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ABSTRACT-Web search engines help users find useful information on the World Wide Web 

(WWW). However, when the same query is submitted by different users, typical search engines 

return the same result regardless of who submitted the query. Although personalized search has 

been proposed for many years and many personalization strategies have been investigated, it is 

still unclear whether personalization is consistently effective on different queries for different 

users, and under different search contexts. The solutions to PWS can generally be categorized 

into two types, namely click-log-based methods and profile-based ones. The click-log based 

methods are straightforward— they simply impose bias to clicked pages in the user’s query 

history. It even harms search accuracy under some situations. Furthermore, we show that 

straightforward click-based personalization strategies perform consistently and considerably 

well, while profile-based ones are unstable in our experiments. We also reveal that both long 

term and short-term contexts are very important in improving search performance for profile-

based personalized search strategies. 

1. INTRODUCTION 

One criticism of search engines is that when queries are issued, most return the same results to 

users. In fact, the vast majority of queries to search engines are short andambiguous and different 

users may have completely different information needs and goals under the same query. For 

example, a biologist may use query ―mouse‖ to get information about rodents, while 

programmers may use the same query to find information about computer peripherals. THE web 

search engine has long become the most important portal for ordinary people looking for useful 

information on the web. However, users might experience failure when search engines return 

irrelevant results that do not meet their real intentions. Such irrelevance is largely due to the 

enormous variety of users’ contexts and backgrounds, as well as the ambiguity of texts. 

Therefore, Web search results should adapt to users with different information needs. In order to 

predict such information needs, there are several approaches applying data mining techniques to 
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extract usage patterns from Weblogs. However, the discovery of patterns from usage data by 

itself is not sufficient for performing the personalization tasks. Furthermore, Shahabi and Chen 

have pointed out that the item association generated from Web server logs might be wrong 

because Web usage data from the server side are not reliable. Therefore, these techniques are not 

so appropriate for Web personalization. Other novel information systems designed to realize 

such adaptive systems have been proposed that personalize information or provide more relevant 

information for users. 

2. RELATED WORK 

There are several prior attempts on personalizing web search. One approach is to ask users to 

specify general interests. The user interests are then used to filter search results by checking 

content similarity between returned web pages and user interests. For example, used ODP2 

entries to implement personalized search based on user pro- files corresponding to topic vectors 

from the ODP hierarchy. Unfortunately, studies have also shown that the vast majority of users 

are reluctant to provide any explicit feedback on search results and their interests. Many later 

works on personalized web search focused on how to automatically learn user preferences 

without any user efforts. User profiles are built in the forms of user interest categories or term 

lists/vectors. , there are several types of search systems that provide users with information more 

relevant to their individual needs. For example, we review hyperlink-based personalized Web 

search, personalized Web sites, and recommender system. 

Previous works on profile-based PWS mainly focus on improving the search utility. The 

basic idea of these works is to tailor the search results by referring to, often implicitly, a user 

profile that reveals an individual information goal. In the remainder of this section, we review 

the previous solutions to PWS on two aspects, namely the representation of profiles, and the 

measure of the effectiveness of personalization. Many profile representations are available in the 

literature to facilitate different personalization strategies. Earlier techniques utilize term 

lists/vectors or bag of words to represent their profile. However, most recent works build profiles 

in hierarchical structures due to their stronger descriptive ability, better scalability, and higher 

access efficiency. 

2.1 Hyperlink-Based Personalized Web Search 

The field of Web information retrieval focuses on hyperlink structures of the Web, for example 

with Web search engines such as Google1 and the CLEVER project. To address several 

problems with these engines, i.e., (1) the weight for a Web page is merely defined, and (2) the 

relativity of contents among hyperlinked Web pages is not considered, we proposed several 

approaches to refining the TF-IDF scheme for Web pages using their hyperlinked neighboring 

pages. In personalized Web searches, the hyperlink structures of the Web are also becoming 

important. The use of personalized PageRank to enable personalized Web searches was first 

proposed, where it was suggested as a modification of the global PageRank algorithm, which 
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computes a universal notion of importance of a Web page. Therefore, it is not clear if search 

results obtained using this approach actually satisfies information needs that is different user by 

user. In addition, the number of hub vectors used was limited due to the computational 

requirements. In order to address this problem, Jeh and Windom proposed an approach that can 

scale well with the large size of hub vectors to realize personalized Web searches. On the other 

hand, Chang et al.proposed algorithms for creating ―personally customized authority documents‖ 

to correspond more closely to the user’s internal model following the conventions of Kleinberg’s 

HITS algorithm. 

