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Clustering through organizing large text corpora has a key role in an easy navigation 

and browsing of amassive amount of text data and in particular in search engines. The 

documents comparison using the conventional clustering techniques is based on the sur-

face similarities of words or extracted morphemes. This leads to non-semantic clusters 

usually. In this paper, Farsi, also known as Persian, has been taken into account with re-

gards to the fact that the amount of Farsi texts on the Web and in corporate information 

systems are growing rapidly. The documents are enriched by using semantic relation-

ships –synonymy, hypernymy and hyponymy- extracted from FarsNet lexical ontology. 

A WSD procedure is proposed to decrease uncertainty. After preprocessing routines, 

three clustering algorithms including Bisecting K-means, LSI and PLSI based clustering 

is applied on the pre-categorized Persian Hamshahri corpus. Experimental results show 

the improvement of clustering quality when text data is enriched by the semantic rela-

tions especially using PLSI based approach. 

 

Keywords: text clustering, word sense disambiguation, semantic analysis, FarsNet lexical 

ontology, Probabilistic Latent Semantic Indexing 

 

1. INTRODUCTION 
 

By the rapid progress in web and information technology, the number of blogs, 

wikis and text documents will increase dramatically as well. Farsi or Persian as a live 

language in Middle East and Caucasus is no exception. In addition to large amounts of 

Persian blogs and websites in WWW, the number of Persian text documents in corporate 

management systems is huge. Text clustering has an inevitable role in many fields such 

as information retrieval, text summarization, extracting key words and organizing a huge 

number of documents. For instance, the process of browsing in a large text data collec-

tion will be more convenient and key words can be extracted and used in queries [1]. One 

of the important applications of clustering is in information retrieval and search engines 

performance. Clustering by organizing the results in some meaningful groups has a key 
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role to avoid user confusion [2-3]. In text clustering, the goal is to maximize intra-cluster 

similarity and minimize the inter-cluster similarity [2]. The emphasis in this paper is on 

the semantic similarity that will be discussed later. 

The main problems of text clustering are big volume, curse of dimensionality (huge 

number of terms) and semantic analysis [4]. The conventional partitioning or hierarchical 

clustering techniques views the text document as a bag of words. In this model, the com-

parisons of documents are based on surface similarities of words, extracted words are 

completely uncorrelated and relationships (like synonymy and hypernymy) among terms 

are ignored [3]. Also, no effort for word sense disambiguation (WSD) of polysemous 

words is made. WSD prevents documents from falling into clusters with different topics. 

These issues lead to non-semantic clusters usually. In section 2 some of the related work 

with focus on Persian documents will be discussed briefly. 

In this paper, the background knowledge for Persian language is integrated into 

clustering process. The background knowledge is in the form of semantic relationships 

(synonymy, hypernymy and hyponymy) among words. For extracting these relations, the 

first introduced Persian lexical ontology named FarsNet [5], is used. In the semantic 

analysis, the first step is WSD procedure. In WSD, among an ambiguous term‟s different 

senses, one is chosen that is most suitable (or repeated), with regard to total frequency of 

synonymy and inclusion relations. The following step is the compiling routine. In this 

research a software product called Persian Text Analyzer (PTA) is developed. The facili-

ties of PTA are all of the preprocessing steps for the Persian text, especially the semantic 

analysis. In each step the user can adjust the related parameters. The Bisecting K-means 

algorithm (BISK), Latent Semantic Indexing (LSI) and Probabilistic Latent Semantic 

Indexing (PLSI) is used as the clustering and dimensionality reduction methods. PLSI 

with its robust statistical foundation can be used to expose topics in a document collec-

tion and assign documents to the topics. That is an unsupervised grouping, or clustering. 

The rest of the paper is organized as follows. Section 2 describes the text prepro-

cessing steps. Section 3 mentions some recent improvements in WSD and using semantic 

relationships in document clustering and classification. Section 4 describes the clustering 

methods in this research. Section 5 introduces FarsNet ontology and also the Persian text 

enrichment routine. Section 6 presents the experimental results on Hamshahri corpus. 

Finally, Section 7 makes conclusions on this paper and suggests some future work.  

2. TEXT PREPROCESSING  

During the text preprocessing task, the linguistically meaningful units, like words, 

are extracted from the raw text [6]. In order to have a high quality clustering of docu-

ments, it is essential to enrich the texts before performing the clustering task. Enrichment 

is made through text preprocessing steps. The natural language under study in this re-

search is Persian. So in order to get the reader more familiar with this natural language, 

initially we briefly introduce Persian language alphabetic characters and its complexities. 

