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 Rapid development of the Internet has lead to the purchase of products based on the 
reviews provided by the web surfers. It is therefore extremely important to organize the 

reviews according to the topic. Commonly, this can be achieved by using clustering 

techniques. Research on document clustering which is an un-supervised from of 
learning process helps in organizing documents or text reviews into distinct groups 

without having prior knowledge. Several circumstances have attracted research 

community in categorizing reviews for purchase of products through web. This paper 
investigates on clustering the online reviews through approaches adopting Vector Space 

Model (VSM). We have investigated our research in this paper using K- medoid 

clustering. It is assumed throughout that reviews provided were not fake and are equally 
balanced in nature. The result obtained seems to be promising and forms ideal number 

of clusters. 
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INTRODUCTION 

 

 Opinion mining aims at recommending reviews for the purchase of products by building up a framework 

using blogs (Daniel E and Leary O, 2011) (Evandro C, Rafael F, Patrick B, Ig.I.B, Olavo H, Aydano M and 

Tarsis M ,2012) recommendations involving lexical analysis (Isa M, and Piek V, 2012) etc. The reviews are 

available in form of text documents adopting data mining tools such as classification, association rule mining 

and clustering etc. Throughout the paper, we term document, it is nothing but product reviews. Clustering is the 

process of grouping a set of objects into classes of similar objects. Clustering generates clusters which are used 

in many fields, including data mining and Information Retrieval and mainly used in e-commerce (Zhu S, Wua J, 

Xiong H and Xia G, 2011) and identifying product features (Jotheeswaran J and Kumarasamy Y S, 2013). The 

importance of clustering task is to attempt and find groups of items using existing data rather than classifying 

them on the basis of external criteria. By categorizing or grouping similar data items, the amount of data to be 

processed will become lesser.  

 As the amount of reviews are huge in numbers, clustering task is applied which classifies objects into 

different groups or partitioning of data set into subsets or clusters. Clustering classifies data objects without 

consulting a known class label. Cluster analysis is a data analysis tool which aims at sorting different objects 

into groups in a way that the degree of association between two objects is maximal if they belong to the same 

group and minimal otherwise.  

 Clustering is based on the principle that it has maximal intra-class distance and minimal inter-class distance. 

Documents within the cluster will usually have high similarity value, while it has low similarity value for the 

documents in other clusters. Cluster analysis can be used to discover structures in data without providing an 

explanation or interpretation. In other words, cluster analysis simply discovers structures in data without 

explaining why they exist. Clustering deal with large number of dimensions and large number of data items 

which could be problematic because of time complexity and henceforth the effectiveness of the medoid depends 

on the definition of similarity distance between documents. 

 The paper is organized as follows. Section 1 has presented some basics for the proposed work followed by 

which related work in section 2. Clustering and its concepts are presented in detail in section 3. Proposed system 

is presented in section 4 and experimental results & discussion in section 5. Finally section 6 presents 

conclusion and future work. 
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Related Work: 

 A genetic algorithm dealing with document clustering using approximation of the optimum „k‟ value is 

described (Daniel E, and Leary O, 2011) that solves the best grouping of the documents into this „k‟ clusters. 

Evaluation of the algorithm with sets of documents that are the output of a query in a search engine. It is found 

that the experiments shows that genetic algorithm obtains better values of fitness function than the well known 

Calinski and Haraabasz stopping rule and less time. 

 Opinion mining and its applications plays a vital role in text mining application (e.g: consumer attitude 

detection, brand and product positioning, customer relationship management, and market research). This has led 

to led to further development focusing on private states automatic identification like beliefs, opinions, 

sentiments, evaluations, emotions and natural language speculations. Subjectivity classification labels data as 

either subjective or objective, whereas sentiment classification adds additional granularity through further 

classification of subjective data as positive/negative or neutral (Jotheeswaran J and Kumarasamy Y S, 2013) 

using IMDb database.  

