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Abstract— Clustering is one of the most important 

techniques in machine learning and data mining tasks. 

Similar data grouping is performed using clustering 

techniques. In document vector each component indicates 

the value of the corresponding feature in the document. The 

feature value can be term frequency, relative term 

frequency. Similarity Measurement for Text Process 

(SMTP) is used to compute the similarity between two 

documents with respect to a feature. Presents and options of 

the features in both documents are used to estimate the 

similarity values. The SMTP is extended to estimate 

similarity between two set of documents. The SMTP scheme 

is used with text clustering and classification task.The 

system is designed to perform document clustering using 

Similarity Measurement for Text Process (SMTP). Spherical 

K means algorithm is used for the clustering process. 

Concept relationships are identified with the support of 

ontology. Dimensionality reduction functions are applied to 

minimize the features. 

Key words: Document classification, document clustering, 

entropy, accuracy, classifiers, clustering algorithms 

I. INTRODUCTION 

Texts are themselves linguistic expressions and if the 

desired information were contained in a single text it would 

be entirely reasonable to simply find that text.  The 

requirement that the patterns be novel can be omitted from 

the definition of TDM for the same reason. The Data mining 

step includes model selection, transformation of the data 

into a format appropriate for the selected model and choice 

of a method for finding the appropriate parameters for that 

model.  At a very general level, data mining models can be 

grouped by what they seek to produce. Functions 

traditionally associated with data mining include clustering 

models, classification models and dependency models.  

Viewed abstractly, a model is simply a parameterized set of 

ways in which the data can be used to produce a result, a 

criterion that describes which results are preferred, and an 

algorithm for searching the space of possible combinations.  

The output of the data-mining step is the model and the 

parameters that have been found. 

 Clustering is the classification of objects into 

different groups, or more precisely, the partitioning of a data 

set into subsets, so that the data in each subset share some 

common trait - often proximity according to some defined 

distance measure. Data clustering is a common technique for 

statistical data analysis, which is used in many fields, 

including machine learning, data mining, pattern 

recognition, image analysis and bioinformatics. Besides the 

term data clustering, there are a number of terms with 

similar meanings, including cluster analysis, automatic 

classification, numerical taxonomy, botryology and 

typological analysis. 

 A TDM system is designed to identify topically 

related news stories. A clustering model would be well 

suited to this task, since clusters could be used to represent 

topical relationships. If the data storage system contains the 

frequency of each word appearing in the title, a simple data 

transformation could reduce this to a Boolean value 

reflecting the presence or absence of each word. The 

parameters of a clustering model are the number of 

categories and the category to which each text is assigned. 

One simple preference criterion is to assign two texts to the 

same category if their titles share at least half the words in 

the shorter title. In this case, a greedy agglomerative 

clustering algorithm that sequentially makes pair-wise 

comparisons and either forms or joins clusters will quickly 

discover the optimal parameters for the model. Better 

clustering models can be designed for this task, but the key 

parts of the data-mining step are illustrated by this example. 

II. RELATED WORKS 

Some measures which have been popularly adopted for 

computing the similarity between two documents are briefly 

presented here. Let d 1  and d 2 be two documents represented 

as vectors. The Euclidean distance [1] measure is defined as 

the root of square differences between the respective 

coordinates of d1 and d2, i.e.,  

dEuc(d 1 , d 2 ) = [(d 1 − d 2 )·(d 2  − d 2 )] ,  (1) 

where A·B denotes the inner product of the two vectors A 

and B. Cosine similarity [5] measures the cosine of the angle 

between d1 and d2 as follows: 

SCos(d 1 , d 2 ) = 
 . )·d(d.d1)(d 

 ·dd
1/2

22

1/2

1

21     (2) 

 Pairwise-adaptive similarity [8] dynamically 

selects a number of features out of d 1 and d 2 and is defined 

to be  

d pair (d 1 , d 2 ) =
  )·d(d)·d(d
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 Where d ki ,  is a subset of d i , i = 1, 2, containing 

the values of the features which are the union of the K 

largest features appearing in d 1  and d 2 , respectively. 

