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Abstract
Consumer face a dramatic problem related to web search. They 
expect the most relevant and efficient results. While the result often 
disappoint the consumer and also their precious time. This paper 
propose a semantic web usage mining approach for discovering 
periodic internet access patterns from elucidated net usage 
logs which incorporates data on client emotions and behaviors 
through self-reporting and behavior tracking. We use fuzzy logic 
to represent real-life temporal ideas (e.g., morning) and requested 
resource attributes (ontological domain ideas for the requested 
URLs) of periodic pattern-primarily based web access activities. 
These fuzzy temporal and resource representations, that contain 
both behavioral and emotional cues, are incorporated into a private 
Web Usage Lattice that models the user’s web access activities. 
From this, we tend to generate a private Net Usage Ontology, 
which enables semantic web applications such as customized 
web resources recommendation. Finally, we have a tendency 
to demonstrate the effectiveness of our approach by presenting 
experimental leads to the context of personalized net resources 
recommendation with varying degrees of emotional influence.
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I. Introduction
Emotion provides the principal currency in human relationships 
as well as the motivational force for what is best and worst in 
human behavior [1]. In a context, the relationships between 
consumer emotions and their buying behaviors are well 
documented. Technology-savvy consumers often use the web to 
find information on products and services before they commit to 
buying. Emotions have been found during person’s web surfing 
behavior [2]. Modeling consumers’ emotions and surfing habits 
are important to discover while designing personalized web search 
and recommendation web applications [3].
Normally users are asked to record any changes in their emotional 
status are reported at the end of each web surfing request. This 
information is used to analysis the emotional influence of access 
resources on the resource. Web usage mining helps to discover 
users frequent access pattern from web usage logs [4]. Many 
web usage techniques can be used to develop statistical mining 
information and user access patterns. Recent research has focused 
on mining web usage data for a semantic web is known as semantic 
web usage mining [5]. This idea is to associate each requested 
webpage with one or more ontological entities. It provides better 
understanding about the web navigation pattern and it can be used 
for semantic web application [6], [7].
In this paper, we propose a semantic web usage mining approach 
for automatic generation of periodic pattern based web usage 
ontology for the Semantic Web. Our proposed approach mines 
periodic access patterns, which occur frequently in a particular 
period, e.g., every morning, directly from web usage logs that 

have been semantically enriched with information on topics 
and emotional influence. Such periodic access patterns are very 
useful for mid to long-term behavioral tracking. The ontology will 
accumulate personal information on web access behaviors and 
habits, as well as the emotional influence of the accessed resources. 
Many ontology generation techniques have been investigated 
[8-10]. These techniques focus mainly on generating concept 
hierarchy for building ontology from free text documents or 
relational databases.
The rest of this paper contained as follows: In Section II, we review 
the related work. Section III, presents our proposed approach for 
automatic generation of personalized web usage ontology based on 
periodic pattern web access using semantically enriched weblogs. 
Section IV, showing the Experimental Result.  Finally, Section V 
concludes the paper.

II. Related Work

A. Semantic Web Usage Mining
The Web Usage Mining is the application of data mining methods 
to the analysis of recordings of Web usage, most often in the form 
of Web server logs. Since traditional web usage logs only record 
requested URLs but not the semantics of contents requested by 
the users, it is difficult to use such logs for tracking the users’ 
actual web access behaviors, emotions, and interests. In response, 
a number of semantic web usage mining techniques have been 
proposed [5].
Domain ontology have been used to enhance web usage mining 
for traditional web usage logs, but it have some lack of reliability 
while mapping from requested URLs to ontological entity. Oberle 
et al. [11] proposed semantic enrichment of web usage logs by 
mapping each requested URL to one or more underlying website. 
It clusters groups of sessions with specific user interests from 
semantically enriched weblogs, and then applies association rule 
mining to semantically enhanced weblogs. Fraternali et al. [12] 
proposed conceptual logs by combing the conceptual logs by 
combining the server log data with the conceptual schema of the 
web application.
Plumbaum et al. [13] proposed an approach to track user 
interaction on a web page based on JavaScript-events combined 
with the Semantic Web standard Microformats to obtain more 
fine-grained and meaningful user information. Most semantic 
web usage mining techniques focus only on discovering simple 
usage statistics and common access patterns of user groups. The 
discovered knowledge should be represented as ontology to enable 
Semantic Web applications.

B. Ontology Generation
The term ontology can be defined in many different ways. Ontology 
as an explicit specification of a set of objects, concepts, and other 
entities that are presumed to exist in some area of interest and the 
relationships that hold them. As implied by the general definition, 
an ontology is domain de-pendent and it is designed to be shared 
and reusable. Usually, ontologies are defined to consist of abstract 
concepts and relationships (or properties) only. In some rare cases, 
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ontologies are defined to also include instances of concepts and 
relation-ships. For this purpose, it is defined as ontology to be a 
set of concepts C and relationships R. The relationships in R can 
be either taxonomic or non-taxonomic.
Ontology languages are semantic markup languages for defining 
ontologies. We use Web Ontology Language (OWL) [14], 
which was proposed as W3C Recommendation, for ontology 
specification. 
Many approaches have been analyzed for generating ontology [8]. 
These include Natural Language Processing (NLP) techniques, 
association rule mining, hierarchical clustering, translation from 
relational databases, and Formal Concept Analysis (FCA) [9], [10]. 
However, these techniques focus mainly on constructing concept 
hierarchies from text documents or relational databases.