2.1 Persian Language 

 
Persian, also known as Farsi, is widely used in Middle East and Caucasus regions. It 
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is the official language of Iran. It is written from right to left and its alphabet includes 32 

characters: 

ا، ب، پ، ت، ث، ج، چ، ح، خ، د، ذ، ر، ز،ژ، ش، ظ، ص، ض، ط، ظ، ع، غ، ف، ق، ک، گ، ل، م، ن، و، ه، 

 .ی

The letter names are the same as Arabic ones, but the script has more four characters that 

are: P “پ”, ZH “ژ”, CH “چ” and G “گ”. There are some symbols like “ء”, three long 

vowels: AA, OO, EE that are represented by letters in variant forms, and three short 

vowels: A “  َ ”, O “  َ ”, E “  َ ” that are represented by diacritic symbols. They all can 

change the pronunciation and meaning of the word. One challenge is that the short vow-

els are not written in official text, but different short vowels on different positions in a 

word can make the word meaning completely different [7]. For example the word 

KHALGH “لق لق“ and KHOLGH (creation) ”خ   .”خلق“ :are written the same (mood) ”خ 

This implies the homography problem should be solved. There are many polysemous 

words in Persian. For example “شیر” means lion, milk, valve and several other senses in 

different contexts. Therefore WSD seems essential for further text mining purposes. 

Persian language is affected by foreign languages like English, French and Arabic in 

particular. For instance adding „AN‟ -“ان”- or „HA‟ -“ىا”- suffixes to a noun makes it 

plural. But there are many words that their root is Arabic and therefore plural form of 

them is formed irregularly [7], e.g. KETAB “کتاب” (book) and KOTOB “کتة” (books). 

Another challenge in Persian text analysis is unwritten „Kasre Ezafe‟ (Ezafe) problem. 

Ezafe determines the relation between the noun and its modifier in a phrase, e.g. “ خانو

 .”Usually the English equivalence for Ezafe marker is “‟s” or “of .(perfume house) ”عطر

The unwritten Ezafe could result in problems in chunking, syntactic and semantic analysis 

of a sentence [8]. There are other problems especially in case of light verbs (e.g. “کردن” 

(to do), “دادن” (to give)) and their many construction forms. A big problem in Persian 

writing is about the case of separate or continuous writing. There are many prefixes, suf-

fixes, pronouns and other parts that can be attached to the words. The writing makes the 

tokenization and word recognition a challenging task. The Academy of Persian Language 

and Literature has proposed some rules to be followed in Persian writing and calligraphy 

[9]. In [8], Shamsfard discusses some open challenges in Persian text processing.   

2.2 Text Preprocessing Steps 

 

The text enrichment task is done by several linguistic analyses. The preprocessing 

steps for natural language texts are shown in Fig. 1. 

Fig. 1. Natural language text preprocessing steps. 

 

The essential step after collecting documents and standardization is the morpholog-

ical analysis. In this step tokenization is done and a list of stop words is collected. These 

words and prepositions are repeated in most of documents with a high frequency but do 

not carry significant information [7]. So they impose a lot of overhead and should be 

omitted in next steps. Then the output words (or more abstract terms) will be stemmed. 

In stemming, the inflections and derivations of the words are detected and the origin is 
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returned [10]. For instance, "خوردم" (I eat), "خوردظ" (she ate it) and "خوردنی" (edible), 

they all will be converted to the root "خور"(eat). Of course, regarding the fact that Persian 

is a complicated language from morphological aspect [7] and lack of sufficient research-

es in these fields, it would be a challenging task to find a complete Persian stop list and 

an efficient stemmer algorithm.  

In the syntax analysis, the sentences are regarded as the linguistic units and their 

grammatical structure should be determined [6][11]. In the semantic analysis, the various 

types of relations among words are discovered, such as synonymy, inclusion, hypernymy, 

hyponymy, meronymy, holonymy, antonymy, etc. They will be compiled with text dur-

ing text enrichment routine [11]. To achieve this goal an external knowledge resource, 

the first Persian WordNet, called FarsNet [5] is utilized in this research.  

The output features of the preprocessing task are called “terms” involving words, 

expressions or acronyms or sentence units. The terms and documents will form the fa-

miliar “term document matrix”, tdm, The clustering algorithms will be applied on this 

matrix representation of text data. Since the volume of data –documents- and features –

terms- are extremely large, (in other words the matrix dimensions), the data reduction 

techniques like LSI, PCA and NMF could be utilized [11]. 