 There were studies to investigate two specific modifications to the coevolving network voter model of 

opinion formation (Li, G and Liu F, 2014). While the first approach involves replacing the probability parameter 

by a distribution of probability of accepting or rejecting opinions between individuals, second one involves 

modifying the path-length-based preference for rewiring the reinforces local clustering. Furthermore, more 

importantly, it is found that initial clustering in the network can also induces similar transitions. Investigation 

indicates that these transitions are governed by a weak and complex dependence on system size.   

 Investigations using multi–objective genetic algorithm for data clustering based on the robust fuzzy least 

squares estimator addresses two critical issues, which is unsupervised form. The multi-objective genetic 

algorithm driven clustering technique optimizes the number of clusters as well as cluster assignment, and cluster 

the prototypes (Banerjee A, 2012). Also a two-parameter, mapped fixed point coding scheme is representing 

assignment of data into the true retained set and the noisy trimmed set, and the optimal number of clusters in the 

retained set. A three-objective criterion minimizes functional for the objective genetic algorithm. Hence forth it 

is found that conventional fuzzy clustering algorithms assume a known value for optimal number of clusters. 

 Data clustering approaches to group similar data items together for convenient understanding. Conventional 

data clustering methods includes agglomerative, hierarchical clustering and partition clustering algorithms. 

These algorithms frequently perform unsatisfactorily results for large text article collections, as well as the 

computation complexity of the conventional data clustering methods increase very quick with the number of 

data items (Hwa H, Hsu C C, and His C.C, 2005). The paper also presents a system for automatic document 

clustering, which adopts multi-stage process there by identifying topic keyword clusters.  The proposed system 

follows an aggressive data cleaning approach is employed to reduce the noise in the free text and further identify 

the topic keywords within the documents. Keywords that were extracted are grouped into topic keyword clusters 

using the k-nearest neighbor graph approach. Finally, all documents in the corpus are clustered based on the 

topic keyword clusters.  

 Rapid growth of digital information, has led to automatic document clustering or categorization.  

Unsupervised document clustering method based on partitioning a weighted undirected graph is used which 

leads to better results.  Document clustering has high dimension, magnitude of the representation features will 

influence the efficiency and effect of the clustering and the precision of the clustering results (Chang H C, Hsia 

H, Chiun-Chieh Hsu C C and Deng Y W, 2004). The results also discovers a set of tightly relevant keyword 

clusters that are disposed throughout the feature space of the collection of documents, and further clusters the 

documents into document clusters by using these keyword clusters.  

 Aspect-level opinion mining for online customer reviews is a novel generative topic model that extracts 

aspects and aspect-dependent sentiment lexicons from online customer reviews. These sentiment lexicons refer 

to the aspect-specific opinion words along with their aspect-aware sentiment polarities with respect to a specific 

aspect. Extracted aspect dependent sentiment lexicons were a series of aspect-level opinion mining tasks, 

including implicit aspect identification, aspect-based extractive opinion summarization and aspect-level 

sentiment classification (Malik N and Mucha P J , 2013).  

 Clustering-based sentiment analysis analyzes opinions expressed in reviews, comments or blogs (Khairullah 

K, Baharudin B and Khan A, 2014). The authors have investigated on two traditional mainstream approaches 

(supervised learning and symbolic techniques) of which clustering-based approach is able to produce basically 

accurate analysis results without any human participation, linguist knowledge or training time. Also new 

clustering-based sentiment analysis approach in two aspects namely applying opposite opinion contents 

processing and non-opinion contents processing techniques were analyzed for further enhancement in terms of  

accuracy. Next a modified voting mechanism and distance measurement method to conduct fine-grained (three 

classes) sentiment analysis. 
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Clustering: 

 Clustering groups documents together based on relevance, which relies on VSM and Term Frequency for 

clustering the reviews. There are various types of clustering approaches fragmenting into unknown numbers 

(Casillas A, Lena M T G D and Martinez R, 2003), hierarchical clustering (Evandro C, Rafael F, Patrick B, Ig I 

B, Olavo H, Aydano M and Tarsis M, 2012) and social clustering in spread of opinions in coevolving networks 

