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Abstract 

People use the Web and social media to express their opinions and comments on various 

topics and posts generating huge amounts of data. Hence, comes the necessity to analyze 

this large amount of text regarding a certain subject and figuring out what people think of 

it. The interest and necessity of this analysis is continuously rising in many fields, such as 

politics, marketing, entertainment, sports, etc., to figure out people opinions, thinking, 

interests, preferences, and trends. Consequently, analysis, classification and clustering of 

this huge amount of text data regarding certain subjects became an interest of a vast 

number of researchers and beneficiaries.  This analysis of text data content is known as 

sentiment analysis.  

Sentiment Analysis (SA) is a text-mining field that computationally treats and analyses 

these sentiments (opinions, thinks, subjectivity, interests, preferences, etc.,.) of available 

text.  SA aims to classify expressions in a text as positive, negative or neutral opinion 

towards the subject of interest. 

The main objective of this research is to carry out a comparative study on the accuracy and 

performance of feature selection and ensemble methods for SA classification. The 

comparison was carried out using different combinations of classification algorithms for 

classifying text to being either positive or negative.  

During the comparison of the algorithms and methods, the results showed that better 

accuracy can be achieved based on the used feature selection method (i.e., statistical, 

wrapper, or embedded). Additionally, it showed which feature selection method 

outperforms and is more suitable than other methods for the type of data and classification 

algorithms. Furthermore, when using combined ensemble methods (Bagging, Boosting, 

Stacking and Vote) performed better than using a single classifier by means of accuracy. 

Moreover, merging feature subsets selected by embedded method improved classification 

accuracy. Finally, tuning the parameters of feature selection methods improved the 

classification accuracy and reduced the time needed to select feature subsets. 

Particularly, the results showed that accuracy depends on the feature selection method, 

ensemble methods, number of selected features, type of classifier, and tuning parameters of 

the algorithms used. A high accuracy of up to 99.85% was achieved by merging features of 

two embedded methods when using stacking ensemble method. Also, a high accuracy of 

99.5% was achieved by tuning parameters in stacking method, and it reached 99.95% and 
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100% by tuning parameters in SVMAttributeEval method using statistical and machine 

learning approaches, respectively. Furthermore, tuning algorithms' parameters reduced the 

time needed to select feature subsets. 
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Chapter1 

_________________________________________________________________________ 
 Introduction 
 

Chapter one contains a brief introduction of this research. It presents the problem 

statement, some previous related works, motivation, our contribution, and thesis 

organization. 

1.1 Introduction 

Web sites are important in human life, that help connect people to each other, through 

social networking sites that provides commenting on public posted material. People 

express their opinions on various topics. Many posts and comments about the news, 

business, politics, education, entertainments and others every day through the web. This 

huge volume of data leads to thinking of building systems that make it easy to analyze 

people¶s opinions WoZards sXbjecW. Hence It is necessary to analyze this big data of text to 

know what people think towards product, policy, services, and others. Sentiment Analysis 

SA classifies expressions as positive or negative opinions towards the subject of interest 

after identifying the sentiment expressions, determining their polarity, and relationship to 

the subject [1]-[10]. 

Nowadays, researchers take great interest in opinion mining (OM), taking into account the 

huge available data provided by the Internet and World Wide Web (WWW). Since people 

tend to be biased when analyzing data according to their personal preferences. Building a 

system that analyses opinions accurately and in an unbiased manner became a necessity in 

order to aid decision makers to take the right decisions i.e., sentiment analysis SA. 

1.2 Problem Statement 

Data size on the web is enormous and grows rapidly. Processing and analyzing this size of 

data is hard and costly. Therefore, existing solutions of SA are suffering from several 

problems, such as low accuracy, the selection of an appropriate classification algorithm for 

a particular data, and methods used to increase classification accuracy. 

The process of selecting relevant features and using of ensemble methods is a matter of 

research to improve classification accuracy.  
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1.3 Related Work 

Many researchers have studied SA, using different methodologies and algorithms using 

various datasets. H. Zin et al. [1] discussed many of pre-processing strategies (such as 

removing stop words, meaningless, numbers) that effect the classification performance of 

the online movie reviews. Support Vector Machine (SVM) achieved high performance 

results for both features representation, Term Frequency (TF) and Term Frequency-Inverse 

Document Frequency (TFIDF).  

M. Islam and N. Sultana [2] compared the performance of multiple machine learning 

algorithms for SA, the results showed that the Linear SVM achieved high performance. 

P. Kumbhar and M. Mali [3] presented many feature selection techniques (Filter, Wrapper, 

Embedded) with different classifiers for SA. They concluded that filter methods 

outperformed others in processing time. Also, wrapper method gives more accurate results. 

Furthermore, the embedded method that is combination of filter and wrapper reduces the 

computation time taken up for reclassifying different subsets which is done in wrapper 

methods. 

N. Joshi and S. Srivastava [4] showed using ensemble technique (Bagging) to improve 

classification accuracy by using different decision trees as the base classifiers. 

S. Pant and K. Jain [5] presented a survey about types of sentiment analysis (Document, 

Sentence, Aspect) and techniques of sentiment classification such as Naïve Bayes and 

SVM. 

V. Sahayak et al. [6] presented an approach which automatically classifies the tweets as 

positive, negative or neutral with respect to the query term. It uses the pos-tagging and the 

tree kernel to prevent the need for feature engineering, but the difficulty increases with the 

complexity. 

G. Gautam and D. Yadav [7] studied an approach in which they extracted the adjective 

from a dataset (labeled tweets) that have some meaning which is called feature vector. 

Then select the feature vector list and thereafter applied machine learning based 

classification algorithms namely: Naïve Bayes, maximum entropy (ME) and SVM along 

with the semantic orientation based wordnet which extracts synonyms and similarity for 

the content feature. The results showed that the Naïve Bayes technique when subjected to 

unigram model gives a better result than the ME and SVM. Further the accuracy is again 

improved when the semantic analysis wordnet is followed up, which raises it from 88.9% 

to 89.9%. 
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1.4 Motivation 

Since it is necessary to analyze people opinions on various topics, like product quality, 

services, education, and others. This analyzing is useful for evaluation any tweet, opinion, 

purpose or reputation for university, company, mobile etc. It should be noted that the 

achieved classification accuracy is prone to the utilization of different algorithm for a 

particular data set. Therefore, it is appropriate to identify the most suitable algorithms and 

approaches for particular datasets type to achieve high accuracy.  

This research helps decision makers to evaluate opinion of users via tweets and comments 

on the social media and networks sites, using appropriate classification algorithms. 

 

1.5 Contribution 

The aim of this work is to compare the accuracy and performance of feature selection and 

ensemble methods using different classification algorithms. 

During the comparison of algorithms, we found many differences in the achieved 

performance and classification accuracy. Precisely, in this work we find answers for the 

following questions: 

Which classification algorithm is more suitable for this data?  

Which feature selection method is more suitable for this data and for these classification 

algorithms?  

Which ensemble method will give more classification accuracy? 

How tuning parameters affect the result of classification algorithm accuracy, and reduce 

time needed to select features subset? 

Briefly, the answers can be obtained by the following actions: 

- Reducing the size of features subset that resulted from reviews processing. 

- Using methods for feature selection such as statistical method (filter), machine 

learning method (wrapper). 

- Using improved method for feature selection such as embedded method. 

- Using improved method by merge features subsets that resulted from embedded 

method. 

- Using ensemble methods. 

- Using genetic algorithm (GA) as search method for features. 

- Tuning the parameters of the algorithms. 
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1.6 Thesis Organization 

This thesis is organized as follows: 

- Next, Chapter 2 introduces a background and illustrates the concepts and 

processing steps for text data and SA. 

- While Chapter 3 covers literature review regarding the proposed approaches and 

techniques provided in the literature. Also, it presents the literature and previous 

research that tackle the SA, used methods for feature selection. 

- In Chapter 4 we present the proposed approach and methodology to achieve better 

accuracy in SA. We present a comparative study among various algorithms to 

select the best one amongst them to be used in proposed approach.   

- Chapter 5 explores the utilized environment, datasets, tools, algorithms and settings 

for our experiments. Also, it presents the experimental results analysis using Weka 

tool, explaining Weka tool, making experiment for each feature selection method. 

Moreover, in each experiment we present evaluation measures (accuracy, precision, 

recall, f-measure), but mainly we focus on accuracy during comparison. 

- Finally, Chapter 6 concludes this work, the obtained results and propose a future 

work in this subject. 
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Chapter 2  
________________________________________________________________________________ 
Background 
 

In this chapter we introduce some concepts and algorithms used in our work. It provides 

illustration of sentiment analysis (SA), data preprocessing such as tokenization, stop words 

removal, case normalization. Also, illustration of vector space model, feature selection, 

feature types, feature weighting, TF-IDF, machine learning algorithms, classification, 

ensemble methods, clustering, validation, and evaluation.  

2.1 Introduction  

SA is the use of Machine Learning techniques in Data Mining. It is the process of 

analyzing opinions and emotions to infer the tendencies shown in the analyzed data, and 

classify them into positive, negative or sometimes neutral [8]. 

SA often used in several areas including:  

- Politics: Governments want to know how voters feel about state policy in running 

government departments, agreements, and public services [9].  

- Products: Companies are interested in knowing what the consumers and customers 

feel about a product or a service, what are their recommendations, and what is their 

satisfaction level with this product or service [10]. 

- Education: Universities seek to know the opinion of their students and the 

community regarding the performance and quality of their services; such as their 

satisfaction with the electronic services provided by the university (e.g., registration 

portal, e-learning support, etc.) [9]. 

