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Abstract 
 

The emergence of digital information era and rapid development of the Internet makes information to change gradually from paper form to the 

electronic one. This makes the users capable to search the news and books in an electronic way. Thus, the existence of systems for information 

retrieval appears to be essential. This paper suggests a system for text classification by means of semi-supervised fuzzy clustering with a 

weighted feature vector. In the proposed method, after a preprocessing phase, a Genetic Algorithm together with the TF-IDF method is used 

for dimensionality reduction. Accordingly, features with highest discriminating power are chosen and finally, the documents are classified with 

the clustering algorithm, C-W-FCM. In fact, the proposed clustering algorithm applies the Euclidean distance with different weights for 

different dimensions. For evaluation of the proposed approach, a number of prominent criteria for clustering, namely Fukuyama and Sugeno 

(FS), are used conducted on the Reuters dataset. It is assumed that a small number of documents have labels which are called the seeded set. 

Simulation results show that the proposed approach is 27 to 33% superior to conventional clustering algorithms based on the evaluation criteria 

in determining clusters. In addition, the proposed clustering algorithm increases the system effectiveness especially when documents are highly 

similar to each other. 
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1. Introduction 

 
In the age of digital information, the rapid increase in the 

amount of published information, data, and statistics has given 

birth to a data explosion. On the other hand, raw or 

unprocessed data has little value; in fact, the practical piece 

lay in the information it contains. A huge bunch of data stored 

in the text database brings forth the necessity of data retrieval. 

Text mining as the main part of data mining knowledge deals 

with this issue. This knowledge organizes a huge collection of 

documents in order to discover and extract hidden relationship 

and actionable information. Text mining techniques consist of 

information recovery of documents, the extraction of 

relationships, and the classification of documents, which is the 

focus of these techniques. 

Classification systems consist of Supervised, 

Unsupervised, and Semi-Supervised methods. In supervised 

classification systems, such as Support Vector Machine 

(SVM) and Neural Network (NN), documents are classified 

based on pre-defined categories. However, unsupervised 

systems, similar to clustering, draw inferences from datasets 

to cluster the data into different groups. Supervised methods 

are more costly than unsupervised ones since all samples are 

labeled. However, containing information about samples, the 

supervised methods are more functional than their 

unsupervised peers are. In order to take advantage of both 

methods, semi-supervised approaches, have been introduced 

which have a small amount of labeled data with a large amount 

of unlabeled data. However, the labeled data can be of great 

practical value. 

 
The CSI Journal on 

Computer Science and Engineering 

Vol. 16, No. 2, 2019 

Pages 14-29 

Regular Paper 

 



The CSI Journal on Computer Science and Engineering, Vol. 16, No. 2, 2019                                                                                                  15 

 

The aim of this paper is the classification of the documents 

based on their properties. Semi-supervised clustering is 

applied since it can perform better with less side-information 

and without any labeling cost. In fact, clustering is one of the 

most useful techniques for data mining and with an 

unsupervised approach, it collects a set of similar data in the 

same group (cluster) [1]. 

Most often, the published documents in the workspace are not 

separable by one linear intelligent system. Therefore, to 

increase efficiency, the systems are designed based on more 

than one specific algorithm, which may also raise the 

complexity of the system and the problem of overfitting. In 

this study, fuzzy clustering is used to better discriminate the 

documents while it does not affects the complexity of the 

system considerably.  

The Fuzzy C-Means Clustering (FCM), as one of the 

approaches of using the fuzzy concept for clustering, assigns 

weights according to the degree of membership of the samples 

to each cluster. It defines memberships on the interval [0, 1] 

and applies the Euclidean distance. Using the Euclidean 

distance in FCM, the values of all features in the clustering 

process, are considered the same. However, in the real world, 

the dimensions have not the same value, which imposes 

negative effect on the performance of FCM. To solve this 

problem, this paper considers specific weight for each 

dimension, which are calculated by the FCM algorithm. 

Furthermore, since each text is composed of hundreds or 

thousands of words, dimensionality reduction stays as an 

important challenge. In order to deal with this problem and the 

problem of different dimensions of features for text clustering, 

this paper has used the Genetic Algorithm (GA) and the 

weighting TF-IDF approach. These two approaches were not 

used together in earlier works. Another challenge is the right 

choice of cluster centers in the process of clustering, since the 

clustering algorithm efficiency greatly depends on the initial 

centers. The present study has used the semi-supervised 

approach as its approach solve this issue.  

Overall, the proposed method contains the following steps:  

1. Pre-processing: including breaking spaces and elimination 

of redundant words, removing documents with more than one 

category, calculation of the root words and calculation of the 

TF. 

2. Feature selection: which contains a Genetic Algorithm 

with the TF-IDF method 

3. Clustering: presenting a novel algorithm as C-W-FCM, 

including: 

o Creating a seeded set and selecting the number of clusters  

o Creating a partition on the seeded set and selecting the 

initial centers of each partition.  

o Calculating the weights which are different for each 

dimension (showing the memberships) 

and in particular, the contributions and novelties of this paper 

include: 

 Using Genetic Algorithm and TF-IDF together for feature 

selection (to address the challenge of dimensionality 

reduction) 

 Improvement of the previous W-FCM algorithm by: 

o Choosing the best initial centers  

o And applying different weights to each dimension  

The rest of this paper is organized as follows: Section 2 

focuses on the literature review and researches on fuzzy 

clustering. Section 3 presents the research framework and the 

details of the proposed method. The findings of the proposed 

method and its comparison with a typical fuzzy clustering 

algorithm are presented in Section 4. Finally, Section 5 

concludes the paper and offers some strategies for further 

research. 

 

2. Related Work 

 
Previous methods discussed in this paper are divided into two 

categories: feature selection and data mining methods. Both of 

them are discussed in more detail below. At the end of this 

section the fuzzy clustering method which forms the basis of 

the proposed method is also described. 

 

2.1. Related work with feature selection  

 
Until 2003, Researchers used the only form of weighting of 

TF-IDF to select features. This would ignore the importance 

of words in relation to clusters. In [2], filter-based feature 

selection methods such as Chi-Square, Information Gain, and 

Odds Ratio have been combined with the IDF. The results 

compared with the TF-IDF form indicate the superiority of 

this method on the Reuters dataset in both micro and macro - 

F1 measures. 

Shang et al. [3] used Gini index to select the features. The 

results of this approach are compared with that of powerful 

feature selection methods like Information Gain and Chi-

Square; in many cases, the proposed method is much more 

efficient than those two methods. The best efficiency belongs 

to the SVM classifier with 0.88 and 0.69 for micro - F1 and 

macro - F1, respectively. 

The authors in [4], unlike the previous approaches, use 

evolutionary algorithm for dimensionality reduction. In this 

study, Ant Colony Optimization (ACO) is used for feature 

selection. A full graph of all words (features) in the dataset is 

drawn in which each feature is represented as an ant that shows 

a solution. The evaluation criterion is Mean Squared Error 

(MSE) and if an ant cannot reduce this criterion in ten 

sequential steps, that ant is removed and replaced with another 

one. Finally, there are a number of feature subsets for each ant 

that are sorted based on classifier performance and feature 

selection size (a subset is more optimized if it has more 

efficiency and little feature selection). ACO algorithm 

procedure continues until reaching a maximum number of 

iterations. 