(Hwa H, Hsu C C and His C C, 2005). Clustering plays a major role in the field of marketing, biology, libraries, 

insurance, identifying frauds, city planning, earthquake Studies and World Wide Web (WWW). Many different 

clustering algorithms uses similarity measure as input and clustering is done based on that this metric. There are 

different algorithms to cluster the documents or dataset into set of clusters as discussed in section 1. The 

clustering algorithms were chosen based on the desired properties of the final clustering. Clustering quality is 

found using various criteria in the relations within and between the clusters. The process of evaluating the 

clustering quality is called cluster validation. The cost function measures the average dis-similarity between the 

document and the method of its cluster and the optimal number of clusters is found by varying the parameters 

like „k‟ which denotes the number of methods and cost function. The broad category is discussed below in 

detail. 

 

Partitioning Methods: 

 Partitioning method determines all clusters at once. It constructs „k‟ partitions of the data given, where each 

partition represents a cluster satisfies the following requirements as:  

 Each group must contain at least one object 

 Each object must belong to exactly one group 

 Partitioning method can be classified as k-means and k-medoid. In the K-means method each cluster is 

represented by the mean value of the objects in the cluster, i.e., assigns each point to the cluster whose center 

(also called mean) is nearest.  In the k-medoid method, each cluster is represented by one of the objects located 

near the center of the cluster. 

 

Hierarchical Methods: 

 Hierarchical algorithms find successive clusters using previously established clusters. Hierarchical method 

can be classified as being either agglomerative (bottom-up) or divisive (top-down), based on how the 

hierarchical decomposition is formed. Agglomerative algorithms begin with each element as a separate cluster 

and merge them into successively larger clusters. Divisive algorithms begin with the whole set and proceed to 

divide it into successively smaller clusters. Hierarchical clustering is often portrayed as the better quality 

clustering approach, but is limited because of its quadratic time complexity. The problem of hierarchical 

methods is that once a step is done, it can‟t be undone. This leads to smaller computation costs and not worries 

about a combinational number of various choices. Also, erroneous decisions can‟t be corrected. 

 

K -Medoid Method: 

 K- medoid is a classical partitioning technique of clustering that clusters the data set of n objects into k 

clusters. A method is defined as the object of a cluster, whose average dissimilarity to all the objects in the 

cluster is minimal i.e. it is a most centrally located point in the given data set. In K- medoid method, the most 

centrally located object in the cluster (method) is used to represent the cluster, and thus the center is one of the 

actual data points. In this method clustering is done based on the distance between points labeled to be in a 

cluster and a point designated as the center of that cluster. The basic strategy of k-medoids is to find k clusters in 

„n‟ objects by first arbitrarily finding a representative object (the method) for each cluster.  Each remaining 

object is clustered with the medoid to which it is the most similar. The strategy then iteratively replaces one of 

the medoids by one of the non-medoids as long as the quality of the resulting clustering is improved. This 

quality is estimated using a cost function that measures the average dissimilarity between an object and the 

medoid of its cluster. The number of Clusters „K‟ is a user-defined value. 

 To determine whether a non-medoid object, Orandom, is a good replacement for the current medoid, Oj, the 

following four cases are examined for each of the non-medoid objects, p. 

Case 1: p currently belongs to medoid Oj. If Oj is replaced by Orandom as a medoid and p is closest to one to Oi, i 

≠ j, then p is reassigned to Oi. 

Case 2: p currently belongs to medoid Oj. If Oj is replaced by Orandom as a medoid and p is closest to one to 

Orandom, then p is reassigned to Orandom. 

Case 3: p currently belongs to medoid Oi, i ≠ j. If Oj is replaced by Orandom as a medoid and p is still closest to 

Oi, then the assignment does not change. 

Case 4: p currently belongs to medoid Oi, , i ≠ j. If Oj is replaced by Orandom as a medoid and p is closest to 

Orandom, then p is reassigned to Orandom. 