- Events: Mining people¶s opinions Zill help goYernments, and election candidates 

Wo plan pXblic polic\ in coXnWries. There is an imperaWiYe need Wo knoZ people¶s 

opinion about events that disturb security, or cause a blow to the country's 

econom\; hence increasing Whe sWaWe¶s abiliW\ Wo manage crises and achieve a safe 

life for the people [9].  
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- Health: Hospitals are concerned with knowing patients' opinions and their 

satisfaction with the health services they provide in order to improve these services 

[11]. 

There are three levels of SA. They are document, sentence, and aspect level [8][12]. In the 

document level the classification is carried on to classify the hall document positively or 

negatively. While sentence level classifies sentences positively or negatively, and aspect 

level classifies sentiment with respect to meaning of entities. In this research we carried 

out experiments on document level, in which a document is treated as one piece of 

information for classification. Thus, the document is classified either positive or negative 

depending on the feelings and opinions found they contain. The idea behind (SA) is to 

provide this information by building a system that can classify documents as positive or 

negative. Therefore, it needs some special data preprocessing. 

2.2 Data Preprocessing 

Data preprocessing is a critical and time-consuming step in (SA). By this step, we can 

reduce feature space. Preprocessing techniques mean tokenization, stop word removal, and 

case normalization [1] [13]. 

Figure 2.1: Preprocessing Steps 

Tokenization 

 Stop Word Removal 

  Case Normalization 

 

- Tokenization: Tokenization is a first step in the data processing. This means split 

the document into separate words (tokens) using the space character for example 

Whe senWence ³Al-Quds University in Palestine´, this sentence consists of words: Al-

Quds, University, in, Palestine. 

- Stop Words Removal: Stop Words in (SA) are not necessary, and not effect on the 

meaning of sentence (e.g., a, an, and, the, but, if, or, etc.). So, these words are 

removed to reduce features space [14]. 
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- Case Normalization: The text is case normalized if all letters of the document are 

converted into lower case. 

2.3 Vector Space Model (VSM)  

Vector space model is a model for representing text documents, it is used in document 

classification, text filtering, and relevant features ranking. Set of documents is represented 

as vectors is called vector space model. Each dimension in the vectors corresponds to 

separate terms in the document, the value in the vector will be non-zero if the term appears 

in Whe docXmenW, else ]ero if Whe Werm doesn¶W appear in Whe docXmenW. TF-IDF weighting is 

method to calculate those values of vectors [15][16]. As an example, on VSM: 

Table 2.1: Dataset Example 

Document Review 

Doc A This Movie is Beautiful 

Doc B This Movie is Bad 

Doc C This Clip in This Movie is Bad 

 

Table 2.2: VSM Representation 

Document This Clip in Movie is Bad Beautiful 

Doc A 1   1 1  1 

Doc B 1   1 1 1  

Doc C 2 1 1 1 1 1  

Document 

Frequency 

3 1 1 3 3 2 1 
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2.4 Feature Selection 

Process of extracting features from unstructured text is important to SA. Feature is relevant 

if its existence improves the classification performance and accuracy. On the other hand, a 

feature is irrelevant if its existence decreases the classification performance. Thus, it is 

important to know the right way to extract features [17]. To recognize features as relevant, 

irrelevant, or redundant we need to calculate Entropy and Information Gain (IG) of 

features to identify the ranks/weights of the features and to decide which feature has max 

IG [18]. In another words, relevant features are considered as the features with relatively 

high IG, while the features with very low IG can be considered as irrelevant features (i.e., 

the higher the IG of a feature the higher the relation and impact on the classification 

accuracy). Information Gain is a measure that evaluate the strength of a feature 

importance. IG of a feature is calculated based on the Entropy of that feature, where the 

Entropy measures how informative the feature (as a random variable) is averaged on all its 

possible outcomes. Information Gain, and Entropy can be calculated by the following 

formula: 

 𝑬𝒏𝒕𝒓𝒐𝒑𝒚(𝒆𝒏𝒕) (𝒔)=∑ െ 𝑝௜ log2 𝑝௜
௖
௜=ଵ , where pi is the probability of choosing class i.  (2.1) 

I𝒏𝒇𝒐 G𝒂𝒊𝒏 (𝑺. 𝑭𝒋)=𝑬𝒏𝒕𝒓𝒐𝒑𝒚(𝒔) - ∑ |Svi|
|S|

. EntropyሺSviሻ𝑉௜ఌ୚F୨ .                                     (2.2) 

Where 𝑉𝐹𝑗 represents the whole amounts of attribute (Fj), (𝑆𝑣𝑖) is a subset of (S) about that 

feature (Fj) has value (Vi) [19]. 

2.4.1 Feature Types 

An n-gram (i.e., unigrams, bigrams, trigrams, etc.) is a sequence of n contiguous terms of 

text. These terms can be letters, words, phonemes, and syllables. N-gram is a group of 

words that occur in a specific frame, in another words: n=1 is unigram, n=2 is bigram, n=3 

is trigram and so on [20]. When each single word is taken separately, this is called a 

Unigram. As an example, suppose we have sentence ³I have a beautiful university´.  In 

case of Xnigram Whe senWence is spliW as: ³I´, ³haYe´, ³a´, ³beaXWifXl´, ³university´.  In case 

of bigram the sentence is split as: ³I haYe´, ³haYe a´, ³a beaXWifXl´, ³beaXWifXl university´, 

and so on. 
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2.4.2 Feature Weighting 

Feature weighting is a necessary technique to find optimal weights of features to optimize 

accuracy of classification.  

Feature weighting can be considered as a generalization of feature selection. In feature 

selection, feature weights a helpful measure to decide whether the feature to be used or not. 

Feature weighting by assigning each a continuous valued weight allows finer 

differentiation between features. Features can be weighted by many methods such as 

statistical and machine learning method [21][22]. 

- Weight by Machine Learning: Using classifier in machine learning we can 

calculate weights of features with respect to the class, to figure out how relevant a 

feature when building model to have good predictions and high accuracy of 

classification. By machine learning we train a model using subset of features. Then 

add or remove features from subset depending on results we have from previous 

model. The selected subsets of features from a dataset and the ranking of features is 

depending on the used machine learning classifier [22]. 

- Weight by Correlation: Correlation is one of statistical techniques by which 

features can be assigned weights with respect to a class. This weighting scheme is 

based upon correlation and it returns the absolute or squared value of correlation as 

feature weight [23]. Thereafter, upon the calculated weight the features with N top 

ranks are selected to be in the feature subset.  

Correlation evaluates the worth of a feature by measuring the correlation 

(Pearson's) between it and the class, it gives ranking of the features from higher to 

lower, it gives the result weight of features without support of any machine learning 

algorithm like J48, Naive Bayes (NB), SVM and others. Pearson correlation is the 

most used correlation statistic to measure the strength and relationship between 

linearly related features [23]. The following is a statistical formula used to calculate 

Pearson r correlation: 

𝑟௫௬ ൌ
𝑛 ∑ 𝑥௜𝑦௜ െ ∑ 𝑥௜ ∑ 𝑦௜

ට𝑛 ∑ 𝑥௜
2 െ ሺ∑ 𝑥௜ሻ2ට𝑛 ∑ 𝑦௜

2 െ ሺ∑ 𝑦௜ሻ2
 

(2.3) 
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rxy = Pearson r correlation coefficient between x and y 

n = number of observations (number of pairs of scores) 

xi = value of x (for ith observation) 

yi = value of y (for ith observation(  

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

Term frequency (TF) is the weight of term in a document, it assumes that more 

occurrences of a term in a short document gives it higher and more significance 

weight. Document Frequency (DF) represents the number of documents in the 

dataset in which the term occurs, it assumes that the more documents the term 

occurs in the more significant it is. 

Term Frequency-Inverse Document Frequency (TF-IDF) assumes that less frequent 

terms in the dataset are more significant in the document and vice versa. 

TF±IDF, it means term frequency±inverse document frequency, to show how 

important a word is in a document in a corpus, if the number of times a word 

increases in the document then the value of TF-IDF will increases proportionally, 

but is offset by the frequency of the word in the collection of documents. 

The word is more important if it appears more frequently in a document while the 

word itself loses its importance if it appears more frequently in the corpus (set of 

documents). 

TF term = (times terms appears in the document)/ (total number of terms in the document). 

TF term = [1+log_e (times terms appears in the document)].                                       (2.4) 

Inverse Document Frequency: It checks how the term is important across all 

documents, the term appears among or rare in all documents in the corpus. 

IDF term = log_e (total number of documents/Number of documents the term appears in).  (2.5) 

The TF-IDF weight of a term is the product of its TF weight and its IDF weight 

TF–IDF = (TF.IDF) [15][24].                                                                                    (2.6) 
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2.5 Machine Learning Algorithms 

One of the primary tasks of machine learning is to extract valuable information from 

training data and then use it to build a model that is able to predict the shape of new data. If 

a computer program can execute certain tasks by drawing on previous experience, we can 

say that it has been learned. Where design and development of machine learning 

algorithms and technologies enable the computer to possess the learning feature. 

Machine learning is classified into supervised, unsupervised, semi-supervised, 

reinforcement, transduction, and learning to learn [25] as shown below: 

- Supervised Learning: The s\sWem learns iWs¶ fXncWion WhaW maps inpXWs Wo oXWpXWs 

by inferring from examples of input-output pairs called labeled training data which 

is user fed to the system. In this work we will concentrate on this type of machine 

learning algorithms.  

- Unsupervised Learning: Is a type of machine learning that detects patterns in a 

data set with no pre-existing labels. The system attempts to deduce the structure of 

unlabeled data, leaving the learning algorithm to rely on itself to explore its input 

structure. In this type the algorithm discovers hidden patterns in the unlabeled data, 

it attempts to extrapolate relationships by extracting features and patterns on its 

own. It works by trying to find useful relation between the elements of the target 

set. 

- Semi-supervised Learning: The system uses both labeled and unlabeled data to 

construct the prediction model. 

