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Abstract— Organizing a large volume of documents into 

categories through clustering facilitates searching and 

finding the relevant information on the web easier and 

quicker. Hence we need more efficient clustering algorithms 

for organizing large volume of documents. Clustering on 

large text dataset can be effectively done using partitional 

clustering algorithms. The K-means algorithm is the most 

suitable partitional clustering approach for handling large 

volume of data. K-means clustering algorithm uses a 

similarity metric that determines the distance from a 

document to a point that represents a cluster head. This 

similarity metric plays a vital role in the process of cluster 

analysis. The usage of suitable similarity metric improves 

the clustering results. There are varieties of similarity 

metrics available to find the similarity between any two 

documents. In this paper, we analyse the performance and 

effectiveness of these similarity measures in particular to k-

means partitional clustering for text document datasets. We 

use seven text document datasets and five similarity 

measures namely Euclidean distance, cosine similarity, 

Jaccard coefficient, Pearson correlation coefficient and 

Kullback-Leibler Divergence. Based on our experimental 

study, we conclude that cosine correlation measure is the 

best suited similarity metric for K-means clustering 

algorithm. 
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I. INTRODUCTION 

Clustering is a popular technique in data mining deals with 

the process of grouping a set of objects into clusters so that 

objects within the same cluster are similar to each other but 

are dissimilar to objects in other clusters [1, 6]. Document 

clustering is an important process that helps in effective 

organization of documents which leads to retrieve 

documents quickly and effectively. The clustering 

techniques are broadly classified into partitioning clustering 

and hierarchical clustering. The partitioning technique 

divides the given group of documents into well defined and 

unique clusters. The hierarchical clustering builds a 

hierarchy of clusters, showing the relations between 

individual members and merging clusters of data based on 

similarity. The partitional clustering technique is the most 

appropriate for clustering a large document dataset. K-

means clustering algorithm is considered as an appropriate 

partitional clustering approach for clustering a large volume 

of data [14]. 

Document clustering groups similar documents into 

coherent clusters, while documents that are different have 

separated apart into different clusters. When clustering is 

applied on web sites, we are usually more interested in 

clustering the component pages according to the type of 

information that is presented in the page. Accurate 

clustering requires a precise definition of the closeness 

between a pair of objects, in terms of either the pairwised 

similarity or distance. A wide variety of similarity measures 

have been used for clustering, such as Euclidean distance, 

cosine similarity etc. In this work, we have taken five 

similarity measures namely Euclidean distance, cosine 

similarity, Jaccard coefficient, Pearson correlation 

coefficient and Kullback-Leibler Divergence for analysis. 

The rest of this paper is arranged as follows: The 

next section describes the document representation for 

clustering problems. Section 3 discusses the similarity 

measures and their semantics. Section 4 presents the K-

means clustering algorithm and Section 5 explains 

experiment settings, evaluation approaches, results and 

analysis. Section 6 concludes and discusses future work. 

II. DOCUMENT REPRESENTATION FOR CLUSTERING 

PROBLEM 

In many of the cluster algorithms, the dataset to be clustered 

is characterized as a set of vectors X={x1, x2, …., xn}, 

where xi corresponds to an object and is referred as feature 

vector. Every object is characterized with set of well defined 

and accurate attributes. Vector Space Model (VSM) is a 

statistical model for representing text document as vectors 

[8]. There are several ways to model a text document. For 

example, it can be represented as a bag of words, where 

words are assumed to appear independently and the order is 

immaterial. The bag of word model is widely used in 

information retrieval and text mining [12]. If a term occurs 

in the document, its value in the vector is non-zero. The 

term weight value specifies the importance of the term in a 

document [13].  

In the classic vector space model proposed by 

Salton, Wong and Yang the term specific weights in the 

document vectors are products of local and global 

parameters. We understand that the most frequent terms are 

not necessarily the most informative ones. On the contrary, 

terms that appears frequently in a small number of 

documents but rarely in the other documents tend to be more 

relevant and specific for that particular group of documents, 

and therefore more useful for finding similar documents. In 

order to capture these terms and reflect their importance, we 

transform the basic term frequencies tf(d, t) into the tfidf 

(term frequency and inversed document frequency) 

weighting scheme. The model is known as term frequency-

inverse document frequency model. Equation (1) gives the 

weight of term i in document j: 

                                        
 

    
                (1) 

Where tfji refers the number of presence of term i in 

document j; dfji refers the term frequency in the group of 

documents; and n refers the total number of documents in 

the dataset. 

