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Abstract 

The World Wide Web, the largest shared 

information source is growing exponentially and the 

amount of business news on the web is overwhelming 

and need to be handled properly. As such, grouping the 

web document into cluster for speedy information 

retrieved becomes imperative. Clustering technique 

organizes a large quantity of unordered text documents 

into a small number of meaningful and coherent 

clusters, thereby providing a basis for intuitive and 

informative navigation and browsing mechanisms. The 

quality of clustering result depends greatly on the 

representation of documents and the clustering 

algorithm. In traditional document representation 

methods, the frequency count of the document terms is 

used for the feature vector representing the documents. 

But traditional document representation methods 

cannot identify related terms semantically.  Documents 

written in human language contain contexts and the 

words used to describe these contexts are generally 

semantically related. Motivated by this fact, domain 

ontology is developed to promote the enrichment of 

semantic representation of terms. Then, Particle Swarm 

Optimization (PSO) clustering algorithm is used to 

cluster the web documents efficiently. The paper 

constitutes the comparative results of using PSO 

algorithm only and PSO algorithm with Ontology for 

clustering web documents. According to the analytical 

results, the representation of terms by using Ontology 

is significantly efficient and the implementation of PSO 

algorithm achieves better performance in intra cluster 

and inters cluster similarity.   

Keywords: document clustering, representations, PSO, 

Ontology, inter cluster, intra cluster. 

1. Introduction 

Data mining is the process of extracting the 

implicit, previously unknown and potentially useful 

information from data [13]. That information can be 

used to decrease search time and cuts costs. With the 

ever increasing volume of information, fast and high-

quality document clustering algorithms play an 

important role to efficiently navigate, summarize 

and organize the information. Web text feature 

extraction and clustering are the main challenging 

tasks in web data mining, which requires an 

efficient clustering technique. 

Clustering in general is an important and 

useful technique that automatically organizes a 

collection with substantial number of data objects 

into a much smaller number of coherent groups [1]. 

Clustering algorithms define a similarity metric that 

determines the distance from a document to a point 

that represents a cluster. The notion of a "cluster" 

varies between algorithms and is one of the many 

decisions to take when choosing the appropriate 

algorithm for a particular problem [3].  

Clustering has been investigated to use in a 

number of different areas of text mining, document 

organization, data analysis and information 

retrieval. Document clustering can be defined as 

grouping text documents within a cluster have 

similar concepts. The representation of documents 

should be as compact as possible in order to allow 

efficient processing of large documents collections, 

yet it should contain all of the relevant information 

[17]. Vector Space Model is a widely used method 

for document representation in information 

retrieval. In this model, each document is 

represented by a feature vector. The unique terms 

occurring in the whole document collection are 

identified as the attributes (or features) of feature 

vector. There are some common used term 

weighting methods such as binary method, tf (term 

frequency) method, and tf-idf (term frequency-

inverse document frequency) method etc. in the 

vector space model. The “bag of words” feature 

representation is not able to reflect the semantic 

content of a document because of the synonym 

problem and polysemy problem [20]. 

PSO is a bio-inspired swarm intelligence 

algorithm introduced by Kennedy and Eberhart in 

1995 as a population-based stochastic search and 

optimization process [5]. It is originated from the 

computer simulation of the individuals (particles or 

living organisms) in a bird flock or fish school, 
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which basically show a natural behavior when they 

search for some target (e.g., food) [7]. To converge to 

the global optima of some multidimensional and 

possibly nonlinear function or system is the main goal 

of PSO. 

PSO comply with the same way of other 

evolutionary algorithms (EAs), such as Ant Colony 

Optimization algorithm (ACO) and genetic algorithm 

(GA). PSO algorithm is used to cluster multi- 

dimensional data clustering and high voluminous of 

data efficiently. Many researchers found that it has 

better performance than conventional algorithms such 

as better cluster formation; accuracy is fast and high, 

etc [2].  