- Reinforcement learning: Is a machine learning area concerned with taking actions 

by software agents in an environment while maximizing the cumulative reward. In 

the absence of training data, the algorithm learns by experience. It collects training 

examples and knows what is a good procedure and what is a bad procedure through 

taking actions in an environment, which is interpreted into a reward and a 

representation of state, which are fed back to the system. 

- Transduction: tries to predict new outputs based on training inputs, training 

outputs, and new inputs. 

- Learning to learn: The algorithm learns its own inductive bias based on previous 

experience.  
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2.5.1 Classification 

By classification we mean a form of data analysis that builds a model that describes 

important data categories. It is called classifiers that predicate the class label of unknown 

records and categorizes the feature in one of several predefined categories. In this section 

we introduce some classification algorithms such as Bayes, SVM, Decision tree. Also, 

using ensemble methods with these algorithms. There are vast number of supervised 

machine learning approaches and algorithms in the literature. We introduce the most 

popular and well-known classification algorithms are described below: 

- Bayes (Naïve Bayes Multinomial, Naïve Bayes): are family of classifiers based on 

Bayes probability theorem, these algorithms are mostly used in (SA). Naïve Bayes 

refers to conditional independence of each of the features in the model, while 

Multinomial Naïve Bayes uses a Multinomial distribution for each of the features. 

Naïve Bayes loses accuracy because independence of each of the features in the 

model [26]-[32]. 

𝑷ሺ𝒚|𝑿ሻ ൌ
𝑷ሺ𝑿|𝒚ሻ𝑷ሺ𝒚ሻ

𝑷ሺ𝑿ሻ  

                                                                                                                                                                      (2.7)                             
                 

Where the class variable y is positive or negative value, X represent the features, 

P(y|X) is conditional probability. The probability that event y occurs given that 

event X occurs. 

- SVM Classifier (LibLINEAR, LibSVM, SMO): The idea of support vector 

machine is to put line(hyperplane) between the two classes, finding a hyperplane 

that best divides a dataset into two classes, trying to drive the widest channel 

between the two classes [33][34] as shown in Figure 2.2. 
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Figure 2.2: Hyperplane in Support Vector Machine 

- Decision Tree: are a type of Supervised Machine Learning to create a model that 

predicts the value of a target variable by learning simple decision rules inferred 

from the data features. Some different decision tree algorithms are listed below:  

- J48: It is an open source Java implementation of the C4.5 algorithm 

developed by the WEKA project team, to predict the target variable of a 

new dataset record [35].   

- REPTree: This Algorithm is a fast decision tree learner; it is also based on 

C4.5 algorithm and can produce classification (discrete outcome) or 

regression trees (continuous outcome). This early random decision tree 

method combines bagging and random feature selection methods to 

generate multiple classifiers [36]. 

- Decision Stump: is a machine learning model consisting of a one-level 

decision tree [37]. 

- Hoeffding tree: It is an incremental, anytime decision tree induction 

algorithm that is capable of learning from massive data streams [36][38]. It 

uses the Hoeffding bound for construction and analysis of the decision tree. 

Hoeffding bounds are used to decide the number of instances to be run in 

order to achieve a certain level of confidence.  

- Random Tree: is a supervised learner, it is an ensemble learning (EL) 

algorithm that generates lots of individual learners. It employs a bagging 

idea to construct a random set of data for constructing a decision tree [39]. 
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- Logistic Model Tree (LMT): is a classification model with an associated 

supervised training algorithm that combines logistic regression (LR) and 

decision tree learning [36]. 

2.5.2 Ensemble Methods 

When analyzing big data, a single classifier may not give high accuracy, but combined 

classifiers (ensemble methods) may produce high accuracy. Ensemble method helps to 

reduce noise, variance that causes error in learning [40]. 

 The aim of utilizing ensemble learning (EL) in this work is to improve classification 

performance. This can be achieved by having multiple machine learning algorithms, which 

use multiple trained models, by combining the output of these models we can get low bias 

and low variance. The result of ensemble is improving classification accuracy and flexible 

model. Some of these ensemble methods are: 

- Bagging: Bagging or Bootstrap Aggregation is an effective ensemble method. It is 

desired with learners have high variance (unstable learner), this method generate 

several training data sets by random sampling. Each of these data sets is used to 

train a different model. The outputs of the models are combined by averaging or 

voting (i.e., the result of majority) to create a single output. These models are built 

by parallel in bagging method as shown below in Figure 2.3 [40]. 

 

Figure 2.3: Ensemble Using Bagging Method 
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- Boosting: is similar to bagging, several training data sets are generated by random 

sampling. Each of these data sets is used to train a different model. These models 

are processed sequentially. In boosting weights are assigned to each model and the 

output is obtained by weighted average of models, as shown in Figure 2.4 [40]. 

 

 

Figure 2.4: Ensemble Using Boosting Method 

 

 

-  Stacking: Stacking is used to combine different classifiers. It consists of two 

stages i.e., base learner and meta learner. In base learner many different models are 

used to learn from a dataset. Consequently, new dataset is created by collecting 

outputs of each model. Then the resulting dataset is used by stacking model learner 

meta to result the final output, as shown in Figure 2.5 [40]. 

 

 

B4 combines together B1, B2 
and B3 in order to build a 
strong Classification model.  

Boosting - Sequential 
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Classifier1 

Classifier2 

Classifier3 

 Figure 2.5: Ensemble Using Stacking Method    

 

 

- Vote: is similar to stacking, but vote is used to combine different classifiers without 

learner meta, as shown in Figure 2.6 [40].  

 

Classifier1 

Classifier2 

Classifier3 

 

Figure 2.6: Ensemble Using Vote Method 

 

2.5.3 Clustering 

Data clustering is the process of placing data in similar clusters. It is a branch of data 

mining. Clustering belongs to the type of unsupervised learning. Its purpose is to partition 

unlabeled data into clusters. The clustering algorithm divides a dataset into several clusters, 

where the similarity between the points within a given cluster is greater than the similarity 

between two points within two different clusters. We deal with a large amount of data. We 

tend to summarize the huge amount of data into a small number of groups or categories in 

order to facilitate the analysis process. There are many algorithms used in the data 

clustering process, such as the k-means clustering algorithm [41]. 
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2.6 Validation and Evaluation 

2.6.1 Cross-validation 

The purpose of cross-validation to make the performance evaluation unbiased by fitting 

and evaluating each candidate model on separate data sets. K-fold cross-validation is the 

method to evaluate classification. In this method the data set is randomly divided into k 

subsets of approximately equal sizes and the model generated from k-1 folds is tested 

against the remaining fold in turn. The performance of the model is the average of the k 

accuracies that resulted from the k-fold cross validation [42]. In this research we are using 

10-fold cross validation. 

2.6.2 Evaluation Measures 

Confusion Matrix see Table 2.3 [43] is a performance measurement for machine learning 

classification. The value of precision and recall are based on computing confusion matrix 

as follows: 

Table 2.3: Confusion Matrix 

 Predicted (P) Predicted (N) 

Actual (P) True Positive False Negative 

Actual (N) False Positive True Negative 

 

The following are some definitions that we need in classification evaluation: 

True-Positive (TP) is the number of positive reviews correctly classified as positive.    

True-Negative (TN) is the number of negative reviews correctly classified as negative. 

False-Positive (FP) is the number of negative reviews that were misclassified as positive. 

False-Negative (FN) is the number of positive reviews that were misclassified as negative. 

There are different evaluation measures used to evaluate the classification performance 

[44].   In this work we focus on some of these measures namely:  
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- Accuracy: Accuracy (𝑎) as a measure is the number of reviews that are correctly 

classified. It is one of the most important measures of classification, which is 

defined as a ratio of the correctly/truly classified reviews (both positive and 

negative) to the total number of reviews [44]: 

𝑎 = (𝑇𝑃+𝑇𝑁)/(TP+TN+FP+FN).                                                                                (2.8) 

It measures the percentage of correct predictions taking into account positive and 

negative inputs. It relies on the distribution of a dataset that can easily leads to 

wrong conclusions about system performance.  

- Precision: Precision (𝑝) is the ratio between correctly classified reviews (as true 

positive) and all classified reviews (true positive and false positive) [44]: 

𝑝 = 𝑇𝑃/(𝑇P+FP).                                                                                                  (2.9) 

 

- Recall: Recall (𝑟) is the ratio of the correctly classified positive reviews to all 

positive reviews [44]:  

𝑟 = 𝑇𝑃/(T𝑃+𝐹𝑁).                                                                                                       (2.10) 

 

- F-Measure: F-measure is the harmonic mean of precision and recall which defined 

as [44]: 

𝐹െ𝑀𝑒𝑎𝑠𝑢𝑟𝑒 = (2∗𝑝∗𝑟)/(𝑝+𝑟).                                                                         (2.11) 

This measure is used in performance evaluation of text classification.  

2.7 Summary 

In this chapter, we explained concepts about (SA), data preprocessing, VSM, feature 

selection, features types, feature weighting, TF-IDF, machine learning algorithms, 

classification, ensemble methods, clustering, validation, and evaluation.  
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 Chapter 3 
________________________________________________________________________ 
Literature Review 
 

This chapter presents some previous works and researches relevant to our work. It 

introduces works on preprocessing algorithms, feature selection in sentiment analysis. 

Also, it presents statistical, machine learning, embedded methods, classification algorithms 

and comparison of these algorithms.  

3.1 Introduction 

There are many researches in (SA) in order to aid decision makers, take the right decisions, 

the approaches of this type of research focus on classifying text as positive or negative. In 

this chapter we review some related works. It presents some approaches and methods 

provided in the literature. Mainly those approaches that introduce, illustrate and explores 

how to select features of dataset, and which method are utilized to select features such as 

statistical, machine learning and hybridized methods. 

