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Abstract— Due to the advancement of internet, the volume 

of electronic documents available on the web is exploding. 

The need to organize similar documents together has 

attracted the attention of researchers in this area. Document 

clustering provides automatic organization of documents 

into groups so that documents in a group are similar to each 

other and documents in different groups are dissimilar. It 

plays important role in information retrieval, organizing 

search engine results, web mining etc. Several techniques 

have been provided for efficient document clustering. This 

paper presents a brief survey on various techniques used for 

document clustering including traditional, fuzzy based, GA, 

Hybrid etc. Also, document clustering procedure with 

document representation model, dimension reduction 

techniques, similarity measures and evaluation measures are 

explained. 
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I. INTRODUCTION 

With the advancement of internet and less expensive 

hardware, there is a tremendous growth in the volume of 

electronic documents (news articles, scientific papers, blogs 

etc) available on the web. With web search engines a user 

can browse and locate the documents quickly but a web 

search engine often returns thousands of pages in response 

to a query, making it difficult for user to browse or to 

identify useful information [2]. This issue has been studied 

using various techniques; one of which is document 

clustering. Document clustering can be used to 

automatically group the retrieved documents into a list of 

meaningful categories. 

Clustering is a technique that is used to divide the 

data objects into various groups called clusters such that 

objects in a group are similar to each other and objects in 

different groups are dissimilar [1]. Document clustering is a 

special case of data clustering, where the data objects are in 

the form of documents. In document clustering we organize 

similar documents together as shown in figure 1. Document 

clustering borrows concepts from various fields like 

Machine learning, Natural language pre-processing and 

Information retrieval. Initially document clustering was used 

for finding out precision and recall in information retrieval 

system. Recently, it has been used for browsing large 

number of documents and for organizing the results of a 

web search engine. The organization of information into 

groups plays an important role in various other fields like 

knowledge discovery, business applications such as 

classifying TV audience, biological taxonomy etc.    

Document clustering can be divided in to two 

major categories: soft clustering and hard clustering [5].                                                              

In hard clustering each document belongs to exactly one 

cluster i.e. each document is assigned to only one cluster. It 

is also known as     disjoint clustering.                                                    

In soft clustering each document can appear in multiple 

clusters i.e. each document can be assigned to multiple 

clusters. It is also known as overlapping clustering.  

This paper is organized as: Section 2 provides an 

overview of various clustering algorithms. Section 3 

introduces document clustering procedure. Section 4 

presents various similarity measures for document 

clustering. Section 5 gives various measures for evaluating 

clustering results. Section 6 presents a brief survey of 

various approaches for document clustering that have been 

done in last few years. Finally, this paper is concluded in 

section 7. 

 
Fig. 1: Document Clustering 

II. CLUSTERING ALGORITHMS 

Many clustering algorithms are available in literature for 

clustering data [1][4]. However, for document clustering 

two major categories of clustering algorithm are widely 

used: Partitioning algorithms and Hierarchical algorithms. 

Partitioning clustering divides the objects into fixed 

number of clusters which satisfy two requirements: 1) each 

group must contain at least one object 2) each object must 

belong to exactly one group [1]. A few well known 

partitioning methods are k-means and its variant bisecting k-

means [3], k-medoids [1], CLARA and PAM.  

Hierarchical clustering creates a hierarchical 

decomposition of the given documents. Hierarchical 

clustering can be either agglomerative or divisive. In 

agglomerative approach, also called bottom-up approach 

initially each object forms a separate cluster. It then 

successively merges the objects or clusters that are close to 

one another until a termination condition holds or until all 

clusters are merged into one [10]. In divisive approach, also 

called top-down approach initially all the objects are in the 

same cluster. It then successively divides the cluster into 

smaller clusters until a termination condition holds or each 

object is in one cluster [11]. 

Out of these two hierarchical clustering algorithms, 

agglomerative is commonly used. Agglomerative techniques 

can be of three types: Single linkage, Complete linkage, 

Average linkage UPGMA (Un weighted Pair Group Method 

with Arithmetic Mean) [12][13]. Comparison of various 

clustering algorithms is shown in table 1. 
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parameters K-means Bisecting K-means Agglomerative Hierarchical 

Input 
K, iteration 

Feature vector matrix 

K, iteration 

Feature vector matrix 
Similarity matrix 

Output K clusters K clusters Assigns documents to clusters, dendogram 

Time Complexity 

Linear 

O (nkt) 

n- no. of data objects 

k- no. of clusters 

t- no. of iterations 

Linear 

O(nk) 

Quadratic 

O(n
2
logn) 

(Complete/Average) 

O(n
2
)     (single) 

Cluster Quality Inferior Good Good 

Efficiency Efficient Efficient 
Less efficient 

 

Cluster Size Non-Uniform Uniform - 

Table 1: Comparison of Clustering Algorithms 

In Ying Zhao and George Karypis [8], a 

comparative study on six partitional and nine hierarchical 

agglomerative algorithms is performed. The experimental 

results show that partitional algorithms produce better 

hierarchical clustering solutions than agglomerative 

methods. 

