web Usage Context K = (G, MT, MC,
1), we define the set of attributes common to the access
sessionsin A1 Gasd’ = {mTMTEMC|" g14: mR(g, m)
> 0}, and the set of access sessions which have all the same
attributes in BT MTEMCas B’ ={g1G|" m1B: mR(g, m)
> 0}.
Definition 3. Given a Web Usage Context K = (G, MT, MC,
1), if there exists a pair (4, B) with 4 | G, B | MTEMC
(BCMT _ fand BCMC _f), 4’ = B and B’ = 4, then the
fuzzy set based on B, denoted as j(B), is called a web access
activity, and each mi 1 j(B) has a membership value .
A web access activity represents a temporal access behavior
of a user, i.e. it is an implication from temporal attributes to
event attributes. The fizzy support of j(B) is defined as

> e AL 2,

LD
s (7 =
1 CF |

Sup( B) =

And the fuzzy confidence of @(B) is defined as

Conf(B)= prob(BM 1B~ M_ )= Sup(B)
Where prob (.|.) is a conditional probability.
Definition 4: Let ¢ (B1) and ¢ (B2) be two web access
activities, @ (Bu) is called sub activity of ¢ (Bz), if and only if @
(B2) < @ (B1). Equivalently, ¢ (B2) is called superactivity of @
(B1). Such relation is called hierarchical order of the web
access activities.

Definition 5: A fuzzy temporal based Web Usage Lattice of a
Web Usage Context K = (G, Mr, Mc, I) is the set of all web
access activities with hierarchical order. Figure 4 shows the
Web Usage Lattice of the Web Usage Context given in Table
1. Each node in the figure represents a web access activity with
the corresponding fuzzy set of its attributes on the left. Each
edge in the figure represents a hierarchical relationship. Note
that we have added a virtual node as the root of the lattice.
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Fig. 4. Web Usage Lattice

3.4 Pruning Web Usage Lattice

The Web Usage Lattice may be quite complicated and huge
due to the large number of web access activities generated.
Therefore, it will be very costly to convert the whole lattice
into ontology. To overcome this problem, the lattice should
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Sup(BNM, )

be pruned to retain only those interesting web access
activities, which are more important for describing the
access behavior of a user.

Definition 6. Given a minimum support MinSup 1[0, 1] and
a minimum confidence MinConf 1 [0, 1], we call a web
access activity j(B) interesting, if Sup(B) > MinSup and
Conf(B) * MinConf. Given a minimum support MinSup =
0.1 and MinConf = 0.15, the pruned Web Usage Lattice is
shown in Figure 5. The fuzzy support and confidence
values of each web access activity are shown on the right of
the corresponding node. In addition, an activity 1D, which is
labeled in each node, is assigned to each web access
activity. Based on the pruned Web Usage Lattice, we can
derive two kinds of knowledge on user access behavior.
The explicit knowledge can be extracted from each activity
node to represent the user’s temporal access patterns. The
implicit knowledge can be inferred from the hierarchical
relations among activity nodes to represent the user’s
association access patterns. These two kinds of knowledge
can be used for semantic web personalization which will be
discussed in Section 4.

3.5 Generating Web Usage Ontology

We use OWL (Web Ontology Language) [16] to represent
the generated ontology. The body of ontology consists of
classes, properties. One of the main components of
ontology is taxonomy, i.e. class hierarchy. To generate the
Web Usage Ontology from the pruned Web Usage Lattice,
we define the following transformation rules:

1. Classes. Each web access activity is mapped into an
activity class. Note that the root (labeled as 0) in the pruned
Web Usage Lattice is a virtual node, thus there is no need
for generating the corresponding activity class.

2. Properties. Each temporal and event attribute of a web
access activity is transformed into a property of the
corresponding class. The membership value of each
attribute is stored in the corresponding property. Further,
the fuzzy support and confidence of each web access
activity are also represented as properties named “Support”
and “Confidence” respectively.

