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Abstract 

 
In this paper we proposed a web based searching techniques. The World Wide Web has become a new communication medium 
with Web information access. This incorporates with informational, cultural, social and evidential values to be specific. Present 
search engines generally handle search queries or keywords without considering user preferences or contexts in which users 
submit their queries. At times, user also fails to use proper keywords that represent their information need accurately. Ambiguous 
keywords, different needs of users at different times, and the limited ability of user to precisely express what they need have been 
widely recognized as one of the challenging obstacle in improving search results. Web based applications are at full stretch in 
today world. For a small piece of info we can easily find it on web with the help of search engine to us on web. Arrangements of 
the travel oriented phenomena, financial management, online purchases respectively we are dependent on web. To properly guide 
the users for their information quests on the web, search engines keep track of their queries and clicks while searching online. In 
this paper we are proposing a dynamic clustering algorithm will help us to group related queries together in such a way that the 
user can have faster access to their required links and the computational time is lesser. 
Keywords: user search histories, web search, searching histories, 3 dimensional searches, web browsing history, Search 
engine, web search, web results, search queries. 
 

1. INTRODUCTION 
The World Wide Web has become a new communication medium with Web information access. This incorporates with 

informational, cultural, social and evidential values to be specific. With the existence of various  Search Engines e.g. 
Google, Yahoo and many more, the users are tend to use them for retrieving their desired Web pages and their 
information. Although today’s search engines can meet a general request, they cannot distinguish different users’ specific 
needs. search engines like Google and Yahoo! These search engines also provide a very user friendly, yet simple user 
interfaces to pose search queries simply in terms of keywords, though the simple and user friendliness feature of a search 
engine fails at times to satisfy an individual’s information goal. It has observed that the difficulty in finding only those 
which satisfy an individual’s information goal increases with the keyword which has different meaning at different 
context. As the working of any search engine primarily based on the matching of the keywords to the desired documents 
to determine which Web pages will be returned given a search query. So, there are main two limitations of Keyword-
based search queries. First, there are some keywords, which have different meanings in different context and hence the 
ambiguity of user need to be resolved as to get proper and relevant information over the Internet. The search engines 
currently available and used by the users generally handle search queries without considering user preferences or contexts 
in which users submit their queries. Another limitation is to choose proper and relevant search terms which express the 
user’s need the best in the given context. Ambiguous keywords used in Web queries, the diverse needs of users, and the 
limited ability of users to precisely express what they want to search in a few keywords have been widely recognized as a 
challenging obstacle in improving search quality. One of the popular approaches in recent data engineering field is 
encoding human search experiences and personalizing the search results using ranking optimization. This approach 
enhances the quality of information retrieval i.e. the quality of the search results of Web Search. The search results 
provided by the present search engines are primarily based on the matching of the keywords and hence another approach 
as result re-ranking can be seen for the refinement and quality improvement of the same well. Techniques implemented 
by these commercial search engines are usually confidential and not revealed to anyone, whereas many academic 
researchers have showed large amount of interest in the study of the process of query suggestion. 

 
 

Harmonizing User Search Data with 
Efficient Query Clustering 

  
SHRAVANI JAYANTHY1, P. SRINIVASA RAO2 

 
1 Pursuing M.tech , Department of Computer Science & Systems Engineering,  

College of Engineering, Andhra University.  
 

2 Head of the department, Department of Computer Science & Systems Engg, College Of Engineering,  
Andhra University, Visakhapatnam  

 



International Journal of Application or Innovation in Engineering & Management (IJAIEM) 
Web Site: www.ijaiem.org Email: editor@ijaiem.org, editorijaiem@gmail.com  