In Michael Steinbach et al. [9], Experimental 

results show that bisecting k-means is better than k-means 

and UPGMA and UPGMA is best among three 

agglomerative techniques. 

In B.S.Vamsi Krishna et al.[6], A comparative 

study of bisecting k-means and k-means is done. The results 

produced by bisecting k-means are proved to be better than 

the results provided by k-means and it is also proved that 

bisecting k-means gives better results than k-means for 

larger datasets. 

In R. Kashef and M.S.Kamel [7], A refinement of 

bisecting k-means called cooperative bisecting k-means 

(CBKM) is presented. The experimental results show that 

cluster quality provided by CBKM is better than k-means, 

bisecting k-means and single linkage. 

III. DOCUMENT CLUSTERING PROCEDURE 

To organize a collection of documents into different groups 

or clusters is not merely a single step operation; In fact it is 

more like a process consisting of several steps. Various 

steps involved in document clustering are shown in figure 2. 

A. Pre-Processing:  

Document pre-processing takes a plain text document as 

input and provides a set of tokens as output. Pre-processing 

typically includes:  

1) Filtering:  

It typically involves the removal of punctuation and special 

symbols that do not play  important role in finding the 

similarities among documents. 

2) Tokenization:  

This step involves the splitting of sentences into tokens, 

typically words [14].  

3) Stop word Removal:  

Stop words are those frequently occurred words which are 

not significant and do not carry any meaning from the point 

of view of document categorization. For example “the”, 

“by”, “and” etc. A commonly used method of stop word 

removal is to compare each word with a list of stop words. 

4) Stemming:  

It involves the reduction of words to their stem or base 

word. For example, all words like “looks”, “looking” and 

“looked” are reduced to their stem word “look”. Most 

widely used stemming algorithm is Porter’s algorithm [22]. 

5) Pruning:  

Pruning is the process of removing those words that appear 

with very low frequency in documents. A pre-specified 

threshold is used for this purpose. Sometimes the words 

which occur with very high frequency (e.g. 40% or more of 

the documents) are also removed [14].          

 
Fig. 2: Steps in Document   Clustering 
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B. Document Representation: 

For clustering, each document needs to be represented in 

document representation model. Vector Space Model 

(VSM) is a widely used document representation model. 

Under VSM, n documents (d1,d2,d3......,dn) with m unique 

terms (t1,t2,t3......,tm) are represented as n×m document-

term matrix that is  each document is a vector of m 

dimension. Each document has different weights for 

different terms. Many term weighting schemes have been 

proposed including binary (presence or absence of a term in 

a document), TF (number of times the term occurs in the 

document) and tf-idf. Among these, tf-idf is most popularly 

used weighting scheme.                   

tf-idf combines both term frequency and inverse document 

frequency. It tries to balance the local and global 

occurrences of terms in documents [15].  

Term frequency is how many times terms occur in 

documents. tf is a measure of significance of a term in a 

document. Assumption is that more frequently used words 

in a document are significant.   

tfij= fij 

 fij : frequency of jth term in ith document 

Inverse document frequency provides a measure 

for global importance of the term. Assumption is that a term 

that appears in all documents is of less significance. 

idfj=log(n/dfj) 

 n : number of documents , dfj: number of documents 

containing term j 

In tf-idf wij(weighting of term j in document i ) is given by: 

Wij=tfij×idfj 

C. Dimension Reduction: 

Each term in document vector is considered as a dimension 

and there are so many terms in a document which results in 

very high dimensional vector space. High dimensions can 

cause difficulties at various points for example in measuring 

similarity. So, various techniques are applied to reduce 

dimensions of vector model. Dimension reduction 

techniques are mainly divided into two categories- One is to 

construct the complete VSM matrix, and then reduce the 

dimensions of vector space by applying numerical linear 

algebra methods. Another is to use a different document 

representation model [16]. 

A supervised process called feature selection can be applied. 

It selects only those features that match a certain criterion. 

