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Abstract 

The independent component analysis (ICA) is a widely used 

method for solving blind source separation problems where assumes that 

the sources are independent of each other and extracts them by 

maximizing their non-Gaussianity as the objective function. ICA 

comprises two components, the optimization method, and the objective 

function. Most popular ICA methods are used gradient function as 

an objective function. The disadvantage of these methods  is that 

they are trappable at a local minimum. 

Metaheuristic algorithms have a number of advantages over 

conventional heuristic techniques, including ease of implementation 

and a large potential for escaping local optimum solutions. 

Therefore two Metaheuristic optimization algorithms(Particle Swarm 

Optimization(PSO) and Glowworm Swarm Optimization (GSO)) can be 

proposed for address the local minimum drawback and improve the 

performance of the  ICA method. 

These proposed methods are implemented to propose a text 

clustering system. The documents can be understood as mixtures of 

latent concepts grouping the words. Therefore, Singular Value 

Decomposition (SVD) in Latent Semantic Analysis is employed for 

transforming words and documents into a new dimensional space that 

reflects semantic concepts. The largest principal components of  SVD 

analysis were used as input to the FastICA, PSO-ICA and, GSO-ICA 

algorithms for extracting the Independent Components (ICs) which were 

used as clusters. To quantify the ability of the ICA to cluster documents, 
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the ICs are converted into ―clusters probabilities‖ using the Argmax 

function.  

For evaluating the performance of the proposed methods, typical 

assessments metrics were used involve (precision, recall, F-measure, and 

Overall Accuracy). Three main experiments were conducted, the first 

experiment was conducted on the medical dataset and the other 

experiments were conducted on the BBC news dataset. The results 

obtained using a medical dataset were 90.3% for overall accuracy with 

elapsed time=0:00:08.328817 using the GSO-ICA algorithm, 89.5% for 

overall accuracy with elapsed time= 0:00:07.222813 using the PSO-ICA 

algorithm, and 85.5% for overall accuracy with elapsed 

time=0:00:06.927412 using the FastICA algorithm. The results obtained 

using the BBC news dataset were 91.6% with time=0:00:25.880445 

using the GSO-ICA, 90.8% with time=0:00:24.819643 using the PSO-

ICA, and 87.2% with time= 0:00:22.713640 using the FastICA for a 

subset of texts of the BBC news dataset. The last experiment is 

conducted on the entire BBC news dataset, the results were 90.3% with 

time= 0:03:33.767175 using the GSO-ICA,  90.1%  with time= 

0:03:21.817554 using the PSO-ICA, and 84.9% with time= 

0:02:51.923489 using the FastICA. 

These results depict the outperformance of the proposed 

algorithms compared with the standard FastICA algorithm. In addition, 

the experimental results showed that the GSO-ICA superior on PSO-

ICA due to ability to its split agents into subgroups and find multiple 

global solutions simultaneously. 
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1.1 Overview  

The purpose of blind source separation (BSS) is to recover the 

underlying components from their mixtures where the mixing matrix and 

components distribution are unknown. To address this problem, 

independent component analysis (ICA) is the most often used technique 

for extracting those components under the assumption of statistically 

independence [1]. ICA was initially designed to solve the problem of 

blind source separation. Its goal is to recover separate source signals 

from linear mixes of these signals as accurately as possible [2]. The 

process of independent component analysis involves linearly 

transforming multivariate data (observations ) in order to minimize 

dependencies between variables, resulting in so-called independent 

components (ICs). As a result, the objective of ICA is to identify both 

the separating matrix and sources (ICs), and the problem is not 

identifiable if more than one component has a Gaussian distribution [3]. 

ICA is currently a well-known concept that has effectively 

expanded across a diverse range of scientific fields and applications 

throughout the years [4]. It began with processing for signal processing 

applications involving communications, medical signal processing, 

speech signal processing, and so on [5-7]. Lately, it was discovered that  

the  ICA algorithm  is an effective technique for the problem of finding  

the latent structure within high-dimensional data, which is important of  

data mining. The observed data are thought to be the result of unknown
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 latent variables and their interactions [8]. The task of the ICA  

algorithm is to find these latent variables using just observed data. 

Data mining (DM) is a process for extracting useful information 

from a huge amount of  raw data. In  past two decades, advances in data 

mining in several domains such as machine learning, artificial 

intelligence, and statistics have prompted academics to design and use 

new data mining strategies and approaches. Web mining, text mining, 

educational virtual platforms, and research publishing databases are 

examples of trends and areas where data mining methods may be used to 

assist humans in making decisions [9]. 

Text mining (TM) is a process for extracting meaningful and 

interesting knowledge from textual data sources [10]. Application areas 

like search engines, customer relationship management system, filter 

emails, product suggestion analysis, fraud detection, and social media 

analytics use text mining for opinion mining, feature extraction, 

sentiment, predictive, and trend analysis [11]. The important step of text 

mining perform is collecting data, where collecting unstructured data is 

done from a variety of sources in different file formats, including plain 

text (documents), web pages, and pdf files, among others. 

There are a variety of text mining methods that may be used to 

analyze text data. Clustering is an unsupervised technique that uses 

clustering algorithms to organize text documents into groups. ICA is an 

unsupervised approach, which means there is no labeled training data to 

assist in sorting collections of texts into subsets. ICA can be applied to 
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analyze text data once it has been converted to a suitable numerical 

format. Using ICA for text analysis is based on the assumption that a 

document collection (also known as a corpus) is created via a mixture of 

several topics [12, 13]. In addition, according to [14, 15], in document 

analysis studies, a term by document matrix is considered as the linear 

mixtures of a set of independent sources. 

Most conventional ICA algorithms used gradient descent 

methods. These gradient-based approaches employ  gradient functions as 

objective functions for estimating independent components [16]. The 

quality of the gradients functions suffers from stucking in the local 

minima of the search space [17, 18]. To overwhelm the disadvantage, 

two meta-heuristic algorithms particle swarm optimization (PSO), and 

Glowworm optimization swarm(GSO), are employed in the ICA 

algorithm [19, 20]. In statistics, negative entropy (also known as 

negentropy) is the measurement of the distance to normality. To enhance 

the performance of the ICA method for text clustering model, as one of 

the applications of text mining, the current dissertation utilized Meta-

heuristic methods which employed the negentropy function as a fitness 

function. 

The conventional evaluations were employed to evaluate the 

suggested techniques' performance. Recall, precision, F-measure, and 

macro-average are common examples of these measures. True positives 

(TP), false positives (FP), false negatives (FN), and true negatives (TN), 

are all represented in the confusion matrix [21]. 
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1.2 Related works  

In this section, the literature that introduced methods for text 

analytic was displayed in the following two subsections. The first one 

introduces a survey of using ICA for text clustering as one application of 

text mining. The second introduces a display of using Metaheuristic 

algorithms for text mining. 

1.2.1 ICA for Text Clustering 

Clustering is data mining approach that is very important, 

especially when dealing with huge amounts of data. When applied to 

text documents, it automatically places those documents that have 

similar themes together and separates those that have different themes. 

ICA  algorithm has been used for text clustering in several previous 

studies. 

Wang et al. (2006), proposed a strategy to cluster XML 

documents based on ICA. This strategy based on ICA (called ICAXC) 

which consists of three stages: vector representation, feature 

transformation with ICA and clustering with C-means method. Where 

ICA reduces the dimensionality of vector space and finds the latent 

variables. It can mine the projection axes that can be aligned with the 

data distribution and embody more information. Experimental results 

show that the method (C-means algorithm) using Independent 

Component Analysis outperformed the standard C-means clustering 

method. Where the error of standard C-means =18% whereas the error 

of ICAXC=145 [22]. 
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Huang  et al. (2009), introduced a method that used Wikipedia and  

semantic knowledge that contains  for document clustering. The authors 

created a concept-based document-representation of  Wikipedia articles 

called a bag of concepts (BOC) document representation. They applied 

latent semantic indexing (LSI) and ICA to Wikipedia articles to build a 

BOC model and use the identified latent concept structures  for 

clustering. Where they used the semantic relatedness between concepts 

to calculate the similarity between documents. This approach tested the 

concept-based representation and the similarity measure on two standard 

text document datasets: OHSUMed and Reuters. The results proved the 

effectiveness of proposed BOC model. Where the performance of LSI 

and ICA on BOC model on Reuters dataset. The F-measure of 

BOC+LSI was 0.195 and BOC+ICA was 0.201[23]. 

Pu, Q., and D. He. (2009), Proposed  a  clustering approach using 

ICA algorithm and  relevance model  based on  semantic  clustering. 

After construct the term-document matrix they used Bayes Information 

Criterion (BIC) to get the K values that reflect the latent topics in a 

collection of documents.  The ICA calculates the separating matrix using 

the maximum likelihood principle, then used it to find sources  and after 

that applied softmax function which described the degree that document 

belonged to latent topic. Therefore  can be used the  ICs as clusters of 

documents. The information of this clusters employ into process of 

relevance model [24]. 

Onoda et al. (2012),  proposed the independent component 

analysis-based seeding method, and compare the proposed method with 
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three others clustering methods which are (k-means, KKZ method, and 

k-means++). K-means clustering method sometimes generates bad 

clusters because it is based on the choice of the initial center which is 

chosen uniformly from random data.  This choice may be the bad center, 

therefore, lead to a bad clustering process.  In the suggested technique, 

ICA will extract ICs and use each IC as an initial seed in order to 

generate the global optimum case of clustering. Two types of 

datasets(ODP web corpus and  UCI dataset) were used to assess the 

suggested method's performance. Normalized mutual information (NMI) 

used as a metric to evaluate the qualities of clustering outputs of 

different methods. The results to ODP web corpus using NMI metric for 

KKZ was 0.531,  0.514 for k-means, 0.525 for k-means++, whereas was 

0.638 for ICA. Experiments indicate that the suggested approach 

outperforms other methods for clustering datasets [25]. 

Gultepe et al. (2018), used some standard clustering algorithms 

with six benchmark datasets, the (REUTERS-10K) text document 

corpus is one of them. Clustering was done using methods including: K-

means, spectral clustering, Graph Regularized Non-negative Matrix 

Factorization (GNMF), and K-means with PCA. Two ways are proposed 

to improve the performance of these algorithms.  The first one is the 

blind source separation using ICA was employed with each clustering 

method. The second improves features  for constructing the distance 

matrix of clustering algorithms based on graph by extraction the features 

using  deep learning-inspired feature learning approaches. After 

conducting the experiments and using assessing metrics, When PCA 
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dimension reduction followed by ICA BSS is applied directly applied to 

the tf-idf matrix, K-means clustering provides the top clustering 

performance (NMI=0.46, ACC=0.714). Without ICA BSS, PCA 

dimension reduction provides an accuracy of (NMI=0.446, ACC= 

0.656). The next best clustering performance was provided by NMF 

without (NMI=0.318, ACC=0.546) and with ICA BSS (NMI=0.428, 

ACC=0.638) [26]. 

Ghazdali et al. (2021),  presented  ICA algorithm-based approach 

for document clustering and topic identification. They used data from 

Wikipedia articles in their analysis; each article is considered as  one 

document, and the corpus is a collection of these documents.  Three 

clusters of data about machine learning, video games, and black holes 

were recognized [27]. 

1.2.2 Metaheuristic Algorithms for Text Clustering   

As a result of their ability to find better solutions for clustering 

analysis problems, nature-inspired optimization algorithms have a lot of 

interest. Text clustering has been accomplished via the use of 

Metaheuristic algorithms in a number of previous researches. 

Hasanzadeh and Rokny (2012), proposed  a method of PSO 

algorithm based on the latent semantic indexing model. In addition, they 

used adaptive inertia weight in the PSO algorithm, which may result in 

effective exploration and exploitation of the search space as well as fast 

convergence. To illustrate that the suggested algorithm is effective, the 

experiments were conducted on the two benchmark datasets (Reuters 
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and Hamshahri). Analyzes indicated that the combination of PSO with 

LSI provides produces better clustering accuracy and efficiency, and is 

faster than the PSO+Kmeans algorithm [28]. 

Karol and Veenu, (2013), presented two methods for effective text 

documents clustering by hybridizing the conventional partitioning 

clustering methods K-Means, and Fuzzy-C Means with PSO. The 

suggested methods were tested on two datasets (Reuters-21578, and 

20NewsGroup). The performance of these hybrid algorithms have been 

evaluated in comparison to the performance of standard methods K-

Means and Fuzzy-CMeans(FCM), and the results have been 

encouraging. Where results in Reuters-21578 dataset showed  that 

KPSO and FCPSO give approximately 37% better results than KMeans 

and FCM for Entropy, approximately 17% better result than KMeans 

and approximately 18% better values than FCM for F-Measure. Also 

FCPSO and K-Means provide approximately 14.66% better values for 

F-Measure and 16.5% better values for Entropy than K-Means and FCM 

algorithm as results in  20NewsGroup dataset. These results shows that 

proposed methods FCPSO and KPSO provide superior outcomes 

comparing with  standard algorithms [29]. 

Abualigah et al. (2018), proposed a  method for feature selection 

based on the PSO  algorithm. This technique known as FSPSOTC for 

solving the features selection problem by generating a new subset of 

informative text features, thereby improving the effectiveness of the text 

clustering method and reducing computational time. When compared it 



Chapter  One……………………………………………………………..General Introduction 

 

9 

   

to other well-known algorithms such as the evolutionary algorithm and 

harmony search method, the proposed approach outperformed them[30]. 

Janani et al. (2019), developed a text clustering method known as  

SCPSO which combines Spectral Clustering and  PSO to enhance text 

clustering. The  spectral clustering with swarm optimization produce 

method  to deal with the large volume of text documents, through a way 

in which randomization is carried performed with respect to the initial 

population by taking into account both  local (finding the optimal 

solution for a specific region of the search space) and global(finding the 

optimal solution on problems that contain local optima) optimization 

functions. The proposed SCPSO  was compared against other methods 

such as  Expectation-Maximization Method (EM), Spherical K-means, 

and standard PSO algorithm, using  benchmark database. The results 

demonstrated that the proposed SCPSO method outperforms others 

clustering approaches in terms of clustering accuracy. The SCPSO 

algorithm increases by 6% in terms of accuracy, 8% increase in terms of 

NMI and 9% increase in term of ARI when compared to PSO clustering 

algorithm in Reuters dataset. In 20Newsgroup dataset, there is 7% 

increase in accuracy, 9% increase in terms of NMI and 9% increase in 

ARI when compared to the PSO clustering algorithm. The 6% of 

increase in accuracy, 8% increase in NMI and in terms of ARI, there is a 

9% of increased results in SCPSO. Hence the proposed algorithm yields 

better performance in terms of clustering the documents [31]. 

Selvaraj et. al. (2021),  employed  several algorithms  such as the 

PSO, Bat, grey wolf optimization (GWO), and K-means techniques  for 
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performing  text document clustering process. In the same time, 

conducted  a comparative  study among them  using six datasets of 

different sizes. Based on the results of the experiments, the PSO and 

GWO algorithms outperform K-means, and the PSO outperforms the 

other  of Metaheuristic algorithms in terms of identifying the optimum 

solution for document clustering [32]. 

