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ABSTRACT 

Semantic Web is defined as a structured collection of information, 
which specifies the rules of inferences required to derive a 
specific piece of information from it. Data in semantic web is 
organized in a structured manner, and the relationships clearly 
defined amongst them. The potency of semantic web lies in is its 
capacity to comprehend the meaning of the given data, and 
connect it with other available pieces of information, to produce a 
new set of tangible knowledge. The algorithm developed in the 
paper takes advantage of this property of semantic web, and 
generates clusters of data based on the semantic metadata present 
in them. A system has been proposed to analyze the observations 
of algorithm implementation. The system is studied alongside an 
existing semantic web search engine, to assess the quality of its 
search results. 

Categories and Subject Descriptors 
H.3.3 [Information Storage and Retrieval]: Information Search 
and Retrieval – Search process, Retrieval Models 

General Terms 
Algorithms, Performance, Design, Experimentation, Theory, 
Verification. 

Keywords 
Clustering, Semantic web, mining, vector space, information 
retrieval, document vector, ontological domains 

1. INTRODUCTION 
Conventional retrieval models place greater emphasis on the 
keywords present in the document than the semantic meaning of 
entire data [13]. They read the documents, index the data present 
in them, and cluster them according to the keywords present in 
them. Standard clustering algorithms include hierarchical 
clustering, centroid-based clustering and density-based clustering. 
In most cases, clustering calculates the proximities between the 
documents by taking into account the common keywords in them. 
This often leads to ambiguity since the keywords translate to 
different meanings corresponding to the context in which they are 
used. In the algorithm proposed in this paper, clustering is 

performed according to similarities in meaning of the content. 
Initially document vectors are constructed using the standard 
vector space model. Vector space model was originally proposed 
by Gerard Salton, A Wong and C.S. Yang [2].It is a simple as well 
as an efficient model to index data. In vector space model, the 
documents are represented as vectors. The relevance weight of the 
keywords present in them is calculated using the tf-idf (term-
frequency inverse document frequency) method. 
The weight of any keyword with respect to a document is given 
by: 

W (t,d)= t-f * log(n/t(n)) 

Here, t-f is the term frequency, n is total number of documents 
and t (n) is number of documents in which the term appears.  

The vector space model is effective in offering search results on 
keyword basis, but fails to take into account the semantic nature 
of the data. This often leads to ‘false positives’ or ‘false 
negatives’. This limitation can be handled by creation of 
ontological domain vectors, which is explained in the subsequent 
section. The ontological domain vector comprises of semantic 
information related to a single document. Clusters of documents 
can be prepared by determining vectors with least distances. In the 
IR process developed here, user is offered a choice to drill down 
on his preferred search result. This drill down evaluates the 
closest documents (semantically) to the selected result, and offers 
next set of results accordingly. One advantage of such drill down 
is user can narrow down his search to his topic of interest without 
specifying the topic of interest beforehand. 

This paper initially outlines research advances in the domain of 
ontological based clustering and ranking algorithms. It then 
proceeds to describe the design rationale behind the new system 
and its specifications. Finally, sIRch, the developed system is 
tested against user queries and its performance is evaluated 
alongside an existing semantic web search engine. The paper 
concludes by noting the advantages of the approach used and 
stating its scope of improvement. 

2. LITERATURE REVIEW 
Researchers have carried out substantial amount of work in 
proving that clustering is greatly improved by taking ontology 
into consideration. Hotho et al [3] described the improvements in 
text based clustering method by mapping the terms in the 
document to a set of concepts. William De Luca et al [4] used the 
WordNet ontology to classify the documents into different ‘Sense 
Folders’, proving that ontological classification provided better 
results. The method provides disambiguation information of a 
query with respect to documents of a result set. Aussenac-Gilles [5] 
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also developed an algorithm which performed search within a 
context. The search results were from a hierarchical set of 
concepts extracted from ontology. Controlled vocabulary was 
used here, and documents were clustered according to the 
information space defined by the users. This type of clustering 
would be effective for specialized needs, as the information space 
needs to be defined before clustering. Zhanget al[6]showed that 
‘re-weighting’ the words in a vector to find semantically similar 
core words yields better results on PubMed document sets. 
Exploiting the semantic metadata has always shown to generate 
better clusters, with documents of similar meaning grouped 
together. A need was felt by us to develop an algorithm which 
would work on any data set and offer search results through 
semantic analysis. Also, the search results should be accurate and 
fast enough for practical purpose. The work carried out by us is 
primarily focused on creation on ontological vectors for each 
document, which represent the concepts and social contexts 
extracted from the document. Clustering is as a result of 
calculations upon these vectors. A system has been proposed 
which implements the developed algorithm to generate efficient 
search results. The principles of the system can be applied to any 
information retrieval systems without modifications.  
 