3.2 Pre-processing 

H. Zin et al. [1] introduced the effect of the pre-processing strategies in the (SA) of online 

movie reviews. Because data collected from the Web is usually full of errors and 

unnecessary words, this information needs to be pre-processed, including several steps: 

data tokenization, and removing stop-word, meaningless words, numbers, and word less 

than 3 characters, after pre-processing the authors found improving of classification 

accuracy.  

S. Kotsiantis et al. [13] presented the most well know algorithms for each step of data pre-

processing (cleaning, normalization, transformation, feature extraction and selection).  

3.3 Feature Selection in Sentiment Analysis 

S. Gnanambal et al. [23] presented a comparative evaluation study of classification 

algorithms before and after attribute selection using (WEKA), authors showed 

classification performance will improve after attribute selection. 
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V. Vaghela and B. Jadav [45] presented classification approaches (using lexicon-based 

approach and machine learning based approach), and feature selection methods (using TF-

IDF, Information Gain, Chi-square) that give better accuracy to classification of (SA). 

3.4 Feature Selection Methods 

P. Kumbhar and M. Mali [3] introduced the important challenge of the (SA) of text 

classification is the accuracy and the high dimensions of the feature space. These issues 

can be overcome by using the feature selection. Feature selection is a process to select a 

subset of the best features from the original features set. Feature selection is a strategy 

designed to make text document more efficient and accurate. There are several methods of 

feature selection: statistic, machine learning and embedded methods, by these methods we 

can reduce time, and improve classification accuracy.  

B. Agarwal and N. Mittal [46] used feature selection methods to extract best features 

Information Gain (IG) and Minimum Redundancy Maximum Relevancy (mRMR), using 

unigram and bi-grams feature set to extract features, using classification algorithms 

Boolean Multinomial Naïve Bayes (BMNB) and (SVM). The result of experiment was 

BMNB classifier performs better than of SVM classifier.  

M. Doshi and S. Chaturvedi [47] used CHI-SQUARE, INFOGAIN and GAINRATIO to 

select relevant features. Results showed an increase in accuracy and a decrease in time. 

H. Arafat et al. [48] used feature selection methods and showed that mRMR is performs 

better than IG for sentiment classification. Also, they claimed that hybrid feature selection 

method based on the Rough set theory and Information Gain (IG) is performs better than 

the previous methods. 

T. Phyu and N. Oo [49] used feature subset selection algorithm based on conditional 

mutual information (MI), this approach was proposed to select an optimal feature subset. 

A. Manek et al. [50] used feature selection method based on Gini Index with Support 

Vector Machine (SVM) classifier, this approach was proposed for sentiment classification 

of a large movie review data set. 

H. Hamidi and A. Daraei [51] applied a hybrid feature selection approach. First step they 

selected feature-based weight by SVM, then they applied GA on the selected features, after 

that classification algorithms were applied to predict the occurrence of Myocardial 
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Infarction. Their results showed that the Multi-layer Perceptron and Sequential Minimal 

Optimization achieved better accuracy. 

D. Gamal et al. [52] used Arabic dataset for (SA), they applied many steps in the 

preprocessing stage, then different machine learning algorithms were applied, the results 

showed that ridge regression algorithm has the highest accuracy. 

3.4.1 Statistical (Filter), Machine Learning (Wrapper), Embedded Methods 

P. Kumbhar and M. Mali [3] introduced many feature selection methods that are 

categorized into three types: 

- Statistical Method (Filter): The features that has high ranking will be selected, the 

process of selection is independent to classifiers, by this method no dependency 

between features, time is needed to select features are low, (such as statistical 

method Correlation criteria, Chi-square test, Information Gain). 

- Machine Learning Method (Wrapper): This method needs learning algorithm to 

select the relevant feature, it needs search method to find subset of features, time is 

needed to find subset are high, examples of these search method are genetic, 

heuristic, grid search method. 

- Embedded method: The process of feature selection is performed by a classifier as 

part of training process, it is called hybrid model of filter and wrapper. In the 

hybrid method, the filter generates subsets, while wrapper evaluates these subsets 

to find a feature subset.  

3.5 Classification Algorithms Comparing 

X. Wu et al. [53] presented a description and comparison between 10 top algorithms, C4.5, 

k-Means, SVM, Apriori, EM, PageRank, AdaBoost, KNN, NB, and CART. The authors 

used these algorithms in data mining for classification, clustering, and statistical analysis. 

The authors made comparative study on machine learning algorithms for sentiment 

classification, they presented (SA) for customers on two datasets, using six different 

machine learning algorithms Naïve Bayes (Multinomial), Logistic Regression, SGD 

(Stochastic Gradient Descent), Linear SVM (Support Vector Machine) and RF (Random 

Forest), they compare the differences between these algorithms according accuracy, and 

showed the result Linear SVM is the best for sentiment classification . 
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P. Khare and K. Burse [54] showed the performance of different classification methods on 

clinical data, using five classification algorithms are Bayesnet, SMO, Simple Logistic, 

ONE-R, ZERO- R. The result was Bayesnet classifier is the best.  

3.6 Genetic Algorithm (GA) 

P. Khare and K. Burse [54] used (GA) to select relevant features before applying 

classification algorithm. M. Govindarajan [55] used the hybrid NB-GA in (SA) of movie 

reviews, and showed high percentage of classification accuracy, the idea of the algorithm 

is based on Darwin's theory of evolution and its natural selection process. 

3.7 Ensemble Methods 

N. Joshi and S. Srivastava [4] presented improving accuracy by using bagging with 

different classification algorithm decision tree (BF Tree, J48, Decision stump, CART).     

P. Pujari and J. Gupta [56] presented improving classification accuracy by selecting more 

important feature and by combining multiple classifiers three decision tree classifiers 

CART, CHAID and QUEST. 

I. Syarif et al. [57] presented ensemble algorithms (Bagging, Boosting and Stacking) to 

improve the performance of network intrusion detection systems. Output of several weak 

classifier is combined into single composite classification to give high accuracy instead of 

individual weak classifier.  
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Chapter 4    
________________________________________________________________________ 
The Proposed Approach 
 

This chapter introduces the concepts and our methodology used in this work. Also, it 

explores our approach used to evaluate the performance for sentiment analysis (SA) 

methods and algorithms. Moreover, it presents the utilized experiments environment and 

settings for this work.    

4.1 Introduction 

Recalling that web sites are widely used and help in connecting people through social 

networks that provides commenting on public posted material. Often, people express their 

opinions on various topics. The availability of these information raises the interest of many 

institutions, organizations and businesses of these information. Hence it is necessary to 

process and analyze this big data of text to have knowledge about the opinions of people 

about product, policy, services, and others issues. SA classifies expressions as positive or 

negative opinions towards the subject of interest after identifying the sentiment 

expressions, determining their polarity, and relationship to the subject [10]. 

Researchers developed approaches for feature selection in SA, each approach has 

advantages and disadvantages, we develop approach that is based on improved methods 

such as feature selection and ensemble methods for SA classification using different 

classification algorithms, merge features subsets to improve accuracy, and tuning 

parameter of classification algorithm to improve accuracy and reducing time needed to 

select features subset. 

4.2 Feature Types 

In this work we used unigram feature type as one of n-gram feature types (see section 2.5), 

each single word is considered as a feature as words are separated by space. In this 

research we experimented based on type of feature is unigram as many researchers used 

this type and got in their experiments high accuracy using unigram features better than 

bigram features [58][59]. 
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4.3 Preprocessing 

The preprocessing stage is necessary to clean data, reduce dimensional space of data. This 

stage includes:  

- Tokenization: breaking up text of each review into words using space as separate 

between words.  

- Stop-words removal: removing the English language most common words using a 

lisW of sWop Zords, sXch as ³Whe´, ³a´, ³an´, ³in´ etc. 

- Case Normalization: Converting words into lowercase letters (i.e., replacing 

uppercase letter by lowercase one in the words).   

- Using TF-IDF: Researchers use weighting techniques to select features such as 

Term Frequency (TF), which means the term has more occurrences in a document 

indicates that this term is important. Document Frequency (DF) which means the 

term has more occurrences in more documents indicates that term is important. 

Inverse Document Frequency (IDF) used is the opposite of DF where the term is 

more relevant if it occurs in less documents. Term Frequency-Inverse Document 

Frequency (TF-IDF) which means term loses its importance if it appears more 

frequently in the corpus (set of documents). Entropy defines relevant terms as terms 

that have high occurrence frequency in less documents. We used in this research 

Tokenization, Stop-words removal, TF-IDF. 

4.4 Classification 

Machine learning-based (SA) go through multiple phases that are: preprocessing, feature 

selection, machine learning algorithm as shown in Figure 4.1. Sentiment classification is 

usually formulated as a two-class classification problem, positive and negative, training 

and testing data used are normally product reviews. 

The dataset is split into training and testing sets using sampling and 10-fold cross 

validation, and for comparing between classification algorithms. In this work we used 

many machine learning algorithms are: Bayes (Naïve Bayes Multinomial, Naïve Bayes), 

SVM (LibLINEAR, LibSVM, SMO), Decision Tree (J48, REPTree, DecisionStump, 

HoeffdingTree, RandomTree, LMT), and using ensemble methods (Bagging, Boosting, 

Stacking, Vote). 
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Figure 4.1: Multiple Phases in Sentiment Analysis 

4.5 Search Method of Feature Subset 

Using in this research Genetic Algorithm (GA) as search strategy of a subset of features, 

the main concept of these algorithm is the survival of the fittest.  

The idea of the algorithm is based on Darwin's theory of evolution and its natural selection 

process. The principle of algorithm (survival of the fittest or strongest), where the solution 

group is the feature group, the quality of the solution (fitness function) is a measure of the 

strength or weakness of a feature. Components of the (GA) are: reproduction, crossover, 

and mutation. Where reproduction selects good subset of features, crossover combines 

good feaWXres Wo generaWe beWWer offspring¶s, and mutation change feature locally. 