3. CLUSTERING ALGORITHMS 

In this section three clustering algorithms which are used in this paper as baseline 

clustering algorithms are briefly described. The three algorithms are: Bisecting K-means, 

LSI and PLSI based clustering. 

3.1 Bisecting K-means 

 The bisecting K-means is based on K-means algorithm and can be run quickly for 

a big volume of input data that have large dimensions. Thus it is appropriate for text 

clustering [12]. At the beginning, all of the documents are in one partition. Then the fol-

lowing procedure will be repeated K-1 times to obtain K clusters. Initially the partition to 

be broken is selected. In the standard algorithm the partition with maximal cardinality is 

chosen, but in this research the partition with maximal intra scatter has been selected as a 

cluster with low quality. Intra scatter is the mean of distances between data points and the 

cluster centroid. The 2-means algorithm is applied on the selected partition, and two oth-

er clusters are obtained. 

3.2 Latent Semantic Indexing 

Latent Semantic Indexing (LSI) is a well-known method for automatic document 

indexing. In LSI, a low K-rank approximation of term document matrix is computed us-

ing reduced Singular Value Decomposition. In the new latent semantic space, noise is 

reduced. Let A be the term-document matrix. LSI model is algebraically represented thus: 

         
  ,                                   (1) 

where    is a K-rank approximation of A and decomposed into the term by concept 

matrix   , the document by concept matrix    and concept by concept matrix   . A trial 
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and error method can be used to choose what works best for optimal dimensionality K.  
The heart of LSI is term (word) co-occurrences. LSI is good at discovering syno-

nyms, but has some drawbacks due to its weak statistical basis. In LSI, document or word 

vectors may contain negative values. Moreover, there is no obvious interpretation of the 

directions in the new semantic space [13]. In addition, like Vector Space Model, it does 

not address the polysemy problem. 

Clustering Algorithm 

The clustering routine is rather simple. Firstly, Latent Semantic Analysis is per-

formed on the document set. Then Bisecting K-means is used for clustering on the new 

semantic space. In fact, clustering algorithm is applied on matrix   . 

3.3 Probabilistic Latent Semantic Indexing 

Probabilistic Latent Semantic Indexing (PLSI) with its robust statistical foundation 

represents the potential of statistics and likelihood principal in solving model fitting and 

model selection problems. PLSI defines a proper generative data representation model. 

For text mining purposes it maps Vector Space Model into a new latent semantic space 

model. In contrary to terms (words), the topics are unobservable. In PLSI model the top-

ics (aspects) are discovered, and hidden attribute classes are assigned to them[13-14]. 

Suppose we have n documents in the text collection, m terms and k latent class var-

iables. Let A be the term-document matrix,          is the frequency of term tj in doc-

ument dj, where i=1,2,…,n and j=1,2,…,m. One can normalize A in this way:  

∑         
 
   =1. In PLSI, each term    in document    is originated from a latent se-

mantic variable class,    (l=1,2,…,k), that implies the conditional independence of    and 

di, on the state of the associated latent topic variable. The joint probability of    and    is 

calculated as follows: 

 (     )  ∑      
 
            (     )                         (2) 

where       denotes the probability of topic    and probability factors          and 

 (     ) denote how often document    and term    are associated with topic variable   , 

respectively. The aforementioned probability factors are used to maximize the log-

likelihood formula: 

  ∑ ∑             (     )
 
   

 
                           (3) 

where the factors are normalized thus: ∑  (  |  )    
    ∑            

    ∑         
      

L is maximized using iterative Tempered Expectation Maximization (TEM) algo-

rithm. It calculates a local maximum solution through two alternative steps: (i)E-Step, (ii) 

M-Step [13]. Probability factors are initialized arbitrarily. In E-Step posterior probabili-

ties are calculated for the latent topic variables. In fact it computes the probability that 

the occurrence of term    in document    can be explained by topic variable   .  

(i)E-Step: 

 (        )  
               (     ) 

 

∑     ́   (     ́) (     ́) 
  

 ́  

                          (4) 

where   is a hyper-parameter introduced in [13] (    . 

(ii) M-Step: in this step the probability factors are updated. 
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Clustering Algorithm 

The PLSI model can be used to cluster the documents with the same concept into the 

same latent topic class [14]. Let the number of hidden variable classes be identical to the 

number of the groups in the document collection. Firstly, one can obtain probabilities 

 (     ),          and       (for each i, j and l) through PLSI model. Next, one can 

compute the membership degree value of each document to each topic, as follows: 

         
             

∑          
 
    

                                          (8) 

Then each document is assigned to the topic class with maximum value of membership 

degree. 