3. Class Hierarchy Relations. Each hierarchical relation
between web access activities forms a taxonomy relation
between activity classes. The sub-activity relationship in the
Web Usage Lattice is transformed into the subclass
relationship in the Web Usage Ontology. Figure 6 shows an
example on transforming the activity node 4 given in

Figure 5 into the corresponding class definition of
“Activity_4" of the Web Usage Ontology.
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Fig. 5. Pruned Web Usage Lattice.
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Fig. 6. Transforming an activity node into a class definition of the
Web Usage Ontology.

IV.SEMANTIC WEB PERSONALIZATION

Web Usage Ontology stores both explicit and implicit
knowledge on user web access behavior. Agent software
can utilize the ontology to derive such knowledge. As fuzzy
knowledge is stored in Web Usage Ontology, we have
applied fuzzy logic techniques into Web Usage Ontology to
deduce personalized usage knowledge for semantic web
personalization services. This involves extracting activity
rules, approximate reasoning from activity rules and
providing personalized services.

4.1 Extracting Activity Rules

Knowledge on user access behavior from Web Usage
Ontology can be extracted as activity rules. Each activity
rule is represented in the form of conditional and qualified
propositions [12], which are a specific kind of fuzzy
propositions. The conditional and qualified propositions are
characterized by the canonical form “If x is 4, then y is B is
S”, where x and y are variables whose values are in sets X
and Y respectively, 4 and B are fuzzy sets on X and Y
respectively, and S is a fuzzy truth qualifier. Such
propositions are also known as qualified “IF-THEN” rules.
Baldwin [17] defined fuzzy truth qualifier in the universal
set ¥ ={v|vT1][0, 1]} as T = {true, very true, fairly true,
absolutely true, undecided, absolutely false, fairly false,
very false, false}. Web Usage Ontology gives two kinds of
activity rules: simple activity rules and association activity
rules. Simple activity rules can be extracted from the
properties of each activity class directly, whereas
association activity rules can be inferred from activity
Classes and the class hierarchy. Given a Web Usage
Ontology, simple activity rules of each activity class are in
the form of “If x is A4 then y is B is S”, where 4 and B are
fuzzy sets of the corresponding temporal properties and
event properties of the activity class respectively. We can
calculate the fuzzy truth qualifier S using the confidence
property (Conf) of the activity class and the minimum
confidence (MinConf) that is used for pruning the Web
Usage Lattice as Figure 7. For example, from the activity
class “Activity_4” given in Figure 6, a simple activity rule
“If 0.5/T2 then 0.8/C1+0.5/C3 is fairly true” can be
extracted. As a result, a total of five rules can be extracted
from the example Web Usage Ontology.
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Fig. 7. Calculating the fuzzy truth qualifier using the fuzzy
confidence (Cony).

Given a Web Usage Ontology, association activity rules are
in the form of “If x is 4 then y is B is S”, where 4 and B are
fuzzy sets of the temporal and event properties of activity
classes i and j respectively. Such rules require the activity
class j to be the immediate subclass of the activity class i,
and the fuzzy confidence Conf * MinConf. The fuzzy
confidence (Conf) of association activity rules is equal to
the support property of the activity class j divided by that of
activity class i. The fuzzy truth qualifier S can also be
calculated using the fuzzy confidence of the association
activity rule. Therefore, each association activity rule
corresponds exactly to one hierarchical relation from the
super-activity class to one of its sub-activity classes in Web
Usage Ontology. For example, in the Web Usage Ontology
given in Figure 6, the relation from the activity class
“Activity_1” to the activity class “Activity_4” represents an
association activity rule “If 0.4/T2+0.5/C3 then 0.5/T2
+0.8/C1 +0.5/C3 is true”. A total of three association
activity rules can be extracted from this Web Usage
Ontology.