In [5], the authors offer a combined system of genetic 

algorithm and clustering for feature selection. In this 

approach, first, the features are grouped within k clusters and 

next, using a GA, only one feature of each cluster is selected. 

In genetic algorithm, the length of each chromosome is equal 

to the number of features. The value 1 on each chromosome 

means selecting that feature and value of zero means 

deselecting it. If several words of a cluster on one 

chromosome are selected, one of the words will be selected 

randomly. Similarly, if no word of a cluster is selected, one 

word randomly will be selected. In the GA algorithm, the 

neural network is used to calculate fitness function of 

chromosomes. The authors believe that this strategy selects 

the words with the greatest similarity and increases the 

accuracy of the classification system as well. According to the 
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findings of the two datasets named ” hapatitise” and “horse”, 

the results show the accuracy of about 0.95 and 0.87, 

respectively. 

In [6], the standard genetic algorithm has been improved in 

order to have a more optimal set of features. In this study, as 

in [5], first the features are clustered and next, using a genetic 

algorithm, the best combination of features of different 

clusters is selected. In the improved genetic algorithm, each 

chromosome is composed of two parts; in the first part, each 

feature belonging to the specific cluster is determined. The 

second part represents the clusters whose features are selected 

in the first part. This approach enables the genetic algorithm 

to optimize the number of the clusters. The comparison of this 

method with the conventional GA method represents 

superiority of this strategy. 

In [7], a filtering method for feature clustering has been 

introduced. First, the feature vector matrix (rows represent 

features and columns represent documents) and TF - IDF of 

each word are constructed. Features are placed in √𝑑clusters 

(d indicates the number of features) and the best clusters are 

selected by the genetic algorithm. Since data with common 

features are grouped in the same cluster, the cluster center 

represents each cluster. Accordingly, in the genetic algorithm, 

the length of each chromosome is equal to the number of 

clusters and the value of each gene determines whether a 

cluster is selected or not. 

In [7], two different classifiers (SVM and KNN) with 10-Fold-

Validation are used in order to evaluate the fitness function of 

each chromosome. The selected chromosome in the last step 

indicates which features of the cluster should be selected. The 

results of KNN algorithm usage on the Reuters dataset shows 

an accuracy of 70%. However, SVM algorithm with an 

accuracy of 0.65, is less efficient than KNN algorithm. 

In recent years, the evolutionary algorithm, especially genetic 

algorithm are frequently used in combination with clustering 

in order to introduce a feature selection method. This 

popularity comes as a result of successful clustering 

algorithms in text mining and the capability of the genetic 

algorithm to avoid local optimum. The mentioned methods 

use data mining algorithm to evaluate feature subsets. 

However, the wrapper feature selection algorithms (due to the 

application of data mining algorithm to evaluate datasets), in 

text mining are very time-consuming. Therefore, the 

application of evolutionary algorithms for feature selection in 

this form, except in cases that the dataset is small, is not 

acceptable due to time limitation. In contrast, these methods 

increase the efficiency of text clustering algorithm. 

Therefore, this paper presents a feature selection method with 

the genetic algorithm. The specific feature of this study is the 

application of word variance as a filtering feature selection 

method to evaluate each feature subset. 

 

2.2. Related work on data mining algorithms 

 
After selecting the optimal features, a suitable data-mining 

algorithm is chosen to identify documents with the same 

content. The background of this research and the related works 

are discussed in the following section. 

Songbo Tan in [8], offers an effective strategy to classify texts 

in k categories, Nearest Neighbor. According to [8], KNN 

algorithm has problem in dealing with the unbalanced dataset 

as the training data are not dispersed equally in the categories. 

Therefore, a method named Drug and Pushing has been 

suggested in order to increase the efficiency of KNN. This 

method applies training errors such that KNN would be 

corrected by the Drug and Push. The challenge of this 

approach is to determine the number of steps in each iteration 

since the performance of the algorithm is greatly influenced 

by this issue. However, the complexity of this method is less 

than the KNN’s. 

In [9], the concept of fuzzy is used in KNN algorithm to 

determine the class of each document. In the proposed fuzzy 

KNN algorithm, instead of assigning each document to a 

particular class, a degree of membership is determined for 

each class. The document is assigned to the class which has 

the highest degree of membership. The degree of membership 

of each sample is influenced by "inverse distance of the K-

nearest-neighbor" and "membership degree of its class". This 

method uses TF – IDF for feature selection. The findings show 

that fuzzy KNN algorithm with any number of selected 

features has better results than the KNN algorithm. 

Furthermore, SVM algorithm also benefits from this 

advantage. 

The authors in [10] take advantage of information in the test 

dataset to classify documents. The proposed model consists of 

two train dataset and test. The documents of the train dataset 

are labeled whereas the documents of the test dataset are 

unlabeled. In order to determine the class of document x, first 

from the train dataset, k documents are selected from the 

closest documents to the document x. Next, the sum of 

"average cosine similarity of k documents of each category’s 

sample" with "the degree of document similarity x from the 

same category’s sample " is considered. Finally the document 

x belongs to the category with the highest value which was 

obtained in the previous step. 

Erdem Alparslan et al. in [11] offered a classification system 

for categorizing the confidential documents of Turkey in three 

levels of security. The proposed system combines the SVM 

classifier and Adaptive Neuro-Fuzzy Inference System 

(ANFIS). In this approach, the more efficient features are 

selected by the weighting method TF - IDF. After feature 

selection, the multi-class SVM algorithm scores all 

documents. Then, the output of SVM algorithm is considered 

as the input of ANFIS. Finally, ANFIS determines the value 

of all documents and it uses the threshold method in order to 

find security label of each class. 

A major challenge in KNN algorithm is to determine the 

appropriate value of the parameter K that has a great impact 

on the ranking system performance. In fact, selecting a large 

value for this parameter can improve the efficiency of the 

algorithm but the calculations are very costly. Due to the 

mentioned problems, in [12], KNN algorithm is combined 

with support vector machine. In [12], first a classifier SVM is 

determined for each category and in the next step, SVM 

models designed for different categories, play the role of train 

data for the KNN algorithm. To determine the category of 

each document, its Euclidean distance from the support vector 

of each category is calculated. Finally, each document belongs 

to the category which has the minimum Euclidean distance 

from the support vector of that category. 

Wen Zhang et al. in [13] suggested a text classification method 

through a semi-supervised clustering called TESC. TESC 

method includes a two-step procedure: The first step is 
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clustering and the second step, prediction is applied to 

determine the label of the unlabeled texts. The details of TESC 

process consist of three steps: initialization, clustering and 

output. At initialization, each text is considered as a candidate 

cluster and at the beginning, its label is the same as the text 

label. If the text has no label, the label of the candidate cluster 

will be "unlabeled". In clustering, two candidate clusters with 

a minimum Euclidean distance between the pair of candidate 

clusters, are integrated in a new candidate cluster; or they are 

known as two unique clusters. The process of clustering is 

repeated until two candidate clusters remain. In this way, 

either the clusters are combined or they are known as two 

separate clusters. Finally, there are some categories in the 

output which are used to predict the unlabeled texts. Here, in 

order to avoid dead clusters, the clusters with less than three 

members are considered as noise and they are ignored. The 

advantage of this approach is its low complexity compared 

with SVM, NB, and BPNN (Back Propagation Neural 

Networks) through EM strategy (Expectation-Maximization). 

The disadvantage of this approach is being un-scalable and if 

the number of texts increases, its performance is affected. 