Mating is a process that we will create to share parts of solutions and will be called 

crossover. The chance of living a feature as a result of luck will make it in multiple ways to 

choose solutions from generation to generation and call it selection. Further, we add the 

mutation part as it can cause a change in a gene to solve to produce a better solution called 

mutation. The selection process that depends on the fitness function, and on the parameters 

of the (GA) continues to generate successive genes until the optimal solution of features is 

found [60]. 

4.6 Ensemble Learning (EL) 

We select subsets of features by different methods, combine different classification 

algorithms and using different ensemble methods that can be applied on these different 

subsets of features. So, we evaluate ways to use different ensemble methods (Bagging, 

Boosting, Stacking, Vote) in our experiments by comparing the results of ensemble 

methods (learners) with other results using single learner. There is no learner is absolutely 
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better than the other learner, but combining the learners with different (ensemble methods) 

may work well in different parts of the data, and it is possible to get very strong learner 

because by applying ensemble methods we get combining output of these methods that 

lead to models with low bias error and low variance error [4][40].  

4.7 Research Methodology  

This section presents our methodology and steps in carrying out this work as shown below 

in Figure 4.2. It includes preprocessing, feature selection methods, tuning parameter, 

comparison is carried out amongst different classification learning algorithms with using 

different ensemble methods, methodology of this work are as follows: 

1. Preprocessing: By removing noise i.e.  redundant features, irrelevant features, 

numbers, stop word, missing value. Then, convert uppercase letters to lowercase 

letters. This can be accomplished using TF-IDF to know frequency of terms in 

document and in corpus.   

2. Feature Selection Methods: We select features subset by many methods 

(statistical, machine learning, embedded), we introduce approach to select features 

in the following steps:  

- First, using statistical method (Correlation) to measure weight, rank of 

feature, and correlation between feature and class, to obtain subset of 

features that have high rank and weight.  

- Second, using machine learning method (Wrapper) with genetic search to 

select features. 

- Third, using embedded method to improve features selection from previous 

features subset that we obtained in first, and second steps.     

- Fourth, we merge features subsets that we obtained in third step. 

- Fifth, Tuning parameter of feature selection method. 

 

3. Comparative study: In this phase a comparative study on performance evaluation 

of machine learning algorithms is carried out with using ensemble methods 

(Bagging, Boosting, Stacking, Vote) for the following algorithms: Bayes (Naïve 

Bayes Multinomial, Naïve Bayes), SVM (LibLINEAR, LibSVM, SMO), Decision 

Tree (J48, REPTree, DecisionStump, HoeffdingTree, RandomTree, LMT). 
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4.7.1 Research Methodology Diagram  

 

 

 

 

 

 

 

 

                                                                

                          

      

 

                                                                                                      

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2: Research Methodology of This Work 
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Chapter 5  
 
 

Experimental Results and Discussion 
 

This chapter introduces Whe XWili]ed e[perimenWs¶ enYironmenW and seWWings for Whis Zork. 

Moreover, it presents the experimental results and discussion. The experiments show 

classification accuracy of compared feature selection and ensemble methods using 

different classification algorithms. In our experiments we applied methods to select 

features subset using statistical method (i.e., Correlation), machine learning (i.e., Wrapper), 

improved embedded method, and improvement by merge features subsets. Furthermore, 

we select machine learning algorithms to be used in the comparison such as Bayes 

(NaiveBayes, NaiveBayesMultinimial), SVM (LibLINEAR, LibSVM, SMO), Decision 

Tree (J48, REPTree, DecisionStump, HoeffdingTree, RandomTree, LMT), and using 

ensemble methods (Bagging, Boosting, Stacking, Vote) with these algorithms.     

5.1 Hardware and Software Specifications  

In the course of our experiments the following hardware and software are used. The 

computation hardware is a laptop with Intel® Core� i7-8550U CPU @ 1.80GHz 1.99 

GHz and with installed memory (RAM) 8.00 GB. On the other hand, we utilize Weka 1  

software tool version 3.9.3 on MS Windows 10 Pro 64-bit operating system). 

5.2 Research Scope and Dataset 

The scope of this work is to analyze people¶s opinions and Wheir senWimenW WoZards moYies. 

More specifically, we select a Dataset that contains people¶s reYieZs and commenWs in 

English. The utilized Dataset (Movie Review Data) from Cornell university.  

The Polarity dataset v2.0 (3.0Mb)2 contains 1000 positive and 1000 negative processed 

reviews. This Dataset was introduced in Pang/Lee ACL 2004. Released June 2004.  

 

                                                             
1 http://www.cs.waikato.ac.nz/ml/weka/ 
2 http://www.cs.cornell.edu/people/pabo/movie-review-data/review_polarity.tar.gz 
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5.3 Methods for Feature Selection  

This section introduces the compared classification algorithms in this work. 

5.3.1 Statistical Method (Correlation) 

Using statistical method in Weka tool [61] is called CorrelationAttributeEval, by 

Correlation we find usefulness of each feature for the classification process. The features 

are relevant if they have low correlation with each other and high correlation to the class 

label. On the other hand, the features are irrelevant if they have low correlation to class 

label. In this stage, by experiments we found feature subset of 3500 feature with best 

ranking that give high accuracy when running classification algorithms as shown in the 

Table 5.1. This table shows the Precision, Recall, F-measure, and Training Time, but we 

focus on the accuracy and training. 

Table 5.1: Accuracy, Precision, Recall, F-measure and Time for Statistical Method (Correlation). 
Classification Algorithm Accuracy Precision Recall F-

Measure 
Time 

Naïve BayesMultinomial 95.7 .957 .957 .957 00:00:01 
Naïve Bayes 86.75 .869 .868 .867 00:00:23 
LibLINEAR 93.15 .932 .932 .931 00:00:02 
LibSVM 93.05 .931 .931 .930 00:00:33 
SMO 91.85 .919 .919 .918 00:00:29 
Decision 
Tree 

J48 68 .680 .680 .680 00:09:43 
REPTree 67.6 .677 .676 .676 00:03:51 
DecisionStump 62.45 .641 .625 .613 00:00:20 
HoeffdingTree 72.3 .814 .723 .701 00:00:54 
RandomTree 61.45 .615 .615 .614 00:00:04 
LMT 83.4 .834 .834 .834 02:44:25 

Ensemble 
Method 

Bagging Bagging with J48 77.1 .771 .771 .771 01:43:42 
Bagging with 
REPTree 

74.3 .743 .743 .743 00:30:02 

Bagging with 
RandomTree 

72.65 .736 .727 .724 00:00:26 

Bagging with Naïve 
Bayes 

89.3 .894 .893 .893 00:04:41 

Boosting AdaBoost with J48 77.25 .773 .773 .772 01:57:23 
AdaBoost with 
REPTree 

73.6 .736 .736 .736 00:42:36 

AdaBoost with 
RandomTree 

63.7 .637 .637 .637 00:00:04 

AdaBoost with 
Naïve Bayes 

86.1 .862 .861 .861 00:13:12 

Stacking Stacking with (j48, 
HoeffdingTree) and 
REPTree meta 
Classifier 

81.55 .845 .816 .812 02:16:16 
 

Stacking with 
(HoeffdingTree, 
DecisionStump, j48) 
and REPTree meta 
Classifier 
 

81.1 .833 .811 .808 01:47:39 
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Classification Algorithm Accuracy Precision Recall F-
Measure 

Time 

Stacking with 
(Naïve Bayes, Naïve 
BayesMultinomial, 
SMO) and LMT 
meta Classifier 

95.8 .958 .958 .958 00:13:36 
 

Stacking with 
(LibLINEAR, Naïve 
BayesMultinomial, 
SMO) and LMT 
meta Classifier 

96 .960 .960 .960 00:05:17 
 

Vote Vote with 
(LibLINEAR, Naïve 
BayesMultinomial, 
SMO, LMT) 

93.45 .935 .935 .934 01:43:42 
 
 
 

 

As a result, we found that: The highest accuracy that can be obtained by Bayes 

classification algorithms is by using Naïve BayesMultinomial. Also, the highest accuracy 

of SVM classification algorithms can be obtained by using LibLINEAR. Furthermore, the 

high accuracy of decision tree classification algorithms is by using LMT, but this algorithm 

takes more training time. Moreover, we found that bagging with these algorithms gives 

better accuracy than the accuracy of original algorithm without any bagging, but this takes 

more time too. Also, boosting with algorithms give accuracy better than accuracy of 

original algorithm without any boosting. Finaly, stacking with algorithms give accuracy 

better than accuracy of the original algorithm as Stacking with (LibLINEAR, Naïve 

BayesMultinomial, SMO) and LMT meta classifier give high accuracy. Vote comparing to 

stacking with the same classification algorithm, stacking give better accuracy because of 

the existence of meta classifier in stacking. Also, the needed time in stacking is better than 

vote (i.e., less time). 

Precisely, we obtained high accuracy (96%) by using Stacking with (LibLINEAR, Naïve 

BayesMultinomial, SMO) and LMT meta classifier. The time needed is 00:05:17 (hrs: 

mins: secs). The least time (00:00:01) needed is when using Naïve BayesMultinomial with 

accuracy is 95.7%.  

