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Abstract:- Information retrieval systems retrieves a large set of text documents. By using the clustering techniques, text documents in huge 

voluminous arranged in a systematic compact relevant group of documents. By this, way users allowed to find information quickly and 

easily in response. This paper analyzes the measure of similarity between clusters of the same dataset produced using the K-means 

algorithm. The similarity measure thus used to identify the best match cluster in terms of most similar to given document. Experimental 

results of known datasets webkb and AustLII along with one real-world text dataset built by us using deep crawling discussed. Here, we 

compare clusters with four most-accepted similarity measures (Cosine, Pearson correlation, Euclidean, and Extended Jaccard) by using 

vector space representation (term frequency and inverse document frequency) of text documents. 

 

Keywords:- Text Clustering, Clustering Algorithm, Similarity Measures, Dataset. 

 

I. INTRODUCTION 

In this digital era, voluminous of text documents are created 

and stored in digital format. The enormous amount of texts 

contents streaming over the Internet day-by-day; huge 

compilations of documents are stored in web repositories. At 

the same time information management, designed to facilitate 

the storage, organization and retrieval of information have 

become logically significant problems. Different methods 

flourish to classify hefty quantity of unstructured text 

documents into a smaller number of significant clusters would 

be very supportive as document clustering is very important to 

such tasks as filtering, automated metadata generation, 

indexing, word sense disambiguation, population of 

hierarchical catalogues of web resources and, in general, any 

application requiring document association [6,7].  For 

example, the judicial system faces different types of cases 

each and every day and the text (legal) documents are also 

increased. These kinds of data are stored in text formats and 

systemized (developed as corpus). These text documents can 

be fetched from the websites by deep crawling.  

Clustering has demonstrated as a successful approach 

and an fascinating research problem for text documents. Text 

documents clustering plays a vital role in proficient Topic 

Extraction, Information Retrieval, Summarization and 

Document Organization.  
 

 
Figure 1: Adding Document to cluster 

 

In an Information Retrieval System, initially 

clustering used for getting better precision or recall [1,2]. At 

present, clustering has been projected for use in browsing a 

collection of documents [3] or in categorizing the results 

returned by a search engine against the user‟s query [4] or help 
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users quickly to recognize and focus on the appropriate set of 

results. Hierarchical clusters of documents automatically 

generated by text document clustering [5]. 

To form a coherent cluster, Text document clustering 

groups into similar documents, with documents having 

dissimilar semantic contents divided away from each other 

into various clusters. However, to find out the classification of 

a set of text documents whether the similarity exists between 

the documents are exactly the same or differs cannot be 

predicted because it differs from the problem and the solution 

actually required. For instance, while clustering legal 

documents if they share similar thematic topics, those 

documents regarded as similar. When clustering employed on 

corpus extracted by crawling websites, always there is a 

necessity to cluster the contents in the pages based on the 

information type that exists in the webpage. For example, 

while handling with legal judgment orders, there will be a 

need to distinguish criminal cases from civil cases and the 

judgment whether positive or negative. By grouping similar 

types of information sources, together clustering can benefit 

further analysis and utilize the dataset for information retrieval 

and information extraction. 

Thus the main objective of this paper is since text 

documents are created day-by-day and added with the existing 

text documents it is tedious to cluster the documents each 

time, instead of that text documents are clustered and the 

similarity measures are found within and other clusters. When 

documents are, need to be added with the corpus it can be 

added to the cluster by finding the relevance of these clustered 

documents by applying similarity measures. 

II. RELATED WORKS 

Anna Huang [8] compared and analyzed the effectiveness of 

the similarity measures such as cosine similarity, squared 

Euclidean distance, and relative entropy in partitional 

clustering for text document datasets. Experiments utilize the 

standard K-means algorithm and the report results on seven 

text document datasets and five distance/similarity measures 

that most commonly used in text clustering. In this paper, we 

are also comparing the similarity of the clusters and the new 

text documents are added. 

