
International Journal of Research and Development in Applied Science and Engineering (IJRDASE) 
 

Available online at: www.ijrdase.com Volume 5, Issue 1, Mrach 2014 
All Rights Reserved © 2014 IJRDASE 

An Approach for Personalization on Web Based  
Systems 

 
 

 
 
Abstract- Web search engines are one of the most useful and 
popular online services used today. There are two types of search 
engines: directory-based and query-based search engines. 
Normally, directory-based search engines have more complicated 
interfaces than query based search engines. Moreover, directory-
based search engines are challenged by how to automatically 
classify Web contents efficiently and reduce human effort. 
Contrarily, query-based search engines have compact interfaces 
and a structure that is easy to maintain, making them easy to 
implement and use. However, a traditional search engine faces 
the difficulty of distinguishing intents of users. The 
personalization on Web systems is a method to relieve this 
difficulty. A search engine can be integrated with a user modeling 
system, by which the likely interests and preferences of users can 
be utilized for re-ranking search results. This will help users gain 
easy access to specific site. 
 
Keywords- CBC, Conventional Search, Query, Search Engine, 
Web Page. 
   
1 Introduction 
The user modeling approach consisting of a user's interest and 
preference models is based on the premise that frequently 
visiting certain types of content indicates that the user is 
interested in that content. The proposed approach can be 
divided into three steps: monitoring the user’s navigational 
data; using the Web page classification method developed to 
determine a Web page’s content; and employing the Naïve 
Bayes theory for updating the user’s interest model. The same 
three steps can also be utilized to determine a user’s Web 
preference model. In this work, the Web preference model 
assigns a value to a Web site (information source) based on 
the degree to which a user prefers to retrieve information from 
that Web site. 
A method of auto-classifying Web pages  is employed as a 
part of the proposed user modeling process. The work 
employs a well-designed ontology database, WordNet [1],[2], 
to represent valid terms for the automatic classification 
method. The tf–idf (term frequency–inverse document 
frequency) method is adopted to determine how important a 
word is to a document (category), e.g., the weight of the term 
to the category. First, three components of a Web page are 
classified separately: classification of meta information, 
classification of effective content area, and classification by 
the Web directory service[9] [13]. The classifications of meta 
information and effective content area are based on the 
cumulative weight of the terms, while a Web directory service 
can directly classify a small number of Web pages on the 
Internet. The classification results from the three components 

are fused to classify the Web pages into categories. Tracking 
and recording a user’s selections from the search results built 
up the user’s search context model. In each Web search 
session, the Web pages viewed by a user in sequence represent 
the user’s judgment on the search result of the query. The set 
of a user’s selections in search sessions forms the user’s 
search context model. 
 
2. Conventional Web Search Engines 
It is a well known fact that the Web is a huge repertory, 
consisting of various types of Web sites and online 
documents. The basic data structure of the Web is the 
connection between a URL address and an online target, such 
as a Web site, a Web page, or a digital document [7]. 
Therefore, the straightforward strategy of retrieving online 
information is direct navigation that requires a user to input a 
link address into the browser. This method is often used while 
a user logs into the frequently visited Web sites. However, this 
strategy is not efficient for Web sites with complex structure, 
and not applicable for the Web sites that a user cannot 
correctly input the URL addresses. Another strategy of 
retrieving Web information is to click a link to open a Web 
page. In a Web site where the contents are well-organized and 
the links to the contents are provided to users, this method is 
effective and adopted by users. Figure 1 shows an example of 
retrieving Web information by links in the CBC Web site. 
However, without the organization of links, it is difficult for 
users to access Web sites of interest by clicking links in 
between them. Therefore, an information retrieval tool, which 
is known as a search engine, is used for users to efficiently 
obtain the Web information of interest. 
A directory-based search engine has three processing steps: 
collecting information of Web sites, classifying Web sites, and 
presenting links to Web sites hierarchically. Figure 2 shows 
the interface of a directory-based search engine. In this type of 
search engine, Web links are categorized into different topics. 
Therefore, a user can reach the links of interest by selecting 
the relevant topics. Along with the rapidly increasing number 
of Web sites, directory-based search engines have gradually 
shown their limitations. Firstly, to classify Web sites either 
increases machine computational burden or requires a lot of 
manual works. Secondly, it is difficult to present the relevant 
Web sites to users, because the number of Web sites belonging 
to a category topic is very large. Thirdly, a directory-based 
search engine only classifies Web sites and provides links of 
Web sites, which cannot guide a user directly to the Web 
pages of interest. 
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Query-based search engines are more popular than directory-
based search engines because they are intuitive, simple to use, 
and easy to maintain. A query-based search engine can be 
considered as a tool for retrieving information from a 
database. The input of a search activity is a set of query terms, 
while the output is a set of Web links whose targeting Web 
pages contain the query terms. In the search engine, the search 
results are presented right after the query terms are  submitted 
 

 
Figure 1 An example of retrieving Web information by 

links in the CBC Web site 
 

 
Figure 2 The interface of the Google directory-based 

search engine 
 
3. Personalized Web Search Engine 
This research attempts to identify the relationship between a 
user’s Web search behaviors and his or her interest and 
preference models, so that a personalized Web search method 
can be developed based on this relationship. In other words, 
based on analyzing a user's search behaviors, the system will 
determine how the interests and preferences of the user 
influence the search results. The system will then provide a 

personalized search solution for the user based on that 
influence. 
 