Alternatively an unsupervised process can be applied in 

which features are extracted subject to some optimization 

criterion. In Feature extraction N-dimensional space is 

transformed to M-dimensional space (M<N). Some popular 

dimension reduction methods are singular value 

decomposition, principle component analysis, latent 

semantic analysis [13][23] and random 

 projection [24]. Two of these are discussed below. 

1) Singular Value Decomposition:  

SVD is a technique that reduces high dimensional vector 

model to a lower dimensional vector model by using 

concepts of linear algebra. SVD is a factorization of a real or 

complex matrix. Suppose M is an m×n real or complex 

matrix then factorization of M in SVD is of the form: 

Mm×n = Um×m  ∑m×n V
T

n×n 

Where U
T
U = I and V

T
V = I 

m columns of U are called left singular vectors of M and are 

eigen vectors of MM
T
. n columns of V are called right 

singular vectors of M and are eigen vectors of MM
T
. ∑ is a 

diagonal matrix of non-zero singular values of M which 

contains square roots of the non-zero eigen values of U & V. 

Row vectors in V represent the documents and row vectors 

in U represent the words. Only first k values from ∑ and 

corresponding vectors from U and V are used for further 

processing. Selection of value of k affects the performance 

of clustering [25]. 

2) Principal Component Analysis:  

PCA is a widely used technique for reducing dimensions of 

data. It is an orthogonal linear transformation of data to a 

new lower dimensional space such that the variance of 

transformed data is maximized. PCA is about choosing a set 

of k independent vectors to transform data on. In this, a 

covariance matrix representing the minimization error is 

calculated and then k-largest eigen values and their 

corresponding eigen vectors are calculated. These are called 

k-first principle component [24]. 

IV. SIMILARITY MEASURES 

Document clustering requires a precise definition of a 

similarity measure or distance measure which assigns a 

numeric value to the extent of similarity or difference 

between two documents and which can be used by 

clustering algorithms for making different groups of 

documents. Many similarity measures are given in literature, 

such as Euclidean distance, Manhattan distance, Cosine 

similarity, and Jaccard similarity. Let da and db are two 

documents represented by their term vectors ta and tb (n-

dimensional vectors over term set {t1,t2.....tn}), then 

different similarity or distance measures [21] between them 

are shown in table 2:  

    Distance/Similarity 

            measure 

                                    Formula Used 

Euclidean distance 
 (  ⃗⃗  ⃗   ⃗⃗  ⃗)  √∑ | (   )   (   )| 

   
 
    here w(t,a)= tf-idf(da,t) 

Manhattan distance  (  ⃗⃗  ⃗   ⃗⃗  ⃗)  ∑ | (   )   (   )| 
     

 

Cosine  similarity 
   (  ⃗⃗  ⃗   ⃗⃗  ⃗)   

  ⃗⃗⃗⃗    ⃗⃗⃗⃗  

|  ⃗⃗⃗⃗ |  |  ⃗⃗⃗⃗ |
  

Jaccard similarity 
   (  ⃗⃗  ⃗   ⃗⃗  ⃗)   

  ⃗⃗⃗⃗    ⃗⃗⃗⃗  

|  ⃗⃗⃗⃗ |
 
 |  ⃗⃗⃗⃗ |

 
   ⃗⃗⃗⃗    ⃗⃗⃗⃗  

  

Table 2: Formula for Various Similarity Measures 
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V. EVALUATION MEASURES 

One of the important issues in document clustering is 

evaluation of clustering results. This section describes three 

evaluation measures that are commonly used. 

A. F-Measure:  

F-measure is harmonic mean of precision and recall. 

Precision can be defined as ratio of number of relevant 

documents to the number of total documents retrieved. 

Recall can be defined as the ratio of number of relevant 

documents retrieved to the total number of relevant 

documents [5]. Consider a class i and cluster j, then  

Prec (i,j) = nij/nj 

Recall (i,j) = nij/ni 

Where nij is number of documents of class i present in 

cluster j. ni is number of documents in class i. nj is number 

of documents in cluster j. Then, F-measure of class i with 

respect to cluster j is given as: 

F (i,j) =  (2 * prec (i,j)* recall (i,j)) / ((prec (i,j) +    

recall(i,j))                                                                                     

The F-measure of entire clustering results is given as: 

F = ∑   
   i/n max {F(i,j) | 1≤ j ≤ k } (n- no. of documents) 

B. Purity:  

One of the measures for measuring cluster quality is purity 

and purity of cluster j is given as:                                                                                                                                    

Purity (j) = 1/nj max (nij) 

Then purity of entire clustering results is given as: 

Purity = ∑   
   j/n purity (j) 

C. Entropy:  

Entropy of a cluster is defined as the degree to which each 

cluster consists of objects of a single class. Entropy of a 

cluster j is given as: 

Ej = - ∑ prec (i,j) * log (prec (i,j)) 

The total entropy for clustering result is given as: 

E = ∑ ( 
 

   j*Ej) / n 

VI. RELATED WORK 

Document clustering is a widely studied problem in 

computer science literature. Various approaches have been 

used for document clustering; some of these are presented 

below. 