4. RELATED WORK 

In this section some of the recent researches in the fields of using English WordNet, 

Persian WSD and thesaurus as an external knowledge resource is discussed. 

WordNet- In [15], the importance of WordNet hypernymy relationships is high-

lighted in enhancing K-means clustering algorithm. Similar to the procedure prior to 

clustering process, an aggregate hypernym graph is generated to label a resulting cluster. 

The effect of other relationships, on the clustering performance, is not studied. Another 

WordNet-Based clustering method is presented in [16], where the role of nouns, espe-

cially polysemous and synonymous nouns in document clustering is investigated. A sub-

set of core semantic features is chosen from disambiguated nouns through an unsuper-

vised information gain measure. These core semantic features lead to admissible cluster-

ing results. The effect of various semantic relationships and noun phrases on clustering 

performance is verified in [17]. The experiments presented in [17] show the effectiveness 

of extracted relationships in the order of hypernymy, hyponymy, meronymy and holon-

ymy. Based on this important conclusion a scoring approach should be utilized in which 

hypernyms get the highest weights. Such a weighting method could result in a better 

clustering quality. In addition, no WSD scheme is proposed to disambiguate polysemes. 

Thesaurus- One of the rich knowledge resources is thesaurus. Thesaurus does not 

give a definition for its entries, but lists the words that mean nearly the same as the head 

word (i.e. synonyms and sometimes antonyms). In addition, one entry could include a 

word which is not synonym for its head word, but expresses the idea of the head word 

aptly. [18] shows that document classification and clustering performance improves with 

synonymy (or antonymy) and inclusion relationships, extracted from a Persian thesaurus. 

In this thesaurus-based approach, a hierarchical inclusion and linear synonym weighting 

mechanism is proposed. Another research [19] utilizes the Farhang-e-Teyfi thesaurus to 
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improve the proposed SVM-based classification of Persian texts. To refine the feature 

vector, a secondary feature selection procedure is applied to discard the imported im-

proper words. Thereupon classification accuracy for all categories is enhanced. 

WSD- Word Sense Disambiguation (WSD) is the effort that is made to discover the 

most relevant sense of an ambiguous word. It is a challenging task that relies on 

knowledge resources. [20] and [21] introduce a bilingual translation machine called 

PEnTrans. A novel WSD method is proposed based on Lesk algorithm [22]. In order to 

English to Persian translation, gloss, synset and ancestors in the radius of two hypernyms 

are extracted from WordNet, for each word sense. Also the POS and WSD tags are in-

cluded (extracted from eXtended WordNet). The authors developed a bilingual diction-

ary by translation WordNet senses into Persian. For Persian to English translation a com-

bination of knowledge based, rule based and corpus based approaches are utilized and 

also grammatical roles of words are considered in the WSD method. 

[23] proposes a cross lingual method. It uses comparable Wikipedia pages in Eng-

lish and Persian as untagged corpora. The corresponding Wiki pages have the same con-

text for both languages. WordNet as a sense repository is used to tag each word in input 

English texts. It integrates the tagged English corpus with inter-lingual relations (provid-

ed by FarsNet) to assign proper senses to the words in the Wikipedia articles in Persian. 

5. SEMANTIC ANALYSIS USING FARSNET 

5.1 FarsNet Lexical Ontology 

The ontology is an abstract model of real world that demonstrates the concepts and 

the relations among them in a specific domain. This conceptual knowledge base has vital 

applications in semantic web, search engines, natural language processing, information 

retrieval, etc. The ontologies can be produced manually or in a semi-automatic manner 

by the ontology engineering tools and knowledge acquisition methods [24]. 

FarsNet is the first Persian WordNet [5] which has been produced in NLP laborato-

ry of Shahid Beheshti University, Iran1. The first version of FarsNet includes 18000 Per-

sian words organized in about 10000 synsets. The words are in three syntactic categories 

of nouns, verbs and adjectives. They are chosen considering their high usage in Persian 

literature. In [5] the semi-automatic development method of FarsNet has been described 

in details. Each word in FarsNet has at least one sense (meaning). Each sense has a cor-

responding synset. The words or phrases in a synset are synonyms, in such a way that 

they explain one sense of the head word. Hypernymy, hyponymy and antonymy (limited) 

are semantic relationships among synsets. For instance, the word “شیر” is a polysemous 

word in Persian; therefore it has several senses in FarsNet. The gloss (or definition) for 

one of the senses is: " جانور پطتاندار گوشت خوار تسرگ از گرتو ضانان، تا پشن کوتاه زرد تا خرهايي کو