4. Proposed Personalized Search Ranking 
A user's interest and preference models are built and updated 
based on his or her long-term navigational data. For each 
user's very first search query, the results presented to the user 
are the exact duplicates of one generated by the conventional 
search engine. Subsequently, the vector of Web pages viewed 
by a user is compared with the vector of Web pages resulting 
from the Web search engine. The user's search behavior data is 
utilized to determine how the user's interest and preference 
models impact his or her personal judgment on the given Web 
pages. The re-ranked results will then be presented to the user 
and the user's click-through is tracked. Any ranking change 
from the given search results to the user’s context model 
indicates the dissimilarity between the search engine’s ranking 
algorithm and the user’s judgment. For example, if the vector 
of Web pages mr (=(mr(1), mr(2), mr(3), …, mr(lw))) is the 
search result of a user's rth search session, and the user’s 
search context vector in this session is (mr(3), mr(1)), e.g., the 
user 
viewed Web pages mr(3) and mr(1) successively, then there 
are two instances of ranking jump-over observed, which are 
mr(3) over mr(2), and mr(3) over mr(1). The pseudo code of 
determining the total number of instances of ranking jump-
over from the search result to the user's context model is given 
in the next page: 
read user's context vector v=(v(1), v(2), … v(lo)), 
read search result m, 
for i=1, lo, i++ 
find n, that m(n)=v(i), 
for j=1, n-1, j++ 
if m(j) is prior than v(i) in the user's context model then 
no ranking jump-over, 
else 
ranking jump-over is determined, 
Sumjumpover= Sumjumpover+1, 
end if 
end for 
end for 
 
The next step is to utilize the ranking jump-over to determine 
the influence of factors in a user’s interest model and 
preference model. Using the same example discussed above, 
the Web pages involved in ranking jump-over can be mapped 
to categories: Cat(mr(1)), Cat(mr(2)), and Cat(mr(3)), by 
using the classification method. If the user’s interest model 
shows that the user’s degree of interest in Cat(mr(3)) is higher 
than the degree of interest in Cat(mr(1)), then the ranking 
jump-over of mr(3) versus mr(1) is considered as the case that 
the user’s interest model influences his or her search behavior. 
After taking into account the ranking jump-overs in all search 
sessions, the influence factor of a user's interest model can be 
determined statistically: 

η4=(Σjump-overs influenced by a user's interest)/(Σjump-
overs) (1) 
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The same method can also be applied to determine the 
influence factor of a user's preference model: 
η5=(Σjump-overs influenced by a user's preference)/(Σjump-

overs) (2) 
Since the conventional search engines only provide ranking 
results without the appearance rates of Web pages, an inverse 
distance measure is used to estimate the rates in a search 
session (Teevan et al., 2010), which is formulated as: 

ER(m(k))=1/(α+βlog(k)) (3) 
where ER(m(k)) is the estimated rate of the kth Web page in a 
search result; α is the initial coefficient which is set to 2 in this 
work; and β is the attenuation coefficient which is set to 1. The 
choice of the coefficients is taken into account for the 
relatively smooth decreasing and dominance of the top ten 
ranks, which is shown in Figure 3. 

 
Figure 3 The rate estimation of the Web pages in a search 
result 
 
Once a user’s interest model, preference model, and influence 
factors have been determined, a personalized search rank 
algorithm can be applied, which is 

RR(m(k)) = ER(m(k))(1+ 
η4UserInterest(Cat(m(k))))(1+η5UserPreference(IS(m(k)))) 

(4) 
 
where RR represents the re-rating function; UserInterest calls 
equation to retrieve the user's degree of interest in category 
Cat(m(k)); IS(m(k)) is the function of identifying  the 
information source (Web site) of Web page m(k); and 
UserPreference calls equation to retrieve the user's degree of 
preference on Web site IS(m(k)). Ultimately, the web pages 
are arranged by their rerating value RR(m(k)), e.g., the Web 

page with the maximum re-rating value is listed at the top. 
Therefore, the personalization of a search engine is 
implemented by re-ranking the Web pages based on user 
models. 
 