The authors in [14] used the dataset words and side-

information of the texts for better text classification. In 

addition, k-means algorithm and hierarchical clustering are 

combined in order to increase the efficiency of clustering. In 

[14], regardless to side-information, texts are clustered and 

next, the documents are re-clustered through the useful side-

information. In the first stage of clustering, all documents are 

clustered in one group. Then, this cluster is divided in two 

clusters through k–means algorithm. This process continues 

until the number of clusters is appropriate. At each stage of 

cluster division, those clusters will be divided of which the 

total cosine similarity of their samples is less than other 

clusters. At the second stage, the process of document 

clustering along with their side-information is repeated. In 

[14], the Gini index theory is applied in order to reduce the 

dimensions and for the feature selection phase. Moreover, the 

useful side-information of the documents is determined 

through this theory. 

The proposed method of this paper is similar in clustering to 

the methods [13] and [14] with the novelty that for the 

Euclidean distance measure, different dimensions have 

various values. In fact, the similarity is just in using clustering 

and not how this clustering is done, since [13] uses a bottom-

up approach while [14] uses a top-down strategy. In addition, 

the feature selection which applies a genetic algorithm 

together with TF-IDF and the application of a semi-supervised 

clustering method turns it different from the previous studies. 

In [28], a fuzzy weighted clustering semi-supervised 

method has been presented, which is similar in some of its 

aspects to the proposed method in this paper. Therefore we 

mention the differences with details as follows: 

1. In the proposed method, to detect the centers, partitions are 

applied on the seeded set, while in [28] every sample which is 

in the seeded set in itself a center. 

2. The initial weights and the weighting matrix are completely 

different from [28]. 

3. In [28], the weighting matrix is constructed from the initial 

membership degree matrix which itself is random. These 

random values affect the weight matrix, in addition. In the 

proposed method, the weight matrix is filled with variances of 

each dimension and its updating strategy is different.  

4. The sequence of phases of the proposed method is different 

from that of [28].  

5. The negative effect of the randomness of the initial 

membership degree matrix in [28] shows itself in large 

datasets which have overlaps and sample noises sensibly. In 

fact, in [28], the authors have used a small dataset (Iris) which 

is a dataset with small noise.  

6. The proposed method uses the genetic algorithm which 

itself acts as a weighting and initial feature selection method.  

Overall, the proposed method in this paper has high 

compatibility with different datasets and the importance of its 

weight matrix is more sensible in the clustering phase. 

Some other recent works have been also presented in [29]-

[31]. In [29], the graph concept is used for implementation of 

the clustering algorithm. The graph is constructed based on the 

similarity of documents, such that the graph vertices are the 

documents and the weights of edges are the similarity between 

these two vertices (documents). In the next phase, the center 

of clusters are those vertices with higher weights of edges 

which are connected to them. To assign other documents to 

each cluster, a threshold value is considered and every edge is 

connected to a center if its weight is above that threshold. This 

process is repeated until all documents are assigned in clusters.  

In [30], the authors claimed that the initial selection of random 

centers highly affects the accuracy and speed of clustering. 

Hence, they presented a clustering algorithm, which calculates 

the initial centers based on Kullback-Leibler divergence (KL) 

or relative entropy. In addition, in the clustering process the 

KL distance is used instead of Euclidean distance. The authors 

have proved that their method not only decreases the total time 

of clustering but also the accuracy of clustering.  

In [31], the authors help students and graduates to find suitable 

papers related to their subjects faster and with more accuracy. 

Their dataset contains abstracts and keywords of the papers. 

After some pre-processing and calculation of TF-IDF, the 

documents are classified using k-means, hierarchical 

clustering and spectral clustering. The study shows that the 

best results are achieved when hierarchical and spectral 

clustering are used.   

These three recent studies have presented new approached for 

clustering which are also efficient but since their datasets are 

not general, a fair judgment is hard for comparison. 

Finally, Li and Li used a genetic algorithm for text 

categorization in [32]. In their approach, the genetic algorithm 

is used to compute the feature weights and the information 

gain method is used to reduce the dimensions. Lastly, 

classification is performed using weighted Cosine distance 

method. Several differences exist between this work and the 

proposed method of this paper, especially in the GA, which 

are as follows: 

 The fitness functions of chromosomes are different, in [32] 

clustering is conducted using accuracy measure while in the 

proposed method a different formula is used. In fact, the 

method in [32] is wrapper-based while ours is filter-based.  

 In [32], a number of random chromosome are generated 

randomly, while in our method the more the number of words 

in a document the more chromosomes are generated from it.  

 The definitions of chromosomes are different from each 

other in these two studies. 

 Chromosome lengths are not equal in our proposed method 

while Li and Li claimed that they used the standard genetic 
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algorithm. It seems that they considered equal-length 

chromosomes. 

 Finally, the clustering and feature selection methods are 

different in [32] from ours, which is described in Section 3.     

 

2.3. The Fuzzy C-Means algorithm and its 

constrained version 

 
FCM algorithm, was introduced by Dunn in 1974 [15]. In 

1981, Bezdek offered the parameter m, which strengthened the 

effect of fuzzy membership and improved the FCM 

algorithm. The purpose of FCM algorithm is to minimize the 

objective function as equation 1 [15]:  
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Parameter m in (1), is used to control the degree of the 

fuzziness membership of each sample. There is no strict rule 

for choosing the optimal m, but it is usually assumed m = 2 

[16].  
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III. Update the fuzzy partition matrix U with 
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IV. Repeat step (II) to (III) until one of 

the termination criterion is satisfied. 

Figure 1. FCM algorithm [16] 

 

ki vx   refers to the Euclidean distance sample i from the 

cluster center k. Figure 1 illustrates the FCM algorithm. 

FCM algorithm continues until a termination condition 

occurs. One mostly used termination conditions is that the 

difference between the values of objective function in (1), in 

two successive iterations is less than a predefined threshold. 

Another termination condition is reaching the maximum 

number of iterations. 

Since the FCM algorithm is dependent to the centers of the 

clusters, it may stop in the local minimum influenced by the 

initial centers. Therefore, the algorithm was developed further 

and the Constrained FCM was offered in [17]. This algorithm 

is based on a set of labeled samples, namely the seeded set. 

The procedure is as follows: once the partitioning of the set is 

done, the centers are calculated, which are considered as initial 

centers for each cluster. Especially, in the seeded set, there 

should be at least one sample from each cluster. This approach 

is used in the proposed method of this paper. 

 

3. The Proposed Method 

 
The proposed method consists of three main phases as pre-

processing, feature selection and clustering, as shown in 

Figure 2. After the documents are prepared through the pre-

processing phase, the features are selected for text clustering. 

This is done through the genetic algorithm with a fitness 

function, which selects the chromosome with the highest 

variance. In fact, at the end of this stage, a feature vector is 

obtained for which the variance is maximum and it is called 

the feature vector. Next, for each document, TF-IDF of every 

word of the feature vector is calculated to increase partitioning 

features. Finally, the feature vectors are input to the clustering 

phase, which uses the proposed C-W-FCM algorithm. 