In this paper, we present a semantic text 

document clustering approach that using a domain 

ontology and PSO algorithm to cluster the Business 

related news of News Websites and Financial 

Websites. We generate a domain ontology for 

representing the term with enriched semantic and 

synonyms and then clustering of the documents using 

PSO clustering technique to achieve the semantic 

concepts of terms, to filter web documents precisely 

and a better performance for inter and intra cluster 

similarity. 

The rest of the paper is presented as follows. In 

section 2, it describes the related work of the system.  

Section 3 describes details of the architecture of the 

system. Section 4 represents the discussion about the 

analysis results of the system. Finally, section 5 is the 

conclusion and future work of the proposed system. 

2. Related Work   

Most of the clustering techniques are based on 

traditional collection of terms approach to represent the 

documents. By using the traditional techniques based 

on word and/or phrase frequencies for document 

representation cannot be handled text ambiguity, 

synonymy and semantic similarities.  

In [21], the authors proposed a semantic 

similarity based model to capture the semantic of the 

text. The proposed model in conjunction with lexical 

ontology solves the synonyms and hypernyms 

problems. The proposed model use semantic weights 

added to the term frequency weight to calculate the 

semantic similarity between terms.  

Conceptual features in text representation were 

introduced in [10, 22].  They proposed three methods 

to include concept features in VSM, namely, (i) adding 

concept features to the term space (i.e., term+concept); 

(ii) replacing the related terms with concept features 

and (iii) reducing the VSM to only concept features. 

Experimental results in [2] showed that only the 

term+concept representation improved clustering 

performance. 

A semantic text document clustering 

approach based on the WordNet lexical categories 

and Self Organizing Map (SOM) neural network is 

proposed in [18]. In this work, documents vectors 

are generated by using the lexical category mapping 

of WordNet after preprocessing the input 

documents. 

In [12], the traditional vector space model 

represents several features present in document 

have been used for computing the document 

similarity cannot account for the semantics of the 

document. It proposed to define a semantic-based 

similarity measure by utilizing text annotation 

through external thesauruses like WordNet (a 

lexical database). 

Gad and Mohamed S. Kamel [20] proposed 

a semantic similarity based model to capture the 

semantic of the text. The proposed model in 

conjunction with lexical ontology solves the 

synonyms and hypernyms problems. The proposed 

model utilizes WordNet as ontology to reflect the 

relationships by the semantic weights added to the 

term frequency weight to represent the semantic 

similarity between terms. 

Many researchers found a modern algorithm 

in the previous years, the PSO algorithm which is 

aimed to converge to the global optima of some 

multidimensional and possibly nonlinear function 

or system. Researchers found that it has better 

performance than conventional algorithms such as 

better cluster formation, fast and high accuracy.  

But, PSO clustering has some weaknesses 

such as filtering in web documents, centroids 

convergence problem, global optima searching is 

still not sufficient in high dimensional data and 

similarity measure on diverse data and extends, etc 

[16].  

Some researchers have presented a new 

approach using particle swarm optimization 

technique to improve term extraction precision in 

[10]. Experimental results showed the use of 

particle swarm optimization technique can improve 

the precision of the extracted terms compared with 

four other known algorithms (TFIDF, Weirdness, 

Glossary Extraction and Term Extractor). 

 In [8], the authors combined the mutual 

information matrix and the traditional vector space 

model to design a new data model (considering the 

correlation between terms). 
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In [9], the authors presented a hybrid Particle 

Swarm Optimization, Subtractive + (PSO) clustering 

algorithm that performed fast clustering. The results 

illustrated that the Subtractive + (PSO) clustering 

algorithm can generate the most compact clustering 

results as compared to other algorithms. 

In [19] authors showed that combination of 

ontology and optimization to improve the clustering 

performance. They proposed a ontology similarity 

measure to identify the importance of the concepts in 

the document. Ontology similarity measures are 

defined using WordNet synsets and the particle swarm 

optimization is used to cluster the document. Even 

though WordNet is a popular lexical dictionary, it 

doesn’t have concept at all. The proposed system will 

be developed a specific domain Ontology instead of 

using WordNet.  