 The Extended Jaccard coefficient [9] is an extended 

version of the Jaccard coefficient [2] for data processing: 

S EJ (d 1 , d 2 ) = 
 .d d-(d2·d2)(d1·d1) 

 ·dd

21

21
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 While the Dice coefficient looks similar to it and is 

defined as follows: 

S Dic (d 1 , d 2 ) =  
 .d ·dd

 ·d2d

2211

21

d

            (5) 

 IT-Sim, an information-theoretic measure for 

document similarity: 
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S IT (d 1 , d 2 ) = 
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 Where w i  represents feature i, p ji  indicates the 

normalized value of w i  in document d j  for j = 1 or j = 2 

and π(w i ) is the proportion of documents in which wi 

occurs. 

III. TEXT CLUSTERING PROCESS 

Text processing plays an important role in information 

retrieval, data mining, and web search. In text processing, 

the bag-of-words model is commonly used. A document is 

usually represented as a vector in which each component 

indicates the value of the corresponding feature in the 

document. The feature value can be term frequency, relative 

term frequency or term frequency and inverse document 

frequency (tf-idf) [5]. Usually, the dimensionality of a 

document is large and the resulting vector is sparse, i.e., 

most of the feature values in the vector are zero. Such high 

dimensionality and sparsity can be a severe challenge for 

similarity measure which is an important operation in text 

processing algorithms [1], [6], [7], [10]. 

 A lot of measures have been proposed for 

computing the similarity between two vectors. The 

Kullback-Leibler divergence is a non-symmetric measure of 

the difference between the probability distributions 

associated with the two vectors. Euclidean distance [3] is a 

well-known similarity metric taken from the Euclidean 

geometry field. Manhattan distance, similar to Euclidean 

distance and also known as the taxicab metric, is another 

similarity metric. The Canberra distance metric is used in 

situa- tions where elements in a vector are always non-

negative. Cosine similarity [5] is a measure taking the 

cosine of the angle between two vectors. The Bray-Curtis 

similarity measure is a city-block metric which is sensitive 

to outlying values. The Jaccard coefficient is a statistic used 

for comparing the similarity of two sample sets, and is 

defined as the size of the intersection divided by the size of 

the union of the sample sets. The Hamming distance 

between two vectors is the number of positions at which the 

corresponding symbols are different. The extended Jaccard 

coefficient and the Dice coefficient [9] retain the sparsity 

property of the cosine similarity measure while allowing 

discrimination of collinear vectors. An information-theoretic 

measure for document similarity, named IT-Sim. Chim et al. 

[1] proposed a phrase-based measure to compute the 

similarity based on the Suffix Tree Document (STD) model. 

Similarity measures have been extensively used in 

text classification and clustering algorithms. The spherical 

k-means algorithm introduced by Dhillon and Modha 

adopted the cosine similarity measure for document 

clustering. Zhao and Karypis reported results of clustering 

experiments with 7 clustering algorithms and 12 different 

text data sets, and concluded that the objective function 

based on cosine similarity “leads to the best solutions 

irrespective of the number of clusters for most of the data 

sets.” D’hondt et al. [8] adopted a cosine-based pairwise 

adaptive similarity for document clustering. Zhang et al. [4] 

used cosine to calculate a correlation similarity between two 

projected documents in a low-dimensional semantic space 

and performed document clustering in the correlation 

similarity measure space. Kogan et al.  Proposed a two-step 

clustering procedure in which the sPDDP is used to generate 

initial partitions in the first step and a k-means clustering 

algorithm using the Kullback-Leibler divergence is applied 

in the second step. Dhillon et al. proposed a divisive 

information-theoretic feature clustering algorithm for text 

classification using the Kullback-Leibler divergence. 