 

 
Figure 2. Steps of the proposed method 

 

 

3.1. Pre-processing  

 
Data mining and clustering algorithms cannot be applied to 

documents, which have raw materials as the texts contain 

symbols, letters and redundant words. In addition, clustering 

systems require a vector for each document to cluster it. The 

redundant words in each feature vector of the documents are 

not useful and they have negative effects on clustering system 
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performance. Therefore, prior to the clustering phase, text pre-

processing should be done. In this study, a model is offered in 

order to cluster texts through CCSI preprocessing [18] to 

prepare the samples, which has the following steps: 

o Breaking Space and Elimination of Redundant Words 

The most common and easiest method to show a dataset word 

by word is through breaking space. In this method, the 

dimensional problem space is equivalent to the number of 

words. Splitting words in this way brings the punctuation 

marks such as points, comma, semicolon, question mark, etc. 

in the feature vectors. That is why at this stage of text pre-

processing, the punctuation marks are removed. 

The second step of pre-processing is the elimination of 

redundant words. These repeated words which exist in all 

texts, do not contain useful information. In addition, they do 

not affect data category recognition and should be removed 

from dataset. By redundant words, we mean words like from, 

in, etc., which have no effect in the classification phase.  

There are other words which are not redundant ones but have 

low impact on the classification. For instance, consider the 

word “sport”, which is not a redundant word. This is a 

repeated word in sport-related documents and therefore it 

cannot be a suitable word for document classification (the 

frequency of the word is not enough (TF)). This word in not 

removed, but it is not used as a feature for classification of 

sport-related documents. In fact, the inverse frequency must 

be considered in addition, which is the number of documents, 

which include this word (IDF). Hence, TF-IDF is applied in 

section 3.2.2. Also note that in documents not related to sport, 

the word “sport” is important but not for documents with the 

subject of sport. 

o Removing Documents with more than one Category 

Usually, there are documents that belong to several categories, 

or it is rarely seen that some documents do not belong to any 

category. These samples are called outliers and when they are 

removed, the dataset quality is improved. This model is called 

modApte Split [19]. In fact, when a sample belongs to more 

than one class, it causes overlap between classes, which results 

in bad separation of classes in the training phase. Therefore, 

these samples are removed in the pre-processing phase of 

nearly all data mining works. On the other hand, for the test 

phase it is possible to give these samples to the proposed 

system, and since our method uses a fuzzy approach it can 

assign multiple labels to these samples with different ratios. 

o Calculating the Root of the Words 

Stemming is the process of reducing inflected words to their 

word stem or root form. Stemming is one of the most 

important issues in natural language process and it is widely 

used in information retrieval systems, machine translation, 

text classification, text summarizing, indexing, and text 

mining. 

Stemming is used in order to categorize the words with the 

same root in one group. For example, words such as Exit, 

extract and explosion have common roots. There are many 

algorithms for English word stemming and the most common 

one is the Porter algorithm [20]. Results have shown the 

optimal performance of this root finder as in [21] and 

therefore, this method is used in this paper. 

o Calculating the TF of Words 

After pre-processing the dataset and word identification 

process, a matrix is created. In this matrix, there is a row for 

each document and a column for the number of words. Next, 

the number of words frequency should be calculated for each 

document. Finally, there is a vector for each document and it 

is initialized with the TF of words. 

 

3.2. Feature selection 

 
Feature selection is the most important step in all data mining 

algorithms. In the previous section, it is mentioned that the 

number of initial features are equal to the sum of words of 

dataset. It is evident that the number of initial features is huge 

since a text is typically composed of 10,000 to 100,000 words. 

Most of these features are unnecessary for document 

classification and they significantly reduce efficiency. 

According to the literature review mentioned in the previous 

section, the application of evolutionary algorithms is useful in 

order to avoid the local minimum. Therefore, this study uses 

genetic algorithm, which benefits from a filter-based feature 

selection method to benefit for the evaluation function. 

It is important to note that the application of a weighted TF 

means that a feature selection phase has been performed 

before execution of the genetic algorithm. 

 

3.2.1 Feature Selection Based on the Genetic 

Algorithm 

 
In [22], a feature selection method based on genetic algorithms 

is presented which is more successful than the IDF (Inverse 

Document Frequency) and TV (Term Variance) feature 

selection methods. This paper also applies this genetic 

algorithm for feature selection. Accordingly, those feature 

vectors, which maximize the variance, are selected since these 

features are more important. This does not mean that the 

feature vector only contains words with high variance and the 

words that have very little variance may also be selected. In 

fact, a set of features, all together, make the variance 

maximum, not individually. Therefore, in this set there may 

also exist words with lower variances. The reason is stated 

later in figure 5 and the description above it for a special word 

“draft”, a “vectored feature” which maximizes the variance. 

Note that a “vectored feature” is a sample of features, which 

has more than one word, but on the other hand the “feature 

vector” is the output of the feature selection phase. In data 

mining, these two concepts are different from each other. 

Another clarification is as follows: when using evolutionary 

algorithms, to evaluate each chromosome we must use one of 

the machine learning (SVM, KNN, …) or filtering methods. 

Since there is a large number of features, the machine learning 

algorithms are not applicable as they are time consuming. 

Therefore, we turn into filtering methods. One of the filtering 

methods is the variance, and hence the fitness function of the 

genetic algorithm is the variance. Since each chromosome is a 

set of words (or features), therefore we select the chromosome 

with the highest variance, which means the selected 

chromosome has the most variations. Henceforth, these 

chromosomes are more important. For example, suppose 

chromosome 10 has features 2, 10 and 15, and it is selected by 

the fitness function. Therefore, if features 2, 10 and 15 are 

selected from the dataset, the documents are better separated. 



S.Ramezani Pour,M.Naderan&S.S.Mortazavi: C-W-FCM: Constrained Weighted Fuzzy Clustering Algorithm with a Semi-Supervised 

Approach for Text Classification (Regular Paper)                                                                                  20 

 

The details of the genetic algorithm are described in the 

following. 

o Search Space 

Each individual word in the dataset is considered a dimension 

in the search space. For example, suppose there is a set with 

one hundred documents, each document is composed of ten 

terms; therefore, the search space has one thousand 

dimensions in total.  

o Chromosomes representation 

Each chromosome is considered as a vectored feature. Since 

the search space is so huge, the binary code is not used for 

chromosomes as it increases the search space and disperses the 

data, as well. Therefore, in each chromosome one term is 

determined to display one chromosome-one gene.   

o Initial population 

The evolution process of genetic algorithm starts with an 

initial population of chromosomes, and each chromosome 

represents an initial solution to the problem. The number of 

chromosomes of each document is determined by (6). 

According to (6), the more the number of words, the more 

chromosomes will be in the initial population: 

 (6) 
















 P

L
l

noc j
j

 

where, lj refers to the length of the document j-th (number of 

total words in document j), L refers to the total number of 

words in dataset and P refers to the initial population size. A 

random length is considered for each chromosome and the 

elements of each chromosome is measured based on the words 

of the document. According to (6) the number of 

chromosomes made from a document is determined and next 

a random number between [1, …, number of words of that 

document] is selected, which is the length of that 

chromosome. Next, this chromosome is filled randomly with 

the words of that document. If the number of words is small, 

it is possible that some of the chromosomes be the same. In 

this case, the same chromosomes are deleted since the fitness 

function is based on the variance of words. 

For example, if document A contains the words "Oil", "Barrel" 

and "Opec", the number of chromosomes that can be created 

on this document is calculated as Table (1). 

o Fitness function of chromosomes 

The fitness function of chromosome i and the feature vector 

variance of i are defined in (7) and (8), respectively.  