"ي داردجنص نر آن در اطراف ضر و گردن يال ضیاه يا خرهاي  (large gregarious predatory feline of 

Africa and India having a tawny coat with a shaggy mane in the male). This sense is 

mapped to “lion, king of beasts” in English. The related synset for the sense is: { ضلطان

شیر –جنگل  } (in English: lion, king of beasts). This synset has two hypernyms. The first 

                                                 
1
 http://nlp.sbu.ac.ir/Site/FarsNet 



M. ZANJANI, A. B. DASTJERDI, E. ASGARIAN, A. SHAHRIARI AND A. A. KHARRAZIAN 
 

 

8 

 

one is { ضانان گرتو } (in English: feline), and the next hypernym synset is {  -حیوان شکارگر 

صیاد -شکارچي  } (in English: Predator, Predator animal). 

The proposed method for text enrichment with background knowledge is as follows. 

Firstly, a proposed WSD routine is done to select a relevant sense. Then the relationships 

of that sense including hypernymy, hyponymy and synonymy will be inserted into the 

document term vector; it is the compiling phase. In WSD the effort is to look for the most 

emphasized sense with regard to its corresponding relationships. WSD improves the 

clustering quality and performance in two points of view. By WSD, the documents that 

have more common ideas will be closer to each other, regarding their document term 

vectors. In addition, since the main and correct text contexts and ideas will be uncovered 

in the document vector, WSD prevents the document to be clustered in a cluster with an 

unrelated context. For instance the polysemous word "شیر"  has several senses and can be 

used in different contexts (in English it is equivalent to “milk”, “lion”, “faucet”, etc.). In a 

text with the concepts of hunting and forest, the word "شیر"  is associated with the context 

sense "ضان حیوان گرتو"  (feline-lion), and in a text with some concepts about dairy products, 

it should be disambiguated as "شیر-هاده لثنی"  (dairy product-milk). The WSD procedure is 

repeated for each word that has an entry in FarsNet. 

5.2. Document Term Vector – an example 

In order to further clarify, a symbolic example of document (term) vector is given. 

We will return to this vector in the next steps.  

Suppose there are m words (terms) in the dictionary and the output of initial steps 

(morphological analysis) for document    is three terms, ta, tb and tc with frequencies of 

2, 1 and 3, respectively (           ). One can denote the document vector,   
⃗⃗  ⃗

 by:  

  
⃗⃗  ⃗= ⋃         

 
   = ((t1,0),…,(ta,2),…,(tb,1),…,(tc,3),…,(tm,0))         (9) 

The vector    
⃗⃗⃗⃗  will be updated during next steps. But there is an initial document 

vector               
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗, that shows the document    before any text enrichment routine 

and will be intact. Initially one can write               
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗     

⃗⃗⃗⃗ .  
 

5.3. Word Sense (Synset) Disambiguation 

We know that each sense has an equivalent synset. So choosing a relevant sense is 

the same as choosing an appropriate synset among the word‟s different synsets. The goal 

is not to design a complicated WSD algorithm, but to do an empirical research about how 

selecting a rather relevant sense to context can improve the clustering efficiency. For the 

proposed Persian WSD method, FarsNet ontology, as an external knowledge resource is 

used. In this research a software product called Persian Text Analyzer (PTA) has been 

developed for the preprocessing routines. In PTA there is an API that can establish the 

connection to FarsNet ontology with adjustable settings. 

Relations Frequency definition is needed in the WSD process. 

Def. Relations Frequency (RF): The relations frequency is the total frequency of the terms, 

which are extracted from relationships of a sense, in the document vector. The relation-

ships considered include synonymy, hypernymy (one level upper) and hyponymy (one 
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level lower). 

Back to the document vector    
⃗⃗⃗⃗  in the section 5.2, let the disambiguation process for 

the term ta be in progress. In this process (WSD) the RF value for each synset (or sense) of 

ta is computed. RF for the ith sense of ta (synset     ) is computed as follows. Let      be 

the corresponding synset for the ith sense of ta. Let      have one hypernym synset, 

          , and two hyponym synsets,           
 and           

. We extract these 

synsets‟ terms, and then calculate their total frequency in               
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗. The Fig. 2 

illustrates the process of computing RF value. Remind that only one level upper hyper-

nyms and one level lower hyponyms are considered in computing RF value; in fact, the 

closer inclusion relationships, the more common concepts.   