Euclidean distance is usually the default choice of 

similarity-based methods, e.g. k-NN and k-means 

algorithms. Kogan et al. combined squared Euclidean 

distance with relative entropy in a k-means like clustering 

algorithm. Chim et al. [1] performed document clustering 

based on the proposed phrase-based similarity measure. The 

extended Jaccard coefficient can be used for document data 

and it reduces to the Jaccard coefficient in the case of binary 

attributes. 

 We propose a new measure for computing the 

similarity between two documents. Several characteristics 

are embedded in this measure. It is a symmetric measure. 

The difference between presence and absence of a feature is 

considered more essential than the difference between the 

values associated with a present feature. The similarity 

increases as the difference between the two values 

associated with a present feature decreases. Furthermore, the 

contribution of the difference is normally scaled. The 

similarity decreases when the number of presence-absence 

features increases. An absent feature has no contribution to 

the similarity. The proposed measure is extended to gauge 

the similarity between two sets of documents. The measure 

is applied in several text applications, including single label 

classification, multi-label classification, k-means like 

clustering, and hierarchical agglomerative clustering, and 

the results obtained demonstrate the effectiveness of the 

proposed similarity measure. 

IV. PROBLEM STATEMENT 

A document is represented as a vector. In document vector 

each component indicates the value of the corresponding 

feature in the document. The feature value can be term 

frequency, relative term frequency. High dimensionality and 

sparsity can be a severe challenge for similarity measure. 

Similarity Measurement for Text Process (SMTP) is used to 

compute the similarity between two documents with respect 

to a feature. Presents and options of the features in both 

documents are used to estimate the similarity values. The 

SMTP is extended to estimate similarity between two set of 

documents. The SMTP scheme is used with text clustering 

and classification task. The following problems are 

identified in the text similarity analysis. 

 Term relationships are not considered  

 Dimensionality reduction is not performed 

 Future weights are not used in the similarity 

estimation 

 Limited clustering accuracy 

V. ONTOLOGY CONCEPTS 

 Ontology is a specification of a conceptualization. It refers 

to the subject of existence. In the context of knowledge 

sharing, the term ontology is used to mean a specification of 

a conceptualization. That is, ontology is a description of the 
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concepts and relationships that can exist for an agent or a 

community of agents. This definition is consistent with the 

usage of ontology as set-of-concept-definitions. Ontologies 

are designed for the purpose of enabling knowledge sharing 

and reuse. In that context, ontology is a specification used 

for making ontological commitments.   

An ontology is a “a specification of a 

conceptualization” whereby a conceptualization is a 

collection of objects, concepts and other entities that are 

presumed to exist in some domain and that are tied together 

with some relationships. A conceptualization is a simplified 

view of the world, a way of thinking about some domain.  

Ontologies belong to the knowledge representation 

approaches that have been discussed above and they aim to 

provide a shared understanding of a domain both for the 

computers and for the humans. Thereby, ontology describes 

a domain of interest in such a formal way that computers 

can process it. The outcome is that the computer system 

knows about this domain. Ontology is a formal classification 

schema, which has a hierarchical order and which is related 

to some domain. Ontology comprises the logical component 

of a “Knowledge Base”. Typically, a knowledge base 

consists of ontology, some data and also an inference 

mechanism. Ontology, comprising the logical component of 

the knowledge base, defines rules that formally describe the 

field of interest looks like. The data can be any data related 

to this field of interest that is extracted from various 

resources such as databases, document collections, the Web 

etc. The inference mechanism would deploy rules in form of 

axioms, restrictions, logical consequences and other various 

methods based on the formal definition in the ontology over 

the actual data to produce more information out of the 

existing one.  

The future Semantic Web is envisioned as an 

extension to the current Web, in which information is given 

well-defined meaning, better enabling computers and people 

to work. Semantic Web should be a place, where 

information can be better discovered, can be automatically 

processed, can be integrated and shared across various 

applications. The precondition for the Semantic Web is 

viewed as providing the documents on today’s Web with 

machine process able contents. In other words, Web 

documents should be furnished with information, whose 

context dependent meaning can be interpreted by software 

programs and applications. 