We measure the degree of similarity of two 

documents as the correlation between their corresponding 

vectors, which can be further quantified as the cosine of the 
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angle between the two vectors. We applied several standard 

transformations on the basic term vector representation. 

First, we removed stop words. There are words that are non- 

descriptive for the topic of a document, such as a, and, are 

and do. There are 527 universally accepted stop words. 

Different versatile words were stemmed using Porter’s 

suffix-stripping algorithm, so that words with different 

endings will be mapped into a single word [11]. For 

example production, produce, produces and product will be 

mapped to the stem produce. The underlying assumption is 

that different morphological variations of words with the 

same root/stem are thematically similar and should be 

treated as a single word. 

We considered the effect of including infrequent 

terms in the document representation on the overall 

clustering performance and decided to discard words that 

appear with less than a given threshold frequency. The 

rationale by discarding infrequent terms is that in many 

cases they are not very descriptive about the document’s 

subject and make little contribution to the similarity between 

two documents. Meanwhile, including rare terms can also 

introduce noise into the clustering process and make 

similarity computation more expensive.  

III. SIMILARITY MEASURES 

With documents presented as vectors, we measure the 

degree of similarity of two documents as the correlation 

between their corresponding vectors, which can be further 

quantified as the cosine of the angle between the two vector 

[10].  Before clustering, a similarity distance measure must 

be determined. The measure reflects the degree of closeness 

or separation of the target objects and should correspond to 

the characteristics that are believed to distinguish the 

clusters embedded in the data [2]. In many cases, these 

characteristics are dependent on the data or the problem 

context at hand, and there is no measure that is universally 

best for all kinds of clustering problems. Thus, a similarity 

metric has to be defined in any text document analysis. 

Moreover, choosing an appropriate similarity measure is 

crucial for cluster analysis, especially for a particular type of 

clustering algorithms [4]. Therefore, understanding the 

effectiveness of different measures is of great importance in 

helping to choose the best one. In general, 

similarity/distance measures map the distance or similarity 

between the symbolic descriptions of two objects into a 

single numeric value, which depends on two factors, the 

properties of the two objects and the measure itself [5]. In 

order to make the results of this study comparable to 

previous research, we include all the measures that were 

tested in [7] and add another one—the averaged Kullback-

Leibler divergence. These five measures are discussed 

below. 

A. Euclidean Distance: 

Euclidean distance is a standard metric used for measureing 

distance between two points and can be easily measured 

with a ruler in two or three dimensional space. Euclidean 

distance is widely used in clustering problems, including 

clustering text documents. It is also the default distance 

measure used with the K-means algorithm. The Minkowski 

distances based formula for finding the similarity between 

document mp and document mj is given by equation (2): 

    (     )  (∑ |         |
   

   
)

 

 

    (2) 

The Minkowski distance is a metric on Euclidean 

space which can be considered as a generalization of both 

Euclidean distance and the Manhattan distance. When the 

value of n is 2, Euclidean distance(ED) is obtained. Here 

Normalized Euclidean distance is used as the similarity 

measure for the documents, mp and mj. The distance 

measure is calculated using the equation (3): 

          (     )  √∑ (        )
   

            (3) 

where mp and mj are document vectors; dm refers 

the dimension number of the vector space; mpk and mjk  

refers the weight values in dimension k for the documents 

mp and mj. 

B. Cosine Similarity: 

Cosine similarity is one of the most popular similarity 

measure applied to text documents. When documents are 

represented as term vectors, the similarity of two documents 

corresponds to the correlation between the vectors. This is 

quantified as the cosine of the angle between vectors, that is, 

the so-called cosine similarity. Cosine correlation (CC) is 

another frequently utilized similarity metric and is given by 

equation (4): 

                          (      )    
  

   

|   |  |
        (4) 

where   
    refers the intersection of the two document 

vectors. 

C. Jaccard Coefficient: 

The Jaccard coefficient measures similarity as the 

intersection divided by the union of the objects. For text 

document, the Jaccard coefficient compares the sum weight 

of shared terms to the sum weight of terms that are present 

in either of the two documents but are not the shared terms. 