In the [22], a hybrid algorithm of PSO 

represents two functions, the PSO and the K-means 

algorithms.  The hybrid algorithm first executes PSO 

clustering algorithm to find points close to the optimal 

solution by global search and simultaneously avoid 

high computation time. In this case PSO clustering is 

terminated when the maximum number of iterations is 

exceeded. This showed that the result of the PSO 

algorithm is then used as initial centroid vectors of the 

K-means algorithm. The K-means algorithm is then 

executed until maximum number of iterations is 

reached.  

The K-means algorithm tends to converge faster 

which leads less function evaluation than the PSO, but 

less accurate clustering [11] and PSO can conduct a 

globalized searching for the optimal clustering, but 

requires more computation time than the K-means 

algorithm. The hybrid PSO algorithm in [22, 11] 

achieves the advantage of both the algorithms which 

shows better globalized searching of the PSO algorithm 

and the fast convergence of the K-means algorithm. 

In this paper we proposed ontology-based 

semantic text document representation to reduce the 

complexity of terms which compact the representation 

of documents vector to decrease processing time.  Then 

the system uses PSO clustering algorithm to execute to 

find points close to the optimal solution by global 

search and simultaneously avoid high computation 

time. This paper achieves compact representation of 

documents vector which decrease the iteration time of 

PSO and the performance of inter and intra cluster 

similarity of PSO is high. 

  

3. Architecture of the System 

The earliest state of the proposed system is 

started with preprocessing. And then, the system 

performs generating document vector for document 

dataset to apply clustering algorithms on web 

document dataset. So proper representation of 

document based on Ontology is extremely 

important that they can be represented easily and 

reduces complexity. The Figure: 1 describes the 

architecture of the system. 

 

Figure 1: Architecture of Web Document 

Clustering using Domain Ontology and PSO 

clustering Algorithm 
 

3.1 Preprocessing of Documents 
Preprocessing of documents leads to gain the 

good quality of clustering result. Business related 

test pages are used in the work and detail processes 

of preprocessing stages are as follow. 

Tokenization: break an item into atomic words 

e.g., break “goldprice” into “gold” and “price”, 

break “US_Dollar” into “US” and “Dollar”. 

 

Punctuation Words: remove the punctuation words 

e.g., comma, semicolon, hyphen, question mark, 
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dash, slash, bracket, quotation mark, parenthesis, etc. 

Stop word removal Stemming: remove a, and, the, is, 

at, which, on, about etc. 

Stemming: stemming is defined as the technique of 

finding root/ stem of a word.  

For example: Plays, playing and played are holding a 

single root word ‘play’. Some of stemming methods 

are: 

i. Remove Ending: elimination of suffixes like “es” 

from “goes” to “go”. 

ii. Transform words: the root words are derived by 

adding a transform suffixes like “ies” instead of 

“y” which affect effectiveness of word matching. 

For example- “try” derived to “tries”. 

Abbreviations: expand abbreviations and acronyms to 

their full words. In this proposed system, the currency 

symbols consists of and they are expanded as the 

following samples e.g., “$” “Dollar”, “Euro” to 

“Europe”, etc. 

After this steps standardization of words have done 

such as irregular words are standardized to a single 

form, e.g., “Dollar” derived to “dollar”, “colour” 

derived to “color”.  

 

3.2 Ontology 

 
Ontology defines a common vocabulary for a 

particular domain to share information. It includes 

machine-interpretable definitions of basic concepts in 

the domain and relations among them. Domain 

ontology can define as the concepts relevant to a 

particular topic or area of interest, for example, 

information technology or computer languages, or 

particular branches of science. 

An ontology is a formal explicit description of 

concepts in a domain of discourse (classes (sometimes 

called concepts)), properties of each concept describing 

various features and attributes of the concept (slots 

(sometimes called roles or properties)), and restrictions 

on slots (facets (sometimes called role restrictions)).  

Ontology together with a set of individual 

instances of classes constitutes a knowledge base. In 

reality, there is a fine line where the ontology ends and 

the knowledge base begins. Classes are the focus of 

most ontologies. Classes describe concepts in the 

domain.  