There is a list of expectations from tomorrow’s 

Semantic Web. Accordingly, it should understand the 

meaning and user background, it should enable inter-

operability between heterogeneous applications and it 

should provide a platform for intelligent web agents and 

adaptive web systems to operate on. Eventually, it should 

require less human intervention such the ultimate goal set 

for Semantic Web is that it should assist human users in 

their daily online activities by exhibiting a higher-level 

intelligence. 

VI. SPHERICAL K MEANS CLUSTERING SCHEME 

The text document clustering process is performed with 

Spherical K means Clustering algorithm. The Spherical K 

means Clustering algorithm is composed by integrating the 

K-means clustering algorithm with Cosine similarity 

measure. Term weights are used in the similarity estimation 

process. Term weights are integrated with occurrence based 

similarity model. The system also uses the semantic 

relationship values. 

  Relatively efficient: O(tkn), where n is # of objects, 

k is # of clusters, and t is # of iterations. Normally, k, t << n. 

Often terminates at a local optimum.  

 K-Means algorithm is applicable only when mean 

is defined. Need to specify k, the number of clusters, in 

advance. K-means algorithm is unable to handle noisy data 

and outliers. Reallocation method-start with an initial 

assignment of items to clusters and then move items from 

cluster to cluster to obtain an improved partitioning. Single 

pass method - simple and efficient, but produces large 

clusters, and depends on order in which items are processed.  

A. The Basic Algorithm (based on Reallocation Method):  

 Select K data points as the initial representatives. 

 For i = 1 to N, assign item xi to the most similar 

centroid. 

 For j = 1 to K, recalculate the cluster centroid Cj. 

 Repeat steps 2 and 3 until there is no change in 

clusters. 

Example: Clustering Terms  

Initial assignment:  

 C1 = {T1, T2},  

 C2 = {T3, T4},  

 C3 = {T5, T6} 

 Cluster Centroids : 

 Example: K-Means 

Now using simple similarity measure, compute the 

new cluster-term similarity matrix. Now compute new 

cluster centroids using the original document-term matrix. 

The process is repeated until no further changes are made to 

the clusters. 

  The most popular distance metrics for text 

clustering is the cosine of the angle between the two vectors 

given by the following formula: 
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 Where θ refers to the angle between two vectors. 

For example, the cosine between two vectors (1, 2, 3) and 

(3, 5, 7) is (1*3 +2*5+3*7)/sqrt(1+4+9)* sqrt (9+25+49). 

This ratio defines the cosine angle between the vectors, with 

values between 0 and 1. As the angle between vectors 

lessens the Cosine angle approaches to 1 i. e when angle 

becomes 0 it will be 1. 

VII. SIMILARITY MEASURE FOR TEXT PROCESS (SMTP) 

Let a document d with m features w 1 , w 2 , . . . , wm be 

represented as an m-dimensional vector, i.e., d = < d , d 2  . 

. . , d m  >. If w
i

, 1 ≤ i ≤ m, is absent in the document, then 

d i  = 0. Otherwise, d i > 0. The following properties, among 

other ones, are preferable for a similarity measure between 

two documents: 

1



Document Clustering using Enhanced Similarity Measurement for Text Processing 

 (IJSRD/Vol. 2/Issue 12/2015/074) 

 

 All rights reserved by www.ijsrd.com 283 

1) The presence or absence of a feature is more essential 

than the difference between the two values associated 

with a present feature. Consider two features w i and 

w i  and two documents d 1  and d 2 . Suppose wi does 

not appear in d 1  but it appears in d 2 . Then wi is 

considered to have no relationship with d  while it 

has some relationship with d 2 . In this case, d  and d2 

are dissimilar in terms of wi. If wj appears in both d 1  

and d 2  then w
jj

has some relationship with d 1 and d2 

simultaneously. In this case, d 1  and d 2  are similar to 

some degree in terms of w i . For the above two cases, 

it is reasonable to say that wi carries more weight 

than w i  in determining the similarity degree between 

d 1  and d 2 . For example, assume that w i  is absent in 

d 1  i.e., d li  = 0, but appears in d 2 , e.g., d i2  = 2, and 

w j  appears both in d 1  and d 2 , e.g., d j1  = 3 and d j2  

= 5. Then w i  is considered to be more essential than 

w j  in determining the similarity between d 1  and d 2 , 

although the differences of the feature values in both 

cases are the same. 