The Jaccard similarity coefficient is a statistic used for 

comparing the similarity and diversity of sample sets. The 

Jaccard coefficient is calculated using the formula (5): 

                     (5) 

The Jaccard distance, which measures dissimilarity 

between sample sets, is complementary to the Jaccard 

coefficient and is obtained by subtracting the Jaccard 

coefficient from 1, or, equivalently, by dividing the 

difference of the sizes of the union and the intersection of 

two sets by the size of the union: 

 (6) 

D. Pearson Correlation Coefficient: 

Pearson’s correlation coefficient was developed by Karl 

Pearson from a related idea introduced by Francis Galton in 

the 1880. It is another measure of the extent to which two 

vectors are related. There are different forms of the Pearson 

correlation coefficient formula. Pearson's correlation 

coefficient when applied to a population is commonly 

represented by the Greek letter ρ (rho) and may be referred 

to as the population correlation coefficient or the population 

Pearson correlation coefficient. The formula for ρ is given 

below (7): 
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    (7) 

E. Kullback-Leibler Divergence (KLD): 

In information theory based clustering, a document is 

considered as a probability distribution of terms. The 

similarity of two documents is measured as the distance 

between the two corresponding probability distributions. 

The Kullback-Leibler Divergence (KLD), also called the 

relative entropy, is a widely applied measure for evaluating 

the differences between two probability distributions. The 

Kullback–Leibler Divergence (also information divergence, 

information gain, relative entropy, or KLIC; here 

abbreviated as KLD) is a non-symmetric measure of the 

difference between two probability distributions P and Q. 

The KLD of Q from P is defined to be 

            (8) 

IV. K-MEANS CLUSTERING ALGORITHM 

We have selected K-means algorithm for performing 

clustering process. As mentioned previously, partitional 

clustering algorithms have been recognized to be better 

suited for handling large document datasets than hierarchical 

ones, due to their relatively low computational requirements 

[3,9,15]. The standard K-means algorithm works as follows.  

Given a set of data objects D and a pre-specified 

number of clusters k, k data objects are randomly selected to 

initialize k clusters, each one being the centroid of a cluster. 

The remaining objects are then assigned to the cluster 

represented by the nearest or most similar centroid. Next, 

new centroids are re-computed for each cluster and in turn 

all documents are re-assigned based on the new centroids. 

This step iterates until a converged and fixed solution is 

reached, where all data objects remain in the same cluster 

after an update of centroids.  The generated clustering 

solutions are locally optimal for the given data set and the 

initial seeds. Different choices of initial seed sets can result 

in very different final partitions. The K-means algorithm 

works with distance measures which basically aims to 

minimize the within-cluster distances. Therefore, similarity 

measures do not directly fit into the algorithm, because 

smaller values indicate dissimilarity. The Euclidean distance 

and the KLD are distance measures, while the cosine 

similarity, Jaccard coefficient and Pearson coefficient are 

similarity measures. We apply a simple transformation to 

convert the similarity measure to distance values. 

V. EXPERIMENTS AND RESULTS 

We have chosen the datasets that have been used commonly 

for clustering so as to compare and analyse with previous 

researches. All of these datasets have appropriate pre-

assigned category labels. The rest of this section describes 

about the datasets, then explains the evaluation measures, 

and finally presents and analyses the experiment results. 

A. Datasets: 

The dataset used for our experiment is widely used in many 

feature selection techniques, classification and clustering. 

These datasets differ in terms of document type, number of 

categories, average category size, and subjects. In order to 

ensure diversity, the datasets are from different sources, 

some containing newspaper articles, some containing 

newsgroup posts, some being web pages and the remaining 

being academic papers. The number of classes in dataset 

varies from 4 to 20. As mentioned previously, we removed 

stop words and applied stemming as described in Section 2, 

and only the top 2000 words are selected. More specifically, 

the 20news dataset contained newsgroup articles from 20 

newsgroups on a variety of topics including politics, 

computers, etc.  

The classic dataset contains abstracts of scientific 

papers from four sources: CACM, CISI, CRAN and MED. 

It has been widely used to evaluate information retrieval 

systems. The hitech dataset consists of San Jose Mercury 

newspaper articles on six topics—computers, electronics, 

health, medical, research, and technology, and was part of 

the TREC collection [16]. The tr41 data set is also derived 

from the TREC-5, TREC-6 and TREC-7 collections. The 

wap and the webkb datasets both consists of web pages. The 

wap dataset is from the WebAce project and contains web 

pages from the Yahoo. The webkb was from the Web 

Knowledge Base project and contains web pages from 

several universities about courses, students, staffs, 

departments, projects and the like. The re0 dataset contains 

newspaper articles and has been widely used for evaluating 

clustering algorithms. 

Data Set 
No. of 

Documents 

No. of 

Classes 

No. of 

Terms 

Average 

Class size 

20news 18828 20 28553 1217 

Classic 7089 4 12009 1774 

Hitech 2301 6 13170 384 

Re0 1504 13 2886 131 

Tr41 878 10 7454 88 

Wap 1560 20 8460 78 

Webkb 8282 7 20682 1050 

Table 1: Summary of Text Dataset 

VI. EVALUATION 

We obtained clusters from k-means for each of the datasets 

taken for study. The number of clusters is set as the same 

with the number of pre-assigned categories in the data set. 