    (7) 
 

    1ln, 



ii

i

chlengththchmtv

chfitness
 

   (8)    
2

1

,,, 



N

j

thithiji vfvfthtmtv  

Where chi refers to the chromosome i, th refers to the 

threshold, it  refers to the feature vector i, thijvf ,  is the 

words frequency of the feature vector i in the document j, 

when the threshold th occurs, thivf ,  is the mean frequency  in 

the sum of document words with threshold th.  
 

Table 1. Example of constructing a chromosome 
Opec Barrel Oil Words in Document A 

1 2 1 Number of Words 

Frequency 

4121  
l = Number of Words 

in document A 

7 
(by considering all combinations of distinct 

words: 3 chromosomes with length 1, 3 
chromosomes with len 2, and 1 chromosome 

with len 3, 3+3+1 = 7 

or by considering (6) as:  
(100*100/1433)=6.97=7 

where the first 100 is the average number of 
words in each document and the second 100 

is the initial population). 

Number of distinct 

chromosomes in 

document A with 

distinct words 

300P 

100L 

  12300
100

4  

Total number of 

chromosomes 

produced by 

document A 

 

Random number selection between 1 to 3 
(the number of distinct words in document 

A) 

Chromosome 1:  " Opec" 
Chromosome 2:  " Opec" ، "Barrel" 

.

.
 

Chromosome 12:  " Barrel" ، "Barrel"،"Opec" 

Some Samples of 

Chromosomes 

 

 
Here, the size of threshold determines whether the frequency 

of words are taken into account or not. For example, if the 

threshold value is four and if at least four words belong to the 

chromosome i in document j, thijvf ,   is measured based on 

the formula (9); otherwise it will be zero. 

    (9)  


m

k kjthij fvf
1,  

Here, kjf  refers to the frequency of the term k on 

chromosome i in document j and m is the number of words on 

chromosome i. When the chromosome length is one, one unit 

is added to the word length in order to avoid zero values in (7). 

This is essential to prevent the removal of the words, which 

have length 1 and a high variance. 

o Selection  

In this research, roulette wheel is used in genetic algorithm for 

selecting chromosomes of the current generation and adding 

them to the next generation. 

o Crossover 

Crossover is the most important operation of genetic algorithm 

that combines two chromosomes of the current generation to 

produce a better new chromosome. This study has used the 

single-point Crossover. First, the chromosomes are selected 

based on the roulette wheel and next two points are randomly 

chosen in two chromosomes to join, as shown in Fig. 3. 



The CSI Journal on Computer Science and Engineering, Vol. 16, No. 2, 2019                                                                                                  21 

 

o Mutation  

The role of Mutation, unlike the Crossover process, is the 

exploration of search space. In other words, this process leads 

to the exploration of unknown regions in the search space. 

This study has used the traditional mutation operation [23]. As 

shown in Fig. 4, in the mutation operation, one word is 

randomly selected from feature vector and replaced with 

another word from dataset. 

As it is described, considering the TF for each document, 

features that are more efficient are obtained using the GA 

algorithm. Figure (2) shows that after feature selection 

through genetic algorithm, the vector display (vector monitor) 

of dataset is changed into TF-IDF weighting model. In other 

words, besides TF, inverse document frequency (IDF) is 

important. 

 

 

 
Figure 3. Crossover Operation [22] 

 

 
Figure 4. Mutation Operation [22] 

 

3.2.2 Feature Selection based on TF-IDF 
 

The SMART information retrieval system offers a marking 

model to a variety of TF-IDF weightings in the vector space 

model [19]. One of the most functional methods of weighting 

SMART is LTC that is used in this study [19]. LTC function, 

assuming the total number of words M, measures the weight 

of term i in the document j from (10). 

     (10) 

 
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s
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Where the numerator is obtained through (11) (and the 

denominator is cosine normalizer). 

                (11) 
     

i

jiji
df

N
dttfdttfidf log,log1,   

such that  ji dttf , represents the frequency of word i in the 

document j, N refers to the total number of documents in 

dataset and idf  is frequency-inverse document frequency (the 

number of documents in which the word i is repeated). 

According to (10), if a word is repeated in all the documents 

0log 
idf

N , therefore  Wij will be zero. TF-IDF weighting is 

applied after feature selection using genetic algorithm. 

Therefore, both the TF and IDF are effective in text 

classification. It is clear that TF-IDF application before 

clustering is the efficient part of the proposed strategy. 

 

3.3 Fuzzy Clustering Algorithm 

 

According to section 2.3, fuzzy clustering algorithm collects 

samples based on the membership degree of each category. In 

this algorithm, all features’ values and dimensions are 

identical. This is why the algorithm is influenced by the 

irrelevant characteristics. Therefore, this study suggests that 

given each feature value, a special weight should be 

determined for better document clustering. To achieve this 

goal, the Weighted FCM algorithm in [24] is used. In addition, 

the FCM algorithm is influenced by initial centers. Therefore, 

in the following sub-sections we describe the W-FCM and the 

proposed C-W-FCM algorithms as a semi-supervised method, 

which improves the algorithm. 

3.3.1 Weighted FCM Algorithm 
 

The set }{ jXD  is defined by Nj ,,1   where 

 jdjjj xxxX ,,, 21   , N is the number of documents in 

dataset and d refers to the features obtained through the feature 

selection algorithm. The objective of W-FCM algorithm is to 

minimize (12). 

      (12) 
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Where  
NCijuU


  is  the matrix of membership degree and 

iju  refers to the membership degree of sample  j  of the cluster 

i.     
dCiq

T

c vvvvV


 ,,, 21
 represents the cluster 

centers and parameter m is used to control the degree of 

fuzziness of each sample. There is no standard for the optimal 

selection of m, but usually m = 2 [16].  The membership degree 

of samples must be determined in accordance with (13) and 

(14). 

   (13)  1,0iju      

   (14)  1
1




c

i

iju       

Where 
 w

ijd  refers to the weighted Euclidean distance which 

is obtained by (15). 

                (15) 
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Where  wdiag  is a diagonal matrix of dd   and 

 dwwwW ,,, 21   ; where qw  refers to the weight of 

dimension q. The centers, membership degree and weight 

matrix are updated, respectively according to: 
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The initial value of the weight matrix is determined based on 

the word variances. In other words, the more the word 

variance, the more the value of that dimension. It should be 

noted that the weights must be determined in accordance with 

(17). Equation (20), adopted from [24], tries to find the ratio 

between intra- and inter-cluster distances. In fact, without 

regarding the 1, the numerator shows the intra-cluster distance 

and the denominator shows the inter-cluster distance. The less 

this ratio, the better is the classifier. Therefore, with 

considering the 1, the higher value in (20) the better is the 

weight, which relates to higher variances. This equation also 

resembles the VFS criterion, discussed in section 4.    

Finally, the steps of the W-FCM algorithm are summarized as 

follows:  

 

1. Determining the number of clusters, initializing the weight 

matrix and initial centers and then, measuring the membership 

degree matrix of the samples against the initial centers through 

(19). 

2. Updating centers through (18). 

3. Updating the membership degree and weight matrix through 

(19) and (20), respectively. 

4. Repetition of steps 2 and 3, until the termination conditions 

occur (when the difference between the values of (12) in two 

consecutive steps is lower than the predefined threshold, 

considered here 10-7). 