Figure 5.1 and Figure 5.2 depict the obtained results of this experiment. Figure 5.1 shows 

the accuracy obtained by machine learning classification algorithms using correlation 

statistical method for feature selection. While Figure 5.2 shows the training time for these 

algorithms.  
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Figure 5.1: Accuracy by Machine Learning Algorithms Using Feature Selection Method (Correlation) 

 

Figure 5.2: Training Time by Machine Learning Algorithms Using Feature Selection Method (Correlation) 

5.3.2 Machine Learning Method (Wrapper) 

In this subsection we present the used machine learning method and the search method in 

Weka tool. The used machine learning method in Weka tool is called WrapperSubsetEval 

and the search method is genetic method. In this case we use classifier to select features by 

search method. Feature subsets differ according to the used type of classifier to select 

features. Thus, we select one classifier from well-known classifiers to select features for 

each classification algorithm which produces best features subset and higher accuracy. The 
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set of classifiers are Bayes (Naïve BayesMultinomial, Naïve Bayes), SVM (LibLINEAR, 

LibSVM, SMO), and Decision Tree (J48, REPTree, DecisionStump, HoeffdingTree, 

RandomTree, LMT). The combination of classification algorithm with suitable features 

selection classifier that gives highest accuracy (i.e., best number of features) along with the 

obtained number of features as shown in Table 5.2 and Figure 5.3.   

Table 5.2: Combination for Suitable Features Selection Classifier with Classification Algorithm 
Combination Classification Algorithm Features Selection  

Classifier 
Number of Features 

C1 Naïve BayesMultinomial Naïve BayesMultinomial 8639 
C2 Naïve Bayes Naïve Bayes 9215 
C3 LibLINEAR SMO 9628 
C4 LibSVM LibSVM 9205 
C5 SMO SMO 9628 
C6 J48 Naïve BayesMultinomial 8639 
C7 REPTree Naïve BayesMultinomial 8639 
C8 DecisionStump DecisionStump 1143 
C9 HoeffdingTree HoeffdingTree 6465 
C10 RandomTree HoeffdingTree 6465 
C11 LMT Naïve BayesMultinomial 8639 

 

 
 
Figure 5.3: Number of Selected Features by Combination of Features Selection Classifier and Classification 

Algorithm 
 
 
 
 
 
 
 
 
 
 
 
 

1000

2000

3000

4000

5000

6000

7000

8000

9000

10000

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11

Number of Features



 

33 
 

In this stage we found suitable feature subset for classification algorithm that achieves high 

accuracy when running a classification algorithm as shown in the Table 5.3.  

Table 5.3: Accuracy, Precision, Recall, F-measure and Time for Machine Learning Method (Wrapper). 
Classification Algorithm Accuracy Precision Recall F-

Measure 
Time 

Naïve BayesMultinomial 80.3 .803 .803 .803 00:00:01 
Naïve Bayes 73.7 .738 .737 .737 00:00:53 
LibLINEAR 84.35 .844 .844 .843 00:00:03 
LibSVM 84.05 .841 .841 .840 00:00:53 
SMO 84.85 .849 .849 .848 00:01:39 
Decision 
Tree 

J48 69.9 .699 .699 .699 00:23:19 
REPTree 67.35 .674 .674 .673 00:07:33 
DecisionStump 62.45 .641 .625 .613 00:00:06 
HoeffdingTree 71.25 .720 .713 .710 00:01:32 
RandomTree 59.3 .593 .593 .593 00:00:07 
LMT 79.25 .793 .793 .792 05:04:48 

Ensemble 
Method 

Bagging Bagging with J48 75.05 .751 .751 .750 03:09:34 
Bagging with 
REPTree 

71.7 .717 .717 .717 00:58:35 

Bagging with 
RandomTree 

63.15 .637 .632 .628 00:00:44 

Bagging with 
Naïve Bayes 

76.1 .764 .761 .760 00:06:57 

Boosting AdaBoost with J48 75.4 .754 .754 .754 05:04:16 
AdaBoost with 
REPTree 

70.4 .704 .704 .704 00:21:27 

AdaBoost with 
RandomTree 

58.1 .581 .581 .581 00:00:07 

AdaBoost with 
Naïve Bayes 

73.6 .736 .736 .736 00:43:20 

Stacking Stacking with (j48, 
HoeffdingTree) 
 and REPTree 
meta Classifier 

72.1 
 
 
 

.721 .721 .721 02:50:45 

Stacking with 
(HoeffdingTree, 
DecisionStump, 
j48) and REPTree 
meta Classifier 

73 .731 .730 .730 04:21:09 
 

Stacking with 
(Naïve Bayes, 
Naïve 
BayesMultinomial, 
SMO) and LMT 
meta Classifier 

84.85 .849 .849 .848 00:39:14 
 

Stacking with 
(LibLINEAR, 
Naïve 
BayesMultinomial, 
SMO) and LMT 
meta Classifier 

85.1 .851 .851 .851 00:17:20 
 

Vote Vote with 
(LibLINEAR, 
Naïve 
BayesMultinomial, 
SMO, LMT)  

85.7 .857 .857 .857 10:37:51 
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We can summarize the obtained high accuracy results by a specific algorithm of each 

category as follows: 

High accuracy of SVM classification algorithms category obtained by using SMO 

algorithm. While the highest accuracy of Bayes classification algorithms is obtained by 

using Naïve BayesMultinomial. From the decision tree classification algorithms, the 

highest accuracy obtained by using LMT, but this algorithm takes more computation time. 

Similar to statistical method, bagging with algorithms give accuracy better than accuracy 

of original algorithm without any bagging, but also this takes more time. Also, boosting 

with these algorithms gives accuracy better than accuracy of original algorithms without 

any boosting. Again, this takes more time. Stacking with algorithms gives accuracy better 

than accuracy of the original algorithms as Stacking with (LibLINEAR, Naïve 

BayesMultinomial, SMO) and LMT meta classifier. Vote comparing to stacking with the 

same classification algorithms, gives accuracy slightly bettering. Also, more time is taking 

when using vote. So staking is better than vote. 

The highest obtained accuracy is 85.1%, when using Stacking with (LibLINEAR, Naïve 

BayesMultinomial, SMO) and LMT meta classifier. The needed time in this case is 

00:17:20 (hrs: mins: secs). On the other hand, the least computing time is 00:00:01 when 

using Naïve BayesMultinomial while the achieved accuracy is 80.3%.  

Figures 5.4 and Figure 5.5 depict the obtained results of these experiments. Figure 5.4 

shows the obtained accuracy when using feature selection method (Wrapper). Figure 5.5 

shows training time for these algorithms.  
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Figure 5.4: Accuracy by Machine Learning Algorithms Using Feature Selection Method (Wrapper) 

 
 

 
 

Figure 5.5: Training Time by Machine Learning Algorithms Using Feature Selection Method (Wrapper) 
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5.3.3 Embedded Method 

Using Embedded method in Weka tool is called SVMAttributeEval that uses SVM. By this 

method we can decrease dataset dimensionality, and extract necessary features from 

dataset, to obtain high classification accuracy. We applied this method on features subset 

which obtained by statistical method (Correlation), and on feature subset which obtained 

by machine learning method (Wrapper). 

- Classification Accuracy Improvement by Reselecting Features from Feature Subset 
Obtained by Statistical Method  

We use the previous feature subset 3500 obtained by using the statistical method 

(Correlation) to extract more relevant features from this subset. This selection is carried out 

by applying SVMAttributeEval to obtain new feature subset. Consequently, the 

classification accuracy is improved as shown in Table 5.4.  

Table 5.4: Accuracy for Embedded Method (Improved Statistical Method) 
Classification Algorithm Accuracy 

Naïve BayesMultinomial 96.4 
Naïve Bayes 86.35 
LibLINEAR 99.75 
LibSVM 97.65 
SMO 99.65 
J48 71.05 
REPTree 69.15 
DecisionStump 57.05 
HoeffdingTree 80.9 
RandomTree 66.5 
LMT 92.6 
Bagging with J48 79.25 
Bagging with REPTree 77.15 
Bagging with RandomTree 79.6 
Bagging with Naïve Bayes 88.3 
AdaBoost with J48 81.75 
AdaBoost with REPTree 79.25 
AdaBoost with RandomTree 67.35 
AdaBoost with Naïve Bayes 87.6 
Stacking with 
(j48, HoeffdingTree) and REPTree meta Classifier 

80.85 
 

Stacking with HoeffdingTree, 
DecisionStump, j48) and REPTree meta Classifier 

80.25 
 

Stacking with Naïve Bayes, Naïve BayesMultinomial, SMO) and 
LMT meta Classifier 

99.6 

Stacking with (LibLINEAR, Naïve BayesMultinomial, SMO) and 
LMT meta Classifier 

99.75 
 

Vote with (LibLINEAR, Naïve BayesMultinomial, SMO, LMT) 99.75 
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We summarize that improvement of classification algorithm accuracy is better compared 

with statistical method. Highest accuracy of SVM classification algorithms is when using 

LibLINEAR, SMO, LibSVM. Also, the highest accuracy is achieved when using Naïve 

BayesMultinomial of Bayes classification algorithm. Further, the highest accuracy is 

achieved by using LMT as one of decision tree classification algorithms. Bagging with 

algorithms give better accuracy than the original algorithm without any bagging. 

Moreover, boosting with algorithms give accuracy better than accuracy of original 

algorithm without any boosting. Also, stacking with algorithms give better accuracy than 

the original algorithm as Stacking with (LibLINEAR, Naïve BayesMultinomial, SMO) and 

LMT meta Classifier give highest accuracy. The training time of classification algorithms 

is not high because number of features is not big and more time elapsed by using LMT. 

Figure 5.6 shows the obtained accuracy by classification algorithms using embedded 

feature selection method. Table 5.5 and Figure 5.7 depict the obtained accuracy by using 

statistical method compared with embedded method. 