4.2 Approximate Reasoning from Activity Rules

Based on the two kinds of activity rules, simple and
association activity rules, agent software can derive two
kinds of personalized usage knowledge using fuzzy
approximate reasoning according to:

A specific time interval such as [19:00:00, 20:00:00] -
then we can obtain a ranked list of web content categories
that are most relevant to the user’s interests for this time
interval; and

+ An existing user access session — then we can obtain a
web access activity that is most likely to occur. The web
access activity can be transformed further into a specific
time interval and a ranked list of web content categories.
The agent software can then customize or reorganize web
resources for the user according to the ranked list of web
content categories for the specific time interval. Fuzzy
approximate reasoning is an inference procedure that
deduces imprecise conclusions from fuzzy rules and known
facts. The general schema of the qualified “IFTHEN” rule
based approximate reasoning has the following form:

Rule: [fxisA thenyisBis§ 0
Fact: xisA'
Conclusion:  yisB’'

The qualified “IF-THEN” rule can be either a simple
activity rule or an association activity rule.
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One approach for approximate reasoning is called truth-
value restrictions method [12] which is based on a
manipulation of linguistic truth values. In this research, we
treat all the rules as disjunctive. This means that we obtain a
conclusion for all fuzzy rules by calculating the union of the
conclusion of each single qualified “IF-THEN” rule.
Suppose B’i is the conclusion from the ith fuzzy rule (i=1,
.., n), then the conclusion for all fuzzy rules is

B'= U B - e .

= A specific time interval 7p can be
transformed into a fuzzy set of time concepts using
the member function given in Definition 1. Given the fuzzy
set as the fact x is 4°, and using simple activity rules as
rules in schema (1), the conclusion B’ is a fuzzy set of web
content categories FC, in which the fuzzy membership
value of each category indicates its importance to the user.
Generally, larger membership values indicate higher
priorities. Therefore, membership values can be used for
ranking web content categories. FC can be regarded as a
ranked list of web content categories LC. A specific user
access session can also be transformed into a fuzzy set of
both time concepts and web content categories using the
member function given in Definition 1.
Given the fuzzy set as the fact x is 4°, and using association
activity rules as rules in schema (1), the conclusion B’ is
another fuzzy set of time concepts and web content
categories, which can be divided into two parts, i.e. a fuzzy
set of time concepts FT and a fuzzy set of web content
categories FC. A specific time interval 7p can then be
calculated from FT. And FC can be regarded as a ranked
list of web content categories
LC. From the above discussion, the personalized usage
knowledge for both simple and association activity rules
can be represented as a specific time interval 7p and a
ranked list of web content categories LC.

4.3 Providing Personalized Services

After deriving the personalized usage knowledge from
approximate reasoning of activity rules, agent software can
then customize and reorganize web resources for the users
for the specific time interval Tp based on the ranked list of
web content categories LC. Assume that we have obtained
[19:00:00, 20:00:00] and {C1:1.0, C2:0.0,C3:0.5} as
personalized usage knowledge after approximate reasoning.
If the agent software needs to provide personalized search
service, then the URL links to web contents related to C1
(Sports) will be highlighted to the user with higher priority
in the search result list during the time period [19:00:00,
20:00:00]. If the agent software intends to perform
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personalized web recommendation, then web resources
involving C1 (Sports) and C3 (Chat) will be recommended
as the content that are more likely to be accessed by the
user during the time period [19:00:00, 20:00:00].

CONCLUSION

In this paper, we have proposed a web usage mining
approach for semantic web personalization. In the proposed
approach, we incorporate fuzzy logic into Formal Concept
Analysis to mine the client-side web usage logs for
automatic generation of Web Usage Ontology. Then we
extract fuzzy activity rules from Web Usage Ontology and
deduce personalized usage knowledge from the activity
rules using approximate reasoning. The derived
personalized usage knowledge can be used for supporting
semantic web personalization services. The performance of
the proposed approach is currently under evaluation using
web usage data from a group of research students in the
Database Technology Lab, Nanyang Technological
University, Singapore.
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