C. Fuzzy Association Rule Mining
Association rule [15] can help to find the patterns and relationships 
between access sequences and user sessions. A major problem of 
traditional association rule techniques is that each item is distinct 
from the others; therefore any two items are either considered to 
be the same or are totally different. Another problem is that, when 
applied in a large data set, the size of the resultant rule set will 
be extremely large. Therefore, in a real-time application system, 
to match a rule with input query becomes a critical issue. The 
fuzzy association rule technique is used to improve the prediction 
accuracy and fuzzy index tree for fast matching of rules [16]. 
The general fuzzy rule is mined from this case base by the fuzzy 
association rule technique. The fuzzy rule set was found to perform 
better in prediction accuracy and rule coverage than traditional 
rule set.

D. Periodic Pattern Mining
Periodic patterns are those recurring patterns in the time series 
database. Obviously, periodical patterns mining can be viewed 
as sequential pattern mining by taking the periodical sequences 
as a set of sequences. According to the type of patterns, periodic 
patterns can be divided into periodic association rules and periodic 
sequential patterns. In periodic association rule the mining results 
are about which items are brought together frequently, those items 
must come from the same transaction. Periodic sequential pattern 
is a sequence of item sets that frequently occurred in a specific 
order, all items in the same item sets are supposed to have the 
same transaction time value or within a time gap [17].

III. Web Usage Ontology Generation
Our goal is to generate the automatic personalized web usage 
ontology for individual users from semantically enriched web 
usage logs. Fig. 1 shows the proposed approach which consist 
of four major steps: Personal Web Usage Lattice (PWUL) 
Construction, Global Web Usage Lattice (GWUL) Construction, 
Global Web Usage Ontology (GWUO) Generation, and, finally, 
PWUO Generation.

Fig. 1: Block Diagram for Personalized Web Usage Ontology

A. Semantic Web Usage Logs
Using the semantic enriched web usage log as input. Web usage 
log can be enriched by associating each requested URL with one or 
more ontological entities to describe the pattern of web navigation. 
Each web server log entry with one or more predefined topics and 
an emotional influence score ΔE reported by user. At each web 
access activity user is asked to provide their score value about 
the web content. 
The score value is 1 to 5(highly negative, negative, neutral, 
positive, or highly positive). Each entry in the table 1 can have N 
user accessed resource at a specific time and emotional influences. 
The web access activity can be represented by a set of periodic 
attributes Mp and resource attributes Mr We also define eight 
real-life temporal concepts: Early Morning, Late Morning, Noon, 
Early Afternoon, Late Afternoon, Evening, Night, and Late Night, 
as periodic attributes.

Table 1: Semantically Enriched Web Usage Log

B. Personal Web Usage Lattice Construction
The PWUL constructed by preprocessing performed on the 
weblog data to extract the most relevant information for further 
processing. We perform preprocessing tasks on the semantically 
enriched weblogs similarly to those for traditional web server logs 
as discussed in [19], i.e., data cleaning, user identification, and 
session identification. The purposes are to discard unsuccessful 
requests, unnecessary data and to identify all personal access 
sessions for each individual user. A user’s web access session is 
a sequence of URL requested in a time stamp. Parallel algorithm 
[18] can be used to find personal web usage from the time stamp 
value. 
Before construct the PWUL we define the fuzzy support of a 
set of attributes, and web access activity. Given a Web Usage 
Context K =(G, Mp, Mr, I),the fuzzy support of a set of attributes  

 and B ≠φ is defined as
        

Where,
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Then identify the activity relationships in order to construct 
PWUL. The fuzzy support of a web access activity v(B) is defined 
as Sup(v(B))= Sup(B) and the fuzzy confidence
Of  v(B) is defined as

Where prob﴾ ﴿ is a condition probability. For virtual web access 
activity v(ø), We define Sup(v(ø)) = 1.0 and     conf(v(ø)) = 1.0.
The TITANIC algorithm [20] is one of the most efficient lattice 
construction algorithms, especially for weakly correlated data in 
very large data sets. We have modified the TITANIC algorithm 
with fuzzy support and fuzzy confidence for constructing PWUL 
from the Web Usage Context. From PWUL, inference rules can be 
extracted to deduce the user’s periodic association access patterns. 
In particular, fuzzy logic can be applied to infer association access 
patterns of a user. 
Given a minimum support MinSup ε[0,1] and a minimum 
confidence MinConf ε[0,1], we call a periodic association access 
pattern interesting if its fuzzy support value is not less than MinSup 
and its fuzzy confidence value is not less than MinConf. In the 
Table 2, if we set MinSup = 0.1 and MinConf =0.15, then the last 
two entries will be discarded, leaving only six interesting periodic 
association access patterns. 