 

Figure 5.6: Accuracy by Machine Learning Algorithms Using Feature Selection Method (Embedded, 
Improved Statistical Method) 
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Table 5.5: Accuracy by Using Statistical Method Compared with Embedded Method 

 

 
Figure 5.7: Accuracy by Using Statistical Method Compared with Embedded Method 

75

80

85

90

95

100

105

B
ag

gi
ng

Bo
os

tin
g

Li
bL

IN
EA

R

Li
bS

V
M

LM
T

N
aï

ve
 B

ay
es

N
aw

Ye
 B

a\
es

«

SM
O

St
ac

ki
ng

V
ot

e

A
cc

ur
ac

y

Machine Learning Algorithms

Accuracy by Using Statistical Method Compared with Embedded Method

Sum of Accuracy by Embedded
Method

Sum of Accuracy by Statistical
Method

Classification Algorithm Accuracy Using 
Statistical Method 

Accuracy Using Embedded 
Method (Improved Statistical Method) 

Naïve BayesMultinomial 95.7 96.4 
Naïve Bayes 86.75 86.35 
LibLINEAR 93.15 99.75 
LibSVM 93.05 97.65 
SMO 91.85 99.65 
J48 68 71.05 
REPTree 67.6 69.15 
DecisionStump 62.45 57.05 
HoeffdingTree 72.3 80.9 
RandomTree 61.45 66.5 
LMT 83.4 92.6 
Bagging withJ48 77.1 79.25 
Bagging with REPTree 74.3 77.15 
Bagging with RandomTree 72.65 79.6 
Bagging with Naïve Bayes 89.3 88.3 
AdaBoost withJ48 77.25 81.75 
AdaBoost with REPTree 73.6 79.25 
AdaBoost with RandomTree 63.7 67.35 
AdaBoost with Naïve Bayes 86.1 87.6 
Stacking with (j48, HoeffdingTree) 
and REPTree meta Classifier 

81.55 80.85 

Stacking with HoeffdingTree, 
DecisionStump, j48) and REPTree 
meta Classifier 

81.1 80.25 

Stacking with Naïve Bayes, Naïve 
BayesMultinomial, SMO) and LMT 
meta Classifier 

95.8 99.6 

Stacking with (LibLINEAR, Naïve 
BayesMultinomial, SMO) and LMT 
meta Classifier 

96 99.75 

Vote with (LibLINEAR, Naïve 
BayesMultinomial, SMO, LMT) 

93.45 99.75 
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- Classification Accuracy Improvement by Reselecting Features from Feature Subset 

Obtained by Machine Learning Method  

In machine learning method we used classifiers to extract features. Each classifier 

produces different subset of features. Consequently, the resulting accuracy is also different. 

To optimize the accuracy in this stage we use embedded Method (SVMAttributeEval) to 

extract more relevant features from best feature subset that obtained by SMO classifier as 

shown in Table 5.6. 

Table 5.6: Accuracy for Embedded Method (Improved Machine Learning Method) 
Classification Algorithm Accuracy 

Naïve BayesMultinomial 92.8 
Naïve Bayes 82.8 
LibLINEAR 99.15 
LibSVM 95.9 
SMO 99.35 
J48 69.15 
REPTree 68.45 
DecisionStump 62.45 
HoeffdingTree 76.6 
RandomTree 66.55 
LMT 90.35 
Bagging with J48 76.4 
Bagging with REPTree 74.6 
Bagging with RandomTree 77.05 
Bagging with Naïve Bayes 83.65 
AdaBoost with J48 78.05 
AdaBoost with REPTree 75.8 
AdaBoost with RandomTree 67.6 
AdaBoost with Naïve Bayes 84.05 
Stacking with 
(j48, HoeffdingTree) and REPTree meta Classifier 

76.05 
 

Stacking with HoeffdingTree, 
DecisionStump, j48) and REPTree meta Classifier 

75.35 
 

Stacking with Naïve Bayes, Naïve BayesMultinomial, SMO) and 
LMT meta Classifier  

99.35 

Stacking with (LibLINEAR, Naïve BayesMultinomial, SMO) and 
LMT meta Classifier 

99.5 

Vote with (LibLINEAR, Naïve BayesMultinomial, SMO, LMT) 99.45 
 
 
We achieved high accuracies (ordered from highest to lowest accuracy) when using SMO, 

LibLINEAR, and LibSVM of SVM classification algorithms. While high accuracy is 

achieved by Bayes classification algorithm is Naïve BayesMultinomial. On the other hand, 

high accuracy obtained from decision tree classification algorithm is LMT. Bagging with 

algorithms give accuracy better than accuracy of original algorithm without any bagging. 

Boosting with algorithms give accuracy better than accuracy of original algorithm without 

any boosting. Stacking with algorithms outcome better accuracy than using of the original 
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algorithm such as Stacking with (LibLINEAR, Naïve BayesMultinomial, SMO) and LMT 

meta classifier give high accuracy. The training time of classification algorithms is not 

high because the number of features is relatively not big and most of them are LMT. 

Figure 5.8 shows the obtained accuracy by classification algorithms using embedded 

method. Table 5.7 and Figure 5.9 depict the obtained accuracy by using machine learning 

method compared with embedded method. 

 

 
 
 

Figure 5.8: Accuracy by Machine Learning Algorithms Using Feature Selection Method (Embedded, 
Improved Machine Learning Method) 
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Table 5.7: Accuracy by Using Machine Learning Method Compared with Embedded Method 

 

 
 

Figure 5.9: Accuracy by Using Machine Learning Method Compared with Embedded Method 
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Method

Accuracy for Embedded Method

Accuracy for Machine Learning
Method

Classification Algorithm Accuracy Using Machine 
Learning Method 

Accuracy Using 
Embedded Method 

(Improved Machine Learning 
Method) 

Naïve BayesMultinomial 80.3 92.8 
Naïve Bayes 73.7 82.8 
LibLINEAR 84.35 99.15 
LibSVM 84.05 95.9 
SMO 84.85 99.35 
J48 69.9 69.15 
REPTree 67.35 68.45 
DecisionStump 62.45 62.45 
HoeffdingTree 71.25 76.6 
RandomTree 59.3 66.55 
LMT 79.25 90.35 
Bagging withJ48 75.05 76.4 
Bagging with REPTree 71.7 74.6 
Bagging with RandomTree 63.15 77.05 
Bagging with Naïve Bayes 76.1 83.65 
AdaBoost withJ48 75.4 78.05 
AdaBoost with REPTree 70.4 75.8 
AdaBoost with RandomTree 58.1 67.6 
AdaBoost with Naïve Bayes 73.6 84.05 
Stacking with (j48, HoeffdingTree) 
and REPTree meta Classifier 

72.1 
 
 

76.05 
 

Stacking with HoeffdingTree, 
DecisionStump, j48) and REPTree 
meta Classifier 

73 75.35 
 

Stacking with Naïve Bayes, Naïve 
BayesMultinomial, SMO) and 
LMT meta Classifier  

84.85 99.35 

Stacking with (LibLINEAR, Naïve 
BayesMultinomial, SMO) and 
LMT meta Classifier 

85.1 99.5 

Vote with (LibLINEAR, Naïve 
BayesMultinomial, SMO, LMT) 

85.7 99.45 
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5.4 Merge Feature Subsets 

We can improve classification algorithms accuracy by merging feature subsets. In this case 

we merge two feature subsets (first subset that obtained after using embedded method on 

statistical feature subset with second feature subset that obtained after using embedded 

method on machine learning feature subset). After merging of two feature subsets a new 

feature subset is obtained consists of 828 features. Consequently, the classification 

accuracy is improved as shown in Table 5.8. 

Table 5.8: Accuracy, Precision, Recall, F-measure and Time for Merging Feature Subsets Method 
Classification Algorithm Accuracy Precision Recall F-

Measure 
Time 

Naïve BayesMultinomial 96.95 .970 .970 .969 < 1 sec  
Naïve Bayes 86.85 .869 .869 .868 00:00:04 
LibLINEAR 99.8 .998 .998 .998 00:00:01 
LibSVM 98.5 .985 .985 .985 00:00:10 
SMO 99.65 .997 .997 .996 00:00:18 
Decision 
Tree 

J48 70.9 .709 .709 .709 00:01:47 
REPTree 67 .671 .670 .669 00:01:07 
DecisionStump 62.45 .641 .625 .613 00:00:05 
HoeffdingTree 83.55 .841 .836 .835 00:00:15 
RandomTree 64.7 .647 .647 .647 00:00:03 
LMT 89.05 .891 .891 .890 00:42:24 

Ensemble 
Method 

Bagging Bagging with 
J48 

77.85 .779 .779 .778 00:20:27 

Bagging with 
REPTree 

75.45 .755 .755 .754 00:04:53 

Bagging with 
RandomTree 

78.4 .792 .784 .782 00:00:11 

Bagging with 
Naïve Bayes 

87.95 .880 .880 .879 00:00:35 

Boosting AdaBoost with 
J48 

80.75 .808 .808 .807 00:20:52 

AdaBoost with 
REPTree 

77.95 .780 .780 .779 00:06:59 

AdaBoost with 
RandomTree 

65.5 .655 .655 .655 00:00:03 

AdaBoost with 
Naïve Bayes 

87.95 .882 .880 .879 00:04:53 

Stacking Stacking with 
(j48, 
HoeffdingTree) 
and REPTree 
meta Classifier  

83.45 .835 .835 .834 00:31:49 
 

Stacking with 
HoeffdingTree, 
DecisionStump, 
j48) and 
REPTree meta 
Classifier  
 
 
 
 
 

83.3 .833 .833 .833 00:27:04 
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Classification Algorithm Accuracy Precision Recall F-
Measure 

Time 

Stacking with 
Naïve Bayes,   
Naïve Bayes 
Multinomial, 
SMO) and LMT 
meta Classifier 

99.65 .997 .997 .996 00:02:34 
 

Stacking with 
LibLINEAR, 
Naïve Bayes 
Multinomial, 
SMO) and LMT 
meta Classifier 

99.85 
 

.999 
 
 
 

.999 
 
 
 

.998 
 
 
 

00:04:17 
 

Vote Vote with 
LibLINEAR, 
Naïve Bayes 
Multinomial, 
SMO, LMT) 

99.85 .999 
 
 

.999 
 
 

.998 
 
 

00:26:36 

 
Figure 5.10 and Figure 5.11 depict the obtained results of this experiment. Figure 5.10 

shows the obtained accuracy of classification algorithms when using merge feature subsets. 