 

Fig. 2. Computing the RF value for ith sense of term   . 

Using Relations Frequency concept, WSD approach looks for a term‟s sense that is 

most emphasized and repeated in the text with regards to synonymy and ISA relations 

(hypernymy and hyponymy). In the WSD procedure, the RF value is computed for each 

of the ambiguous term‟s senses. The sense with the maximum RF value is the winner of 

WSD. The disambiguation procedure for term    which is in    is shown in Fig. 3. 

Fig. 3. The proposed Disambiguation procedure of term   . 

5.4. Compiling semantic relationships with document vector 

A synset can be hypernym or hyponym of none, one or several other synsets. Add-

ing hypernyms, hyponyms and synonyms to the document term vector, would lead to 

reveal hidden subjects in the context. So the documents with more common concepts and 

ideas have a greater chance to be grouped by in the same cluster. For example, a docu-

ment about "هوضیقی"  (music) may have some ideas in the field of a more abstract subject 

like "ىنر"  (art). 

The next step after choosing an appropriate sense for an ambiguous term is adding 
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the inclusion and synonymy relationships of that sense into the document vector. Thus 

one should determine the radius of the hypernyms (parents) and the hyponyms (children) 

of the winner synset (sense). In the evaluation, the results of compiling more than one 

level upper or lower inclusion relationships were not satisfactory.  

The terms of the selected relationships will be extracted and compiled with the 

document vector. The frequency of each added term is equal to the frequency of the am-

biguous term    (that its semantic relationships were obtained from FarsNet). It should 

be mentioned that the term    is still in the document term vector with its old frequency. 

Also the terms that are not in FarsNet will remain intact in the vector. 

An Example is given to better comprehend the compiling phase. Let the winner 

sense of WSD for ambiguous term ta be the ith one. It means that the RF value of 6, which 

is computed in Fig. 2, is the maximum. Synset      shows the synonymy relationship for 

the ith sense of   . The synset      has two terms,    and    (Fig. 2). The frequency of 

the ambiguous term ta will not change in the document vector   
⃗⃗  ⃗, but the new term    

would have the frequency of 2 (2 is the frequency of term ta in               
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗). In addi-

tion to the synonyms, suppose the user select the radius of 1 for the hypernyms and 0 for 

the hyponyms to be inserted into the document vector. In other words, one level upper 

hypernym synset and no hyponym synset is selected. The user has decided to incorporate 

the parents (and no children) into the document vector. The equation 10 shows the new 

document vector   
⃗⃗  ⃗ after inserting the new terms‟ frequencies.   

  
⃗⃗  ⃗= ⋃         

 
   =((t1,0),…,(ta,2),…,(tb,1),…,(tc,5),…, (td,2),…,(tj,2)…,(tm,0))  (10) 

Note that            has two terms:    and    (Fig. 2).    is a new term and the 

story is just like inserting   . The term    already has a frequency of 3 in               
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗, 

so the new frequency of    in   
⃗⃗  ⃗ would be 5 (3+2). 

6. EXPERIMENTAL ANALYSES 

In this research the Persian corpus, Hamshahri, is used for the experiments. It is 

collected in the database laboratory of the University of Tehran [25]. This corpus is a 

standard collection that was used at CLEF2 for evaluation of Persian information re-

trieval systems. Also TREC3 standards are met in the formal version. The first version 

includes more than 166 thousand documents. They are collected from Hamshahri News-

paper website archive. They represent the general texts, spoken and written by Persian 

natives on a daily basis. In spite of a rather large number of newsgroups, several ones 

have more than 1000 documents. These newsgroups that are used in the evaluations are 

as follows: economic, politics, sport, social, literature and art, urban, scientific and cul-

tural, miscellaneous, world news and happenings. 

Accuracy (AC) and Normalized Mutual Information (NMI) are used as measures of 

clustering quality. In AC calculations, a one to one correspondence between result clus-

                                                 
2
 Cross Language and Evaluation Forum 

3
 Text REtrieval Conference 
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ters and input classes is established. So a function is needed to map or associate the clus-

ters to the input labels. The value of AC varies between 0 and 1, and a higher value indi-

cates the higher clustering quality. AC is used in some papers like [26] and calculated by:  

C
∑               

 
   

 


where N is the number of documents.    and    are the labels of the input class and the 

result cluster of document   respectively. Also map(  ) is the mapping function that 

associates the result    to one of the input labels. The Kuhn-Munkers [27] mapping 

function is used. If x=y, then  (x,y)=1, otherwise  (x,y)=0 [26]. 