Developing an Ontology includes:  

• defining classes in the ontology,  

• arranging the classes in a taxonomic (subclass–

superclass) hierarchy,  

• defining slots and describing allowed values for 

these slots,  

• filling in the values for slots for instances.  

The reasons why the user wants to develop an 

Ontology are: 

• To share common understanding of the 

structure of information among people or 

software agents 

• To enable reuse of domain knowledge 

• To make domain assumptions explicit 

• To separate domain knowledge from the 

operational knowledge 

• To analyze domain knowledge 

An Ontology might be considered the most 

complete and powerful model for information 

representation. It is not only a classification of 

concepts but also of individuals. Ontology is an 

attempt to define an exhaustive and formal 

hierarchy within a given domain of knowledge that 

contain for the relevant terms, the relationship 

between them and the rules within the domain. The 

model consists of a set of types with their 

properties, with relationships of different types 

between them, a set of rules and instances. 

In this paper, a light weight business news 

Ontology is developed and it is included three 

parent classes named economy, business of sport 

and global education. These classes inherit 

subclasses, for example, economy class is sub 

divided into metal, currency and petrol.  

In this domain ontology, economy class 

consists of metal, currency and petrol sub classes. 

These sub classes are disjointed each other. 

Platinum is_a_kind_of metal and ecomony class 

has_a_kind_of business_sports. In the domain 

ontology, the sub class region consists of 

individuals such as Hong Kong, India, America and 

Myanmar, etc. Instances belong to broader and to 

narrower terms. If instances can only be assigned to 

one subtype, then they belong to a disjoint partition. 

For example, an individual of class region class 

cannot be both Myanmar and America. 

Figure: 2 represents part of the business 

news Ontology which includes super class- 

subclass hierarchy, is-a and has-a relationship 

between classes.  
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Figure 2: Chart of Domain Ontology for proposed 

system 

3.3 Representation of Documents based on 

Ontology 

 
A document is commonly represent as a vector 

of terms in a vector space model (VSM) [4]. The basis 

of the vector space corresponds to distinct terms in a 

document collection. Each vector represents one 

document. The components of the document vector are 

the weights of the corresponding terms that represent 

their relative importance in the document and the 

whole document collection. 

In this paper, we create a domain Ontology as a 

lexical database in which terms are organized in so-

called synsets consisting of synonyms and thus 

representing a specific meaning of a given term. In our 

ontology, ID is unique for each synset for each sense of 

term. All the synonyms in this synset share the same Id. 

Sense tagged data have been used to extract the exact 

sense of a word. For the synset concept, corresponding 

ID of the word is taken and vectors IDs are prepared. 

Once the document vectors are completed in this way, 

weights are assigned to each words across the corpus 

using TF*IDF method, which combination of the term 

frequency (TF), and the inverse document frequency 

(IDF).  
 

TF*IDF is mathematically written as 

                 Wij= tfi,j* log (N / dfi)                    (1) 

 

Where Wij is the weight of the term i in document j.  

tfi,j is the number of occurrences of term i in 

document j. 

N is the total number of documents in the corpus, 

dfi is the number of documents containing the term 

i. 

However, text documents exhibit the rich 

linguistic and conceptual structures. Based on these 

considerations we need to improve the conceptual 

background knowledge available to text mining. 

Therefore, we use the algorithms which take 

advantages of concept background knowledge. 

This paper based on mining the term 

information with the aid of the conceptual 

background knowledge given by domain ontology. 

It combines the background knowledge into the 

traditional term-based vector space model and 

modify the term vector according with the 

following methods [8].  

A set of documents X in traditional term-

based VSM is defined by X={x1,x2,x3,………, xn}. 

One document is represented by xj=(xj1i, xj2, 

……..xjm). Terms in the vocabulary extracted from 

the corresponding document collection are 

represented by {t1, t2,t3,…..,tm}. 

Where xji is the weight of term ti in 

document xj and usually determined by the number 

of times ti appears in xj(known as the term 

frequency).  