GJ Torres et. al. [8] initiated a measure of similarity between 

two clusters of the same dataset produced by two different 

algorithms and by the same algorithm by using various 

initializations to produce different clustering results in the 

same dataset. To compare the similarity between different 

human clustering and machine clusterings of datasets, they 

applied the measure to analyze the similarity between pairs of 

clusters. The similarity measure allows identifying the best 

clustering algorithm for a specific problem at hand. Here they 

are comparing the clusters of dataset with human derived 

cluster whereas in our paper we are comparing the clusters of 

the same dataset and the documents are added to it. 

Deep learning used in neural networks that performs 

supervised, semi supervised and unsupervised learning[18]. 

Zhang et. al. used Convolutional Neural Network with 

character level features for text classification using Deep 

Neural Networks.  

Pre clustering the whole corpus is the way of enhancing the 

presentation of several search engines for that clustering text 

documents has been conventionally used [12], along with post 

retrieval of document browsing techniques [11,16]. The 

techniques used, for clustering document consists of numerous 

research areas, such as information retrieval, database, and 

artificial intelligent including natural language processing and 

machine learning. There are many document clustering 

algorithms are used among them the most frequently used 

algorithm is the Agglomerative Hierarchical Clustering (AHC) 

algorithm is one. This algorithm consists of several options, 

e.g. group-average, single-link, and complete-link. As 

observed, Agglomerative Hierarchical Clustering algorithm 

uses a higher computing complexity that frequently produces a 

high-class clustering [15]. 

III. DOCUMENT REPRESENTATION 

Numerous ways are present to replicate a text 

document. For instance, bag-of-words method used to 

represent text documents. For text mining and information 

retrieval, this bag-of-word model is mostly used. Words 

collected without representing any semantic value and the 

position of the word in document is not considered. Word 

counts applied to the words present in the bag that is different 

from the mathematical notation set. Every word fits in the data 

space and text document holds the vector with positive values 

for each dimension. In this representation, we consider the 

weight of every term by its frequency that imposes the term 

that most frequently appears are the important term, which are 

explanatory to the text document. 

Let D be a set of documents with n documents {d1, . . . , dn} 

and T be the set of distinct terms {t1, . . . ,tm} with m terms 

occurs in n documents in corpus D. when duplicated words are 

removed from the document, we get the terms. A document 

representation is by means of a m-dimensional vector 𝑡𝑑     . Let 

term frequency t ∈ T in document d ∈ D represented as tf(d, t). 

Then the document d representation of vector is 

 

𝑡𝑑     =   tf d, t1 , . . . . , tf d, tm    
 

Even though words that are more frequent are assumed more 

significant as specified above, but looking in practice it not 

like so. For example, the most frequent words as if „a‟ and 

„the‟ are probably that appear in English text, but they are 

neither descriptive nor important for the document‟s subject.  
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Figure 2: Document Angle - Similar 

 

In Figure 2: The document angle are similar, the vectors 

positioned in same direction, similar to zero degree so the 

cosine of angle is nearly one, and it reflects that the two 

documents D1 and D2 are mostly similar to each other. 

 

Figure 3: Document Angle - Unrelated 

 

In Figure 3: The document angle is unrelated, the vectors 

positioned in unrelated direction, similar to ninety degree so 

the cosine of angle is nearly zero, and it reflects that the two 

documents D1 and D2 are mostly dissimilar to each other. 

 

 

Figure 4: Document Angle - Opposite 

 

In Figure 4: The document angle is opposite, the vectors 

positioned in opposite direction, similar to one hundred and 

eighty degree so the cosine of angle is nearly minus one, and it 

reflects that the two documents D1 and D2 are mostly 

opposite to each other. 