1.3 Problem Statement  

Many of the ICA algorithms have the basic form optimizing an 

objective function based on the gradient-descent. Gradient descent will 

lead to the closest local minimum instead of a global minimum. That is 

will be getting the local solution not the best solution. That is means will 

not be getting the best solution (global solution).   

Metaheuristic algorithms offer many benefits over other heuristic 

techniques, including the fact that they are simple to implement and 

have a high capacity to escape local optimum solutions. Therefore to 

alleviate this drawback, improved ICA algorithms based on 

Metaheuristic algorithms are presented. The strategy can enhance the 

ICA algorithm capability by using the PSO and GSO  algorithms to 

determine the optimum global solution and avoid traps at the local 

optimum. 

The essential idea is that ICA based on Metaheuristic methods  

represented by PSO and GSO algorithms which used negative entropy as 

objective function  to replace the gradient function  in the ICA algorithm 
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to find the best separating matrix. Then, the independent components 

can be extracted.  

The proposed Metaheuristic based ICA algorithms provided 

superior separation outcomes than the standard FastICA algorithm that 

was used as a baseline for comparison, according to experimental 

findings using textual data. In addition, experimental results showed that 

the proposed PSO–ICA and GSO-ICA approaches are effective ICA 

algorithms. 

1.4 Motivations 

1. Text data represent a good example of unstructured content, which 

can be generated as one of the simplest types of data. It is easily 

interpreted and understood by humans, but is considerably more 

difficult to comprehend by machines. It is therefore essential to 

employ effective algorithms to process these data efficiently.  

2. Most machine learning approach do some kind of similarity measure 

to distinguish between two vectors, but due to the high 

dimensionality of the feature vector in text clustering, these similarity 

measures lose their discriminative strength. Thus, employ ICA with 

LSI to address this drawback. 

3. The similarity between two text documents is measured as the cosine 

coefficient between their term frequency vectors. However, a major 

drawback of the words-based  approach is its inability of handling the 

polysemy and synonymy phenomenon of the natural language. 
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Polysemy refers to the issue of more than one interpretation of words, 

while Synonymy is used to explain the fact that multiple words share 

the same meanings. therefore, used ICA with LSI  to produce  text 

clustering  based on the concept  to overcome this phenomena. 

4. ICA algorithm is based on neural network concept. Thus, it suffering 

a local minimum problem. PSO and GSO Metaheuristic algorithms 

are  proposed to overcome this dilemma and enhanced performance 

of ICA algorithm.    

1.5 Aims of Dissertation 

1. Propose and develop  a text clustering system based on  statistical 

method by using  independent component analysis unsupervised 

machine learning.  

2. Enhancing the performance ICA algorithm by using two 

Metaheuristic optimization algorithms: PSO and GSO. 

3. Using negentropy function as an objective function in  ICA method 

to propose text clustering system. 

1.6  Contributions 

1. The performance of the ICA algorithm were improved by using 

Metaheuristic algorithms such as particle swarm optimization (PSO) 

and Glowworm swarm optimization (GSO). 

2. Employ the negentropy function as  objective function of PSO and 

GSO algorithms to enhance  the measure of ICA algorithm 

performance in the text mining field. 
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3. Produce text clustering model based on the concepts to address the 

ambiguity which it suffers the text clustering methods which based 

on single-word similarity measures due to  polysemy and synonymy. 

1.7 Structure of Dissertation 

After this chapter, the rest of this dissertation is: 

- Chapter Two: This chapter provides the introduction of text mining 

and text clustering, an overview of ICA as a statistical method. With 

mathematics, the focus is on understanding the fundamental 

mathematical concepts. We will give brief coverage of Metaheuristic 

methods especially to those algorithms that are proposed to improving 

the ICA method. Also, this chapter presents the evaluation metrics used 

in the proposed system. 

-  Chapter Three: focuses on the proposed system design in details and 

the algorithms used in the system. 

- Chapter Four: represents the results of the system which are 

discussed in details. 

-  Chapter Five: discusses the conclusions and suggestions for future 

work. 
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2.1 Introduction 

The intention of this chapter is to provide an introduction to text 

mining. Text clustering will be discussed as one of the tasks associated 

with text mining. Independent component analysis algorithm will be 

mentioned as the main approach used in this dissertation. Also, 

Metaheuristic algorithms will be covering which are used to improve the 

performance of the ICA algorithm. Lastly, presented the evaluation 

metrics which will use to evaluate the performance of the proposed 

model.    

2.2 Text Mining 

Text mining (TM) is described as the manner of extracting the 

implicit knowledge from textual data [33]. It is necessary to differentiate 

between implicit knowledge produced by text mining and information 

obtained from the storage since the implicit knowledge produced by text 

mining does not exist in the supplied storage. TM is primarily concerned 

with the tasks of text clustering, text categorization, and text association. 

TM is a special kind of data mining that is distinct from the others, 

therefore, the purpose of this section is to render a general understanding 

of text mining. 

Text is defined as unstructured data that is made up of strings 

which are called words [34]. Even though a collection of words is 

considered text in the widest sense, the meanings of the individual



Chapter Two……………………………………..Theoretical Foundation 

15 

 

 

strings and their arrangement by rules, known as grammars, are required 

in order for the text to be created. 

The key traditional tasks in text mining are classification, 

regression, clustering, and association [35]. Due to ICA is unsupervised 

machine learning, therefore, we will describe clustering as an 

unsupervised application in this dissertation, and proposed a text 

clustering system based on the ICA algorithm. 

2.3 Text Clustering 

TM refers to the special kind of data mining where texts is 

presented as the source. In light of the increasing availability of 

electronic documents from a diverse variety of sources, text mining 

researches have become more important. Which include the use of 

unstructured such as text files and semi-structured data HTML files. 

Text Mining's key aim is to help users to retrieve information 

from textual resources, which can perform  an operations such as 

extraction, classification, clustering,  and summarization. Natural 

language processing (NLP), data mining, and machine learning methods 

work together to categorize and discover patterns from  different kinds 

of texts automatically [36]. 

Text clustering is the process of segmenting a collection of texts 

into partitions where the texts in the same group (cluster) are more 

similar to each other than texts in other clusters [37]. It is usually 
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accomplished via the use of a variety of text manipulation techniques 

and specialized algorithms in order to identify patterns and trends.  

Figure 2.1 provides a form of text clustering.  

 

 

  

 

 

  

 

 

Figure 2.1: Text Clustering [38] 

In the text domain,  the clustering problem can be extremely 

useful. Where the objects to be clustered may be of various granularities 

such as documents, paragraphs, phrases, or words. Text clustering is a 

useful technique that aims to organize large document collections into 

smaller meaningful and manageable groups, and it plays an important 

role in document organization, information retrieval, and topic 

extraction [39]. Automatic text clustering consists of text representation, 

feature extraction or transformation, employment of text mining 
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algorithm, and finally an evaluation of the applied text mining 

algorithm. 

2.4 Text Clustering Process  

The main stages of text clustering include: text representation, 

feature extraction, catching a Vector Space Model (VSM), implementing 

a text mining algorithm, and finally evaluating the text clustering as 

showing in Figure 2.2. These stages will be presenting in the next 

sections in details: 

 

 

 

 

Figure 2.2: Main Stages of Text Clustering [40]. 

2.4.1  Text Representation 

The representation of a document is the process of presenting a 

document in a manner that is acceptable for the data mining system. 

After documents collection, the initial step of the clustering process is 

indexing.  The conversion of a text or collection of texts into a list of 

Words is known as text indexing [41]. Since a document or text itself is 
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basically offered as unstructured forms, it is practically difficult to really 

process its raw form using a mathematical model. In other words, the 

indexation of text involves the segmentation of a text composed of 

phrases into included words and the outcome of indexing the text  is a 

list of words, in order to handle the text easily manner. Figure 2.3, 

demonstrates the three fundamental stages of text indexing. The first 

stage is the method of splitting the text based on  white spaces or marks 

of punctuation into  words (tokens). The second stage is the method of 

converting each word using morphology rules into its own root, this 

process is called stemming. The last step is to eliminate the stopword 

that is to erase the morphological words such as prepositions, articles 

and, conjunctions. 

 

 

 

 

 

 

Figure 2.3: Basic Stages of Text Indexing [42]. 

2.4.1.1 Tokenization 

The process of segmenting a text or document into tokens using 

white space or based on punctuation marks is known as tokenization 
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process [43]. As long as texts in a natural language have been written, 

the scope of this dissertation is restricted to just text since it relies on 

two datasets written in English. As a result, the work will focus on how 

to tokenize English-language texts. 

The tokenization functional performance is shown in Figure 2.4. 

The text is given as an input and the tokens list is created as a result, 

where the text is divided based on white space or using punctuation 

marks into words (tokens). When subsequently processed, the words 

with particular characters such as ―82%‖ or digital values are discarded 

by using regular expression, and the tokens are replaced to lower case 

characters. These tokens are used as input for the next step of text 

indexing, which includes the stemming and elimination stopword. 

 

 

 

 

Figure 2.4: Tokenization Process [42]. 

2.4.1.2 Stemming 

In the area of natural language processing, stemming is widely 

utilized as a second preprocessing step [41, 44]. Stemming indicates a 
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method of converting each word that is produced from the preceding 

stage (Tokenization) into the shape of its own root. Porter algorithm is 

one method used to find the stem of the words. Table 2.1 displays an 

example of the result stemming process. 

Table 2.1: Example of Converted Terms to Their Root [42].  

 

 

 

2.4.1.3 Stopwords Removal 

Stopwords removal indicates the process of eliminating stopwords 

from the list of tokens (words) or stemmed words [41]. Stopwords are 

grammatical words that are not related to the content of the text and thus 

must be eliminated in order to increase efficiency. The list of stopwords 

is loaded from a stored file. The words in the text that are already 

displayed in the list stopword are deleted. It is possible to swap the 

stemming and stopwords removal processes, such that stopwords are 

removed first and then the tokens are stemmed. 

The term "stopword" refers to a word that serves solely 

grammatically and has little or no significance in the context of the text 
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contents, such as Prepositions, such as   ―on‖, ―to‖ ,―in‖; and so on. 

Conjunctions such as ―however‖, ―and‖, ―or", and ―but". In addition, 

stopwords that are more often used include the definite article "the," as 

well as the infinite articles "a" and "an." 

Stopwords appear dominantly in texts in the corpus; eliminating 

them improves text processing performance significantly. The remaining 

words are important and meaningful. Finally, a list of words derived 

from text indexing is given as inputs to the text encoding process, which 

will be used to encode the text. 

2.4.2 Feature Extraction 

Texts and documents are unstructured data. So, when using 

mathematical modeling to cluster unstructured texts, they must be 

transformed these texts into a structured feature space. First, the data 

must be cleaned to remove any unnecessary letters and words. After the 

data has been cleaned, conventional feature extraction techniques can be 

applied to extract features from the data. 

The common techniques of feature extractions are Term 

Frequency (TF), Term Frequency-Inverse Document Frequency (TF-

IDF) [45], Word2Vec [46], and Global Vectors for Word Representation 

(GloVe) [47]. These approaches categorize as either word embedding or 

weighted word approaches. 



Chapter Two……………………………………..Theoretical Foundation 

22 

 

 

The common fundamental form of extraction of weighted word 

features is TF, where each word is converted to a number (value) 

corresponding to the number of occurrences of that word in the entire 

text. Techniques that utilize term frequency as a Boolean or as a 

logarithmically, scaled weighting to extend the findings of TF are most 

often seen. In all weight words techniques, each text is converted into a 

vector (has length the same length of the text) containing the frequency 

of the word in that text [48]. 

2.4.3 Constructing a Vector Space Model (Text Encoding) 

The process of mapping a text file into a structured form is 

referred to as the encoding of the text. The output of the preprocessing 

stage of text which was covered in the previous section will become the 

input to the process of encoding text. The extracted words from the stage 

of text indexing are selected as features, and the numerical values are 

assigned to them when encoded each text. As a result, the text will be 

represented by the numerical vector which is generated from this 

process. Figure 2.5 depicts the converting text process into a numerical 

vector. 

 

 

Figure 2.5: The Procedure for Converting Text into A numeric Vector[42]. 
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In the text representation process, the vector space model (VSM) 

is widely employed [49]. Documents are converted into sparse numeric 

vectors using this approach. Each term in the VSM is presented as a 

separate variable with varying importance of numerical weight [50].  A 

vector can be used to describe each text.  The terms in document j are dj 

= [w1j w2j ….. wmj], where m is the number of terms in the list of terms. 

When all of the documents are combined into one matrix, the words and 

document represent the rows and columns, respectively. Equation (2.1) 

expresses the term-document matrix form as follows:  

 

                             

                                            …..(2.1) 

                                                                               

 

Where T  is represent the terms, D is represent the text, M 

represent the number of words, and N represent the number of texts. The 

occurrences of terms corresponding  to features in the given document 

are assigned as  values of features in different schema, in this 

dissertation, the weighting method used to calculate the weight of each 

word in a document is expressed in Equation (2.2):    

              Wij = 
   

∑    
 
   

      ……     (2.2) 
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Where fij represents the frequency of the word i which appears in 

the text  j. This schema is used to determine the significance of words in 

the collection of texts (dataset). 

2.5 Text Clustering and Machine Learning Algorithms 

The central stage in the text mining framework is to select the 

appropriate algorithms. These algorithms can be classified into two main 

kinds of machine learning algorithms such as supervised (text 

classification), and unsupervised (text clustering) [51]. 

Supervised machine learning techniques are depended on the 

assumption that the structure of a text dataset has already been 

determined (annotated). They need a training set of labelled documents, 

as well as the declaration of a function that maps documents to the 

predefined class's labels.  The most popular supervised algorithms are: 

The logistic regression (LR) is one of the easiest classification 

algorithms to be discussed in most areas of data mining [52], k-nearest 

neighbor (k-NN) is a successful technique that has been studied and used 

as a classification task [53],  Naive Bayes(NB) is considered the oldest 

information retrieval method as a viable application [54], and support 

vector machines (SVM) is another common method which employs a 

discriminative classifier for document classification [55, 56]. 

Unsupervised machine learning algorithms are also referred to as 

clustering algorithms and are generally machine learning with no 

predefined labels used. In unsupervised algorithms, the input data is an 
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unlabeled collection of texts. The aim is to cluster documents together 

without the need for previous knowledge, such that documents inside a 

cluster are more similar to one another than documents between clusters. 

Traditional clustering methods can be classified into two main groups as 

partitioned and hierarchical algorithms. The common successful 

unsupervised algorithms are: K-Means is probably the most well-known 

clustering algorithm [57]. 

ICA is unsupervised machine learning was widely employed 

for blind source separation. Also, it has been employed in several a 

variety of applications [58], for example, latent variable decompositions, 

weather data mining,  extracting latent signals from pictures of satellites, 

and text data analysis [8]. In this dissertation, the ICA algorithm will be 

introduced as a method to propose a system for text clustering. 