For each term ti1, we check whether it is 

semantical correlated to the other term ti2 with 

Ontology. uses to indicate the semantic 

information between two terms. If   appears in 

the synsets of  (only synonym and hypernym 

synsets are considered), will be treated in a 

same level for different ti1 and ti2, otherwise,  

will be set zero. With , the weight xji  of term ti1  

in each document Xj  will be changed by equation 2. 

  (2) 

This updates the original term-base VSM by 

considering the semantic relationship between each 

pair of terms, and the new text representation is 

called by ontology-based VSM[8]. Table 1 and 

Table 2 show a simple example for the modification 
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of text representation with Ontology. Table 1 gives two 

documents in the traditional term-base VSM. 

According to Ontology, terms gold, silver and platinum 

are semantic related to each other, so we uses equation 

2 [8] updating the term weights for each document as 

shown in Table 2 (where  is assigned to 0.8) 

Table 1: A simple example for traditional term-

based VSM 

 gold silver platinum school 

d1 5 0 3 2 

d2 0 4 1 0 

Table 2: The representation for Table 1 data in 

ontology based VSM 

 gold silver platinum school 

d1 7.4 6.4 7 2 

d2 4 4.8 4.2 0 

 
 

3.4 Similarity Measure 
 

The mutual information between two terms t1  

and t2 can be calculated on the basis of the ontology 

based VSM[8]. This paper adopted cosine similarity to 

measure the term mutual information between their 

corresponding vectors: 

  (3) 
 

 (4) 

Where  and  represents the term weights of t1 

and t2 in the document in the ontology-based VSM.  

In addition, the proposed system also uses 

cosine similarity measure [23] to compute the 

similarity between two documents. The similarity 

between two documents needs to be computed in a 

clustering analysis process.  

3.5 Particle Swarm Optimization  
PSO algorithm and its concept of "Particle 

Swarm Optimization"(PSO) were introduced by James 

Kennedy and Russel Eberhart in 1995 [5]. PSO is a 

population-based stochastic search algorithm which is 

modeled after the social behavior of a bird flock. A 

swarm refers to a number of potential solutions to the 

optimization problem, where each potential solution is 

referred to as a particle. The aim of the PSO is to find 

the particle position that results in the best 

evaluation of a given fitness (objective) function 

[14]. 

Each individual in the particle swarm is 

composed of three D-dimensional vectors, where D 

is the dimensionality of the search space. These are 

the current position xi, the previous best position pi, 

and the velocity vi [15]. The ith particle is 

represented by a position denoted as xi = (xi1, xi2 ,... 

,xiD). In a PSO system, each particle flows through 

the multidimensional search space, adjusting its 

position in search space according to its own 

experience and that of neighboring particles. To 

evolve towards an optimal solution a particle uses a 

combination of the best position realized by itself 

and the best position realized by its neighbours. The 

standard PSO method updates the velocity and 

position of each particle according to the equations 

given below. 

vid(t+1)=ω.vid(t)+c1.rand().(pid-xid)+c2.rand().(pgd-

xgd)                          (5) 

xid(t+1)=vid(t+1)+xid(t)                                         (6) 

where c1 and c2 are two positive acceleration 

constants, rand() is a uniform random number in 

(0,1), pid and pgd are the best positions found so far 

by the ith particle and all the particles respectively, t 

is the iteration count and ω is an inertia weight 

which is usually, linearly decreasing during the 

iterations. The inertia weight ω plays a role of 

balancing the local and global search. 

In the context of clustering, a single particle 

represents the Nc cluster centroid vectors. That is, 

each particle xi is constructed as follows: 

               xi=(oi1,...,oij,...,oiNc)                                (7) 

Where oij refers to the jth cluster centroid vector of 

the ith particle in cluster Cij.  

Therefore, a swarm represents a number of 

candidate clusters for the current data vectors. The 

fitness of particles is measured using the equation 

given below. 