The quality of a clustering result was evaluated using two 

evaluation measures—purity and entropy [6, 8]. The purity 

measure evaluates the coherence of a cluster, that is, the 

degree to which a cluster contains documents from a single 

category. Given a particular cluster Ci of size ni, the purity 

of Ci is formally defined as 

                                   
 

    
        

          (9) 

Purity can be interpreted as the classification rate 

under the assumption that all samples of the cluster are 

predicted to be members of the actual dominant class for the 

cluster. For an ideal cluster, which only contains documents 

from a single category, its purity value is 1. In general, the 

higher the purity value, the better the quality of the cluster 

is. As shown in Table 2, Euclidean distance performs worst 

and Cosine correlation similarity measure performs better 

and the best result is achieved by cosine correlation in 5 

different dataset out of 7 available. Table 3 shows entropy 
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results, which indicates that the cosine correlation has 

lowest purity score on this entire dataset. 

Dataset 

 

Eucli

dean 

Dista

nce 

Cosine 

Correlat

ion 

Jaccard 

Coefficie

nt 

Pearson 

Cofficie

nt 

KL

D 

20news 0.2 0.62 0.51 0.53 0.41 

Classic 0.65 0.97 0.98 0.91 0.91 

Hitech 0.31 0.57 0.51 0.56 0.51 

Re0 0.61 0.78 0.75 0.78 0.72 

Tr41 0.69 0.72 0.73 0.73 0.71 

Wap 0.23 0.60 0.63 0.61 0.66 

Webkb 0.28 0.68 0.57 0.68 0.61 

Table 2: Purity Results 

Data 

set 

Eucli

dean 

Dista

nce 

Cosine 

Correlat

ion 

Jaccard 

Coefficie

nt 

Pearson 

Cofficie

nt 

KL

D 

20news 0.95 0.49 0.51 0.49 0.54 

Classic 0.78 0.25 0.36 0.27 0.3 

Hitech 0.92 0.64 0.68 0.65 0.63 

Re0 0.6 0.25 0.33 0.26 0.25 

Tr41 0.62 0.33 0.33 0.33 0.38 

Wap 0.75 0.39 0.4 0.39 0.4 

webkb 0.93 0.6 0.74 0.61 0.51 

Table 3: Entropy Results 

The overall entropy value for each measure is 

shown in Table 3. The overall purity values by all the five 

similarity measures are very close. Euclidean distance is 

again proved to be an ineffective metric. The cosine 

similarity measure tends to outperform other measures. This 

means that cosine similarity measure is more effective in 

finding more balanced cluster structures. Considering that 

the above results all seem very close, in order to test the 

statistical significance between different solutions, we used 

the t-test to compare the solutions. First, each solution is 

represented with a set of clusters and each individual cluster 

is in turn represented by its centroid vector. Meanwhile, the 

original dataset is represented as a set of pre-defined 

categories, and each category is also represented with its 

centroid. Then both the original dataset and the generated 

clustering solution are transformed into matrices, with each 

row being a centroid object and each column is a distinct 

term from the term set. Finally, the two matrices are tested 

with the t-test function in the R package.2 The t-test result 

of any given two matrix shows that there is a true difference 

between any two matrices, because all the p-values are less 

than 0.9. 

VII. CONCLUSION AND FUTURE DIRECTIONS 

In this work, we found that except for the Euclidean distance 

measure, the other measures have comparable effectiveness 

for the partitional text document clustering task. But, cosine 

correlation coefficient performs slightly better than other 

measures in producing better clustering solutions. The 

overall purity values are close and sometimes with only 1% 

difference. Euclidean distance is proved to be an worst 

metric. The cosine similarity measure proved that it is better 

than other measures.  

 

We investigate the impact of using different 

document representation on clustering performance, and 

combine the different representations with similarity 

measures. We plan to investigate the effectiveness of these 

similarity measures with a multi-view clustering approach. 

In many cases we can view a given document from more 

than one perspective. For example, web pages intuitively 

provide at least three views—the content text appear in the 

web page itself, the anchor text of the outgoing links that are 

embedded in the page and the anchor texts from incoming 

links. We assume that by dividing the mixed representation 

up and using the different aspects individually can provide 

relevant information that is well separated according to its 

characteristics, therefore benefiting subsequent clustering. 
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