 

In W-FCM algorithm, one other step is added to FCM 

algorithm to determine the features’ weight in proportion to 

the importance of each feature. The similarity between W-

FCM algorithm and FCM algorithm is that the number of the 

cluster centers are initialized randomly. Hence, the FCM 

algorithm problem still remains. However, the advantage of 

this algorithm is that it does not take time to determine the 

features’ weight because the optimal weights are updated in 

each step as the clustering proceeds. 

3.3.2 The proposed method: Constrained W-

FCM Algorithm 

 
The semi-supervised FCM algorithm is regarded as a 

development of fuzzy clustering in which a few samples of 

dataset are labeled and each cluster has a labeled 

representative. The advantages of semi-supervised fuzzy 

clustering model include: low- cost labeling, specified number 

of clusters and fast convergence. This algorithm still uses the 

Euclidean distance to measure the similarity of the samples. 

Consequently, the problem of equal dimension weights still 

exists. To solve the problem, the W-FCM algorithm 

(introduced in the previous section) are joined together into C-

W-FCM or Constrained Weighted FCM algorithm. 

The process of C-W-FCM algorithm is similar to that of W-

FCM and the only difference is that C-W-FCM algorithm 

applies some labeled samples named the Seeded set. In fact, 

the seeded set is the set of labeled documents. In fact, C-W-

FCM algorithm is expressed based on a seeded set and the 

basic operation of the algorithm is done by this set. 

In the first stage of clustering in W-FCM, instead of 

initializing the number of the clusters and determining the 

cluster centers randomly, the initial centers and the number of 

clusters are determined by labeled samples. This is 

accomplished by partitioning which is defined as: a partition 

on the seeded set is dividing it into non-empty subsets such 

that their union is the seeded set and their intersections are 

null. Assume the seeded set contains three members (three 

labeled documents): {x1, x2, x3}, such that each member is a 

three dimensional vector (means that each document has three 

features). Two sample partitions on this set are as: 

P1 = {{x1}, {x2}, {x3}} 

P2 = {{x1}, {x2, x3}} 

Next, to obtain the center of each partition, we do as the 

following: for the first partition, we add all the three subsets 

x1+x2+x3 and divide by 3. The result is 1x3 vector, which 

shows one choice of the centers.  

For the second partition, first we add the second subset, 

x2+x3=x23, and divide it by 2, which is also a three dimensional 

vector. Next, we add x1+x23 and again divide by 2. The result 

is also a three dimensional vector which shows another choice 

for centers. By this method of partitioning, we can distribute 

the centers in the space.  

Next, the clustering procedures are followed as that of W-

FCM. The procedure of the C-W-FCM algorithm is as 

follows: 

1. Creating a seeded set, as there is at least one representative 

from each cluster.  

2. Selecting the number of clusters (number of partitions) 

based on the number of distinct categories in the seeded set. 

3. Creating a partition on the seeded set and selecting the initial 

centers of each partition.  

4. Initializing the weight matrix and measuring the 

membership degree matrix of the samples according to (19). 

5. Updating centers according to (18). 

6. Updating membership degree and weight matrix based on 

(19) and (20), respectively.  
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7. Repeating steps 5 and 6 till the establishment of the 

termination conditions (when the difference between the 

values in (12) in two consecutive repetitions is lower than the 

predefined threshold 10-7). 

 

Compared to the algorithm W-FCM, the advantages of C-W-

FCM algorithm are: faster convergence, less affection by 

initial centers and smart operation. The evidence for faster 

convergence is the addition of the seeded set, which guides the 

algorithm with a good initial set. 

 

4. Simulation Results and Performance 

Evaluation 

 
The proposed approach classifies texts through the clustering 

algorithms and the small set of labeled samples. After 

clustering, the labels of samples are not clear and only the 

cluster and the document’s category are identifiable. 

Therefore, several clustering evaluation criteria such as VPC, 

VPE, VMPC and VFS are applied to assess the proposed 

approach.  

It is worth mentioning that other unsupervised and semi-

supervised methods, e.g., [13], have applied the supervised 

criteria such as Recall and Precision in order to identify each 

document’s label after the clustering process. Therefore, 

comparison could not be conducted as in this paper, the 

performance measures which are specified for unsupervised 

methods are used. In fact, in unsupervised methods, the 

samples are finally labeled which violates the principle behind 

using unsupervised methods of not needing labeled data. On 

the other hand, we could have applied our specific measures 

for evaluating them, but the problem is the unavailability of 

their parameters and ambiguities in implementation. This 

results in inappropriate and unfair comparison, which breaks 

up the attitude of comparing the results. 

In order to evaluate the suggested method, we compare C-W-

FCM results with two clustering algorithms (FCM and W-

FCM) since C-W-FCM is an improved form of these two 

clustering algorithms. 

The Reuters dataset [25] as the most used evaluation data set 

has been applied to evaluate the performance of the proposed 

method. In this paper, similar to previous studies such as [26], 

the documents are classified into five categories: crude (374 

documents), interest (272 documents), trade (327 documents), 

money-fx (309 documents) and money-supply (151 

documents). These documents contain 4026 distinct words. 

In order to measure the superiority of the proposed approach 

over the two other clustering approaches, four criteria VPC, 

VPE, VMPC and VFS are applied as defined in Table (2). Three 

criteria VPC, VPE and VMPC depend on the membership degree 

and they change based on the membership degree given by the 

clusters and therefore, it may cause failure and inefficiency. 

However, the fourth index, VFS takes into account both 

membership degree and dataset structure. In this index, the 

first and second parts are density (the objective function in W-

FCM) and separation criteria, respectively. The focus of this 

index is the clusters in which the intra-cluster distance is low 

and the inter-cluster distance is high. In fact, the main goals 

are [27]:  

 to minimize the index so that the data density within clusters 

will be high  

 and to separate clusters as much as possible. 

Dataset in the form of a matrix with dimensions of 4026 * 

1433 is considered as the input of genetic algorithm [22], 

which has the initial values of the parameters in Table (3). 

 

 
Table2.  Evaluation Criteria 

Description Defined Functions Evaluation 

functions 

 
Max(VPC) 

 
 

 

 
)PEMin(V 

 
 

 
)MPCMax(V  

 

_____ 
 

Min(VFS) 
 

 

 

 
 

 

 
Table. GA Parameters [22] 

Value Parameter 

0.70 Threshold (th) 

1 Minimum length vector features 

5 Maximum length vector features 

500 initial population 

0.80 Crossover rate 

0.10 Mutation rate 

300 Iteration 

 

Similar to [22], the performance of the clustering system for 

all features is obtained for 0.01, 0.03, 0.05 and 0.10 percent of 

the features. 

As described in subsection 3.2.1, the proposed feature 

selection approach through genetic algorithm may aslo result 

in selection of the words with a low variance (since the 

chromosomes are vectored features). For example, the 5th 

feature with a very high variance is located next to the terms 

with low variance such as features 25, 30, etc. which have 

about zero variances (Figure 5). Combining terms with high 

and low variances makes a better distinction among categories 

since the meaning of a word may change in different 

documents. For example, the word Draft means document, 

war, bill, etc. Although the word Draft may have high 

variance, the multiplicity of meaning might be misleading in 

the process of clustering. Therefore, the purpose of this step is 

to find the words with low variance like document and war 

and when they are located next to Draft in the feature vector, 

the documents that have Draft which means document, will be 

distinguished easily from the documents in which Draft means 

war. 
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4.1 FCM Result 

In this part, FCM algorithm is applied for different 

percentages of features. The results of this algorithm, for the 

number of clusters: two, three, four and five and for 

percentages of all features are presented in figures 6 to 9. 