Volume 2, Issue 11, November 2013   ISSN 2319 - 4847 
 

Volume 2, Issue 11, November 2013 Page 458 
 

2. RELATED WORK 
The study of the log of a popular search engine reported that most search queries are about two terms per query. 
Therefore, the difficulty is that since Web users typically submit very short queries to search engines, the very small term 
overlap between queries cannot accurately estimate their relatedness. Given this problem, the technique to find 
semantically related queries (though probably dissimilar in their terms) is becoming an increasingly important research  
topic that attracts considerable attention. After the survey and research, it has been found that the need of having a search 
engine procedure or any searching technique which gives more refined and accurate search results in any of the user 
defined context. As the various search engines currently present in the market may or may not give the relevant or related 
search results. So to fill the gap between the output of a search engine from related search results to more related and 
relevant search results, a technique is required. With the previous work and researches, the goal is to propose a technique 
or a procedure of learning the behavior of a user surfing the net over a period of time and to refine the search results 
using the same click-through data In the context of personalized search, one of the main component is learning user’s 
interest and their preferences. Many schemes for building and learning user profiles includes several schemes to figure 
user preferences from text documents. But the observation says that modeling user profiles or learning from text 
documents shows some amount of error which generally doesn’t consider the term correlations. Hence, a kind of a simple 
scheme is a taxonomic hierarchy, particularly generated as a tree structure, which also overcomes the drawbacks of 
learning from text documents, also called as the bag of words  
 
A. FINDING RELATED KEYWORD 
The techniques to find semantically related queries is becoming an increasingly important research topic that attracts  considerable 
attention. Existing techniques differ from one another in terms of how to improve the naive query term based suggestion which 
simple thinks that two Web queries are related if they share common terms. On the Web, recent studies are interested in using 
Web logs as an additional source to enrich short Web queries. There are two kinds of feature spaces commonly used in the 
literature, i.e., content-sensitive and content-ignorant features. Beeferman et al. [5] used single-linkage clustering to cluster related 
queries based on the common clicked URLs two queries share, a content-ignorant feature space. Wen et al. [13] further proposed 
three kinds of features to compute query to query relatedness: 1) based on terms of the query, 2) based on common clicked URLs, 
and 3) based on the distance of the clicked Web pages in a predefined hierarchy. The terms in a short Web query would not give 
reliable information, while the limitation of URL feature space is that two Web pages with different URLs may be semantically 
related in contents. The third features in [13] needs a concept taxonomy and requires Web pages to be classified into the taxonomy 
as well. Such taxonomy is not generally available. Baeza-Yates et al. [1, 2] find related queries based on the content of clicked 
Web pages using click frequency as a weighting scheme. Their experiments show that using the content information of a Web 
page (e.g., nouns) is a more accurate query enrichment way to measure query similarity than using the URL of a Web page. 
 
B. QUERY-URL CONTEXT 
The content-based feature space, e.g., terms of a Web page, however, is not applicable, at least in principle, in settings including: 
non-text pages like multimedia (image) files, Usenet archives, sites with registration requirement, and dynamic pages returned in 
response to a submitted query and so forth. It is crucial to improve the quality of the URL (content-ignorant) feature space since it 
is generally available in all types of Web pages. The query-URL relationship can be represented by a bipartite graph. Finding 
biclique is a natural way of collecting the most related queries and URLs. A well-known problem related to biclique is the 
maximum clique, which is one of the most widely studied NP-complete problems in the literature [10]. Graph partitioning is an 
alternative for grouping which is done by cutting the set of vertices into disjoint sets. Beeferman et al. [1, 5] viewed the click-
through data as a bipartite graph, and utilized an iterative, agglomerative clustering algorithm to the vertices of the graph for 
clustering queries and URLs, respectively. However, the selected queries may not be the best query suggestion, as the frequency is 
not always the best descriptor of relatedness because it does not discern the individual targeted queries. In addition, an alternative 
representation for query-URL data can be given by a contingency matrix whose rows correspond to queries and columns to URLs. 
This matrix is sparse, since the majority of queries retrieve only a small number of URLs. The elements of the matrix can be set as 
binary or weighted according to a measure (e.g., each entry is the probability of choosing same query and same URL). 
 
C. QUERY CLUSTERING 
Query clustering also helps find related Web queries, which appears to be less explored than clustering. Web pages or documents 
[1, 2, 5, 13]. Went et al. [1, 13] proposed to cluster similar queries to recommend URLs to frequently asked queries of a search 
engine. They combined similarities based on query contents and user clicks, and regarded user clicks as an implicit relevance 
feedback but not the top ranked Web pages. The distilled search-related navigation information from proxy logs to cluster queries. 
The data they relied on differed from those used in the above other studies. In addition, there are three URL-based similarity 
measures analytically and empirically to provide better understanding of the propagation of similarity from query to query by 
inducing an implicit topical relatedness between queries. 
 