Table 2: Periodic Access Patterns

C. Global Web Usage Lattice
Construct a GWUL of all users. We represent a global web 
access activity using the set of selected periodic attributes Mp 
and resource attributes Mr.

Fig. 2: Global Web Usage Lattice

Fig. 2 shows a GWUL that contains three periodic attributes “P1 
(Late Afternoon),” “P2 (Evening),” and “P3 (Night),” and three 
resource attributes “R1 (Sports concept),” “R2 (Games concept),” 
and “R3 (Chat concept).”

D. Global Web Usage Ontology Construction
Ontology consists of a taxonomy with a set of inference rules. 
The taxonomy can be expressed as a set of domain concepts (i.e., 
classes of objects) and the relationships among them (i.e., class 
hierarchy). Based on the formal definition of ontology [22], we 
define GWUO. It can be generated through class and hierarchy 
mapping and property mapping. The property mapping coompries 
attribute property mapping, taxonomy mapping and quality 
mapping.
OWL allows extension of imported definitions without the need to 
modify the original ontology and supports incremental ontology 
construction, making it easy to incrementally update the activity 
class hierarchy. When new periodic attributes or resource attributes 
are introduced, we just need to create new activity classes with 
new attributes and insert new subclass relationships between 
the new and existing activity classes to extend the activity class 
hierarchy.

E. Personal Web Usage Ontology Construction
Generate PWUO by combining the PWUL of a user with the 
GWUO using instance mapping. Instance mapping generates a set 
of activity instances IP from the corresponding activity classes in 
the GWUO and an activity instance hierarchy < IP . As expected, 
the number of activity instances in PWUO of a user is much smaller 
than the number of activity classes in GWUO.

IV. Expermental Result
We evaluated the performance of proposed web usage ontology 
generation approach based on the effectiveness of its generated 
periodic access patterns for supporting web personalization. It 
was implemented in java on a PC running Microsoft Windows 
XP Professional. The websever log data were obtained from a 
web forum. The web forum had three main topics (such as Sports, 
Games, and Chat) and it have subtopics. The web usage logs were 
semantically enriched as described in Section III (A). 
Access data of the top 10 users (measured in terms of the number 
of access activities) were used in the experiments. We used web 
access sessions of the users over a 20 day period as the training 
data set, and web access sessions over another 10 days as the 
testing data set. This shows the session information of the training 
and testing data sets of the top 10 users. 
Three experiments (two objective and one subjective) were 
conducted. In the experiments, we constructed Personal Web Usage 
Lattices for the users from the training data set. We employed two 
evaluation measures in the experiments: support and confidence. 
These measures were derived from the well-known precision and 
recall measures adapted for the present setting. 
In this experiment, we generated personalized resources for a set 
of predefined period conditions and measured the performance 
based on support and confidence with respect to different durations 
of period conditions d (from 0.5 to 4 hours) and different numbers 
of personalized resources NPR (from 1 to 6), while keeping er 
fixed at 1. The purposes were to gauge the effectiveness of the 
approach and to see how the parameters d and NPR would affect 
the results in the absence of emotional influence. 
We evaluated the effects of emotional influence by adjusting the 
value of er based on the user input ΔE score using the three mapping 
rules described in Section III, i.e., -E (no emotional influence), 
+E1 (suppresses negative emotional influence), and +E2 (different 
weights for different degrees of emotional influence).
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Fig. 3: Support Result
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Fig. 4: Confidence Result

Fig. 3 shows the support result for the top five users with different 
d values. The confidence result showed little sensitivity to changes 
in d. Fig. 9 shows the confidence result for d = 2.0, which is 
representative of all results for the range of d values considered. 
So, we conclude that satisfaction stabilizes for d ≥ 0.5. 
From this result our periodic web personalization approach has 
the advantage that it does not require the user’s current access 
information, which makes it possible to perform more compute-
intensive personalized resource preparation in advance rather than 
in real time. An on-going research direction is to improve the 
user experience, especially on self reporting of ΔE or some other 
form of emotional influence that results from their web surfing 
experience.

V. Conculsion
Presented an approach for automatic generation of Personal Web 
Usage Ontology of periodic access patterns from web usage logs 
that have been semantically enriched with information on emotional 
influence and resource topics [21]. Over time, the knowledge base 
can capture both consumer web access behavior and emotional 
influence of the web resources on the user. By varying the degrees of 
emotional influence, we found that emotional influence contributed 
positively to the results. In future we consider, To reduce the 
gap between the systematic representation of preferences and 
customers’ actual preferences. Mapping between customer needs 
and customer preference ontologies.
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