 

 

 
Figure 5. The variance of feature vector selection with genetic 

algorithm and 0.01 of features 

As can be seen, FCM algorithm in all four criteria for 0.01 of 

all features gets a better result. Since the documents of dataset 

are classified in five groups, it is expected that for all four 

criteria the best result will be for the number of clusters being 

five. Unlike expectation, PC and PE standards have better 

results when the number of clusters is fewer. However, MPC 

and FS criteria that are more accurate, have results that are 

more reasonable. Thus, FS is regarded as a reliable criterion 

for the evaluation of clusters. It can be concluded from figures 

6-9 that:  

 The best outcome for FCM is obtained for 0.01 of all 

features. 

 MPC and FS criteria, and especially FS, are more accurate 

and reliable than PC and PE. 

4.2 W-FCM Result 

 
In this section, the W-FCM algorithm is applied for different 

percentages of features. The results of this algorithm, for the 

number of clusters: two, three, four and five and for 

percentages of all features are presented in figures 10 to 13. 

As seen from these figures, W-FCM algorithm also gets 

the best efficiency for 0.01 of features in all four criteria and 

for 4 or 5 clusters. If there are 2 or 3 clusters, except FS, the 

other three criteria get better outcomes only for 0.03 of 

features. The reasons are: 

 
Figure 6. evaluation of VPC criterion for FCM approach  

 
Figure 7. evaluation of VPE criterion for FCM approach   

 

   

 
Figure 8. evaluation of VMPC criterion for FCM approach  

 
Figure 9. evaluation of VFS criterion for FCM approach 
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The documents are classified in five groups and when the 

number of clusters are fewer, the system will be more complex 

in order to improve performance. A factor that improves the 

system performance is increasing the number of features. 

Hence, the more the number of clusters, the more simple the 

system and if the number of features are less, the result will be 

better. It is important to note that increasing the number of 

features is limited and beyond the determined threshold, 

overfitting happens in the system; in the opposite situation 

when the number of features is few, underfitting happens. 

About FS criterion with two clusters, it is expected that the 

result will be the same as the three previous criteria. However, 

if there are two clusters, decreasing the number of features 

leads to underfitting (Fig. 13). When the number of features is 

increased, the common features of two clusters also increases. 

As a result, the distance between two clusters decreases and 

this criterion increases.  
The results of different percentages of features in four or five 

clusters are compared by the FS criterion and the following 

conclusions are inferred: 

 The best result for W-FCM is obtained for 0.01 of the 

features. 

 This cluster could not split the documents of two similar 

groups (money - fx and money - supply), because the best 

outcome is achieved for the one which has four clusters but 

the documents logically belong to the fifth group. 

  

 
Figure 10. evaluation of VPC criterion for W-FCM approach   

 
Figure 11. evaluation of VPE criterion for W-FCM approach   

 
Figure 12. evaluation of VMPC criterion for W-FCM approach   

 
Figure 13. evaluation of VFS criterion for W-FCM approach 

 

4.3 Comparison between FCM and W-FCM 

Algorithms 

 

Through feature valuation, it is expected that W-FCM has 

more favorable results than FCM based on clustering and 

feature numbers. In addition, weighting features is very 

important in the simulation results. The results of comparison 

between these two algorithms are presented in Tables 4 to 7. 

The results indicate that W-FCM, based on the number of 

features, has higher performance than FCM. In FCM, during 

the text classification, every distinct word in dataset is 

regarded as one feature and therefore, the dimensions of the 

samples grow up. In this procedure, the importance of feature 

selection is more evident. Since W-FCM uses the weighted 

feature vector, it works as a feature selection method. In fact, 

weighting features is a developed form of the feature selection 

phase. When a feature is selected in the feature selection 

process, it has a weight of 1 and if it is zero, it will not be 

selected. Therefore, it is clear that W-FCM performance is 

better since it has one more step during the feature selection 

process. 

In addition, dimension weighting makes W-FCM algorithm to 

reach the results more quickly than FCM. The findings show 

that W-FCM gets the results through 25 to 35 repetitions. 

However, FCM gets the results after 51 clustering operations. 
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4.4 C-W-FCM Result 

The results of C-W-FCM algorithm are measured as 0.30 of 

the samples are labeled, admitting [13]. These results are 

indicated in Figures 14 through 17 according to four criteria 

of clustering evaluation with different percentages of features. 

Accordingly, C-W-FCM algorithm gets the best results for 

0.01 of features. 

The remarkable point is that, C-W-FCM algorithm for 0.01 of 

the features, unlike two previous algorithms, with five clusters 

gets better results. This reflects the success of the proposed 

method for separation of two similar documents. 
 

Table 4. The results of FCM and W-FCM algorithms with 0.01 of 

features 
FCM W-FCM 

Number Of Clusters Number Of Clusters Val

idit

y 

fun

ctio

ns 

5 4 3 2 5 4 3 2 

0.53

95 

0.56

46 

0.60

09 

0.67

83 

0.71

34 

0.74

14 

0.68

44 

0.82

40 
VPC 

1.34

61 

1.18

15 

0.98

52 

0.68

65 

0.73

17 

0.63

32 

0.75

35 

0.39

02 
VPE 

0.42

44 

0.41

95 

0.40

14 

0.35

67 

0.64

17 

0.65

53 

0.52

65 

0.64

81 

VMP

C 

+ 

1.08

06e+

03 

+ 

1.50

75e+

03 

+ 

2.30

61e+

03 

+ 

3.78

19e+

03 

-

1.36

72e+

04 

-

2.00

44e+

04 

+ 

1.95

39e+

03 

+ 

3.26

86e+

03 

VFS 

 

Table 5. The results of FCM and W-FCM algorithms with 0.03 of 

features 
FCM W-FCM 

Number Of Clusters Number Of Clusters Val

idit

y 

fun

ctio

ns 

5 4 3 2 5 4 3 2 

0.28

20 

0.32

69 

0.41

69 

0.62

33 

0.44

91 

0.57

07 

0.75

12 

0.87

67 

VPC 

2.04

96 

1.76

52 

1.37

23 

0.80

10 

1.44

04 

1.03

47 

0.58

63 

0.29

82 

VPE 

0.10

25 

0.10

26 

0.12

53 

0.24

67 

0.31

14 

0.42

75 

0.62

67 

0.75

34 

VMP

C 

+ 

4.56

97e+

03 

+ 

5.91

38e+

03 

+ 

8.15

78e+

03 

+ 

1.28

67e+

04 

-

4.12

16e+

03 

-

7.74

04e+

03 

-

1.46

17e+

04 

+ 

4.86

31e+

03 

VFS 

 

41 features (0.01 of features) are appropriate for training the 

model and the rest is not confirmed. When the seeded set is 

identified, the number of appropriate clusters is five and the 

number of suitable features to cluster documents in Reuters 

dataset is 41 (0.01 of the features). 

Table 8 presents the results of the proposed algorithm when 

the number of clusters is five for different percentages of the 

feature vectors. 
 