To determine the angle (similarity) between the documents 

more difficult approaches such as the cosine weighting 

schemes are generally used. The text documents represented 

as vectors, the degree of relationship between the two 

documents measured as the correlation between their 

corresponding vectors, which further measured as the cosine 

of the angle connecting the two vectors. The above figures 

show the angle in 2D space but in real, the text documents 

usually have more number of dimensions. Words form the 

terms. We apply some basic transformations on the acquired 

fundamental representation of term vector. At the beginning, 

stop words are removed. There are words those are 

unimportant for the subject in a document, like 'is', 'am', 'or', 

'as', 'from', 'the', etc,. The stop words are the list of words 

given incorporated from Python NLTK, the words are 

predefined when there is a need for additional stop words, 

which are domain oriented, and it can be updated to the 

existing list. Next words are stemmed to its root/stem they are 

similar to the subject treated as a single word. Stemmers 

eliminate morphological fixes from words, leaving only the 

stem word. The idea of stemming is a sort of normalizing 

method. Words are stemmed to its root using the Porter‟s 

stemming Algorithm [14], so that many variations of words 

carry the same meaning with dissimilar suffix will be formed 

into a single root word. For instance, „python‟, „pythons‟, 

„pythoner‟, „pythoning‟, „pythoned‟ will be stemmed to 

its root as Python. The reason why we stem is to shorten the 

lookup, and normalize sentences. 

As the last step, to get rid of words that emerge with lesser 

than a given threshold frequency on the entire clustering 

presentation, effect of adding infrequent terms to the 

document representation is measured and words removed. 
The underlying principle by removing infrequent terms is that 

in many cases they are not very explanatory about the 

document‟s subject and make modest involvement to the 

similarity between the documents. In the meantime, as well as 

adding unusual terms can also introduce noise into the 

clustering process and make similarity computation more 

expensive. Therefore, the top 1500 words selected and ranked 

by their weights and we used them in our experiments. 

 

IV. SIMILARITY MEASURES 

A deep web crawl mostly returns thousands of pages 

based on the web URL delivered, making it difficult for users 

to browse or to identify relevant information. Automatically 

grouping the retrieved documents into a list of meaningful 

categories, clustering methods with a similarity/distance 

measures are used.  Based on these measures, the relative 

closeness and the difference of the specific objects used to 

differentiate the clusters added in the data. In most of the 

cases, these measures are highly dependent on the corpus or 

the requirement of result that needed. It is not assured that a 
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measure is universally best for different types clustering 

problems. We use different types of similarity measures such 

as Cosine, Euclidean, Pearson correlation, and Extended 

Jaccard. Selecting the best similarity measure plays an 

important role in cluster analysis. 

 

V. CLUSTERING METHODS 

The standard K-means algorithm selected for 

clustering for the experiments carried out. This clustering 

algorithm partition k clusters of n observations belongs to the 

nearest mean cluster, giving a model for the cluster. To 

minimize the least square error criterion an iterative partitional 

clustering process k-means used [10]. As said previously, for 

handling large document corpus partitional clustering 

algorithms are the most suited than the hierarchical clustering 

algorithms because of its relatively low mathematical 

operations [11, 8]. 

The K-means clustering algorithm works by splitting 

the given data set objects D into a fixed number of clusters k. 

To initialize clusters, data objects are picked at random and it 

is given as centroid for a cluster. The other data objects are 

then allotted to the cluster represented by the most similar or 

nearest recomputed centroid. This process of classification and 

centroid adjustments repeated until the concrete solution 

stabilized. After the process the final centroid is arrived and 

based on this centroid it produce clustering of remaining data 

objects. 

The final clustering solutions are the best for the 

initial seeds and given data set. Different level of partition 

results obtained by changing the initial seed sets. The method 

aims at reducing the distances within clusters by finding best 

starting points [17].  

 

 

VI. EXPERIMENTS 

In this paper, we present a method to update/add a text 

document to cluster which are most relevant to it, to a corpus 

that collected from the World Wide Web from deep crawling. 

In common practice, it is tedious to have efficient study for 

analyzing the impact of similarity metrics on cluster quality 

due to complicated evaluation of cluster quality. Usually 

baseline criteria for evaluating clusters are the category labels 

manually assigned. Based on these, the clusters, which created 

in an unsupervised way, compared with the grouping structure 

produced by human experts and pre-defined category 

structure. This sort of assessment expects that the target of 

clustering is to reproduce human opinion, so a clustering 

arrangement is great if the clusters are predictable with the 

manually made classifications. The usage of clustering is 

defined in the way that mostly datasets presents will have no 

categories as they are manually created, at this juncture 

clustering will help to identify it. Here we measure the cluster 

coherence for evaluation with the terms of cluster distance 

present within the text documents and the cluster distance 

among the other clusters clustered by the clustering algorithm 

[9]. To have a comparison of this experiment previous 

research we used the datasets, which generally used for 

clustering evaluations as investigation dataset with pre 

assigned category labels.  