QUERY LOG  
As user performs the search procedure over a period of time, a query log  is been generated and contains very important 
features. A query log contains a wealth of valuable knowledge about how web users interact with search engines as well 
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as information about the interests and the preferences of those users. Extracting behavioral patterns from query log [8] is 
a key step towards improving the service provided by search engines and towards developing innovative web search 
paradigms.  
 
QUERY GROUP AND DYNAMIC QUERY GROUP  
A query group is an ordered list of queries, qi, together with the corresponding set of clicked URLs, clki of qi. Each query 
group corresponds to an atomic information need that may require a small number of queries and clicks related to the 
same search goal. The process of identifying the query group is to first consider every query as a singleton query group, 
and then merge these singleton query groups in a iterative manner (in a k-means or algometric way. 
 
QUERY CLUSTERING ALGORITHM  
Another question involved is the clustering algorithm proper. There are many clustering algorithms available to us. The 
main characteristics that guide our choice are the following ones:  

 The algorithm should not require manual setting of the resulting form of the clusters, e.g. the number of clusters. 
It is unreasonable to determine these parameters manually in advance. 

 Since we only want to find FAQs, the algorithm should filter out those queries with low frequencies. 

 Since query logs usually are very large, the algorithm should be capable of handling a large data set within 
reasonable time and space constraints. 

 Due to the fact that the log data changes daily, the algorithm should be incremental. 

The density-based clustering method DBSCAN and its incremental version Incremental DBSCAN do satisfy the above 
requirements. DBSCAN does not require the number of clusters as an input parameter. According to the density-based 
definition, a cluster consists of the minimum number of points MinPts (to eliminate very small clusters as noise) and for 
every point in the cluster, there exists another point in the same cluster whose distance is less than the distance threshold 
Eps (points are densely located). The algorithm makes use of a spatial indexing structure (R*-tree) to locate points within 
the Eps distance from the core points of the clusters. All clusters consisting of less than the minimum number of points 
are considered as “noise” and are discarded. The average time complexity of the DBSCAN algorithm is O(n*logn). 
During our experiments, DBSCAN outperformed CLARANS by a factor of between 250 and 1900, which increases with 
the size of the database. In our experiments, it only requires 3 minutes to deal with one-day user logs of 150,000 queries. 
Incremental DBSCAN is an incremental clustering algorithm, which can perform cluster updates on databases 
incrementally. Due to the density-based nature of DBSCAN, the insertion or deletion of an object affects the current 
clustering only in the neighborhood of this object. Thus, efficient algorithms can be provided for incremental insertions 
and deletions within an existing cluster. In addition, based on the formal definition of clusters, it can be proven that the 
incremental algorithm yields the same results as DBSCAN. The performance evaluation of Incremental DBSCAN 
demonstrates its efficiency compared with the basic DBSCAN algorithm.  

We adopted DBSCAN and Incremental DBSCAN as the core algorithms to construct a comprehensive query clustering 
tool. This clustering tool is organized as shown in Figure 1.  

 

(a) Figure 1: Flow chart of the clustering process 



International Journal of Application or Innovation in Engineering & Management (IJAIEM) 
Web Site: www.ijaiem.org Email: editor@ijaiem.org, editorijaiem@gmail.com  

Volume 2, Issue 11, November 2013   ISSN 2319 - 4847 
 

Volume 2, Issue 11, November 2013 Page 460 
 

One of the key problems is the choice of similarity function. In the remainder of the paper, we will focus on the 
calculation of similarity. Many studies have been carried out on this topic in the past. We will review some of them in the 
next section.  
RELATED WORK ON SIMILARITY CALCULATIONS 
The document clustering problem has been studied for a long time in IR. Traditional approaches use keywords extracted 
from documents. If two documents share some keywords, then they are thought to be similar to some extent. The more 
they share common keywords, and the more these common keywords are important, the higher their similarity is. This 
same approach may also apply to query clustering, as a query may also be represented as a set of keywords in the same 
way as a document. However, it is well known that clustering using keywords has some drawbacks, due mainly to the fact 
that keywords and meanings do not strictly correspond. The same keyword does not always represent the same 
information need (e.g. the word "table" may refer to a concept in data structure or to a piece of furniture); and different 
keywords may refer to the same concept. Therefore, the calculated similarity between two semantically similar queries 
may be small, while two semantically unrelated queries may be considered similar. This is particularly the case when 
queries are short. In addition, in traditional IR methods, words such as "where" and "who" are treated as stopwords but 
are kept as keywords. For queries, however, these words encode important information about the user's need, particularly 
in the new-generation search engines such as AskJeeves. For example, with a "who"-question, the user intends to find 
information about a person.  