Table 6. The results of FCM and W-FCM algorithms with 0.05 of 

features 
FCM W-FCM 

Number Of Clusters Number Of Clusters Vali

dity 

fun

ctio

ns 

5 4 3 2 5 4 3 2 

0.23

47 

0.29

48 

0.38

20 

0.57

61 

0.39

25 

0.49

23 

0.60

90 

0.86

08 

VPC 

2.17

76 

1.87

23 

1.45

70 

0.88

16 

1.60

15 

1.22

49 

0.88

45 

0.33

18 

VPE 

0.04

34 

0.05

97 

0.07

30 

0.15

22 

0.24

06 

0.32

31 

0.41

35 

0.72

16 

VMP

C 

+ 

7.59

16e+

03 

+ 

9.98

86e+

03 

+ 

1.31

23e+

04 

+ 

2.00

78e+

04 

+ 

602.

449

4 

-

762.

360

6 

+ 

2.57

57e+

03 

+ 

9.56

44e+

03 

VFS 

 

Table 7. The results of FCM and W-FCM algorithms with 0.10 of 

features 
FCM W-FCM 

Number Of Clusters Number Of Clusters Val

idit

y 

fun

ctio

ns 

5 4 3 2 5 4 3 2 

0.20

00 

0.25

00 

0.33

33 

0.50

00 

0.31

58 

0.37

15 

0.45

67 

0.61

22 

VPC 

2.32

19 

2.00

00 

1.58

50 

1.00

00 

2.00

17 

1.69

92 

1.32

13 

0.80

92 

VPE 

1.32

56e-

11 

1.11

68e-

11 

1.24

83e-

11 

2.29

59e-

11 

0.14

48 

0.16

19 

0.18

50 

0.22

43 

VMP

C 

+ 

1.37

12e+

04 

+ 

1.71

41e+

04 

+ 

2.28

54e+

04 

+ 

3.42

81e+

04 

+ 

1.29

23e+

04 

+ 

1.63

50e+

04 

+ 

2.21

19e+

04 

+ 

3.37

29e+

04 

VFS 

 

In C-W-FCM method, VFS criterion gets very small which 

indicates that the proposed algorithm uses the labeled samples 

to separate different classes efficiently. The sharp decay in the 

mentioned criterion is due to the increased separation range of 
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documents in money-fx and money-supply categories, which 

overlap due to their high level of similarity. 

According to the previous findings and admitting [22], 

clustering algorithm with 0.01 of terms in the Reuters dataset 

has achieved the best results. In this section, the results of the 

proposed C-W-FCM algorithm, W-FCM, and FCM for 0.01 

of the initial features are compared together. The results of 

these algorithms, when the number of clusters is five, are 

presented in Table 9. As can be seen, the proposed algorithm 

has the best performance in all four criteria since it takes 

advantage of W-FCM algorithm and the semi-supervised 

model. This approach splits the documents of two similar 

categories (money - fx and money - supply) while W-FCM 

algorithm failed to split the documents of these categories. The 

findings in tables (4) through (7) indicate when the number of 

clusters is four rather than five, W-FCM has higher 

performance. 

 
Figure 14. evaluation of VPC criterion for C-W-FCM approach 

 
Figure 15. evaluation of VPE criterion for C-W-FCM approach 

 
Figure 16. evaluation of VMPC criterion for C-W-FCM approach 

 
Figure 17. evaluation of VFS criterion for C-W-FCM approach 

 
Table 8. The results of C-W-FCM for different percentages of 

features in the 0.30 ratio of the data set 
0.10 

percent of 

Features 

0.05 

percent of 

Features 

0.03 

percent of 

Features 

0.01 

percent of 

Features 

C-W-FCM 
Algorithm 

0.3150 0.4226 0.4480 0.8099 PCV 

2.0021 1.5015 1.4432 0.5155 PEV 

0.1437 0.2783 0.3100 0.7623 MPCV 

+4+1.2933e +32.3560e- +34.0931e- +42.3531e- FSV 

 

Generally, this was because W-FCM assumes the documents 

belong to four, and not five, categories. Henceforth, W-FCM 

fails to split the documents of two similar categories. 

Another description is as follows: we expected both W-FCM 

and C-W-FCM to have the same best performance on all the 

measures when the number of clusters is five. However, for 

W-FCM the best result occurs when the number of clusters is 

four with 1% of the features (figures 10-13). Which is when 

the documents from two clusters with similar subjects are 

classified in one cluster. Nevertheless, for C-W-FCM the best 

result occurs when the number of clusters is five with 1% of 

the features (figures 14-17).  

Moreover, according to Table 9, the most important clustering 

measure, VFS has a high reduction. Therefore, we can 

conclude that C-W-FCM is able to discriminate the two 

subjects: money-fx and money-supply (which have similar 

topics). This also results in higher inter-cluster distance 

compared to W-FCM. 

 

5. Conclusion and Future Work 

 
In this paper, we address of the main challenges of the 

document classification as the high dimensionality of the 

dataset. In a very simple case, the initial set of features is 

defined based on the total number of words existing in the text 

set.   

 
Table 9. Comparison of C-W-FCM and the other two 

clustering algorithms 
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VFS VMPC VPE VPC  

+1.0806e+03 0.4244 1.3461 0.5395 FCM 

-1.3672e+04 0.6417 0.7317 0.7134 W-FCM 

-2.3531e+4 0.7623 0.5155 0.8099 C-W-FCM 

0.30 Seeded 

 

 

Since each news text is composed of many words, the 

dimensions increases sharply. Therefore, classification 

systems must identify unnecessary features and remove them 

from dataset in order to predict issues accurately. 

This study has reviewed the existing feature selection methods 

and suggested an optimal feature selection method, which is 

developed from the evolutionary approaches and filtering 

feature selection. It suggests an optimal strategy for feature 

selection through the genetic algorithm and evaluation 

function based on the words variance. The genetic algorithm 

is applied to avoid the local minimum and achieves a desired 

result through the mutation step. The application of variance 

for weighting the features subset solves the problem of 

wrapped feature selection algorithms and increases speed and 

efficiency. 

In addition, in this study, the clustering algorithm is applied to 

select an appropriate cluster. Since FCM algorithm has defects 

such as depending on initial centers, employing Euclidean 

distance, and identical treatment with features, we proposed a 

developed FCM in this study, namely C-W-FCM. The 

proposed method benefits from weighting the features, 

determining the number of clusters automatically, and 

identifying centers intelligently. These strategies increase the 

efficiency and speed of convergence in the proposed method 

compared to the conventional clustering for texts 

classification. 

The findings indicate noticeable efficiency of the proposed C-

W-FCM algorithm, from about 27 to 33% compared to FCM 

algorithm and about 9 to 12% compared to W-FCM algorithm. 

It benefits from a weighting method as a feature selection 

approach. Weighting features doesn’t need the re-execution 

time for measurement due to the fact that the weight matrix is 

updated in each step. On the other hand, it must be taken into 

account that the automatic updating requires labeling some of 

the samples. 

Although the proposed method has acceptable performance 

for text classification, some recommendations are suggested 

for further research on better performance and better results. 

The suggestions are: 

 Another development of clustering algorithm has been 

proposed in which the Minkowski criterion is employed. The 

experiments indicate the superiority of this method over 

Euclidean distance. Therefore, it is recommended that this 

measure would be used for C-W-FCM clustering algorithm. 

 A series of samples must be selected randomly to create a 

seeded set; future research is needed to apply evolutionary 

algorithms to determine appropriate candidates for the 

labeling process. 
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