Also, the value of NMI varies between 0 and 1, and the higher value indicates the 

higher clustering quality. NMI is calculated by equation 12 [28]:  

Ω , C
          

             


where Ω is the result clusters set and C is the set of input classes of documents. MI is a 

measure that indicates the mutual information of Ω and C sets. In fact, it measures the 

amount of information by which our knowledge about the classes increases when we are 

told what the clusters are and vice versa [28]. MI is obtained from the equation 13 [28]: 

Ω , C ∑ ∑            
        

          
    ∑ ∑

       

      
  |     | 

    |  |
,

where p(  ),       and        ) are the probabilities of a document being in cluster 

  , class   , and in the intersection of    and   , respectively. Also the maximum like-

lihood estimates of the probabilities are shown in the equation 13. 

In the equation 12, H is the entropy. It normalizes the MI and indicates how docu-

ments are distributed in the result clusters and input classes. Entropy is obtained from the 

equation 14 [28]: 

           H  Ω     ∑                 ∑
    

  
   

    

   

Using the above mentioned measures, the evaluation charts are presented in order to 

compare the clustering quality in different text enrichment cases. Three clustering algo-

rithms is utilized: Bisecting K-means (BISK), clustering through Latent Semantic Index-

ing (LSI) and clustering through Probabilistic Latent Semantic Indexing (PLSI). To better 

judge, the charts are shown for 4, 7 and 10 clusters. For cardinality of 4 and 7 groups, the 

news categories are selected randomly from 10 populous newsgroups. Due to limitations 

of space and time, and data abundance, the stratified sampling method [2] has been utilized 

for sampling. In this sampling method, the same percentage of each of the categories is 

selected randomly and without replacement. 

In the morphology step, the stop words removal and stemming are done. Although the 

tokenization itself is a challenging task but to be brief, the details are not discussed. A 

rather large Stop list is obtained from merging Hamshahri stop words and a list that was 

prepared in [7]. An NLP product, called Perstem is used for stemming purpose [29]. Then 

the background knowledge is added to the document vectors. The comparisons are shown 

in the following figures. 
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Fig. 4. Comparison of Bisecting K-means and 

enriched clustering, Accuracy measure.  

Fig. 5. Comparison of Bisecting K-means and 

enriched clustering, NMI measure. 

The first hachured columns from the left indicate the baseline clustering. It means 

the clustering process without any background knowledge. The second, third and fourth 

shaded columns represent the clustering methods using semantic relations extracted from 

FarsNet, second dotted bright one for just synonymy relation, third dotted dark one for 

synonymy and hypernymy relations and fourth one for all three relations that are synon-

ymy, hypernymy and hyponymy. The radius of 1 is selected for the concepts hierarchy 

(inclusion relations) after comparing the experimental results. For each case, the cluster-

ing algorithm is run 10 times and the average of the metrics values has been calculated. 

Fig. 6 and Fig. 7 shows the accuracy and NMI values for LSI based clustering cases.  

Fig. 6. Comparison of LSI based and enriched 

clustering, Accuracy measure.  

Fig. 7. Comparison of LSI based and enriched 

clustering, NMI measure. 

As it can be seen in the figures, the accuracy and quality of clustering using seman-

tic relations have increased generally, especially with both of synonymy and hypernymy 

relations. The progress of evaluation criteria values in this case is more than the rest. 

There are some exceptions, for example for K=10, the accuracy and NMI values in Fig. 4 

and 5 in the case of compiling just synonymy relation exceeds the others. In most of cas-

es, the baseline and synonymy modes (first and second columns) have negligible differ-

ences. Another important observation is about lower clustering quality shown in the 

fourth columns. Using all relations, the quality has dropped in comparison with other 
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cases. The reason could be adding some unrelated words into the document vectors. This 

causes the documents to be clustered in clusters with different contexts. Such observa-

tions have been made in most of evaluation processes. 

Comparing Fig. 4 to Fig. 7, one can easily see that the average LSI results are a little 

lower than that of pure Bisecting K-means. This could be explained as LSI maps high 

dimensionality space to a reduced space, thus there would be a little effect on the clus-

tering accuracy. However, it results in a faster clustering. The chosen dimensionality 

(low rank approximation) is 100 in this research. A trial and error method was performed 

where the dimensions of a small document set were reduced to 10, 40, 70,100, 150, 200. 