2.6 Blind Source Separation 

In the real world, it is possible to receive mixed signals from 

everywhere. Therefore, it is often challenging to get accurate 

information from environmental sources. For instance, sounds are 

accompanied by distortion caused by the echo of the room, when several 

sources are active at the same time. That is, the hearing conditions for 

voice signals have degraded significantly. Another example, according 

to the viewpoint of image processing, the observed image becomes 

blurred with noise or mixed with the other image as a result of the 
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reflection of light. As a result, it becomes more difficult to detect and 

recognize the target object[59]. 

According to the assumption that a text dataset (collection of 

texts) is formed via a mixture of several topics [13]. Also, after 

converting this dataset into the numerical structure (term-document 

matrix) this structure is considered as a linear mixture of a set of 

independent sources. Each source is considered as a signal and each 

value in the signal is reflected as a document [14, 15].  

Blind source separation (BSS) is a method for extracting a set of 

source signals from a set of mixed signals, where the information about 

the source signals or the mixing process is not known or only has a little 

amount. BSS is addressing the dilemma of signal recovery from the 

mixed-signal or the set of mixed signals. This is a multidisciplinary 

scientific field. Both signal processing and machine learning are two 

professional domains that have been broadly explored to deal with 

various challenges in BSS [59]. A famous instance of a source 

recovering problem is the cocktail party dilemma, in which a listener is 

trying to follow one of several conversations taking place in a room 

during attending a cocktail party [59]. As shown in Figure 2.6, three 

speakers (s1, s2, s3) are talking at the same time. 
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Figure 2.6: Cocktail Party Problem with Three Speakers and Three 

Microphones[59]. 

Three microphones (x1, x2, x3) are placed  close as sensors to 

collect signals of  speech,  that are mixed differently based on  position,  

angle, and microphone channels properties.  A linear mixing system is 

constructed as: 

                                                   x1 = a11s1 + a12s2 + a13s3 

                               x2 = a21s1 + a22s2 + a23s3 ……… (2.3) 

                                            x3 = a31s1 + a32s2 + a33s3 

This 3 × 3 mixing system can be represented as X = AS in vector 

and matrix form, where X = [x1 x2 x3]
T
, S = [s1 s2 s3]

T
 and A = [aij] ∈ 

R
3×3

. This system involves A as a constant mixing matrix, and the noise 

impact is not taken into consideration. It's also known as the noiseless 

and instantaneous mixing system. The sources are identified  by 

estimation the demixing matrix W which recovers the original sources S 
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correctly, from the mixed observations X. Figure 2.7 illustrates a general 

linear mixing and demixing system. 

  

 

Figure 2.7: A general Linear Mixing and Demixing System [59]. 

2.6.1 Independent Component Analysis (ICA) 

Historically, traditional BSS was developed by identifying a 

set of independent source signals from the mixed signals which were 

obtained from a number of sensors. The demixed signals were estimated 

by maximizing the measure of independence expressed in different 

ways. ICA was suggested in [3] to handle the cocktail party problem, in 

which mixed signals were collected using several channels or 

microphones. Assume you are at a dinner party where there is a lot of 

discussion and noise, and someone speaks to you. In this situation, the 

sound of the talker is very sensitive to your ear. This is the cocktail party 

problem that ICA aims to solve it. In order to deconstruct the mixed 

signals into individual sources, an estimation of a demixing matrix was 

performed, with the measure of the independence of the resulting being 

maximized.  
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The ICA unsupervised learning algorithm attempts to separate the 

observation vectors and find the salient features or mixture sources of 

the mixture. The aim of ICA is to extract independent components for 

individual sources. Because the resulting components are uncorrelated 

and independent (two random variables are uncorrelated if the expected 

value of their joint distribution is equal to the product of the expected 

values of their respective marginal distributions, whereas the 

independence means if the value of their joint distribution is equal to the 

product of the values of their marginal distributions), therefore, it is not 

possible to assume a Gaussian distribution in the ICA algorithm. As a 

consequence,  there are some assumptions in ICA: 

• The sources are statistically independent. 

• Each independent component has a non-Gaussian distribution. 

ICA discovers a set of hidden components that are mutually 

independent or non-Gaussian. The non-Gaussianity is mainly used as a 

measure of the degree of independence. Based on an information-

theoretic principle, the independence or non-Gaussianity can be 

measured using mutual information (MI) and higher order statistics 

depend on kurtosis [60]. The typical ICA model can be describes in 

Equation (2.4): 

X = AS………. (2.4) 
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Where X represents the linear mixture, A is the mixing matrix 

with unknown mixing coefficients, and S indicates the source signal. In 

Equation (2.5), the ICA estimates S as follows: 

Y = W X ……. (2.5) 

Where Y denotes the sources estimated (S) that are 

statistically independent and W indicates the demixing matrix. The goal, 

using a set of mixed signals X, to estimate the demixing matrix 

according to an objective function D(X,W), with the goal of obtaining 

recovered signals that are as close as to the original source signals. 

2.6.2 Procedure of ICA Learning  

ICA considers a linear representation of non-Gaussian data to 

be statistically independent or as independent as possible. ICA is 

commonly used for BSS, signal detection, text mining, and feature 

extraction [3]. The objective of ICA algorithms is to find the demixing 

matrix which provides the separation of mixture variables.  

The demixing matrix W is estimated by minimizing or 

maximizing an objective function. In addition to kurtosis, there are many 

objective functions based on negentropy, entropy, mutual information, 

and likelihood function were employed for finding ICA solutions to the 

demixing matrix [60]. Figure 2.8 shows a procedure of standard learning 

of ICA for finding a demixing matrix W. 
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Figure 2.8: ICA Learning Process for Finding A demixing Matrix [59]. 

Firstly, start with an initial parameter W
(0)

, then conduct 

preprocessing stage of a data, preprocessing consists of centering and 

whitening . Where each original sample in X  is preprocessed by a mean 

removal operation, this process called centering of data by the Equation 

(2.6):         

            XC = X – E(X)……… (2.6) 

Where E(X) is expectation value(mean) of X. Then a whitening 

step that is conduct by one of the following technique (PCA, EVD, 

SVD). Centering and whitening processes are necessary to speed up the 

ICA algorithm. After that, running the ICA algorithm based on  certain 

objective function, when the objective function satisfies a predefined 

condition, the learning procedure is terminated. Lastly, the demixing 

matrix was estimated and will be used to find the demixed signals from 

observed data by Equation (2.5). 
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2.6.3  Whitening 

The next preprocessing stage after the centering step is the so-

called whitening process. Also, it is called the sphering process [61]. 

Whitening transformation will produce uncorrelated variables which 

mean removes the second order dependences between the observed data.  

The goal of this process is to whiten the data by transforming vectors 

into other uncorrelated vectors and then rescaling each vector to have a 

unit variance. From this process, uncorrelated mixed data is obtained, as 

well as the observed data's unit variance [58]. In this dissertation, the 

observed data (text datasets) is represented by the vector space model 

(VSM). Latent semantic indexing (LSI) is the PCA of the VSM [62]. 

The singular value decomposition (SVD) is the well-known technique 

that will be used for this transformation, by using the SVD the term-

document matrix is decomposed into singular values and singular 

vectors. 

2.6.3.1 Latent Semantic Indexing (LSI) 

LSI, also known as Latent Semantic Analysis (LSA), is a 

technique of analyzing a set of documents to discover statistical co-

occurrences of words that appear together, which then give insights into 

the themes of those words and documents. Two problems that LSI sets 

out to solve are the points of synonymy and polysemy. Synonymy refers 

to the words that may be used to describe the same thing, while the word 
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with many meanings is referred to as polysemy, for example, the word 

jaguar can mean an animal, automobile, or an American football team.   

LSI is an automated indexing technique that transforms words and 

documents into a low-dimensional space that reflects semantic concepts. 

It analyzes text at the conceptual level by projecting documents into a 

semantic space, to address the difficulties of using only term-based 

analysis [62]. The main objective of LSI is to analyze relationships 

between a collection of documents and the terms they contain by 

generating a set of concepts associated with the documents and terms.  

LSI is the PCA of the term-document matrix; the well-known technique 

to conduct this analysis is singular value decomposition (SVD) [8]. The 

idea is that the SVD defines a small number of ―concepts‖ that connect 

the rows and columns of the matrix. Suppose X is the matrix with m×n, 

the analysis by SVD can be shown in Figure 2.9: 

 

 

 

 

 

 

Figure 2.9:  The Form of  Singular Value Decomposition [63]. 
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 U is an m× r column-orthonormal matrix; that is, each of its columns 

is a unit vector and the dot product of any two columns is 0. 

 V is an n × r column-orthonormal matrix. Note that we always use V 

in its transposed form, so it is the rows of V
T
 that are orthonormal. 

 ∑ is a diagonal matrix; that is, all elements not on the main diagonal 

are 0. The elements of ∑ are called the singular values of X. 

In this dissertation, SVD is the effective technique used to 

decompose the term-document matrix (X), as shown in Equation (2.7) 

[63]. 

              X = UΣV
T
........... (2.7) 

Where U is a real number matrix of m × r. Each column can be viewed 

as a concept which may be represent category or subject, etc. The 

particular combination of terms from the input with the weight of each 

term in the concept is indicated by the real number. Σ is the diagonal r × 

r matrix. V
T
 matrix is the new document representation of one text per 

row, each represented in terms of the concept specified in U instead of 

words occurring in the document. The matrix D describe in Equation 

(2.8). 

        D = ΣV
T
  ..……. (2.8) 

Where merges the concept weights and new representation of the 

document to indicate the scope in which the document obtains the 

concept. 
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At this stage, obtained the centering and whitening term-document 

matrix which represents the input data of the proposed system. The 

methods discussed in this dissertation estimates the structure in the data 

by finding latent components whose interactions might have generated 

the data. 

2.7  ICA Objective Function  

The objective functions of the ICA algorithm mainly includes the 

measurement of maximization non-Gaussianity (kurtosis and 

negentropy), minimization of mutual information, and maximum 

likelihood estimation.  In ICA, the aim is to find the demixing matrix 

(W) and then projecting the whitened data onto that matrix for extracting 

independent signals. Three main approaches can be used to estimate this 

matrix. The first approach is dependent on non-Gaussianity, which can 

be measured using metrics like negentropy and kurtosis, and the goal of 

this approach is to obtain independent components that maximize non-

Gaussianity [64]. Mutual information minimization is used in the second 

method to accomplish the ICA goal [65]. In the third approach, 

independent components can be estimated by using maximum likelihood 

(ML) estimation [66]. Simply, all approaches search for demixing 

matrix. Then the whitened data are projecting onto this demixing matrix 

lead to obtain independent components, the demixing matrix is 

approximated numerically through the optimization procedure. 
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To achieve the best approximation of the sources, all methods 

based on an optimization method and an objective function used with 

that method. In this dissertation, the Negentropy function is employed as 

the objective function in the proposed ICA based on metaheuristic 

methods. 

2.8 Measures of Non-Gaussianity in the ICA 

According to central limit theorem the distribution of a sum of 

independent signals with arbitrary distributions tends toward a Gaussian 

distribution under certain conditions. The distribution of the sum of two 

independent signals is typically closer to Gaussian than the distribution 

of the two original signals. As a result, a Gaussian signal is a linear 

combination of several separate signals [67]. This illustrates that the 

separation of independent signals from their mixtures can be achieved 

by making the linear signal transformation as non-Gaussian as possible. 

Non-Gaussianity is an important and essential principle in ICA 

estimation, in order to use non-Gaussianity in ICs estimation, there 

needs to be quantitative measure of non- Gaussianity of a signal.  

Searching for independent components can be achieved by maximizing 

the non-Gaussianity of extracted signals [68]. Kurtosis and negative 

entropy are two measures of non-Gaussianity that are used to determine 

the degree of non-Gaussianity. The next subsection will go through this 

in more detail. 
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2.8.1 Kurtosis  

The Kurtosis can  be used as a non-Gaussian measurement and the 

extracted  signal can be obtained by finding the demixing vector, which 

maximizes the kurtosis of a signal extracted [69]. In other words, the 

source signals can be extracted by finding the orientation of the weight 

vectors which maximize the kurtosis. 

The kurtosis of data which has been preprocessed to have unit 

variance is equal to the fourth moment. The Equation (2.9) [58] defines 

the Kurtosis of a signal (s), denoted by the symbol kurt (s): 

Kurt(s) =E (s
4
)-3(E (s

2
))

 2
…….. (2.9) 

Where  E(s
2
) is the variance , E(s

4
) is the  fourth order moment.   

Basically, kurtosis is defined using a higher order "cumulant", which 

simplifies the formulation since it is dependent on the presumption that 

the signal has a zero mean. Furthermore, we may assume that signal(s) 

has been normalized to have a variance of one: E(s
2
)=1. This will make 

things much simpler. Therefore, Equation (2.9) may be further 

simplified to provide the following Equation (2.10) [85]. 

Kurt(s) = E(s
4
) – 3 ……….. (2.10) 

For a Gaussian signal the E(s
4
) = 3(E(s

2
))

2
, and therefore its 

kurtosis is zero.  For most non-Gaussian signals the kurtosis is nonzero. 

Kurtosis may be negative or positive. The kurtosis of super Gaussian 

random variables is positive, whereas the kurtosis of sub Gaussian 



Chapter Two……………………………………..Theoretical Foundation 

38 

 

 

random variables is negative. The absolute value of kurtosis or the 

square of kurtosis is using a measure of non-Gaussianity [5]. 

2.8.2 Negative Entropy(negentropy) 

Negative entropy, also known as negentropy, is a Gaussianity 

measurement. It depends on the amount of the theoretical information of 

the entropy. The entropy of a variable is a measure of its randomness. 

The entropy of a discrete variable is given by Equation (2.11) [6]. 

 

H(X) = -∑ P(X)log2 P(X) …….(2.11) 

Where H  indicate for the entropy of the observation variables (original 

signals) as well as an estimated signals from the original variables 

(sources signals), P for the probability of X, and X represents the 

possible values of X.  The Gaussian distribution variables have greater 

entropy than other variables.  

The Negentropy concept defined to measure the Gaussianity of 

the components, as given in the Equation (2.12) [6, 58]. 

J)X) = H)XGaussian( -  H(X) ……(2.12) 

Where XGaussian denotes the Gaussian vector of the same covariance 

matrix as X. If the variable is Gaussian, the J(X) is zero, and generally, 

is non-negative. The Negentropy is nonparametric and expensive in 

computations, although it is robustness in statistic considerations.      

Thus, the negentropy is very difficult in the computation. Hence, 
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different approximations have been introduced for calculating the 

negentropy [18]. The negentropy can be approximated by higher-order 

cumulants,  such as given in Equation (2.13) [58].   

 ( )  
 

  
 ( (  ) )  

 

  
 (    ( ) )…(2.13) 

Where X random variable is assumed to have zero mean and unit 

variance, kurt(.) is the kurtosis defined in Equation(2.9), and  ( ) 

represents the expected value of the random variable. 

2.9 FastICA Algorithm 

Based on a fixed-point iteration strategy, the FastICA algorithm 

extracts the independent components through maximizing the  non-

Gaussianity for the extracted signals by maximizing the  negentropy 

[60]. It has convergence speed is at least quadratic, making it 

considerably faster than  algorithms based on Gradient, that have linear 

convergence. Also, it is very easy to apply since the algorithm does not 

contain any values that need to be determined beforehand, such as the 

learning coefficient [70]. 