5. Experimentation and Evaluation 
In this work, a user's click-through in a search session is 
considered as the user's search context model. In order to 
clarify the construction of a user's search context model. The 
purpose of developing a personalized search system is to 
change the search ranking results based on a user's models, so 
that the user can retrieve information of interest more 
effectively. From the results of re-ranking, it is shown that 
Web pages that are relevant to a user's topics of interest like 
"Computers", and a user's preferred Web site like "Google", 
are rearranged to the top of the list. 
In order to evaluate the proposed personalized Web search 
method, 12 participants were asked to surf the Internet and 
conduct Web searches for their daily requirements under the 
system’s supervision. All participants have at least a 
Bachelor's degree. The participants' interest, preference, and 
context models were constructed during their Web navigation. 
In order to alleviate the computational burden, the top 30 Web 
pages are reranked by the personalized search system. Even 
though the explicit measurements of relevance can clarify the 
precision rate and recall rate judged by the users, an implicit 
measurement is applied to evaluate the performance of the 
proposed personalized Web search method. Due to the fact 
that a user’s experience of a practical search is the greatest 
concern, the implicit measurement approach is chosen. Table 
5.3 shows the comparison of the users' average first-click on 
the personalized search results and the conventional search 
results tracked in 100 practical search sessions. The average 
first-click of the participants on the personalized re-ranking 
Web pages is 3.09, while it is 3.80 when the clicked Web 
pages are mapped to the conventional search results. 
Therefore, the average improvement of the first-click provided 
by the personalized re-ranking method is 0.71. 
In order to check the statistical significance of the results 
shown in Table 1, a paired t-test (Box et al., 1978) is 
conducted based on the 12 participants' average rates of first-
click. Denote participant i's average rates of first-click on the 
personalized and conventional search results by x1,i and x2,i, 
respectively. There are three steps for carrying out the paired 
t-test:

 
 

Table 1 Users' average first-click on the personalized search results and the conventional search results 
User ID 1 2 3 4 5 6 7 8 9 10 11 12 Average 
Convention 
search 

3.41 4.13 2.98 3.31 5.05 3.54 4.91 2.89 4.21 4.07 3.32 3.79 3.80 

Personalized 
Search 

2.56 3.62 2.60 2.71 
 

3.88 2.85 4.21 2.70 2.96 3.25 2.89 2.94 3.09 

Improvement .85 0.51 0.38 .60 1.17 0.69 0.70 0.19 1.25 0.82 0.43 0.85 0.71 
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By conducting the paired t-test, the observed difference of the 
mean value between the personalized and conventional search 
models in Table 5.3 is found to be statistically significant 
having t=7.83 and p<0.01. 
In order to evaluate the performance of the proposed system 
based on a user's overall click-through, the method of 
Discounted Cumulative Gain (DCG) is employed in this work 
(Jarvelin and Kekalainen, 2000). Considering that the higher 
ranked Web pages have higher scores in the evaluation, the ith 
Web page in a search result set can be scored by: 

Score(i) = 1/log2(1+i) (5) 
During a search session, a user will click the Web pages if 
they think it is relevant to the query. Therefore, the ranking-
efficiency can be obtained by weighing the user's click-
through in a search session. Equation (5.9) presents a 
measurement of ranking  efficiency for a user's search session: 

E = (Σ(Score(i)Click(i)))/ΣClick(i) (6) 

where Score(i) is the score of Web page i in a user's search 
session as defined in Equation (5); and Click(i) indicates if the 
user opens the ith Web page. Click(i) is 1 when the user opens 
Web page i, otherwise Click(i) is 0. 
Table 2 shows the comparison of the average ranking-
efficiency of both the personalized and conventional searches 
through the investigation of the participants' 100 rounds of 
search sessions. The average ranking-efficiency of the 
conventional search engine based on the participants' search 
behaviors is 0.44. The personalized search method improves 
the ranking-efficiency to 0.52. Therefore the ranking-
efficiency of the personalized search is 18% higher than the 
conventional search. Moreover, there is no obvious regression 
of the ranking-efficiency observed on any participant's search 
data, which implies the generality of the proposed re-ranking 
method. 

 
Table 2 Average ranking-efficiency of the personalized search and the conventional search 

 
User ID 1 2 3 4 5 6 7 8 9 10 11 12 Average 
Convention 
search 

0.51 0.42 0.52 0.44 0.36 0.43 0.31 0.53 0.36 0.43 0.45 0.46 0.44 

Personalized 
Search 

0.58 0.51 0.63 0.49 0.49 0.51 0.41 0.57 0.46 0.49 0.51 0.50 0.52 

Improvement 0.07 0.09 0.11 0.05 0.13 0.08 0.10 0.04 0.07 0.06 0.06 0.04 0.08 
 
6. Conclusion: 
A novel method for a personalized Web search system has 
been proposed in this paper. A Web page auto-classification 
method is utilized to analyze a user's navigational data, which 
helps to build and update the user's interest model. The user's 
preference model is constructed by analyzing the information 
sources (Web sites) of the user's navigational data. The user's 
click-through during a search session is interpreted as the 
user's search context model which is used to determine how 
the user's interest and preference models influence his or her 
search behavior. Finally, the personalized re-ranking 
algorithm is implemented by recalculating the score of a Web 
page based on the user's interest and preference models. The 
experimental results show an obvious improvement of the 
search ranking provided by the proposed personalized search 
method. The proposed system utilizes both content-based and 
behavior-based modeling approaches for the Web search 
personalization. 
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