2.1.1Recommender Systems 

It has become increasingly difficult to search for useful information on the Web because the amount of 

information on the Web continues to grow. Therefore, we get the feeling of being overwhelmed by the 

number of choices. This situation is often referred to as ―information overload.‖ As one of the most 

promising approaches to alleviate this overload, recommender systems have emerged in domains such as 

E-commerce, digital libraries, and knowledge management. These systems provide personalized 

suggestions based on user preferences. Recommender systems collect user feedback in the form of ratings 

for items in a given domain and exploit similarities and differences among profiles of several users in 

determining how to recommend an item. There are two prevalent approaches to constructing 

recommender systems – collaborative filtering-based and content-based recommendation. 

2.1.2 Personalized Web Sites 

 Link topology and the structure and contents of Web pages are often used in the construction of a 

personalized Web site. In this section, we review the framework of these systems with regard to 

―Link Personalization,‖ and ―Content Personalization.‖  Link Personalization This scheme 

involves selecting the links that are more relevant to the user and changing the original 

navigation space by reducing or improving the relationships between Web pages. E-commerce 

applications use link personalization to recommend items based on the buying history of clients 

or some categorization of clients based on ratings and opinions. Users who give similar ratings to 

similar objects are presumed to have similar preferences, so when a user seeks recommendations 

about a certain product, the site suggests those recommendations that are most popular for 

his/her class or those that best correlate with the given product for that class. At the E-commerce 

site for Amazon.com2, this approach has been taken to an extreme by constructing a ―New for 

you‖ home page and presenting it to each user, with new products that the user may be interested 

in. Additionally, Amazon.com uses implicit recommendations via purchase history and/or 

explicit recommendations via ―rate it‖ features to generate recommendations of products to 

purchase. In a recent study, Sundials and Schaefer proposed a system that automatically adapts 

links in the browsed pages based on their relevance to the weighted topics specified by sliders 

that users can manipulate. 
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2.2Content Personalization 

 In general, content personalization is done when pages present different information to 

different users. The difference between this and ―Link Personalization‖ described in is subtle 

because part of the contents (i.e., the link anchors) presents different information when links are 

personalized. However, content personalization is referred to when substantial information in a 

Web page is personalized, unlike link anchors. For example, Bharat et al. presented ―Krakatoa 

Chronicle‖, an interactive personalized newspaper on the WWW that allows for interactive 

personalization, browsing and layout control. Moreover, My Yahoo!3 or My Netscape4 filters 

the information that is relevant to the user, showing only sections and details in which the user 

may be interested. The user may explicitly indicate his/her preferences, or preferences may be 

inferred (semi-) automatically from his/her profile or from his/her navigation activity. At these 

sites, users choose a set of ―modules‖ from a large set including weather, news, and music and so 

on, and further personalize these modules by choosing a set of attributes of the module to be 

perceived. The approach followed in these applications is that the users should be able to 

―construct‖ their own pages and even the layout may be customized. 

 

3. PURSUIT OF PERSONALIZATION 

For a Web search engine to incorporate information about a user a user profile must either be 

communicated to the server where the Web corpus resides or information about the results must 

bedownloaded to the client machine where a user profile is stored. We have focused on the latter 

case, on re-ranking the top search Results locally, for several reasons. For one, such a 

methodology ensures privacy; users may be uncomfortable withhaving personal information 

broadcast across the Internet to a search engine, or other uncertain destinations. Second, in the 

re-ranking paradigm, it is feasible to include computationally-intensive procedures because we 

only work on a relatively small set of documents atAny time. Third, re-ranking methods facilitate 

straightforward evaluation. To explore re-ranking, we need only collect ratings for the top-k 

returned documents, instead of undertaking the infeasible task of collecting evaluations for all 

documents on theWeb. Within the re-ranking framework, we also examined lightweight user 

models that could be collected on the server sideor sent to the server as query expansions. 