 After an initial random selection of k medoids, the algorithm repeatedly tries to make a better choice of 

medoid. All of the possible pairs of objects are analyzed, where one in each pair is considered a medoid and the 
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other is not. The quality of the resulting clustering is calculated for each such combination. An object, Oj is 

replaced with the object causing the greatest reduction in square-error. The set of best objects for each cluster in 

one iteration forms the medoids for the next iteration. K-medoid method is more robust compared to k-means in 

the presence of noise and outliers as medoid is less influenced by outliers or other extreme values than a mean. 

 

Proposed System: 

 Figure 1 shows the general architecture of the clustering process. It consists of four main modules. Each of 

these tasks  

Step 1: Pre-Processing the input Text Documents 

 The input files are being pre-processed before applying the Clustering Method in order to reduce the size of 

the document and problem space. This Pre-processing step gets the input document as input and all the data 

items are represented as vectors.  

Step 2: Removal of Stop Words 

 Highly frequent, meaningless words are removed from the document which are called Stop Words. These 

words do not give any meaning and hence they can be removed from the Document. Therefore the input 

document size reduces and the time to compute will be reduced. 

Step 3: Similarity Measure & Dis-similarity  

 Similarity value is the distance between two objects. The similarity between two points is found based on 

the distance between those points. i.e. small distances correspond to large similarities between Documents and 

large distances correspond to small similarities. There are various measures to find the Similarity. Similarity 

measure is defined as the closeness between two points. Similarity measure takes a pair of points and returns a 

large similarity value for nearby points, and smaller value for distant points. The Cosine similarity measure is 

the measure of closeness between two vectors. Cosine measure assigns a high similarity to documents that are 

close to each other, zero similarity to documents that are dis-similar. The Cosine similarity measure (Xueke X, 

Xueqi C, Songbo T, Yue L and Huawei S, 2013) is defined as, 

,
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i j
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                 (1) 

 where xi and xj are the vectors corresponding to the documents „ i ‟  and „ j‟. If term „j‟ appears k times in a 

document „ i „, the document vector for document „  i ‟ contains value k in position „j‟, the document vector for 

„I‟ contains the value 0 in position to terms that do not appear in „ i‟. 

 

 
 

Fig. 1: System Architecture. 

 

 The similarity measure between 9 documents is shown in table 1 which consists of four groups. First three 

files are of one group and next two comes under another group and next two comes under other group and last 

two files comes under another group. 

Step 4: Clustering 

 The documents are clustered based on the similarity values. That is the documents that have high similarity 

are grouped together to form a cluster. Finally, the optimal cluster is found. 

Step 5: Finding the optimal number of clusters. 

 

Experimental Results and Discussion:  

 A set of 9 reviews were given as the input and 4 clusters were formed. Documents one to three belongs to 

one cluster, document four and five belongs to the next cluster, six and seven belongs to third and documents 

eight and nine belongs to fourth cluster. From the similarity matrix given in Figure 1, nine document sets were 

considered and clusters of documents are formed. The optimal number of medoids by using Method 1 is 3 and 

for method 2 is 4, methods 3 to 5 are 3, 4 and 3 respectively. 
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Clustering Phase:  

 The basic strategy of k-medoids is to find „k‟ clusters in „n‟ objects by first arbitrarily finding a 

representative object (the medoid) for each cluster.  Each remaining object is clustered with the medoid to which 

it is the most similar. The strategy then iteratively replaces one of the medoids by one of the non-medoids. The 

number of Clusters „K‟ is a user-defined value.  

 
Table 1: Cosine Similarity values for sample reviews. 

 D1 D2 D3 D4 D5 D6 D7 D8 D9 

D1 1 0.66 0.54 0 0.01 0.03 0.03 0.05 0.04 

D2 0.66 1 0.86 0 0.01 0.04 0.04 0.05 0.04 

D3 0.54 0.86 1 0 0 0.04 0.03 0.05 0.04 

D4 0 0 0 1 0.92 0.01 0 0.02 0.02 

D5 0.01 0.01 0 0.92 1 0.01 0 0.02 0.02 

D6 0.03 0.04 0.04 0.01 0.01 1 0.97 0.06 0.05 

D7 0.03 0.04 0.03 0 0 0.97 1 0.07 0.05 

D8 0.05 0.05 0.05 0.02 0.02 0.06 0.07 1 0.82 

D9 0.04 0.04 0.04 0.02 0.02 0.05 0.05 0.82 1 

 