Special attention is paid to such words in Query Answering (QA), where they are used as prominent indicators of 
question type. The whole question is represented as a template in accordance with the question type. The building of 
templates is crucial. In fact, one has to predefine a set of possible template forms for a given application. During question 
evaluation, the question template may be expanded using a thesaurus (e.g. Wordnet) or morphological transformations. In 
our case, only a small portion of the queries are well-formed natural language questions. Most of queries are simply short 
phrases or keywords (e.g. "population of U.S."). The approach used in QA is therefore not completely applicable to our 
case. However, if words denoting a question type do appear in a complete question, these words should be taken into 
account.  

Apart from document and query clustering based on keywords, there is still another group of approaches, which uses 
user's relevance feedback as an indication of similarity. The principle is as follows: if two documents are judged relevant 
to the same query, then there is reason to believe that these documents talk about some common topic, and therefore can 
be included in the same cluster. This approach to document clustering may solve some of the problems in using keywords, 
due to the implication of user judgments. However, in a traditional IR environment, the amount of relevance feedback 
information is too limited to allow for a reasonable coverage of documents. The situation in our case makes this approach 
feasible. In the Web environment, we have abundant queries and user clicks. As we mentioned previously, user clicks 
represent implicit relevance feedback. Although they are not as accurate as explicit relevance feedback and may even be 
erroneous, they do represent the fact the selected documents are thought of as being related to the query by the user. This 
forms the basis of our second clustering principle, which clearly distinguishes the current work from previous studies.  
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Figure (a)               Figure (b) 

 
Figure (c)                   Figure (d) 
 

SIMILARITY FUNCTIONS 
In this section, we will describe the similarity functions we use for our task.  

SIMILARITY BASED ON QUERY CONTENTS 
There are different ways to represent query contents: keywords, words in their order, and phrases. They provide different 
measures of similarity, each with its own useful information.  

SIMILARITY BASED ON KEYWORDS OR PHRASES 
This measure directly comes from IR studies. Keywords are the words, except for function words included in a stop-list. 
All the keywords are stemmed using the Porter algorithm. The keyword-based similarity function is defined as follows:  

 

where kn(.) is the number of keywords in a query, KN(p, q) is the number of common keywords in two queries.  

If query terms are weighted, the following modified formula can be used instead:  

 

where w(ki(p)) is the weight of the i-th common keyword in query p and kn(.) becomes the sum of weights of the 
keywords in a query. In our case, we use tf*idf for keyword weighting.  

The above measures can be easily extended to phrases. Phrases are a more precise representation of meaning than single 
words. Therefore, if we can identify phrases in queries, we can obtain a more accurate calculation of query similarity. For 
example, the two queries “history of China” and “history of the United States” are very close queries (both asking about 
the history of a country). Their similarity is 0.33 on the basis of keywords. If we can recognize “the United States” as a 
phrase and take it as a single term, the similarity between these two queries is increased to 0.5. The calculation of phrase-
based similarity is similar to formulas (1) and (2). We only need to recognize phrases in a query. There are two main 
methods for doing this. One is by using a noun phrase recognizer based on some syntactic rules. Another way is to use a 
phrase dictionary. In Encarta, there is such a dictionary. It contains a great number of phrases and proper nouns that 
appear in Encarta documents. This dictionary provides us with a simple way to recognize phrases in queries. However, it 
may not be complete. In the future, it will be supplemented by an automatic phrase recognizer based on a syntactic and 
statistical analysis.  

SIMILARITY BASED ON STRING MATCHING 
This measure uses all the words in the queries for similarity estimation, even the stopwords. Comparison between queries 
becomes an inexact string-matching problem as formulated by Gusfield. Similarity may be determined by the edit 
distance, which is a measure based on the number of edit operations (insertion, deletion, etc.) necessary to unify two 
strings (queries). The similarity is inversely proportional to edit distance:  
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The advantage of this measure is that it takes into account the word order, as well as words that denote query types such 
as "who" and "what" if they appear in a query. This method is more flexible than those used in QA systems, which rely on 
special recognition mechanisms for different types of questions. It is therefore more suitable to our situation.  