The evaluation of clustering each reduced matrix led to select 100 dimensions. 

Another interesting observation in Fig. 6 and Fig. 7 shows that synonymy relations 

have had the best effect in the clustering evaluation metrics. In section 3.2 it was de-

scribed that LSI is good at discovering co-occurrences. Each of the co-occurrences does 

not mean the synonymy relationship among terms, but often, synonyms appear in similar 

contexts. 

Clustering using PLSI – evaluation results 

Fig. 8 and Fig. 9 show the evaluation results for the PLSI based clustering. 

 

Fig. 8. Comparison of PLSI and enriched clus-

tering, Accuracy measure.  

Fig. 9. Comparison of PLSI and enriched clus-

tering, NMI measure. 

In Fig. 8 and Fig. 9, the first hachured columns represent PLSI clustering without 

compiling any relations into the document vectors. The next columns in each quaternary 

group show PLSI with semantic relationships. In general, the quality of clustering im-

proved with PLSI clustering algorithm described in section 3.3. PLSI results in Fig. 8 and 

Fig. 9 show a better clustering quality in comparison with Bisecting K-means and LSI 

based clustering, (especially in synonymy and hypernymy relations). Also, adding hyp-

onymy relations (the fourth columns in each group) shows progress in terms of accuracy 

and NMI values in comparison with those of the baseline. There is an exception in Fig. 8 

where for K=10, the accuracy value for the fourth column (adding hypernyms, hyponyms 

and synonyms), is a little lower than the baseline one. 

To summarize the presented results, Table 1 and Table 2 are given. The assessment 

metrics values for the baseline and clustering case with maximum quality are shown. 
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Table 1 lists the accuracy values for baseline and maximum quality case. 

Table 1. Summary of comparisons, Accuracy measure. 

algorithm 

 

K 

Bisecting K-means LSI PLSI 

baseline         Max    baseline          Max baseline           Max 

4 0.505   Syn_hyper,  0.517 0.487      Syn,       0.516 0.532     Syn_hyper,  0.562 

7  0.519   Syn_hyper,  0.53 0.504      Syn,       0.505 0.543     Syn_hyper,  0.571 

10  0.511   Syn,       0.515 0.509      Syn,       0.513 0.541     Syn_hyper,  0.565 

 

Table 2 lists the accuracy values for baseline and maximum quality case. The max-

imum value for k=4, k=7 and k=10 is PLSI based clustering (it is bold), in which syn-

onymy and hypernymy relationships (Syn_hyper) are compiled with the documents. 

Table 2. Summary of comparisons, NMI measure. 

algorithm 

 

K 

Bisecting K-means LSI PLSI 

baseline         Max    baseline          Max baseline           Max 

4 0.28    Syn_hyper,  0.295 0.27      Syn,       0.294 0.361     Syn_hyper,  0.405 

7  0.382   Syn_hyper,  0.391 0.353     Syn,       0.378 0.411     Syn_hyper,  0.448 

10  0.33    Syn,       0.345 0.324     Syn,       0.343 0.42      Syn_hyper,  0.439 

Regarding both tables, the mutual comparisons could be made between two differ-

ent methods. For example PLSI based clustering shows better results than LSI based and 

Bisecting K-means clustering. 

7. CONCLUSION AND FUTURE WORK 

In this paper, the enrichment routine for Persian text documents has been addressed. 

A word sense disambiguation method using FarsNet ontology is proposed. There is an 

equivalent synset for each term in FarsNet. The selection of relevant sense among dif-

ferent word‟s senses is made regarding the Relations Frequency (RF) of them. WSD 

makes the documents with the similar topics closer to each other. After WSD, the seman-

tic relationships including synonymy, hypernymy and hyponymy of the winner sense 

would be compiled with the document vector. By adding semantic relationships, the 

background ideas and concepts become clearer. Three clustering algorithms with differ-

ent scenarios for adding synonyms, hypernyms and hyponyms were tried on Hamshahri 

corpus. PLSI based clustering have shown satisfactory results. Especially, the hypernymy 

with the synonymy relationships have the most effect on the high clustering quality. In 

the future work, we want to use other representation and data reduction models like 

non-negative matrix factorization. Also we investigate the syntax analysis on Persian text 

to extract nouns and noun phrases using external knowledge resources. Based on the 

conclusions, we propose a weighting approach in which hypernyms, hyponyms and other 
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relationships would get proper scores in the document vector. This would enhance the 

clustering quality. 
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