FastICA may be used to extract one independent component (IC) 

that is referred to extraction of one-unit. FastICA  finds the weight 

vector w that extracts one independent component. A learning rule 

updates the values of w by searching for a direction that maximizes non-

Gaussianity. This procedure  named deflation approach, while FastICA 
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can estimate all independent components simultaneously  in this state 

called symmetric approach. 

FastICA is one of most popular linear ICA method, it depend on 

the fixed-point iteration method [71, 72]. Which will use in this 

dissertation for text clustering. The basic model of this algorithm is 

called  the one-unit model. The basic formula of FastICA algorithm can 

be represented in algorithm (2.1) as follows: 

Algorithm (2.1) : FastICA Algorithm 

Input  :  Input data Xw                          % centering and whitening data 

Output:  Independent Component         %recovered sources  

 

 Begin  

      1.  Determine 𝑚                         % m is the number of independent                                                                     

                                                             components to be estimated.  

     2.  Randomly,choose an initial value of weight vector w.  

     3. calculate  w
o   = E(xwg(wT xw)) −E(g′(wT xw))w      

     4. Perform the normalization         w = w
o
/||w

o
||  

     5. If convergence cannot be achieved , go back step 4. 

     6. S=W×Xw 

End Algorithm. 

 



Chapter Two……………………………………..Theoretical Foundation 

41 

 

 

Where g represents the function used in the approximation to 

negentropy, g′ is derivative of g function. The purpose of orthogonal 

zing vectors is to prevent various vectors from convergence to the same 

maximum point.  It is important to note that convergence means that the 

old and new values of w point in the same direction. 

2.10 Metaheuristic Optimization Algorithms (MHOAs) 

Metaheuristic algorithms are becoming an important part of 

modern optimization. A wide range of metaheuristic algorithms have 

emerged over the last two decades, and many Metaheuristic such as 

particle swarm optimization are becoming increasingly popular [73].        

Most Metaheuristic algorithms are nature-inspired [74, 75], such 

as ant colony optimization [76], particle swarm optimization (PSO) [19], 

and cuckoo search algorithm [77]. Several new Metaheuristic algorithms 

have been produced after the emergence of swarm intelligence 

approaches such as the PSO  that appear in the 1990s, and these 

techniques have been used in practically different fields of optimization, 

data mining, scheduling and planning, machine intelligence, and many 

more.   

Exploration and exploitation are the two main components of the 

MHOAs. The first is the diversification process, that involves the 

searching process or exploring the entire search space to find new better 

solutions that are more diverse, and the second process is the 

intensification, which involves exploiting the information found in 
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current better solutions in the local search region, this information will 

be processed by iterations under certain conditions to produce the 

optimal solution. Selection, crossover, and mutation are evolutionary 

operators that affect the exploration and exploitation process to produce 

high-quality solutions [78]. 

Some MHOAs are found to be good in exploration and others in 

exploitation during the searching process. The exploration helps for 

global optimum while exploitation for local optimum. Therefore, the 

good optimization algorithm can maintain a proper trade-off between 

exploration and exploitation while maintaining its efficient search 

behavior to find ―global‖ most optimal solution. This also helps the 

algorithm to avoid getting trapped in local optimum and premature 

convergence. 

Also, some of the MHOAs use memory to keep track of the search 

process and find the optimal solution based on the previous solutions 

stored in the memory but others are found to be memory-less. The 

MHOAs are mostly categorized into swarm intelligence based, physics 

phenomenon based, evolutionary and others. Based on the search 

process, the MHOAs are categorized as: single solution-based or 

population-based algorithms depending on the search procedure. Single 

solution-based method begins with one candidate solution and improves 

it through iteration. Whereas, in population-based search, start with a set 

of candidate solutions that are improved through iterations, and finally 

the one with good fitness is selected as the optimal solution [79, 80]. 
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The process of minimizing or maximizing an objective function or 

fitness function for certain constraints in order to produce a fitness value 

or objective value for making the system operate effectively is referred 

to as optimization [78]. Several nature-inspired Metaheuristic 

optimization algorithms (MHOA) have been developed and successfully 

used for the optimization of machine learning approaches such as 

artificial neural networks (ANN), support vector machines (SVM), and 

so on. 

In this dissertation, proposed the ICA algorithms are based on 

Metaheuristic algorithms to propose a system for text clustering. PSO 

and GSO are population methods and use memory to find the optimal 

solution. PSO has several advantages are summarized as:  simple 

concept, easy implementation, robustness to control parameters, and 

computational efficiency when compared with mathematical algorithm 

and other heuristic optimization techniques [81]. GSO algorithm enables 

a swarm of agents to split into subgroups, it is automatically divide 

swarm into subgroups which can then converge to multiple global 

optima simultaneously, this property of the algorithm allows it to be 

used to identify multiple peaks of a multi-modal function [82]. 

2.11 Swarm Intelligence (SI) 

Swarm Intelligence, which is the collective behavior of self-

organized particles, is commonly observed in nature. Swarm intelligence 

methods use a technique dependent on a search that employs a 
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distributed approach in which each agent acts independently [83]. These 

agents work with their neighbors to learn more about the environments. 

Those agents in this approach work in the following two stages: First 

stage deals with the agents performing an exploration behavior. While 

exploring, they seek data and check if it is above a fixed pre-defined 

threshold. These agents broadcast the data they have gathered to their 

neighbors by different communication channels (Lucifer in in case of 

glow-worm [84], pheromone in case of ants [85], etc.). This data is 

received by other agents in the swarm's neighborhood range. If the agent 

finds a value greater than the predefined threshold, it changes from 

exploration case to search case. If not, the agent will continue with the 

exploration behavior until it receives or senses a data value exceeds the 

pre-defined threshold. 

In the search phase, to find the optimal data source, the agents 

start to collaborate with their neighbors. In order to continue the search, 

each agent uses its own data and data received from its neighbors to find 

a promising direction to move. If it is greater than its own sensing value, 

the agent switches its search direction towards the position of the agent 

which provides the maximum and hence more promising value in its 

neighborhood. If not, the agent continues the search in its current path. 

On collaborating with surrounding agents, after detecting data values 

above the threshold, the agent becomes a member of a virtual team that 

is exploring a particular promising area of the environment which in turn 
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leads to the autonomous emergence of different teams of cooperating 

agents, which is the main philosophy behind swarm intelligence [86]. 

2.11.1 Particle Swarm Optimization (PSO) 

Kennedy and Eberhart [19] suggested the  PSO method, which is 

a Metaheuristic method based on the concept of swarm intelligence 

capable of solving  mathematical problems. It is necessary to note that, 

when compared to other optimization methods, the working with PSO 

produces some advantages compared with other optimization 

techniques, since there are fewer parameters to adjust during operation 

[87]. 

In order to explain how the PSO had inspired the formulation of 

an optimization algorithm to solve complex mathematical problems, a 

discussion on the behavior of a flock is presented. The (PSO) algorithm 

[19] is dependent on the behavior of birds flocking. The search agents 

are the birds' flock (also known as particles) that makes the algorithm's 

population. To prevent colliding, a flock of birds searching for food 

maintains a safe distance between them while flying. The flock's birds 

exchange information about the food source between them. The best 

value (pbest) is remembered by each bird. They adjust their velocity 

based on their positions during sudden movements and change of 

directions to maintain the flock movement.  Moreover, each bird 

remembers the global best position of one bird who discovered the 

greatest value (gbest). Finally, the flock of birds finds the food source at 

the global best position on movement after the maximum number of 
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iterations specified. The best optimum solution is referred to as the bird 

with gbest. 

In computational science, PSO is a technique of computing that 

improves a problem by iteratively refining a candidate solution to a 

given measure of quality. It solves a problem by generating a population 

of possible solutions, known as particles, and moving these particles in 

the search region using mathematical formulae that describe the 

particle's position and velocity. Considering a swarm with P particles,  

there is a position vector     Xi
t
 =(xi1 xi2 xi3 … xin)

T
 and a velocity vector   

Vti=(vi1 vi2 vi3 …vin(
T
 at (t) iteration for each one of the (i) particle that 

composes it. These vectors are updated through the dimension j 

according to the following equations: 

   (   )      ( )      (       ( )     ( ))       (      ( )     ( ))  (    ) 

 

   (   )     ( )     (   )              (    ) 

 

Where i = 1,2,…,P and j = 1,2,…,n.  

Equation (2.14) represents  movement of  a particle  in  an iteration, thus 

it has  several terms that will be presented. The (w) is the inertia weight  

parameter, which is a positive constant value in the classical PSO 

version. This parameter is important for balancing the global search, also 

known as exploration (when higher values are set), and local search, 

known as exploitation (when lower values are set).  The second term of 
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Equation (2.14), is the individual cognition term which is  computed  by  

difference between the best position of particle  pbestij,  and  current 

position X
t
ij of this particle. The parameter (c1) existing in this term is a 

positive constant and it is an individual-cognition parameter, and it 

weighs the importance of particle’s own previous experiences. The other 

parameter that makes up the second term's product is (r1), which is a 

random value parameter with a range of [0,1]. This  parameter is 

essential because it prevents premature convergences and increases the 

likelihood of global optima [19]. 

Finally, social learning is the third term. It allows all particles in 

the swarm to exchange information about the best location they've 

found, regardless of whose particle discovered it. The difference (gbest - 

X
t
ij) attracts particles to the best position until it is discovered at iteration 

(t). Similarly, (c2) is a  parameter of social learning that evaluates the 

significance of the swarm's global learning. And (r2) serves the same 

purpose as (r1). In the meanwhile, the positions of the particles are 

updated using Equation (2.15). 

2.11.2 Glowworm Swarm Optimization(GSO) 

GSO is a swarm intelligence algorithm that was introduced by 

Krish-nanand and Ghose in 2005 [88]. It is essentially developed for 

numerical optimization problems that require calculating multiple 

optima of multimodal functions, as against to other swarm intelligence 

techniques which aim to determine the global optimum. Each worm in 

the swarm is attracted with and migrates toward one neighbor when the 
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glow of this neighbor is brighter than this worm itself. When this worm 

is surrounded by many such neighbors, it applies a probabilistic 

approach to select one of them. Each glowworm contains luciferin, a 

luminous amount that allows it to communicate with its neighbors and 

exchange information. 

GSO is extremely good to capturing the global optimum of the 

objective function in finite-dimensional vector space and can 

successfully prevent losing the optimal solution due to intelligent 

changes in the decision radius. In the GSO algorithm,  initially ,a swarm 

of glowworms are distributed in the solution area, randomly. Each 

glowworm carries a specific amount of luciferin and indicates a solution 

to the objective function in the search space. The luciferin amount is 

associated with the fitness  of the current position of the agent. 

Specifically, Using a probabilistic method, each agent can only be 

attracted by a neighbor whose luciferin intensity is higher than its own 

within the local-decision domain and then moves towards it. The density 

(amounts) of a glowworm’s neighbors affects its decision radius and 

determines the size of its local-decision domain: when the neighbor-

density is low, the local-decision domain will enlarge in order to find 

more neighbors; otherwise, it will reduce to allow the swarm to split into 

smaller groups. The previous steps are repeated until the algorithm 

satisfies the termination condition. At this moment, the majority of 

individuals gather around brighter glowworms. The GSO includes five 

major stages which will describe briefly: 
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The first stage is luciferin-update: The luciferin update is dependent on 

both fitness and previous luciferin values [89], and it follows the rule 

given in the following Equation. 

𝑙𝑖 (  + 1) = (1 − 𝜌) 𝑙𝑖 ( ) + 𝛾Fitness (𝑥𝑖 (  + 1)) …….. (2.16) 

 

𝑙𝑖( )  indicates the luciferin value of glowworm 𝑖 at time  , 𝜌 is the 

luciferin decay constant, 𝛾 is the luciferin improvement constant; 𝑥𝑖(  + 

1)  ∈ 𝑅 is the glowworm location 𝑖 at time   + 1, and Fitness(𝑥𝑖(  + 1)) 

describes the value of the fitness at glowworm 𝑖’s position at time   + 1. 

The second stage is  neighborhood-select:  neighbors 𝑁𝑖( ) of glowworm 

𝑖 at   time, consist of the brighter ones and can be described as in 

Equation (2.17):  

𝑁𝑖( ) = {𝑗 : 𝑑𝑖𝑗 ( ) <  𝑖𝑑 ( ); 𝑙𝑖 ( ) < 𝑙𝑗 ( )} ……. (2.17) 

 

Where 𝑑𝑖𝑗( ) denotes the Euclidean distance between glowworms 𝑖 and 𝑗 

at time  , and  𝑖𝑑( ) denotes the radius of decision  (local decision) of 

glowworms 𝑖 at time  . 

The third stage is moving probability: A glowworm moves towards 

other glowworms with greater luciferin levels using a probability rule. 

The probability 𝑃𝑖𝑗( ) indicates the moving of glowworm (𝑖) towards its 

neighbor 𝑗 can be described as follows: 
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   ( )  
𝑙 ( )  𝑙 ( )

∑ 𝑙 ( )  𝑙 ( ) ∈  ( )
      (    ) 

 

The fourth stage is movement: If there are two glowworm  (i) and (j) . 

Also that (i) selects (j) with consider j ∈ Ni(t) with 𝑃𝑖𝑗( ). The equation 

of movement i toward j will be as: 

𝑥 (   )  𝑥 ( )   ( 
𝑥 ( )  𝑥 ( )

  𝑥 ( )  𝑥 ( )  
 )    (    ) 

 Where, ‖ ⋅ ‖ indicates the operator of  Euclidean norm, and ( ) is 

indicating to the step size. 

The fifth stage is decision radius-update: the  glowworm decision radius  

(𝑖)  at each updated, is represented as follows: 

  
 (   )      *   𝑚 𝑥*    

 ( )   (𝑛   𝑁 ( ) )++   (    ) 

 Where    indicates a constant,    indicates the glowworm sensory radius  

(𝑖), and 𝑛t represents the parameter to control the number of neighbors.      

The decision radius(local decision)  and the sensory radius of glowworm 

(𝑖), can be displayed in Figure 2.10.   
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Figure 2.10:  Sensory and Decision Radial of  Three Glowworms i,j,and k [20]. 

2.12 Argmax Function 

The mathematical function argmax is widely used in machine 

learning applications. It is an operation that finds the argument that gives 

the maximum value from a target function. It's also the most popular 

method for identifying the cluster with the highest expected probability 

in machine learning [90]. Argmax is a function that takes a vector Z of n 

real numbers as input and returns the index of the maximum value of a 

vector as Equation (2.21). 

     Result = argmax(Z) ….. (2.21) 

Where Z represents a vector, the result is the index of high value in a 

vector. After carrying out Equation (2.5) of  FastICA and proposed 
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algorithms, the sources will be obtained which represent the vectors with 

elements where each one represents a sample (text). Argmax function 

will calculate the probability of belonging the text to a certain IC which 

represents the cluster. 