2) The similarity degree should increase when the 

difference between two non-zero values of a specific 

feature decreases. The similarity involved with d 13  = 

2 and d  = 20 should be smaller than that involved 

with d 13 = 2 and d 23  = 3. 

3) The similarity degree should decrease when the 

number of presence-absence features increases. For a 

presence-absence feature of d 1 and d 2 , d 1  and d 2 are 

dissimilar in terms of this feature as commented 

earlier. Therefore, as the number of presence absence 

features increases, the dissimilarity between d1 and d2 

increases and thus the similarity decreases. For 

example, the similarity between the documents < 1, 0, 

1 > and < 1, 1, 0 > should be smaller than that 

between the documents < 1, 0, 1 > and < 1, 0, 0 >. 

4) Two documents are least similar to each other if none 

of the features have non-zero values in both 

documents. Let d 1 = < d 11 , d 12  . . . , d lm  > and d 2  = 

< d 21 , d 22 , . . . , d m2  >. If 

d i1 d i2  = 0,  

d i1  + d
i2

 > 0  

for 1 ≤ i ≤ m, then d 1  and d 2  are least similar to each 

other. As mentioned earlier, d1 and d2 are dissimilar 

in terms of a presence-absence feature. Since all the 

features are presence-absence features, the 

dissimilarity reaches the extremity in this case. For 

example, the two documents < x, 0, y > and < 0, z, 0 

>, with x, y, and z being non-zero numbers, are least 

similar to each other. 

5) The similarity measure should be symmetric. That is, 

the similarity degree between d 1  and d 2  should be 

the same as that between d2and d 1 . 

6) The value distribution of a feature is considered, i.e., 

the standard deviation of the feature is taken into 

account, for its contribution to the similarity between 

two documents. A feature with a larger spread offers 

more contribution to the similarity between d 1 and d2 

 Based on the preferable properties mentioned 

above, we propose a similarity measure, called SMTP 

(Similarity Measure for Text Processing), for two 

documents d 1  = < d 11 , d 12 , . . . , d lm  > and d 2  = < d 21 , d

22 , . . . , d m2  >. Define a function F as follows: 

F(d 1 , d 2 ) =

),(
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1 21

j

m

j j

m

j jj

ddN
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Where 

Then our proposed similarity measure, SSMTP, for d 1  and d

2  is 

N*(d j1 ,d j2 ) =  
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 The proposed measure takes into account the 

following three cases: a) The feature considered appears in 

both documents, b) the feature considered appears in only 

one document and c) the feature considered appears in none 

of the documents. For the first case, we set a lower bound 

0.5 and decrease the similarity as the difference between the 

feature values of the two documents increases, scaled by a 

Gaussian function as shown in Eq.(8) where σj is the 

standard deviation of all non-zero values for feature wj in 

the training data set. For the second case, we set a negative 

constant −λ disregarding the magnitude of the non-zero 

feature value. For the last case, the feature has no 

contribution to the similarity.  

VIII. DOCUMENT CLUSTERING WITH ENHANCED SMTP 

The system is designed to perform document clustering 

using Similarity Measurement for Text Process (SMTP). 

Spherical K means algorithm is used for the clustering 

1

1

23
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process. Concept relationships are identified with the 

support of ontology. Dimensionality reduction functions are 

applied to minimize the features. The system is designed to 

cluster the text documents with statistical and conceptual 

relationships. Weight values are integrated in the presence 

and absence based similarity analysis mechanism. 