3.1 User Representation 

To represent a user we employed a rich index of personal content that captured a user’s interests 

and computational activities. Such a representation could be obtained from a desktop index such 

as that described in Stuff I’ve Seen or available in desktopindices such as Copernic, Google 

Desktop Search, Mac Tiger, Windows Desktop Search, Yahoo! Desktop Search or X1. The 

System we used indexed all of the information created, copied, or viewed by a user. Indexed 

content includes Web pages that the user viewed, email messages that were viewed or sent, 

calendar items, and documents stored on the client machine. All of this information can be used 
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to create a rich but unstructured profile of the user. The most straightforward way to use this 

index is to treat every document in it as a source of evidence about the user’s interests, 

independent of the query. Thus, R is the number of documents in the index, and riis the number 

of documents in the nindex that contain term i. As in the case of the corpus 

representation, the user profile can also be query focused, with R representing instead the number 

of documents in the user’s index 

that match the user’s query, and ri, the subset that also contains term i. 

 

3.2 Corpus Representation 

 
Because the domain of our algorithms is Web search, the corpus is the Web. The parameter N 

represents the number of documents on the Web, and ni, the number of documents on the Web 

that contain term i. A disadvantage of performing personalization on the client is that the client 

does not have direct access to details of the Web corpus. As a proxy for a Web index, we used 

the number of results reported by the Web search engine. To obtain estimates 

for ni, we probed the Web by issuing one word queries. To obtain an estimate for N, we used the 

most frequent word in English, 

―the‖, as the query. The query issued by the user can be used to focus the corpusrepresentation. 

Corpus statistics can either be gathered from all of the documents on the Web, or from only the 

subset of documents 

that is relevant to the query (which we will refer to as a query focus). For example, if the query is 

―IR‖, a query-focused corpus 

consists only of documents that contain the term ―IR‖. Thus, N, instead of being equal to the 

number of documents on the Web, isthe number of documents that contain the term ―IR‖. 

Similarly, ni represents the number of documents that contain both term i AND―IR‖, instead of 

just the documents that contain term i. When thecorpus representation is limited to a query focus, 

the userrepresentation (which we describe below) is correspondinglyquery focused. 

In practice, it is impractical to require the personalized search system to issue a query for each 

term it needs statistics for.Consequently, we also looked at approximating the corpus using 

statistics derived from the result set. We collected the corpus statistics either from the full text of 

every document in the result set, or from the title and snippet of each result. Using the full text of 

returned documents requires additional downloads, but using only the title and snippet does not 

require any additional information and is quite efficient. Collecting the corpus statistics in this 

way generates a query-skewed view of the results, but the approach serves to discriminate the 

user from the general population on the topic of the query. 

 

4 Alternative Representations 

 
The many different combinations of corpus, user, and documentrepresentations we explored 

resulted in a complex experimental 

design. For ease of presentation, we first summarize one-way effects in which we hold all but 

one variable constant, and explore the effects of varying that variable (e.g., User Representation 

– No model, Queries, Web pages, recent index, Full index). This approach does not examine 

interaction effects, so at the end of this section we also summarize findings from the best 

combination of variables. 



IJRIT International Journal Of Research In Information Technology, Volume 3, Issue 12, December 2015, Pg. 26-31 

K.Durga Bhavani, IJRIT-31 
 

 The one-way sensitivity analysis showed that a rich representation of both the user and 

the corpus was important. The more data used to represent the user (UserRepresentation the 

better. Performance with the user’s entire desktop index was best (Full Index), followed by 

representations based on subsets of the index (Recently indexed content, and Web pages only). 

Using only the user’s query history (Query) or no user-specific 

 

CONCLUSIONS 
In this paper, we try to investigate whether personalization is consistently effective under 

different situations. We develop a evaluation framework based on query logs to enable large-

scale evaluation of personalized search. Finally, we should further study a general retrieval 

framework for sequential decision making in interactive information retrieval and study how to 

optimize some of the parameters in the context-sensitive retrieval models. Our 

experimentalresults revealed that UPS could achieve quality search results while preserving 

user’s customized privacy requirements. The results also confirmed the effectiveness and 

efficiency of our solution.. 
 

 The profile-based personalized search strategies proposed in this paper are not as stable 

as the click-based ones. They could improve the search accuracy on some queries, but they also 

harm many queries. Since these strategies are far from optimal, we will continue our work to 

improve them in future. We also find for profile-based methods, both long-term and short-term 

contexts are important in improving search performance. The appropriate combination of them 

can be more reliable than solely using either of them. 
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