2.13 Evaluation of  Text Clustering  

Cluster validation is a term used to describe the process of 

assessing the quality of clustering algorithm outputs. Clustering 

validation statistics can be divided into three categories: 

1- Internal cluster validation, which uses the internal information of the 

clustering process to evaluate the goodness of a clustering structure 

without reference to external information.  

2- External cluster validation, which consists in comparing the results of 

a cluster analysis to an externally known result, such as externally 

provided class labels. It measures the extent to which cluster labels 

match externally supplied class labels.  

3- Relative cluster validation, which evaluates the clustering structure by 

varying different parameter values for the same algorithm [91]. 

The second evaluation paradigm,  which is called external 

validation. It is the style of evaluating clustering results by adding 

external information. The labeled examples are prepared as the test 

collection, their labels are hidden during clustering, and the similarity 
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between items is based on their label consistencies during the evaluation 

[91]. 

In general, the evaluation measures in  clustering and 

classification problems are defined from a matrix  with number of 

examples correctly and incorrectly classified for each category, this 

matrix named confusion matrix for classification and matching matrix 

for clustering. The matching matrix for the clustering problem for two 

classes is shown in Table 2.2. 

 

Table 2.2: The Matching Matrix 

 

 

 

 

 

 

 

The following are descriptions of the TP, FP, FN, and TN concepts: 

1- True Positive (TP): examples are those that are correctly predicted to 

belong to the positive class. 

2- False Positive (FP): examples that are predicted to be positive but are 

actually negative. 

3- False Negative (FN): examples that are predicted to be negative but 

are actually positive. 
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4- True Negative (TN): instances correctly predicted as belong to the 

negative class. 

The main criteria for evaluating the effectiveness of the system 

are precision (P), recall (R), F-measure, and overall accuracy. The 

fraction of recovered instances that are relevant to the search is known 

as precision. The precision refers to the accuracy of model. It's also 

known as the positive prediction value [92, 93]. The typical precision 

equation is provided in Equation 2.22. 

               
  

     
   …  (2.22) 

 

The recall is the percentage of relevant examples recovered out of all 

relevant examples [92, 93]. The typical recall equation is as follows: 

  

           
  

     
  …. (2.23) 

 

The F-measure is a precision-to-recall trade-off. It is the harmonic mean 

value of both precision and recall [92, 94]. The conventional F-measure 

equation is as follows: 

 

                        
    

   
 …….. (2.24) 
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3.1 Introduction 

A major amount of the variety of information currently is 

underwritten via news, blog, and social networking sites available on the 

internet. With the increasing volume of data that available, there is a 

need for electronic systems to process and deal with this data. 

The proposed system and its stages were described in this 

chapter. A brief description of the proposed system is given in section 

3.2. A detailed definition of the suggested methods and function are 

given from section 3.3 through section 3.8. 

3.2  Proposed System Overview 

The proposed system is aims to design and develop a clustering 

system for text data using ICA machine learning algorithm, and 

implementation Metaheuristic algorithms to improve the performance 

of the ICA algorithm by used negative entropy function as the 

objective function. In this context, the ICA unsupervised machine 

learning method has been used for building and developing text 

clustering of two types of datasets, which requires several steps 

include resource obtaining (datasets), preprocessing of text, text 

representation, and ICA machine learning algorithms and clustering. 

The structure of the proposed system will be discussed in details 

through display the diagram of system. Figure (3.1) displays a block 

diagram of the suggested system.
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Figure 3.1: Block Diagram of the Proposed Text Clustering System. 
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3.3  Initialize Data 

As know, the fundamental concept of ICA algorithms is to isolate 

variables (sources) of known observations (which are assumed to be a 

linear combination of the unknown sources). The interpretation is the 

documents can be inferred as mixtures of latent concepts grouping terms 

(terms refer to latent concepts). Where the concepts demonstrate a 

succinct and informative representation of the themes in the text. This is 

meaning that the concepts are defined as units of knowledge. 

This dissertation claims that using concepts as the basis of 

clustering can significantly improve effectiveness. Therefore we will 

employ the two datasets are medical dataset and BBC news dataset. 

After converted text datasets into numerical data, and presents this data 

as an input matrix, such as a term-by-document matrix to the proposed 

system of text clustering.  Applied the FastICA algorithm, and two 

proposed ICA based on  Metaheuristic algorithms to the perform the  

clustering system. The overall steps for the proposed text clustering 

system illustrates in general algorithm (3.1). 

 

Algorithm (3.1) overall steps for the proposed text clustering system. 

Input    :  Set of documents. 

Output: Clusters for the documents. 

     1- Preprocessing 

 Tokenization                                     %call algorithm 3.2. 



Chapter Three……………………….…………...Text Clustering System 

58 

 

 Stopword Removal                            %call algorithm 3.3. 

 Stemming                                          %call algorithm 3.4. 

    2- Text representation    

 Dictionary building algorithm             %call algorithm 3.5. 

 Converting texts to a matrix                %call algorithm 3.6 

 

    3-  Preprocessing ICA algorithm 

 Centering               %call algorithm 3.7.  

 Whitening              %employ SVD  technique as  in section   

                                                      2.6.3 , call algorithm (3.8). 

 

     4- Proposed Model and Optimization Methods 

 Clustering system by using PSO-ICA and GSO-ICA.                

                              % call algorithm 3.9 and algorithm 3.10,   

                                   these algorithms call algorithm 3.11 to                                        

                                   compute  the fitness function. 

       

     5- Calculate the probability that the text belongs to a  certain  

           cluster.                                               

 Argmax algorithm                             %call algorithm 3.13. 

 

 

 

3.4 Preprocessing 

Text preprocessing phase includes tokenization, stop words 

elimination, and stemming. 
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3.4.1 Tokenization Algorithm 

In most languages, the text is composed of words divided by 

whitespace. In this dissertation,  the work will be with English language 

of two different datasets. The steps of tokenization processing  display in 

algorithm (3.2): 

 

Algorithm (3.2) :Tokenization Algorithm 

Input    :  Set of documents (D)       

Output : Tokens (Ti) 

   Begin  

       1. Input documents are  collected as (Di), where i=1,2,3,….,n. 

      2. For each input Di: 

               Ti = tokenize(D)           % For each input document Di,  cutting    

                                                         word by using the white space as the   

                                                         delimiter process for all documents  

                                                         this process it uses, i=1, 2, 3…n. 

 EndFor 

       

End Algorithm 

 

3.4.2 Stopword Removal Algorithm 

To achieve the accuracy of text analytics applications, it is 

important to filter out the redundant terms of low or no significance. 

This process is referred to as stopwords removal. It is a traditional and 

simple method based on removing stop words by compared the words of 
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document with the words were stored in the list stopwords file so if there 

is any match, the word will be removed from the document.  The steps 

of stopword removal are displayed in the algorithm (3.3).  

 

Algorithm (3.3) : Stopwords Removal Algorithm 

Input   :   Set of tokens for each text, and stopwords list . 

Output :  Words vector(V) for each text without stopwords. 

Begin 

         For each text Di:  

               V[i]=[ ] 

                For each token(Tj): 

                         If  Tj in stopwords list: 

                               Remove  Tj 

                         Else 

                              Insert Tj into V[i]   

                       EndIf 

                EndFor  

           EndFor  

 

End Algorithm. 

 

 

3.4.3 Stemming Algorithm 

Using the Porter stemming method, a particular suffix on the 

word is removed by applying the set of rules. These rules are 
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implemented when a set of criteria meet, thereby having precisely 

matching stems. This procedure minimizes the number of words and 

saving memory space and time. Algorithm (3.4) show the steps of 

stemming processing. 

 

Algorithm (3.4) : Stemming algorithm 

Input   :   Word vector (Vi) for each text without stop words . 

Output :  Stemmed word vectors (Dc)          %  each vector represents  

                                                                       document. 

     Begin  

1. Read word vector (V). 

2. Stem the words        % using the porter stemming technique. 

3. Output the stemmed word  ( write to a file).  

4. Repeat step 2 and step 3 until reach end of the document. 

     End Algorithm 

 

3.5 Text Rrepresentation Algorithms 

After carrying out the preprocessing steps described in section 3.4. 

The important next step is to create a dictionary from the documents 

(Dc) which obtained from the preprocessing stage. The dictionary  will 

be building from all the unique words in the Dc. The steps of building 

dictionary presents in algorithm (3.5). 
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Algorithm (3.5) : Dictionary building Algorithm 

Input   :   set of documents (Dc)    % The documents resulted from  

                                                            algorithm (3.4) 

Output :   Dictionary of words (Fw)    %  dictionary  

  Begin  

1. For each text Dc 

2.     For each word F in Dc 

3.         If  F not in Fw 

4.              Add F into Fw 

5.         End If 

6.     End For 

7. End For 

    End Algorithm. 

 

After building a dictionary, applied one of the most important 

stages of text clustering is text representation. Its aim is to numerically 

describe unstructured text documents so that they can be handled 

mathematically. Algorithm (3.6)  display the steps of converting dataset 

documents to the numeric matrix. 

Algorithm (3.6) : Converting documents to matrix 

Input   :   Dc            %   a set of  N  documents . 

               Fw           %   a set of  M  words (dictionary) 
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Output :  X              % matrix with  M  rows and  N  columns . 

  Begin  

      i=1                % Initialize value of counter dictionary 

      j=1                % Initialize value of counter documents 

 1.  For each document Dj in Dc              % main loop iteration for  

                                                                             each document. 

         Read document Dj 

      2.      For each word in Fw     % main loop iteration for each word 

              s= number of occurrence Fwi (word) in Dj     

              If  (s > 0) then  

                      X[i][j]=s 

              Else 

                      X[i][j]=0    

              End If  

               End For  

           End For  

 End Algorithm. 

 

The result of the algorithm (3.6) is the term-document matrix 

(X) which is formatted as shown in Equation (2.1). The next stage 

beyond calculating the frequency of a words in a document is to modify 

the count by the perceived importance of that words. Equation(2.2) has 

been applied to calculate weighting or importance for words. 
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3.6  Preprocessing of ICA Algorithms 

Before carrying out  FastICA, and proposed algorithms,  must 

conduct two common steps are centering, and whitening to prepare data. 

These two phases of the preprocessing are indeed preprocessing 

operations that optimize the subsequent ICA core processing. In the 

following subsections, the algorithms of these steps are present. 

3.6.1 Centering Algorithm 

Centering is usually conducted at the  beginning step before 

whitening. It would make computation easier. As mentioned in section 

(2.6.2), "Procedure of Learning ICA". In this step, the mean(Xmean) is 

subtracted from the observation data X. In this chapter,  the centering 

process steps are displayed in the algorithm(3.7). 

Algorithm (3.7) : Centering Algorithm 

Input:    Input data(X)                                        %  vectors of matrix  

Output:  Zero mean vectors (XC)                        % centered vectors 

  Begin  

1. Calculate the mean of observed data(vector) 

 Xmean = 
 

 
∑   
 
                     % mean of vector X with length n 

where n represent the number of columns. 

      2. Subtract Xmean from the observed vector X 

           XC = X – Xmean    

   End Algorithm. 
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3.6.2 Whitening Algorithm 

The whitening process is the second important pre-processing step 

in the ICA algorithm. This process is mentioned in detail in section 

(2.6.3).  The proposed system used the SVD  technique as the whitening 

process. The algorithm (3.8) presents the whitening steps of data. 

Algorithm (3.8) : Whitening Algorithm 

Input:     Centering data (XC)              % centering vectors  

Output:  Whitening data (XW)             % Whitening Vectors of matrix 

  Begin  

     1. Calculate the SVD of centering  data(XC)         % calling SVD  

                                                                                technique. 

   XC =SVD(XC)        %The result is three matrices are U,∑,V
T
 

     2.  Calculate multiply eigenvalue matrix ∑ with eigenvector V
T
   

                                                                                                    matrix.     

                XW =  ∑V
T
       % XW  represents (concept-document) matrix  

   End Algorithm. 

3.7 Proposed Model and Optimization Methods 

At this point, obtained data represent the concept-document 

matrix where each document is the combination of concepts. These data 

are separated by using ICA algorithms. In this dissertation, the proposed 
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two Metaheuristic optimization based ICA methods, and the objective 

function that will be used are discussed in the next section.      

3.7.1 Proposed Optimization Methods 

           The text clustering method is at the essence of the proposed 

system. Two Metaheuristic optimization algorithms (PSO and GSO) are 

proposed as the optimization algorithms for the linear mixtures of the 

traditional ICA algorithm. Negentropy was employed as an objective 

function in proposed PSO-ICA and GSO-ICA algorithms. The results 

which will be seen in the fourth chapter of this dissertation are compared 

to the standard FastICA algorithm (2.1) which mention in chapter 2. 

3.7.1.1 PSO- ICA algorithm 

In this method, the Particle Swarm Optimization (PSO) algorithm 

suggested as an improving method employs negative entropy (which is 

based on kurtosis) as an objective function to improve the performance 

of the ICA method. This method is shown as in the algorithm (3.9).      

Initialization of the necessary parameters of the PSO algorithm to 

be appropriate for the ICA algorithm. 

 

Algorithm (3.9) : PSO-ICA Algorithm 

Input:  Input data Xw                        %  centering and whitened data 

Output:  Independent Component     % recovered sources  
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% Variables Definition  

      K: number of sources             % integer variable  

      population: population size    % integer variable  

      vi : velocity of the particles    % real variable  

      xi: position of the particles     % real variable  

      w : inertia weight value. 

      r1,r2 : two uniform random numbers    % uniform numbers 

      c1,c2 : two acceleration coefficients  

      vmax: maximum velocity value of current particle  

     -vmax: minimum velocity value of current particle  

      Pglobalmax:maximum global fitness value of particle  

                                                                                        %real variable  

      Plocalmax: local fitness value of particle                % real vector  

      fitnessmax: list of maximum local fitness values     % real vector  

      fglobalmax: list of maximum global fitness values  % real vector  

      fitness: initial fitness values of current positions of particle  

                                                                                       %real vector.  

      fitnessnew : list of next fitness values                     % real vector  

      iteration: max number of iterations=10.            % integer number 

                          

Begin  

1. Randomly generating a set of particles         % each particale    

                                                      represent demixing matrix. 

           W=np.random(population, K, K)  

      2. Initializing the velocities of the particles  
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                 v = np.random( population K, K)   

 3. Compute initial fitness values of the current positions of   

 particles to the objective function.  

            For i =1 to population  

               S= W×Xw                  

               % The proposed objective function  

                fitness(i) = sum(negentropy function)  % calculate  

                                                                              current  fitness value  

             End For  

       4. Set initialize values of the algorithm parameters% local values  

                 plocalmax= fitness  

       5. Capture the initial maximum value of the fitness value. 

                pglobalmax = maximum (fitness)  

       6. Main loop iterations of the algorithm for each particle.  

         iter=0                                                           % iteration index     

           For n in range(0,population):  

             For i in range(0,K):  

                  For j in range(0,K): 

         v[n,i,j] = vmax × v[n,i,j]+c1×r1×(plocalmax[n,i, j] -    

                                      W[n,i, j])+ c2×r2×(pglobalmax[i,j]- W[n,i, j]) 

 

              % Evaluate v[n,i, j] with the (vmax )and (-vmax )parameters  

                         W[n,i,j]=W[n,i,j]+v[n,i,j]       % update the position 

                  EndFor  

             EndFor 

          EndFor 
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       7. Compute a new fitness values of the positions of particles  

             For  m in range(0,population): 

                 y =W×Xw 

                 % call the proposed objective function  

                 fitnessnew(m)=sum(negentropy fun.) % calculate a new  

                                                                                    fitness value.  