Infrequent features are removed in dimensionality reduction 

process. The system is divided into six major modules. They 

are document preprocess, term analysis, semantic analysis, 

distance analysis with SMTP, distance analysis with 

HSMTP and clustering process. 

  Document parsing, stopword elimination and 

stemming process are carried out under document 

preprocess module. Term weights are estimated under term 

analysis module. Semantic analysis is performed to identify 

concept relationships. Appearance based relationship 

analysis is performed in Distance analysis with SMTP 

module. Distance analysis with HSMTP module is designed 

to estimate the similarity using appearance and influence 

values. The clustering process module is used to partition 

the document collection based on the similarity values.  

A. Document Preprocess: 

Document preprocess is performed to parse the text 

documents into words. Document cleaning is applied to 

remove stop words. Stemming process is applied to detect 

the base term. Terms are updated with their frequency 

values. 

B. Term Analysis: 

The term analysis is performed to estimate the term weight 

values. Statistical method is used for the term weight 

estimation process. Term frequency (TF) and Inverse 

Document Frequency (IDF) are used for the term weight 

estimation process. Dimensionality reduction process is 

carried out to remove infrequent feature values. 

C. Semantic Analysis: 

The semantic analysis is performed to identify the concept 

relationships. Ontology is constructed for the selected 

domains. Terms and associated concept relationships are 

identified using the Ontology. Semantic weights are 

assigned with reference to the concept relationship type. 

D. Distance Analysis with SMTP: 

Documents relationship is estimated using Similarity 

Measurement for Text Process (SMTP) scheme. Feature 

appearance behavior is used in the SMTP scheme. Distance 

values are estimated with presence and absence of features. 

Term features and semantic features are used in the 

similarity estimation process. 

E. Distance Analysis with HSMTP: 

Hybrid Similarity Measure for Text Process (HSMTP) 

mechanism is used for the distance analysis process. Feature 

appearance and feature influence details are integrated in the 

distance estimation process. Feature influence weight value 

is used in the distance estimation process. Distance analysis 

is carried out with the term and semantic features. 

F. Clustering Process: 

The document clustering is performed using Spherical K 

means clustering algorithm. The clustering process is carried 

out with user specified cluster count values. Term weight 

and semantic weight values are used in the clustering 

process. SMTP and HSMTP measures are used for the 

distance analysis between the text documents. 

 
Fig. 1: Document Clustering with Enhanced SMTP 

IX. RESULT 

We have presented a novel similarity measure between two 

documents. Several desirable properties are embedded in 

this measure. For example, the similarity measure is 

symmetric. The presence or absence of a feature is 

considered more essential than the difference between the 

values associated with a present feature. The similarity 

degree increases when the number of presence-absence 

features pairs decreases. Two documents are least similar to 

each other if none of the features have non-zero values in 

both documents. Besides, it is desirable to consider the value 

distribution of a feature for its contribution to the similarity 

between two documents. The proposed scheme has also 

been extended to measure the similarity between two sets of 

documents. To improve the efficiency, we have provided an 

approximation to reduce the complexity involved in the 

computation. We have investigated the effectiveness of our 

proposed measure by applying it in k-NN based single-label 

classification, k-NN based multi-label classification, k-

means clustering, and hierarchical agglomerative clustering 

(HAC) on several real-world data sets.The results have 

shown that the performance obtained by the proposed 

measure is better than that achieved by other measures. 

X. CONCLUSION 

  Similarity measurement is used to estimate the 

relationship between the records or documents. Similarity 

Measurement for Text Process (SMTP) scheme is used to 

estimate the distance values. Spherical K means algorithm is 

used for text document clustering process. Statistical weight 

and concept weight models are used to improve the 

similarity measurement process. Concept relationship based 

similarity analysis model is adopted for the clustering 

process. Efficient similarity computation mechanism 

produces document relationships. Clustering accuracy is 

improved in the system. The system reduces the process 

time and memory requirement. 
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