Hsi-Cheng Chang et al. [17] proposed a document 

clustering approach based on keyword cluster method. This 

method has mainly two benefits: first, it greatly reduces the 

computing complexity and another, it provides higher 

classification accuracy. The proposed method has been 

compared with single link, complete link, average link and 

k-means algorithms and precision of proposed method is 

found highest among all. 

Ramiz M. Aliguliyev [15] shows that assignment 

of weights to documents improves clustering results. GA 

based approach has been used for document clustering. This 

paper has presented twelve criterion functions, six of these 

are weighted and six are unweighted. Proposed criterion 

functions have been compared with k-means algorithm and 

the results of weighted criterion functions are better than k-

means and unweighted criterion functions. This paper also 

shows that adjusted cosine similarity measure outperforms 

than cosine similarity measure. 

Lailil Muflikhah and Baharum Baharudin [23] 

presented document clustering using concept space. LSI 

concept is used along with fuzzy c mean clustering 

algorithm. LSI concept provides significant reduction in 

term-document matrix dimensions and hence provides better 

performance and accuracy. 

Ms. Devika Deshmukh et al. [18] proposed an 

effective fuzzy frequent Item set based hierarchical 

clustering (F
2
IHC) based on the concept that documents in 

the same cluster share more common item sets than in 

different clusters. The proposed algorithm has been 

compared with other hierarchical and k-means clustering 

algorithms and it has been concluded that F
2
IHC has high 

accuracy among all. 

Rana Forsati et al. [19] proposed a hybrid GA 

based approach to document clustering in which harmony 

search optimization is integrated with K-means algorithm. 

The proposed algorithm has been compared with k-means, 

GA based algorithm and HSCLUST and it has been 

concluded that hybrid algorithm outperformed among all. 

Yinglong Ma et al. [20] presented a three phase 

approach to document clustering. In first phase the best 

topic model is determined, in second phase initial clustering 

centers are obtained using k-means++ and in last phase k-

means is applied for document clustering. 

Paper  referred 

Dimension 

reduction 

applied 

Proposed method 
Similarity 

measure 
Dataset 

Evaluation    

measure 

Hsi-Cheng Chang et 

al. [17] 
Yes Keyword clustering method Cosine 

Collection 1- 

500 documents 

(10 category) 

Collection 2-

2000 documents 

(20 category) 

Precision 

Ramiz M. Aliguliyev 

[15] 
No 

6 weighted and 6 unweighted 

criterion functions 

Cosine , 

Adjusted 

cosine 

WebKb 

Purity, 

Entropy, 

F-measure, 

Mirkin, 

V-measure 

Lailil Muflikhah and 

Baharum Baharudin 
Yes 

FCM with cosine similarity 

measure 
cosine 20- newsgroup 

Precision, 

Recall, 
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[23] F-measure, 

Entropy 

Ms. Devika 

Deshmukh et al.  [18] 
Yes 

fuzzy frequent Item set based 

hierarchical clustering(F
2
IHC) 

 

- 

Classic, 

reuters 
F-measure 

Rana Forsati et al. 

[19] 

 

No 

Hybrid 

(HSCLUST integrated with k-

means) 

Euclidean, 

Cosine 

Politics, 

JREC, 

20-newsgroup, 

WebAce 

 

F-measure, 

Purity, 

Entropy, 

ADDC 

Yinglong Ma et al. 

[20] 
Yes k-means++ with k-means Euclidean 

20-newsgroup, 

Fudan 

F-measure, 

Average 

running time 

Table 3: Comparison of Various Document Clustering Approaches 

VII. CONCLUSION 

Document clustering plays an important role in various 

applications such as information retrieval, document 

organization and summarization, Topic extraction. In this 

paper , We have explained document representation model , 

dimension reduction techniques, similarity measures etc. we 

have also explained document clustering algorithm 

including portioning and hierarchical and also tried to 

provide an overview of several document clustering 

techniques studied and researched since last few years. The 

importance of efficient document clustering techniques will 

continue to grow with the growth of digital collection of 

data. Hence more research work has to be done to provide 

efficient and effective document clustering approach. 
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