              EndFor(m)  

        8. Set maximum values of fitnessnew and pglobalmax as  

                  maximum fitness values and its positions respectively.  

        9. Find a new maximum value of the fitness values.  

             pglobalmax = max (fitnessnew)  

        10. Increment the iteration and stopped  

              Iter=+ 1                      % Increment the iteration counter.  

             Until  iter = iteration  % Terminate the loop of  PSO algorithm  

        11.  S = y    %  sources retrieved 

   End Algorithm. 

 

The algorithm (3.9) represents the ICA method based on the 

PSO algorithm. Following the initialization of the algorithm's 

parameters, the first step is to randomly generate the separating matrix, 

followed by the initialization of the particle velocities in the second step. 

Then, computed the initial values of the fitness function using the 

proposed objective function in the third step. In the fourth step, initialize 

values for the algorithm's parameters. The main loop of the PSO 

algorithm is used in steps 5-9 before the predefined iteration number is 

reached, the algorithm uses the suggested objective function to 
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determine the fitness values for each iteration within this loop and, it 

continues proceeds to the next steps in order to maximize the fitness 

values and, finding the best W matrix based on global position, which is 

used to compute the sources according Equation (2.5). 

3.7.1.2 GSO-ICA algorithm 

         One of the most effective optimization methods is Glowworm 

Swarm Optimization (GSO), with quick search processes and fast 

convergence without getting stuck in local minima states. GSO 

algorithm is used to improve the performance of the ICA method and 

suggested a way of the ICA based on the GSO, as shown in the 

algorithm (3.10). 

 

Algorithm (3.10) : GSO-ICA Algorithm 

Input:  Input data Xw                               %centering and whitened data 

Output:  Independent Component          %recovered sources     

% Glowworm swarm parameters 

       K: number of sources  

       itermax: Iterations number 

       m : Dimensions  number 

       n  : Number of glowworms               

       rs: Radial sensor range                          

       rd: Decision radius                        % ( rs*ones(n,1))  

       𝛾: Luciferin enhancement factor  
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       𝜌: Luciferin value decay factor   

       s : Step size                                    % distance of worm movement 

        : Constant parameter                 

       nt:  Parameter to control the neighbor number 

       bound:The workspace range parameter  

       Li:  Indicates  the luciferin value of glowworm  . %  (5*ones(n,1))  

Begin  

     1. Initialize the algorithm parameters with their initial values.  

     2. A group of (n) glowworms are distributed randomly. 

           A=rand(n, m)                                

     3. Main loop of the algorithm.  

        set initial value of the counter  (t =1). 

        Itermax= 100. 

        While (t <= itermax): 

        3.1. Luciferin Update Phase:  

           -Set Initialize Separated Matrix from the distributed worms  

                 Wi,j= Ai,n  

          -Initialize separated signals  

               S = W× Xw 

        3.2. For each Glowworm i  

                Fitness(xt+1) = Negentropy Function  

                Lt+1=(1- 𝜌) Lt+ 𝛾Fitness(xt+1)              % call algorithm 3.11.  

         3.2.1. Neighborhood Select Phase: % for each Glowworm i,      

                Neighbors consist of the brighter ones  
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                  𝑁𝑖(t) ={j: 𝑑𝑖𝑗(t) <  𝑖𝑑 (t); L𝑖(t) < L𝑗(t)}  %   as in eq. (2.17)  

         3.2.2. Moving Probability Phase:  probability of glowworm (𝑖)  

                     going towards its neighbor (𝑗):  

   ( )  
  ( )   ( )

∑   ( )   ( ) ∈  ( )
           % as in eq. (2.18) 

         3.2.3. Movement Phase: If glowworm(𝑖) selects glowworm(j),    

                         𝑗∈𝑁𝑖(t)with𝑃𝑖𝑗(t);  movement of glowworm(𝑖).  

                    (   )    ( )   ( 
  ( )   ( )

    ( )   ( )  
 ) % as in eq. (2.19)         

         3.2.4. Decision Radius Update: calculate the glowworm's radius:  

                r
i
d(t + 1) = max{0, min{rs, r

i
d(t)+ (nt − |𝑁𝑖(t)|)}}  

                                                                                    % as in eq.(2.20)  

          4. Glowworms have new values now. 

                        t=t+1                      % increase the counter of iterations  

          

        

         5. Get new separated matrix W from the A matrix that            

                satisfy the maximum value of  luciferin ( L ). 

                Wi,j =Ai,n  

         6- compute  the sources(S) by using ICA equation (2.5). 

                Sbest=W × Xw  

   End Algorithm.  

 

          The algorithm (3.10) represents the ICA method based on the 

GSO algorithm.  This algorithm employed the negentropy function as 
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the objective function. Through the steps of the algorithm, a demixing 

matrix was obtained (W). Afterward, by using the W matrix, the sources 

matrix (S) is obtained by applied the Equation (2.5) in final step. 

3.7.2 Fitness Function  

The ICA method depends essentially on the optimization 

algorithm and the objective function. This section includes description of 

the function that proposed as the objective function which can be used in 

the proposed algorithms as described in the section (2.7). In this section, 

will discuss the Negentropy function to be used as an objective function 

in the proposed ICA algorithms. The algorithm of this function has been 

described in next subsection. 

3.7.2.1 Negentropy Algorithm 

          This function represents the approximation of the negentropy 

function based on the fourth-order cumulants (kurtosis) consider best 

objective function which used in the proposed system as shown in 

chapter Two. This function described in Algorithm (3.11).  

Algorithm (3.11) : Negentropy Algorithm 

Input:    S       % unmixed data (real vector)   

Output: neg    %  negentropy value of  S  

Begin  

    1. Calculate the mean of the vector  S  
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 ∑   
 
         %  mean of vector S with length n.  

    2. Calculate the Kurtosis of the vector (S) by using the algorithm  

                                                                                                    (3.13) . 

          K(S) = kurt(S).  

     3. Calculate the negentropy according to the eq. (2.13) 

    
 

  
 (    ( ) )  

 

  
(    ( ) )  % Kurt : kurtosis 

    End Algorithm. 

 

Algorithm (3.12) represents the kurtosis of a vector is as follow: 

Algorithm (3.12) : Kurtosis algorithm 

Input: S                 % unmixed data (real vector)  

Output: kurt          % the value represent the kurtosis of  S  

   Begin  

       1. Calculate the mean of the vector S  

     
 

 
 ∑     
 
     % mean of vector (S) with length n 

       2. Calculate the Kurtosis of S according to the eq. (2.9)  

            kurt = mean(S
4
) – 3 × (mean(S

2
)

2
  

End Algorithm.  
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3.8  Argmax Algorithm 

At this stage, the proposed ICA algorithms revealed separate 

components (ICs), each of which represents a cluster. The argmax 

function calculates the probability of a document belonging to a certain 

cluster based on a maximum value. The algorithm (3.13) represents the 

steps of Argmax function. 

Algorithm (3.13) : Agrmax Algorithm 

Input:   Matrix  of  S                %  matrix with dimension 5×n  

Output: value of index              %  index represent the position of high 

                                                     probability value. 

 

 

    Begin   

       For j : 1 to n:       %n represent number of columns(texts) in vector        

            For i: 1 to 5:            % vector represent the values of 5 sources                  

                   index = index of maximum S[i,j]  % return the index of              

                                    a maximum value which indicates the relevance  

                                    of the particular text to a  particular IC(cluster). 

             EndFor  

        EndFor        

    End Algorithm. 
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          The Argmax function, according to the algorithm, answers not 

how large the maximum is, but where it happens. Generally, a higher 

value indicates more relevance of the concept to a particular document.     

Sconcept-document: it  assigns a measure of how relevant a  concept is given a 

particular document based on the value of concept. 
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4.1 Introduction  

In this chapter, the methodology used to assess the proposed 

system is introduced. When machine learning is used, it needs to be 

tested by using an independent dataset to ensure it functions as intended. 

In this assessment, two datasets in were used. Several experiments were 

conducted to evaluate the performance of the text clustering system. Due 

to unsupervised machine algorithms are used in this system, labeled 

objects could be used to assess clustering algorithms by comparing to 

help determine the groups and get more meaningful results. 

Two algorithms proposed are ICA based on the PSO algorithm 

(PSO-ICA), and   ICA based on the GSO algorithm (GSO-ICA). These 

algorithms used the Negentropy as an objective function. The results of 

these algorithms compared with the standard FastICA algorithm as an 

optimum example of the traditional ICA algorithms. 

The proposed algorithms and evaluation measurements were 

programmed under Python code and evaluated using recall, precision, F-

measure and Overall Accuracy (Macro-average F) metrics. 

4.2 Experimental Datasets 

Obviously, gathering data is the first step of text mining (i.e., the 

relevant documents). The related documents may already be provided or 

may be part of the problem description in certain text mining scenarios. 

If the documents were identified previously, then they can be obtained
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directly, and the main issue is to cleanse (preprocess) the samples and 

ensure that they are of high quality. 

Such as with non-textual data, Human interference could 

negatively impact the credibility of the process of document gathering, 

As a result, severe caution is needed. Sometimes, documents can be 

acquired from document warehouses or databases. 

Two standard datasets are used to demonstrate and assess the 

proposed algorithms. The medical abstract dataset and the BBC news 

dataset were acquired from ftp://ftp.cs.cornell.edu/pub/smart/ and     

http://mlg.ucd.ie/datasets/bbc.html respectively. 

The first dataset is a medical abstract (MED) dataset, which 

comprises 1,033 texts that have 30 labels. This dissertation utilized 

subsets including 124 abstracts annotated in five sets.  The groups from 

the first group to fifth included 37, 16, 22, 23, and 26 documents 

respectively. Figure 4.1 displays the distributed text documents inside 

medical dataset. 

 

 

 

 

 

 

 

 

 

 

Figure 4.1:  The Percentage of  Distribution of  Documents Inside Medical Dataset 

ftp://ftp.cs.cornell.edu/pub/smart/
http://mlg.ucd.ie/datasets/bbc.html
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The second dataset acquired from the BBC news website contains 

510, 386, 417, 511, and 401 documents in five topical areas that are  

business, entertainment, politics, sport, and tech  respectively. Figure 4.2 

displays the distributed documents inside the BBC news dataset. 

 

Figure 4.2:  The Percentage of Distribution of Documents Inside BBC News Dataset 

Document clustering encountered many challenges. Such as 

datasets comprise high-dimensional with respect to words, therefore 

documents are sparse and have varying lengths, at the same time can 

contain correlated terms. Thus, constructing a model to represent a 

document based on the concept can be used to distinguish between 

documents, as a solution to the clustering task. The clustering algorithms 

to calculate the similarity between documents and assessment is highly 

dependent on the chosen document model. In this dissertation, an 

unsupervised ICA algorithm provides the statistical model where each 

document is represented by one value. Therefore, external cluster 

validation will be applied, which will include comparing the outcomes 
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of cluster analysis to an externally known result. It measures the degree 

to which cluster labels matching to cluster labels that have been 

provided externally. 

4.3 Preparing Data  

After conduct preprocessing of datasets, the term-document 

matrix X was built, when creating the term-document matrix, these 

terms that appeared in several documents and were not included in a 

defined list of stop words as stop words. To eliminate the influence of 

document length, the length of all texts (columns) was standardized to 

one length based on the length of the BOW list (dictionary). After that, 

carried out the centring process of the data that was used as the inputs of 

the LSI procedure, where the singular value decomposition SVD was 

used as a whitening process. As shown in Equation (2.7), the matrix (X) 

had been decomposed by SVD. In order to construct the D = ∑V
T
 matrix 

given in Equation (2.8), the highest eigenvalues of the diagonal matrix ∑ 

were taken into consideration. 

The largest principal components of matrix D were used as inputs 

of the standard FastICA algorithm, and the two proposed PSO-ICA and 

GSO-ICA algorithms for computing the five ICs, which were used as 

clusters for clustering the documents. To quantify the ability of the ICs 

to cluster documents we convert the separated signals (ICs) into 

―clusters probabilities‖ using the argmax function. The estimated IC 

cluster label for a given document or sample matches the document with 

the component number (index) with the highest probability. 
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4.4 Interpretation of the Components   

The estimated components ICs are the result of applying ICA 

algorithm to the matrix D; it represents the concept-document matrix. 

Documents could be inferred to be mixtures of latent concepts. 

Therefore, each row (signal) represents the mixtures of concepts and 

each column represents the text (sample) in the signal. 

ICA algorithms will extract the independent signal (IC) which will 

contain  number of values  equal to number of documents, where each 

value represent  one concept, this concept expresses a brief description 

of the text. 

4.5 Experimental Results of Medical Dataset    

In this dissertation, conducted the clustering experiments on the 

medical documents.  Three experiments were performed to show the 

effectiveness of the suggested system. 

4.5.1 First Experiment 

The MED dataset consists of 124 documents. This means that the 

mixed signals are of length 124 samples (texts).  Five signals were taken 

from the D matrix based on large eigenvalues as inputs to the FastICA 

algorithm. 

The FastICA algorithm will start with an initial value of the 

separating matrix and employ the logcosh function to update the 

separating matrix in an iterative manner to find the best value for the 
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separating matrix to achieve the best separation of the sources. Five 

separate signals were obtained, each of which represents an independent 

component IC with a length of 124 samples. Then the probability of the 

sample (text) belonging to one of the components is calculated based on 

the largest value that depicts the concept using the argmax function. 

The MED dataset was used to evaluate the performance of the 

FastICA method. The experiment was done utilizing the five IC 

components. When converting IC (recovered sources) to clusters using 

the argmax function we also matched the unsupervised ICA clusters to 

the manual labels. The matching matrix compared the outcomes of the 

FastICA clusters with the annotated texts by experts manually. Table 4.1 

present the matching matrix of the FastICA method with each text 

cluster.  

Table 4.1: Matching Matrix of The FastICA Method in each Text Cluster in First 

Experiment. 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

IC1 31 0 1 0 0 

IC2 0 16 2 1 0 

IC3 5 0 18 5 0 

IC4 1 0 1 17 2 

IC5 0 0 0 0 24 

Table 4.1, displays the matching matrix of the MED dataset 

clustering based on the five IC components of outcomes of the FastICA 

clusters.  Where each column in the matrix represents the actual cluster 
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and each row represents the predicted cluster. For example, the 31 

represents the predicted value is positive and it is true (TP) for cluster 1 

from all amount  37 texts , and the rest values in all columns represent 

the predicted value for cluster 1 which is positive but false (FP) which 

equal 1 text. Whereas, represents the   rest all rows in column 1 the 

predicted values which are negative but it is positive (FN) which is equal 

6 texts.  

The standard assessments were applied to evaluate performance. 