                           (8) 

 

where mij denotes the jth document vector, which 

belongs to cluster i; oi is the centroid vector of the 

ith cluster; d(oi, mij) is the distance between 

document mij and the cluster centroid oi; Pi stands 
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for the number of documents, which belongs to cluster 

Ci and Nc stands for the number of clusters. 

Figure: 3 represents the step by step procedures 

of the PSO clustering algorithm.  
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4. Experimental Results 
 

Dataset are collected from BBC, 

Channel_News_ Asia, Goldprice.org, Instaforex, 

Kitco, Oanda, and 24hgold.com. The system is used 

100 test pages of these websites containing different 

data from different domains such as literature, 

media, business etc. The system is tested with PSO 

algorithm only and Ontology + PSO algorithm. 

The results show that a domain Ontology can 

fully support to decrease ambiguity to terms. And 

also the reasonable representation of documents 

leads PSO clustering algorithm to conduct an 

appropriate globalized searching for the optimal 

clustering. In the PSO clustering algorithm, the 

system is chosen 10 particles, the inertia weight w is 

initially set as 0.89 and the acceleration coefficient 

constants c1 and c2 are set as 1.47. 

In this ongoing study, the system will be 

obtained that Intra-cluster similarities (i.e. the 

distance between data vectors within a cluster) could 

be maximized and Inter-cluster similarity (i.e. the 

distance between the centroids of the clusters) could 

be minimized. 

The test results are shown in the table 3.  

Table 3: Comparison results of using 

Ontology+ PSO algorithm and PSO algorithm 

 
Test  

Data Set 

Test  

Method 

Algorithm 

 

Intra 

Cluster 

Inter  

Cluster 

 

 

100 

 
 

Based on 
Term 

Ontology 

+ 

PSO 

83% 6.83% 

 

PSO 

63% 9.2% 

 

5. Evaluation of cluster  

 
There are numerous evaluation measures to 

validate the cluster quality. To evaluate the 

clustering results of proposed system, precision, 

recall, and F-measure has been used.  

For cluster j and cluster i: 

Recall (i,j) =nij/ni   (9) 

Precision (i,j)=nij/nj  (10) 

where nij is the number of members of class i in 

cluster j, nj is the number of members of cluster j 

and ni is the number of members of class i.  F-

measure is computed using precision and recall as 

below: 

 

      (11) 

Table 4 shows the F-values for varying number of 

 

No 

Yes 

No 

No 

Yes 

Start 

Evaluate the fitness value of each particle 

For each particle set local best fitness = current 

fitness and local best position = current position 

 

Set global best fitness = min (local best 

fitness) 

Update velocities and positions of each 

particle 

Current fitness < 

Local best fitness? 

Evaluate the fitness value of each particle 

Set local best fitness = current fitness 

Current fitness < 

Global best fitness? 

Set global best fitness = current fitness 

Stopping 

Criteria met? 

Stop 

Initialize the positions and velocities of 

each particle 

Figure 3: Flow diagram of the PSO clustering 

algorithm 
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clusters with only PSO algorithm and PSO algorithm 

with Ontology. 

 

Table 4: Comparison result of F-values 

 

No. of 

Clusters(K) 

F- measure 

PSO PSO  

+  

Ontology 

K=2 0.59 0.75 

K=3 0.46 0.725 

K=4 0.49 0.69 

K=5 0.465 0.66 

 

6. Conclusion and Future Work 
 

In this paper, the experimental results show 

higher results using applying domain Ontology and 

Particle Swarm Optimization (PSO) algorithm rather 

than using PSO algorithm only. By using Ontology-

based Semantic representation and PSO clustering 

algorithm, the performance of intra cluster similarity is 

higher than the previous works of proposed system. 

Moreover, it is found that the inter cluster similarity 

achieves the appropriate results also.  The proposed 

system gives the better result of F-measure values as 

compare to PSO only algorithm on Business News 

Group dataset (100 documents) so that the better is the 

clustering solution.   

The proposed system is ongoing work and the 

future work of the system will upgrade the Ontology 

and make effort to change PSO’s variant for clustering 

web document data. 
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