Optimal Clustering: 

 The cost function measures the distance, (i.e.) average dis-similarity between the document and the medoid 

of its cluster. The optimal number of clusters is found by varying the parameters like „k‟ which denotes the 

number of medoids, distance and the partition cost function. From the Table 2 given below, optimal number of 

medoids is given as the „k‟ value corresponding to the minimum partition cost. To find the partition cost, five 

different methods (1 to 5) were suggested which were given as  distance  , 
2(  )distance k

, 

( 1)distance k 
, 

2(  ) ( 1)distance k 
, 

2 2(  )distance k
. Distance is given as the average 

dissimilarity between a document and the medoid of its cluster. This distance measure calculates the difference 

in square error value if a current medoid is replaced by a non-medoid value. The total distance is the sum of all 

distances. Hence the distance is a value which is numerical value and it should be noted that it is not a threshold 

set by the user. Please see the distance value for each k-value and the corresponding pertaining cost for five 

different methods (see Table 2).  

 
Table 2: Cost variation based on k-value. 

K Value Distance 
Partition Cost 

M1 M2 M3 M4 M 5 

1 8.71 9.71 77.02 8.71 76.02 77.02 

2 6.83 8.83 48.69 7.83 47.69 50.69 

3 1.52 4.52 5.31 3.52 4.31 11.31 

4 0.84 4.84 4.71 3.84 3.71 16.71 

5 0.49 5.49 5.24 4.49 4.24 25.24 

6 0.21 6.21 6.04 5.21 5.04 36.04 

7 0.05 7.05 7.00 6.05 6.00 49.00 

8 0 8 8 7 7 64 

9 0 9 9 8 8 81 

 

 The input text documents are pre-processed after removal of stop words. The Term-Frequency counts are 

made and cosine similarity table is prepared. Using k-Medoid method, clustering of documents is done and 

optimal number of medoids is found. The code is run for 23 times and the outputs are tabulated as follows: 

 From Table 3 it is inferred that methods 2 and 4 gives the correct optimum number of medoids only for 13 

runs. Method 1 gives correct output for 5 runs. Method 3 gives correct number of medoids for only 6 runs. 

Method 5 gives correct number of medoids for only 3 runs out of 23 runs. So, methods 2 and 4 seem to be 

comparatively better. 

 

Conclusion And Future Work: 

 This paper identifies effective number of clusters and to form mining the similar set of reviews. The paper 

investigates on documents considering an average word count of 1500 words. This word count is optimal as 

users are allowed or intends to provide reviews not exceeding this limit. Based on the effective clusters 

identified, the paper would be extended further for product recommendation.  

 The work assumes that the reviews are not fake. Also we take equal or balanced number of reviews; either 

it is positive or negative reviews. Our work currently focus on the above two issues. 
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Table 3: Output clusters for different trials. 

Trial 

No 

Actual 

Clusters 

to be 

formed 

Optimal Clusters 

M1 M2 M3 M4 M5 

1 7 6 6 6 6 5 

2 7 7 7 7 7 5 

3 7 6 6 6 6 5 

4 3 3 3 3 3 3 

5 3 3 3 3 3 2 

6 9 8 8 8 8 8 

7 6 6 6 6 6 4 

8 4 3 4 3 4 3 

9 5 4 5 4 5 4 

10 4 3 4 3 4 3 

11 4 3 4 3 4 3 

12 4 4 4 4 4 4 

13 5 5 5 5 5 4 

14 7 6 6 6 6 5 

15 8 7 7 7 7 6 

16 7 6 6 6 6 5 

17 6 5 5 5 5 4 

18 6 5 5 5 5 4 

19 8 7 7 7 7 6 

20 5 4 5 4 5 4 

21 6 5 6 5 6 4 

22 7 6 6 6 6 5 

23 6 1 6 1 6 4 
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