Popular examples of these metrics include recall, precision, F-measure, 

and macro-average. Based on a matching matrix that includes true 

positives (TP), false positives (FP), false negatives (FN), and true 

negatives (TN), these metrics are calculated. Table 4.2 will show the 

precision, recall, and F-measure of the FastICA experiment according to 

the Equations (2.22, 2.23, and 2.24). 

 

Table 4.2: Overall Accuracy of The FastICA Method in The First Experiment 

 

 

 Precision (%) Recall (%) F-measure (%) 

Cluster 1 0.969 0.838 0.903 

Cluster 2 0.842 1.0 0.921 

Cluster 3 0.643 0.818 0.731 

Custer 4 0.810 0.739 0.774 

Cluster 5 1.0 0.923 0.962 

       Overall Accuracy                                                            0.855 
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This analysis demonstrates that good outcomes were achieved by 

FastICA, thereby proving that the FastICA method is suitable for 

implementing the text clustering application. As in Table 4.2, the overall 

F-measure of 85.5% was achieved for text clustering. 

4.5.2 Second Experiment 

After set initial values of the parameters of the proposed PSO-ICA 

algorithm that are mentioned as shown in chapter three. It applied the 

proposed algorithm and the negentropy function on the same data in the 

MED dataset. Using the matching matrix, the results were compared to 

the documents that had been manually annotated. The matching matrix 

of the PSO-ICA algorithm is shown in Table 4.3 for each text cluster. 

Table 4.3: Matching Matrix of The PSO-ICA Method in each Text Cluster in The 

Second Experiment. 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

IC1 37 0 0 0 0 

IC2 0 16 0 1 0 

IC3 0 0 16 4 0 

IC4 0 0 6 18 2 

IC5 0 0 0 0 24 

Table 4.3 exhibits the matching matrix of the MED dataset 

clustering based on the five ICs components by the comparison of the 

outcomes of the PSO–ICA method with the annotation MED dataset. 
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To compute the accuracy of the PSO-ICA algorithm, using the 

metrics precision, recall and, F-measure. Table 4.4 shows the percentage 

of metrics of the results of the method. 

     Table 4.4: Overall Accuracy of The PSO-ICA Method in The Second Experiment 

 

 

 

 

 

 

 

 

 

The result of the second experiment explains that the proposed 

PSO-ICA method is superior to the standard FastICA algorithm, where 

producing an overall accuracy of 89.5% for text clustering as shown in 

Table 4.4. 

4.5.3 Third Experiment 

After set initial values of the parameters of the proposed GSO-

ICA algorithm that are identified as shown in chapter three. It applied to 

the same data in the MED dataset. Also, using the matching matrix, the 

results were compared to the documents that had been manually 

 Precision (%) Recall (%) F-measure (%) 

Cluster 1 1.0 1.0 1.0 

Cluster 2 0.941 1.0 0.971 

Cluster 3 0.80 0.727 0.764 

Custer 4 0.692   0.783 0.737 

Cluster 5 1.0   0.923 0.962 

      Overall Accuracy                                                            0.895 
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annotated. The matching matrix of the GSO-ICA algorithm is displayed 

in Table 4.5 for each text cluster.  

Table 4.5: Matching Matrix of The GSO-ICA Method in each Text Cluster in The 

Third Experiment. 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

IC1 37 0 2 0 0 

IC2 0 16 0 1 0 

IC3 0 0 16 3 0 

IC4 0 0 4 19 2 

IC5 0 0 0 0 24 

Table 4.5 shows the matching matrix of the MED dataset 

clustering based on the five ICs components by the comparison the 

outcomes of the GSO–ICA method with the annotation MED dataset. 

To assess the performance of the GSO-ICA method, using the 

standard metrics to calculate the accuracy of the suggested algorithm. 

Table 4.6 shows the percentage of metrics of the results of the method.  

 Table 4.6: Overall Accuracy of The GSO-ICA Method in The Third Experiment 

 Precision (%) Recall (%) F-measure (%) 

Cluster 1 0.949 1.0 0.974 

Cluster 2 0.941 1.0 0.971 

Cluster 3 0.842 0.727 0.785 
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FastICA PSO-ICA GSO-ICA

Micro F-Measure 85.5 89.5 90.3

 

 

 

 

 

The third experiment demonstrates that the GSO-ICA algorithm 

provides a good result with an accuracy of 90.3% for text clustering, as 

shown in Table 4.6. It is superior to FastICA and providing results 

higher than the PSO-ICA algorithm. 

PSO-ICA and GSO-ICA are two algorithms were proposed to use 

negentropy as objective function to improve the performance of 

traditional ICA algorithm. The results of these algorithms compared with 

the standard FastICA algorithm as good example of the traditional ICA 

algorithms. Figure 4.3 shows values of accuracy achieved for text 

clustering of MED dataset. 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.3:  The Accuracy Achieved for Text Clustering of MED Dataset. 

Custer 4 0.760 0.826 0.793 

Cluster 5 1.0 0.923 0.962 

     Overall Accuracy                                                             0.903 
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Figure 4.3 shows the results obtained by the FastICA, PSO-ICA, 

and GSO-ICA algorithms. According to the experiments of text 

clustering of MED dataset, the highest result yielded by GSO-ICA with 

90.3% accuracy, and the lowest results yielded by FastICA with 85.5% 

accuracy. We also note that the PSO-ICA algorithm achieved accuracy 

superior to the FastICA algorithm by 89.5%. 

These results depict the outperformance of the proposed 

algorithms compared with the standard FastICA algorithm. Because of 

the GSO-ICA and PSO-ICA algorithms can possible to escape from 

local minimum and provide optimal solution.  In addition, the 

experimental results showed that the GSO-ICA superior on PSO-ICA 

due to ability to split agents into subgroups and find multiple global 

solution simultaneously. 

4.6 Experimental Results of BBC Dataset    

 

This experiment aimed to verify the clustering system correctness 

percentage when we used other datasets different in size and type of 

distribution of documents among the clusters as input texts to the 

clustering system. 

Two main experiments are executed by FastICA,  PSO-ICA, and, 

GSO-ICA  algorithms which applied to the BBC news dataset. In these 

experiments, the first one takes 250 documents, 50 documents for each 

group. The second one  is applied to the whole BBC news dataset which 

contains 2225 documents. 
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4.6.1 First Main Experiment 

Includes three implicit experiments which are applied on a subset 

documents of the BBC news dataset comprise 250 files, divided 50 

documents for each group. 

4.6.1.1 Fourth Experiment 

The subset documents of BBC news dataset consist of 250 

documents. This means that the mixed signals are of length 250 samples 

(documents).  Five signals were taken from the D matrix based on a 

large eigenvalues as inputs to the FastICA algorithm. 

After applied the FastICA algorithm, five separate signals will be 

getting, each of which represents an independent component IC with a 

length of 250 samples. Then the probability of belonging sample to one 

of the components is calculated based on the largest value that represents 

the concept using the Argmax function. 

The FastICA algorithm's performance was evaluated using 250 

manually labelled BBC news documents. The five ICs were used in the 

experiment. The matching matrix-matched FastICA results to hand-

annotated texts. Table 4.7 shows the FastICA matching matrix for each 

text cluster.   
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     Table 4.7: Matching Matrix of The FastICA Method in each Text Cluster in 

Fourth Experiment. 
  

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

IC1 45 4 1 0 5 

IC2 0 40 1 0 2 

IC3 3 6 47 0 6 

IC4 0 0 0 49 0 

IC5 2 0 1 1 37 

 

Also, the typical metrics were used to assess the performance of 

the algorithm. Table 4.8 shows the percentage of metrics of the results of 

the FastICA method to the subset BBC news dataset. 

     Table 4.8: Overall Accuracy of The FastICA Method in The fourth Experiment. 

 

 

 

 

 

 

 

 

 

 Precision (%) Recall (%) F-measure (%) 

Cluster 1 0.818        0.9 0.859 

Cluster 2 0.93 0.8 0.865 

Cluster 3 0.758 0.94 0.849 

Custer 4 1.0 0.98 0.99 

Cluster 5 0.902 0.74 0.821 

     Overall Accuracy                                                             0.872 
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These results show that FastICA produced a good outcomes, were 

produced an overall F-measure 87.2%. These values show that the 

algorithm gives higher results when the number of documents is equal 

inside the corpus. 

4.6.1.2 Fifth Experiment 

PSO-ICA algorithm was applied in this experiment, where the 

parameters of the algorithm are installed. It was applied on the same 

subset BBC news dataset, and the matching matrix was used to compare 

the findings to the manually annotated texts. Table 4.9 shows the PSO-

ICA method's matching matrix for each text group. 

 

Table 4.9: Matching Matrix of The PSO-ICA Method in each Text Cluster in The 

Fifth Experiment. 
 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

IC1 45 5 3 0 3 

IC2 0 38 0 1 2 

IC3 3 6 45 0 6 

IC4 0 0 0 48 0 

IC5 2 1 2 1 39 

 

  

           Table 4.10 displays the proportion of metrics of the findings that 

demonstrate the method's effectiveness in terms of performance. 
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    Table 4.10: Overall Accuracy of The PSO-ICA Method in The Fifth Experiment 
 

 

 

 

 

 

 

 

 

 

 

 

 

As indicated in Table 4.10, the second sub experiment shows that 

the PSO-ICA algorithm outperforms the standard FastICA method, with 

an average F-measure of 90.8% percentage for text clustering when 

compared to the standard FastICA method which provided 87.2%. 

4.6.1.3 Sixth Experiment 

GSO-ICA algorithm was applied in this experiment on same 

subset BBC news dataset. Through the use of the matching matrix, the 

outcomes were compared to the values of the humanly annotated texts. 

Table 4.11 exhibits the matching matrix of the GSO-ICA method in each 

text cluster. 

 

 

 

 Precision (%) Recall (%) F-measure (%) 

Cluster 1 0.898 0.88            0.889 

Cluster 2 0.935 0.86            0.897 

Cluster 3 0.833 1.0             0.917 

Custer 4 0.961 0.98            0.97 

Cluster 5 0.932 0.82 0.876 

     Overall Accuracy (Macro-F-Measure)                         0.908 
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Table 4.11: Matching Matrix of the GSO-ICA Method in each Text Cluster in The 

Sixth Experiment. 

 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

IC1 45 0 0 1 2 

IC2 1 47 4 0 4 

IC3 3 1 46 0 2 

IC4 0 1 0 49 0 

IC5 1 1 0 0 42 

 

Table 4.12 displays the percentage of measurements of the data 

that indicate the method's efficiency, according to the standard metrics 

(precision, recall and, F-measure). 

 Table 4.12: Overall Accuracy of the GSO-ICA Method in the Sixth 

Experiment 
 

 

 

 

 

 

 

 

 

 

 

 

As seen in Table 4.12, the third sub experiment shows that the 

GSO-ICA algorithm produces a successful result for text clustering, with 

 Precision (%) Recall (%) F-measure (%) 

Cluster 1 0.938 0.90 0.919 

Cluster 2 0.839 0.94            0.89 

Cluster 3 0.885 0.92 0.902 

Custer 4 0.98 0.98            0.98 

Cluster 5 0.955 0.84   0.897 

     Overall Accuracy (Macro-F-Measure)                           0.916 
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an accuracy of 91.6% percentage. It is outperforms FastICA and 

outperforms the PSO-ICA algorithm in terms of performance. 

According to the results of the experiments, PSO-ICA and GSO-

ICA improved the accuracy of the standard ICA algorithm. The accuracy 

of these algorithms as compared to the standard FastICA algorithm for 

text clustering of a subset of the BBC news dataset as seen in Figure 4.4. 

 

 

 

 Figure 4.4:  The Accuracy Achieved for Text Clustering of  Subset BBC News 

Dataset. 

 

The performance of the PSO-ICA and GSO-ICA algorithms is 

seen in Figure 4.4. According to the findings of text clustering tests on 

the subset BBC dataset, GSO-ICA produced the best results with 91.6% 

percentage accuracy, while FastICA produced the lowest results with 

87.2% percent accuracy. Also, we have seen that the PSO-ICA 
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Micro F-Measure 87.2 90.8 91.6
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algorithm outperformed the FastICA algorithm in terms of accuracy with 

90.8%. 

4.6.2 Second Main Experiment 

           Include three implicit experiments which were applied on a whole 

of BBC news dataset which comprises 2225 documents. 

4.6.2.1 Seventh Experiment 

In this experiment, the standard FastICA algorithm was applied. 

The FastICA algorithm's output was evaluated using 2225 manually 

labelled BBC news documents from the corpus. 

The whole BBC news dataset consists of 2225 documents. This 

means that the mixed signals are of length 2225 samples (documents). 

The inputs of algorithm will be five signals taken from D matrix. The 

results will be five separate signals with length 2225 equal to number of 

documents in corpus.  Then the probability of the belonging document to 

one of the components is calculated based on the largest value that 

depicts the concept using the Argmax function. It compared the 

outcomes of FastICA algorithm with the manually annotated documents 

from the entire BBC news dataset, which served as the basis for the 

matching matrix. In each text cluster, the FastICA method produces a 

results, which is shown in Table 4.13.  
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Table 4.13: Matching Matrix of the FastICA Method in each Text Cluster in The 

Seventh Experiment. 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

IC1 458 18 42 2 14 

IC2 3 289 0 9 4 

IC3 30 25 358 74 12 

IC4 2 25 13 422 10 

IC5 17 29 4 4 361 

 

The percentage of results measurements that suggest the method's 

reliability is seen in Table 4.14. 

        Table 4.14: Overall Accuracy of the FastICA Method in The Seventh 

Experiment. 

 

 

 

 

 

 

 

 

 

 

This experiment shows that FastICA produced good results when 

applied to a large dataset, indicating that the method is appropriate for 

accomplishing the text clustering application. Text clustering yielded an 

 Precision (%) Recall (%) F-measure (%) 

Cluster 1 0.858 0.898 0.878 

Cluster 2 0.948 0.859            0.788 

Cluster 3 0.717 0.859 0.788 

Custer 4 0.894 0.826           0.86 

Cluster 5 0.87 0.90  0.885 

Overall Accuracy (Macro-F-Measure)                                0.849 
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average overall accuracy of 84.9% percentage, as seen in Table 4.14. 

This finding shows that when the algorithm is used for various datasets 

of varying sizes, its output remains constant or converges. 

4.6.2.2 Eighth Experiment 

PSO-ICA algorithm was used in this experiment. After initialize 

the parameters of the algorithm .It was applied on whole BBC news 

dataset.  Also, the manually annotated documents were used for 

comparison.  Table 4.15 shows the PSO-ICA method's matching matrix 

for each document cluster. 

 Table 4.15:Matching Matrix of the PSO-ICA Method in each Text Cluster in 

the Eighth Experiment. 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

IC1 274 11 6 2 9 

IC2 2 323 3 5 12 

IC3 27 31 399 17 10 

IC4 1 11 4 487 46 

IC5 8 10 5 0 324 

 

Typical metrics were used to assess the performance of the 

algorithm. Table 4.16 explains the percentage of metrics found by the 

PSO-ICA algorithm on the whole BBC news dataset. 