In our preliminary experiments, we found that this measure is very useful for long and complete questions in natural 
language. Below are some queries that are grouped into one cluster:  

 Query 1: Where does silk come? 

 Query 2: Where does lead come from? 

 Query 3: Where does dew comes from? 

This cluster contains questions of the form “Where does X come from?”.  

In the similarity calculations described above, we can further incorporate a dictionary of synonyms. Following Wordnet, 
we call a set of synonyms a synset. If two words/terms are in the same synset, their similarity is set at a predetermined 
value (0.8 in our current implementation). It is easy to incorporate this similarity between synonyms into the calculation 
of query similarity.  

SIMILARITY BASED ON USER FEEDBACK 
Let D(qi) be the set of documents the system presents to the user as search results. The document set D_C(.)users clicked 
on for queries qi and qj may be seen as follows:  

 

 

Similarity based on user clicks follows the following principle: 

If  then documents d_cij1 , d_cij2 , … , d_cijtrepresent the 
common topics of queries qi and qj. Therefore, a similarity between queries qi and qj is determined 

by   

There are two ways to consider Encarta documents: in isolation, or in terms of each document placed in its hierarchy 
(because of the hierarchical organization of documents in Encarta 

.  

SIMILARITY THROUGH DOCUMENT HIERARCHY 
Documents in Encarta are not isolated; they are organized into a hierarchy that corresponds to a concept space. The 
hierarchy contains 4 levels. The first level is the root. The second level contains 9 categories, such as “physical science & 
technology”, “life science”, “geography”, etc. These categories are divided into 93 subcategories. The last level (the leaf 
nodes) is made up of tens of thousands of documents. This concept hierarchy allows us extend the previous calculation by 
considering a conceptual distance between documents. This distance is determined as follows: the lower the common 
parent node two documents have, the shorter the conceptual distance between the two documents. Let F(di, dj) denote the 
lowest common parent node for documents di and dj, L(x) the level of node x, L_Total the total levels in the hierarchy (i.e. 
4 for Encarta). The conceptual similarity between two documents is defined as follows:  

 

In particular, s(di, di) = 1; and s(di, dj) = 0 if F(di, dj) = root.  
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Now let us incorporate this document similarity measure into the calculation of query similarity. Let  

and  be the clicked documents for queries p and q respectively, and rd(p) and rd(q) the number of 
document clicks for each query. The concept-based similarity is defined as follows:  

 

Using formula (6), the following two queries are recognized as being similar:  

Query 1: <query text> image processing  

                <relevant documents> ID: 761558022 Title: Computer Graphics  

Query 2: <query text> image rendering  

                <relevant documents> ID: 761568805 Title: Computer Animation 

Both documents have a common parent node “Computer Science & Electronics”. According to formula (5), the similarity 
between the two documents is 0.66. If these were the only two documents selected for the two queries, then the similarity 
between the queries is also 0.66 according to formula (6). In contrast, their similarity based on formula (4) using common 
clicks is 0. Hence, we see that this new similarity function can recognize a wider range of similar queries. 
 
Conclusion 
The use of Internet in the recent years is growing rapidly which makes the need of a technique which can give accurate 
and relevant results to the user. Although there are several search engines currently present, it has been observed that they 
fails to capture user’s preference and behavior and hence the search results may or may not be related with the context of 
the user. In this paper, hence we proposed a possible technique which can give users an experience of personalized web 
search and ultimately users can get what they want in a crisp manner in shorter time and fewer clicks as well. In future, 
the concept of query keyword suggestion can be added and with the feature of query formulation and query expansion, 
which helps the user at those times when users are not sure about the search query terms. In this paper, we have suggested 
exploiting user log information (or user document clicks) as a supplement. A new clustering principle is proposed: if two 
queries give rise to the same document clicks, they are similar. Our initial analysis of the clustering results suggests that 
this clustering strategy can effectively group similar queries together. It does provide an effective assistance for human 
editors in discovery.  
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