 

A. DATASETS 

The corpora build for this experiment is by collecting/saving 

the html through deep crawling the World Wide Web and two 

data sets (The 4 Universities Dataset and Legal Case Report) 

were chosen for evaluating clustering, classification, and 

selection techniques. The datasets are from different data 

sources. These data sets vary with regard to number of 

categories, subjects, average category size, and type of 

document. The datasets illustrated in the table 1. 

 

Table 1: Dataset Summary for evaluation 

Dataset Docs Classes Terms Data Available at 

webkb 8282 7 13462 
http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-

20/www/data/webkb-data.gtar.gz 

Legal Case 3890 4 12554 
http://archive.ics.uci.edu/ml/machine-learning-

databases/00239/ 

Judis 4000 4 14673 http://judis.nic.in/ 

 

In Table 1 all, the three data sets are selected from, 

The 4 Universities dataset, Legal Case reports dataset 

and created by our own by deep crawling the web 

site. These are used for evaluating feature clustering, 

classification and selection techniques. The first 

dataset consists of web pages from department of 

computer science, belongs to various universities in 

the year January 1997 by the World Wide 

Knowledge Base (Web->Kb) project of the CMU text 

learning group. The second dataset consists of 

Australian legal cases from the Federal Court of 

Australia (FCA). These datasets differ in terms of 

number of categories, document type, subjects, and 

category size. To have various types of datasets two 

different sources are selected containing the legal 

cases of Australia, which is conceptually similar to 

our own corpus and webkb consists of web pages 

about students, courses, staffs, projects and 

departments.  
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B. EVALUATION 

We derived clustering outcome by using the K-means 

algorithm for the above given datasets. Found that the 

clusters set is same as in the number of pre-assigned 

categories in the given datasets with this we can 

come to a decision that the clusters formed for our 

own corpus built by deep crawling consist of clusters 

derived from K-means algorithm will be accurate. To 

evaluate the quality of clustering result in 

unsupervised learning algorithms, two evaluation 

measures are used they are purity and entropy [13, 

14]. Every cluster is assigned label with the majority 

category appears in. Even after assigning label for the 

cluster, can further added to some other cluster if the 

cluster consist the leading category. The similarity 

matrix for the cluster categorized by k-means 

algorithm and the cluster where document added 

given in Table 2. The purity and entropy results 

computed based on the cluster labels. 

 

Table 2: Similarity Matrix 

Cluster A0 A1 A2 A3 

B0 0.1322 0.0106 0.0129 0.0325 

B1 0.0212 0.7455 0.0243 0.0329 

B2 0.0135 0.0548 0.5367 0.0237 

B3 0.0529 0.0158 0.0245 0.0435 

 

Table 3: Purity Results 

Data Cosine Euclidean Pearson Jaccard 

webkb 0.24 0.12 0.23 0.24 

Legal 

Case 
0.56 0.42 0.56 0.55 

Judis 0.74 0.57 0.74 0.74 

 

Table 4: Entropy Results 

Data Cosine Euclidean Pearson Jaccard 

webkb 0.54 0.28 0.54 0.62 

Legal 

Case 
0.92 0.68 0.56 0.67 

Judis 0.68 0.57 0.66 0.68 

 

VII. CONCLUSIONS 

In this work, we evaluate the process of adding the 

document(s) to the predefined cluster. At the initial 

stage, web pages collected from the World Wide 

Web and formed a corpus, as the text document 

increases every day in exponential we have to re-

create the corpus by adding those documents day by 

day. Having processes like Summarization, Question 

and answering system, and other Information 

Retrieval processes, the whole corpus has been 

clustered into various categories and the Information 

Retrieval can be applied to this. At this stage when 

we have to add the document to the corpus, 

repeatedly we have to cluster the document. To avoid 

this, those documents are directly added to the 

cluster(s) that are most relevant to it. The similarity 

measures checked with clusters previously 

categorized and after the document assigned with the 

cluster.   
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