 



Chapter Four………………………………………Experimental Results 

98 

 

Table 4.16: Overall Accuracy of the PSO-ICA Method in The Eighth 

Experiment 

 

 

 

 

 

 

 

 

The results show when applied PSO-ICA to a large dataset, it 

yielded reasonable performance, confirming that the proposed algorithm 

is proper for performing the text clustering employment. As seen in 

Table 4.16, text clustering produced an overall F-measure of 90.1% 

percentage. This result demonstrates that the algorithm's performance 

stays stable or converges when applied to different datasets of differing 

sizes. 

4.6.2.3 Ninth Experiment 

This experiment utilized the GSO-ICA algorithm.  After 

initializing the algorithm's parameters. All of the BBC news dataset was 

subjected to the GSO–ICA  algorithm and compare the results with the 

human-annotated texts using the matching matrix. GSO-ICA method 

 Precision (%) Recall (%) F-measure (%) 

Cluster 1 0.944   0.925 0.935 

Cluster 2 0.936 0.837            0.887 

Cluster 3 0.824 0.957 0.891 

Custer 4 0.887 0.953 0.92 

Cluster 5 0.934 0.808 0.871 

Overall Accuracy (Macro-F-Measure)                       90.1 
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produces a matching matrix for each document cluster as shown in Table 

4.17. 

      Table 4.17:Matching Matrix of the GSO-ICA Method in each Text Cluster in the 

Ninth Experiment. 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

IC1 478 39 17 1 10 

IC2 1 283 0 5 13 

IC3 13 28 386 7 4 

IC4 6 19 4 494 5 

IC5 12 17 10 4 369 

 

Also, the standard measurements were used to evaluate the 

system's efficiency. The percentage of metrics of the GSO-ICA method's 

findings on the whole BBC news dataset is seen in Table 4.18. 

          Table 4.18: Overall Accuracy of the GSO-ICA Method in The Ninth 

Experiment. 

 

 

 

 

 

 

 

 

 Precision (%) Recall (%) F-measure (%) 

Cluster 1 0.877 0.937 0.907 

Cluster 2 0.937 0.733            0.835 

Cluster 3 0.881 0.926 0.903 

Custer 4 0.936 0.967          0.951 

Cluster 5 0.896 0.92 0.908 

Overall Accuracy (Macro-F-Measure)                     0.903 
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The third sub experiment as seen in Table 4.18, demonstrates that 

the GSO-ICA algorithm achieves a great outcome for text clustering, 

with an accuracy of 90.3% percentage. In terms of efficiency, it 

outperforms both FastICA and the PSO-ICA method. 

The results reveal that PSO-ICA and GSO-ICA enhanced the 

performance of the traditional ICA method. Figure 4.5 shows the 

performance of these algorithms relative to the standard FastICA 

algorithm for text clustering through the entire BBC news dataset. 

 

 

 

 Figure 4.5: The Accuracy Achieved for Text Clustering of  Entire  BBC News 

Dataset. 

 

Figure 4.5 depicts the success of the PSO-ICA, and GSO-ICA 

algorithms. GSO-ICA reported the best results with 90.3% percentage 

accuracy, while Fast-ICA produced the lowest results with 84.9% 
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percentage accuracy, according to the results of text clustering 

experiments on the entire BBC dataset. In addition, the PSO-ICA 

algorithm outperformed the FastICA algorithm by 90.1% percentage in 

terms of accuracy. 

Table 4.19  shows summary of experimental datasets, including 

the name of the dataset, number of documents in each dataset, steps of 

preprocessing, number of clusters, and accuracy of algorithms. 
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Table 4.19:Details of All Experiments. 

Dataset Text 

documents 

No. of 

clusters 

 

Preprocessing 

 

FastICA PSO-ICA GSO-ICA 

Tokenize stopword 

removal 
stemming accuracy elapsed time accuracy elapsed time accuracy elapsed time 

 

MED 

Dataset 

 

421 8 √ √ × 85.5% 0:00:06.927412 89.5% 0:00:07.222813 90.3% 0:00:08.328817 

 

BBC 

news 

 

250 5 √ √ √ 87.2% 0:00:22.713640 90.8% 0:00:24.819643 91.6% 0:00:25.880445 

 

BBC 

news 

 

2225 5 √ √ √ 84.9% 0:02:51.923489 90.1% 0:03:21.817554   90.3% 0:03:33.767175 
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In this chapter, analyzed the behavior of the proposed clustering 

methods.  The started was by describing the corpus and then explain the 

evaluation methods so that we can explain the results of the experiments.  

In general, several experiments are carried on two different  types of 

corpora with regard the size, type, and  distribution of  documents 

among the clusters. 

The experimental results show that the proposed unsupervised 

clustering algorithms have a good  accuracy and a stable performance 

approximately.  Also they provides a high-grade results especially when  

take equal samples for each cluster from the BBC news dataset. In 

addition, the GSO-ICA algorithm  produced  the  best results with 

highest elapsed time and FastICA algorithm produced the lowest results 

with lowest elapsed time for all experiments. 

4.7 An Illustrative Example 

In this section, a complete example of the process to find the 

independent components and compute the accuracy of the proposed 

system will be displayed. This example is start by conducting the 

preprocessing of data, then applying the algorithms, computing the 

probability of belonging the text to the cluster, and finally computing the 

accuracy of the system. The example will be conducted by using the 

subset BBC news dataset which include 250 files. 
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1- Starting by read the files from dataset. The Figure  4.6 represent the 

text document  before preprocessing. 

 

Figure 4.6: Text Document Before Preprocessing. 

After implementing preprocessing will obtain the file, as shown in 

Figure 4.7. This file is free from stopwords and punctuation, and the 

words contained in the file represent the root of words.  

 

 

 

 

 

 

 

Figure 4.7: Text Document After Preprocessing. 
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2- Text representation: in this stage will create the dictionary, then 

converting texts to a matrix and compute the term frequency (TF) as 

display Figure 4.8. 

 

Figure 4.8: Term-Document Matrix. 

After that compute the important of each word in text according the 

Equation (2.2), as Figure 4.9.                                                        

 

Figure 4.9: Term-Document Matrix After Computing the Importance of Words. 
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3- The data in the term-document matrix will be input into the ICA 

algorithm. Before applying the algorithm, the two preprocessing steps 

will be implemented which are centering and whitening. Figures 4.10, 

4.11, 4.12 are the results of the SVD technique.   

 

Figure 4.10: The Matrix U. 

 

Figure 4.11: The Matrix ∑. 
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Figure 4.12: The Matrix V
T
. 

In this stage compute the D matrix according Equation 2.8. Figure 4.13 

represent the D matrix. 

 

 

Figure 4.13: The  Matrix D. 
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4- Now will be implemented the  ICA algorithm to find the sources (ICs) 

which represent the clusters, where choosing the five vectors with large 

eigenvalues from the D matrix because it is representing the data which 

have more informative. This example implemented the FastICA 

algorithm and running the Argmax function to compute the probability 

of belonging the text to the one from the five clusters. Figure 4.14 

represent the  actual labels of clusters texts and predicted values of 

clusters.  

Figure 4.14: The  Actual and Predicted Values of Clusters. 

 

The Figure 4.15 shown the matching matrix, accuracy, and elapsed time.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.15:  Matching Matrix, Accuracy, Elapsed time of Results 
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5.1 Conclusions 

    This dissertation presented two proposed ICA algorithms for 

unsupervised learning and text clustering. In addition to FastICA 

algorithm to compare the performance.  These algorithms have been 

proposed to alleviate inherent problems of the traditional ICA algorithm. 

The suggested algorithm comprises a sequence of processes consisting 

of centering and whitening, estimating separating (demixing) matrix, 

restoring sources. Several experiments are conducted and the results 

produced several conclusions as follows: 

1. Since FastICA algorithm is an iterative algorithm that starts with 

random initialization, depending on the data it can run into local 

minima. Therefore, used Metaheuristic algorithms to address this 

drawback because these algorithms can escape from the local 

minimum and obtain the global solution.   

2. Two Metaheuristic optimization algorithms  PSO, and GSO were 

proposed to enhance the performance of the ICA method. These 

algorithms gave good results better than the standard FastICA 

method, according to some metrics as precision, recall, f-measure, 

and overall accuracy. 

3. Proving that two proposed PSO-ICA and GSO-ICA algorithms are  

indeed appropriate methods for text mining applications. 

4. ICA clustering  methodology presents a good  advantage by using the 

statistical  method  instead  of  similarity  methods for building a text 

clustering system.
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5. Negentropy function was used for GSO-ICA algorithm which 

implemented the best results compared with the PSO-ICA algorithm, 

due to the ability to split agents into subgroups and find multiple 

global solutions simultaneously. 

5.2  Suggestions for Future Work 

        There are several suggestions that can be handled in the future as 

follows : 

1-  Using the proposed algorithms with other text mining applications 

such as identifying spam E-mails, classification fake tweets, and 

sentiment analysis. 

2-  Using other Metaheuristic optimization algorithms such as  Genetic 

Algorithm to improve the traditional ICA algorithm for text mining 

applications. 

3- Employing another functions such as entropy function as an objective 

function with the proposed algorithm. 

4- This application would give new importance to SVD as a method that 

may become valuable for providing input to ICA in other fields. 
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 المستخلص

غشيمح يسرخذيح ػهٗ َطاق ٔاسغ نؽم يشاكم  (ICA) يؼذ ذؽهيم انًكٌٕ انًسرمم

ؼيس يفرشض أٌ انًصادس يسرمهح ػٍ تؼعٓا انثؼط ٔيرى اسرخشاظٓا  هًصادسن الاػًٗ فصمان

، ػهٗ يكَٕيICAٍ غشيمح  شرًمذكذانح ْذف.  Non-Gaussian  يٍ خلال ذؼظيى انلاغأسيح

ْذف ٔظيفح انرذسض كذانح  الاكصش شيٕػا ICAذسرخذو غشق انرؽسيٍ ٔدانح انٓذف.  خٕاسصييح

 .ػشظح نهٕلٕع ظًٍ انُٓاياخ انصغشٖ أَٓا ي. ػية ْزِ انطشيمح ْنؽم ْزِ انًشكهح

سٕٓنح انرُفيز ت يرًصهح ذدًا يٍ انًضاياػ Metaheuristicخٕاسصيياخ ذًرهك 

 الرشاغ خٕاسصييري  ذى انؽهٕل انًصهٗ انًؽهيح. نزنككثيشج نهٓشٔب يٍ ٔإيكاَيح 

Metaheuristic :ًْا Particle Swarm Optimization (PSO)، Glowworm 

Swarm Optimization (GSO)نًؽهي يٍ انؼية ٔذؽسيٍ أداء(( نًؼانعح انؽذ الأدَٗ ا 

 .ICA خٕاسصييح

تًا اَّ يًكٍ  َظاو نؼُمذج انُصٕص،نطشق انًمرشؼح  ذى ذُفيزْا لالرشاغ اْزِ 

ذى اسرخذاو نزنك،  ،فاْيى انكايُح انري ذعًغ انكهًاخاػرثاس انًسرُذاخ ػهٗ أَٓا يضيط يٍ انً

في انرؽهيم انذلاني   Singular Value Decomposition (SVDذؽهيم انميًح انًفشدج )

ذى ؼيس . انًفاْيى انذلانيحاد ظذيذج ذؼكس انكايٍ نرؽٕيم انكهًاخ ٔانًسرُذاخ إنٗ يساؼح أتؼ

 FastICAكًذخلاخ إنٗ خٕاسصيياخ SVD  ذؽهيم انُاذعح يٍ اسرخذاو انًكَٕاخ انشئيسيح

،PSO-ICA ،GSO-ICA  لاسرخشاض انًكَٕاخ انًسرمهح (ICs)  ٔانري ذى اسرخذايٓا

إنٗ  ICs ، ذى ذؽٕيمػهٗ ذعًيغ انًسرُذاخ ICA نرؽذيذ لذسجٔ. (clusters) كًعًٕػاخ

  Argmax .دانحلاخ انًعًٕػاخ" تاسرخذاو "اؼرًا

نرمييى أداء انطشق انًمرشؼح ، ذى اسرخذاو يماييس انرمييى انًُٕرظيح انري ذرعًٍ                

(Precision ،Recall ،F-Measure،Overall Accuracy  أظشيد شلاز ذعاسب .)

انرعاسب الأخشٖ ػهٗ ٔنٗ ػهٗ يعًٕػح انثياَاخ انطثيح أظشيد انرعشتح الأٔؼيس ، سئيسيح

يعًٕػح تياَاخ تي تي سي الإخثاسيح. انُرائط انري ذى انؽصٕل ػهيٓا تاسرخذاو يعًٕػح 



 

 

 
 

ذلح ٪ نهGSO-ICA، 53.8تاسرخذاو خٕاسصييح   ذلح انكهيحنه  ٪9..3 انثياَاخ انطثيح كاَد

تاسرخذاو خٕاسصييح   ذلح انكهيح٪ نهPSO-ICAٔ ،58.8تاسرخذاو خٕاسصييح انكهيح 

FastICA انُرائط انري ذى انؽصٕل ػهيٓا تاسرخذاو يعًٕػح تياَاخ .BBC  الإخثاسيح تهغد

 ، PSO-ICAٔ٪ تاسرخذاو خٕاسصييح GSO-ICA ،3..5٪ تاسرخذاو خٕاسصييح 34.9

 BBCنًعًٕػح فشػيح يٍ ٔشائك يعًٕػح تياَاخ  FastICA  ٪ تاسرخذاو خٕاسصييح2..5

، ٔكاَد الإخثاسيح تأكًهٓا BBCيعًٕػح تياَاخ الإخثاسيح. أظشيد انرعشتح الأخيشج ػهٗ 

 PSO-ICA تاسرخذاو خٕاسصييح  ٪ GSO-ICA، 3..4٪ تاسرخذاو خٕاسصييح 9..3انُرائط 

ذٕظػ ْزِ انُرائط الأداء انًرفٕق نهخٕاسصيياخ . FastICA٪ تاسرخذاو خٕاسصييح 51.3ٔ

انري لذيد الم ٔلد ذُفيز تانًماسَح يغ  انمياسيح FastICAانًمرشؼح يماسَح تخٕاسصييح 

ػهٗ  GSO-ICA، أظٓشخ انُرائط انرعشيثيح ذفٕق . تالإظافح إنٗ رنكانخٕاسصيياخ انًمرشؼح

PSO-ICA ٕكلاءَظشًا نمذسذٓا ػهٗ ذمسيى ان(agents)  إنٗ يعًٕػاخ فشػيح ٔإيعاد ؼهٕل

 ػانًيح يرؼذدج في ٔلد ٔاؼذ.

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 
 

 

 

 

 

 

Appendix-A 

 

 

 

 

 



 

 

 
 

Appendix-A: Samples of datasets  

This appendix presents some samples of the datasets that were used to 

propose a text clustering system. These  datasets are MED dataset which 

contents 124 files and the BBC news dataset which contains 2225 files. 

A.1 Samples of MED dataset: 

 

 

 

 

 

 

 

 

 



 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 
 

A.2 Samples of BBC news dataset: 

 



 

 

 
 

 

 

 

 

 

 

 



 

 

 
 

 

 