3. PROBLEM DESCRIPTION 
A system is to be designed which clusters data based on semantic 
analysis and ranks them accordingly. The algorithm developed 
should work with any kind of data set and provide swift search 
results. Primary aim in developing the system is to offer 
semantically relevant results. In this paper, an effort is made to 
develop a system which would offer high quality semantically 
relevant search results. The developed algorithm is implemented 
on top of vector space model. 
 

4. PROPOSED SYSTEM 
4.1 Requirements 
A system which would offer semantically relevant results by 
clustering the documents on the basis of ontological information 
present in them. The response time of the system should be small 
enough for practical use and it should not restrict itself to result 
set of any particular domain. Foremost step in satisfying this 
requirement is creation of ontological domain vectors of each 
document. 

4.1.1 Generic domain vector equation 
Ontological domain vector constitutes the main part of the 
clustering process in our algorithm. For each document, a vector 
describing its metadata is constructed. Semantic metadata 
extraction from a piece of data yields the following information: 

1. Ontological Domain Information 
2. Social Contexts/Topics present in the document 

The ontological domain information highlights the broad domains 
in which the document falls. Social contexts or topics are the 
numerous subjects which are covered in the document. 

A Web-service (OpenCalais) [7] is used to extract the semantic 
metadata from a document. Document ontology domain vector is 
constructed on the basis of this data. 

For example, a document containing an article of networking 
device ‘router’ contains the following semantic metadata, as 
shown in Table 1:  

 

Table 1. Semantic information extracted from a document 
containing data about ‘router’ 

Type Term 

Domain Technology Internet 

Topic Computing 

 

Topic Network architecture 

 

Topic Computer networking 

Topic Open Shortest Path First 

 

Topic Routing table 

Topic Server appliance 

 

Topic Router 

 

Topic Networking hardware 

 

Topic Internet protocols 

 

 

The domain ‘Technology Internet’ summarizes the entire meaning 
of the document under its domain. Different topics which are 
covered in the document can be condensed into terms such as 
‘Networking hardware’, ‘Internet Protocol’. 

The vector of any document could be generically specified as: 

1 = (a. 1 + b. 2 +…. + n. ) + (p. 1 + q. 2 + … + z. 3) 

       =  +  

Where 1, 2,  are ontological domains and a, b, c are the 
weights associated with them. 1, 2,  are the topics, and p, q, t 
their respective weights. and  are generic vectors representing 
the ontological domain and topic of the document. For example, 
according to the semantic information extracted, the ontological 
domain vector for a file containing content about ‘Cisco’ would 
be – 

1 = (a. 1 + b. 2) + (p. 1 + q. 2 + r. 3 + s. 4 + u. 5 + v. 6 ) 

Where 1 is domain ‘Technology Internet’, 2 is domain 
‘Business Finance’, 1 is topic ‘Computer Networking’ and so on. 

The proximity or nearness between any two documents can be 
calculated by taking the dot product of two documents’ vectors: 

1. 2 

Two different types of vector constitute any single document’s 
vector (domain and topic); the dot product would also yield two 
types of numeric values: 

 a.  + b.  

An ontological domain would be a highly generalized term which 
would have many topics under it. Since the ontological domain is 
superset of the topics in the above vectors, the  in the result is 
given precedence over the . A dot product with high value of the 
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