Figure 5.11 shows training time for these algorithms. 

 
Figure 5.10: Accuracy by Machine Learning Algorithms Using Merge Feature Subsets  
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Figure 5.11: Training Time by Machine Learning Algorithms Using Merge Feature Subsets 

 
 

We summarize the improvement of the accuracy using classification algorithm. Highest 

accuracy is obtained by using SVM classification algorithms LibLINEAR, SMO, and 

LibSVM. While in the case of using Bayes classification algorithm the high accuracy is 

obtained using Naïve BayesMultinomial. Also, high accuracy algorithm of decision tree 

classification algorithms is LMT. Again, bagging with these algorithms give accuracy 

better than the accuracy of original algorithm without any bagging. Moreover, boosting 

with algorithms give accuracy better than accuracy of original algorithm without any 

boosting. Also, stacking with algorithms give accuracy better than accuracy of the original 

algorithm as Stacking with (LibLINEAR, Naïve BayesMultinomial, SMO) and LMT meta 

classifier give high accuracy. The training time of classification algorithms is not high 

because number of features is not big and most of them are LMT. Vote comparing to 

stacking with the same classification algorithms give the same accuracy but vote need 

more training time. Thus, staking is better than vote.  

The highest achieved accuracy is 99.85% when using Stacking with (LibLINEAR, Naïve 

BayesMultinomial, SMO) and LMT meta classifier. Where the elapsed time is 00:04:17 

(hrs: mins: secs). The least time is less than one second in Naïve BayesMultinomial and 

accuracy is 96.95%. Also, the algorithm LibLINEAR give accuracy 99.8% with training 

time 00:00:01 (hrs: mins: secs). 
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Then, we applied some classification algorithms on these feaWXres¶ subset obtained by 

SVMAttributeEval and found that the accuracy is improved.  

Also, tuning parameter of SVMAttributeEval method instead of default values will 

increase performance of classification algorithms. So, it is important to know which 

parameters of this method and their proper values that increase the performance of 

classification model. 

The parameter in SVMAttributeEval method is required to be properly tuned manually, 

because this tuning will affect the result of classification algorithm accuracy and time 

needed to select optimal feature subset. This parameter is used to determine percent rate of 

attribute elimination, and number of features reduced by value in each iteration. 

Consequently, we can modify the previous approach in Figure 4.2 b\ adding ³parameWer 

WXning´ reqXiremenW in features selection step as shown in Figure 5.12. This figure depicts 

and illustrates this modified process flow of our methodology [62]. The result will be the 

better feature subset, less time needed to select this subset, and better achieved 

classification algorithm accuracy.  

      

 

 

 

 

 
 

 

 

 

 

Figure 5.12: Research Methodology with Tuned Parameter Diagram 
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Tables 5.9, and 5.10 as shown depict the effect of tuning parameter on classification algorithms 

accuracy: 

Table 5.9: Accuracy by Using Embedded Method (Improved Statistical Method), Tuning Parameter 
Classification 
algorithm 
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200 500 1000 2000 200 500 1000 2000 200 500 1000 2000 
Naïve 
BayesMultinomial 

91
.4

 

96
.4

 

98
.1

 

98
.0

5 

91
.1

5 

96
 

97
.8

5 

97
.8

 

90
.3

 

95
.4

 

97
.6

 

97
.7

5 

Naïve Bayes 

83
 

86
.3

5 

87
.3

5 

87
.8

 

82
.4

5 

86
.1

5 

87
.4

5 

87
.8

 

82
.9

 

85
.4

 

87
.7

 

87
.5

5 

LibLINEAR 

93
.1

 

99
.7

5 
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.7

5 
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.6

 

91
.6

5 
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.4

5 

99
.9

 

98
.5

 

91
.2

 

96
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.7

5 
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.2

 

LibSVM 
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.6

 

97
.6

5 
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.2

 

95
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91
.7

5 

97
.1
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95
.4
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91
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.1
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.8

5 
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94
.0

5 

99
.6

5 

99
.8

 

98
.2

 

92
.8

 

99
.7

 

99
.8

 

98
.1

5 

92
.2

5 

97
.6

 

98
.9

 

98
.1

 

Stacking with 
(LibLINEAR, 
Naïve 
BayesMultinomial, 
SMO) and LMT 
meta Classifie 

94
.2

 

99
.7

5  
99

.7
5 

98
.8

5 

92
.7

 

99
.7

 

99
.9

 

98
.7

 

91
.6

5 

97
.6

 

99
.3

 

98
.6

5 

Vote with 
(LibLINEAR, 
Naïve 
BayesMultinomial, 
SMO, LMT) 

94
.4

 

99
.7

5 

99
.8

 

98
.6

5 

92
.8

 

99
.6

5 

99
.9

5 

98
.6

5 

92
.1

5 

97
.5

 

99
.2

5 

98
.5

5 
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Table 5.10: Accuracy by Using Embedded Method (Improved Wrapper Method), Tuning Parameter 
Classification  
algorithm 
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Multinomial 
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.7

5 

92
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.4
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.7

5 

88
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91
.9

 

94
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5 

94
.6

5 

87
.8
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.3

5 

94
.2

5 

95
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80
.6
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.8
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.3

5 
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.4
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.4

5 
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.8
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5 
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.3
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LibLINEAR 
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.1
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.1

5 
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0 
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.7

 

99
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5 
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5 
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LibSVM 
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5 

95
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.1
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.3
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5 
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92
.4

5 

99
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5 
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0 
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.9
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.4

5 
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0 
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.9
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.2

 

97
.6

5 
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.7

 

Stacking with 
(LibLINEAR, 
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BayesMultinomial, 
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meta Classifier 

92
.6

 

99
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.5
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5 
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.3

 

10
0 

99
.9

5 

89
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We conclude that the improvement of classification algorithms accuracy in statistical 

method reaches 99.95% when using vote algorithm, where the value of parameter is 10, 

and number of selected features is 1000. 

Tuning of parameter affects the result of accuracy, and improvement of classification 

algorithms accuracy in wrapper method reaches 100% when using SMO, and Vote 

algorithms with value of the parameter is 10 and number of selected features are 1000. 

Accuracy reaches 100% when using LibLINEAR, SMO, Stacking, and Vote algorithms 

with value of parameter is 5 and number of selected features is 2000. Also, accuracy 

reaches 99.95% when using LibLINEAR, Stacking, and Vote algorithms with value of 

parameter is 10 and number of selected features is 2000. 

5.5.1 The Time Needed to Select Feature Subset by Using Embedded Method 
(SVMAttributeEval) 

In stage of feature subset selection by using embedded method SVMAttributeEval we need 

to tune parameter (percenToEliminatePerIteration) properly to reduce the time needed in 

the feature¶s selection step. 

Table 5.11 as shown depicts and illustrates time needed to select features when value of 

parameter percenToEliminatePerIteration is 5, 10, 50 and number of selected features is 

2000.                                         

Table 5.11: The Time Needed by Using Embedded Method (SVMAttributeEval, Tuning Parameter) 

 

We conclude if the value of parameter is big then time needed to select features will be 

small. 

 

 

 Percent Rate of 
Attribute 

Elimination = 5 

Percent Rate of  
Attribute 

Elimination = 10 

Percent Rate of 
 Attribute 

Elimination = 50 
Number of Selected 

Features = 2000 
Number of Selected 

Features = 2000 
Number of Selected 

Features = 2000 
Time 
(hrs: 
mins: 
secs). 

 
31:49:15 

 
07:23:34 

 
 

 
00:03:45 
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5.6 Tuning Parameter (numFolds in Stacking) 

Stacking is a type of ensemble method to combine outputs from multiple classifiers [40]. 

Parameter numFolds in Stacking means inner cross-validation that determines number of 

folds used for cross-validation. For every partition of the outer cross-validation the inner 

cross-validation is repeated to obtain better performance of these classification algorithms. 

So tuning numFolds parameter affects the result of classification accuracy. Table 5.12 

shows the effect of this parameter numFolds on accuracy when using merge feature subsets 

method: 

Table 5.12: Accuracy by Using Merge Feature Subsets Method, Tuning Parameter (numFolds in Stacking) 
Classification algorithm Merge Two Embedded feature subsets 

numFolds 
12 11 10 

default 
9 

Stacking with (LibLINEAR, Naïve BayesMultinomial, 
SMO) and LMT meta classifier 

99.85 99.9 99.85 99.75 

 

We conclude that tuning parameter numFolds affects the result of classification algorithms 

accuracy, and improvement of classification algorithm accuracy reaches 99.9% when 

numFolds is 11. 
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5.7 Comparison 

Table 5.13 shows a comparison between this work and others work who used the same 
movie data: 

Table 5.13: Comparison on Dataset = 2000 Review 
Reference Year Approach Features Accuracy 
[55] 
 
 

2013 The performance of base and hybrid classifier    
NB-GA method, using TF-IDF, and feature 
selection by best first search method 

Not 
mentioned 

93.8 

[58] 
 

2014 
 

Tuning of hyperparameters in random forest 
Classifier, Unigrams. 

1942 
 

91 

[59] 
 

2015 
 

Feature extraction method that uses the 
dependency relation between words to extract 
features from text, using mRMR to select 
important features, present a concept extraction 
algorithm based on a novel concept parser 
scheme to extract semantic features, Unigrams, 
SVM 

Not 
mentioned 

90.1 

[65] 2015 Lexicon pooled Naïve Bayes has high 
accuracy,  
POS Feature lexicon-based 

Not 
mentioned 

83.7 

[63] 2014 Experimental results show that composite 
feature of prominent unigrams and prominent 
bi-tagged features perform better than other 
features for movie review sentiment 
classification, Information gain, NB, SVM. 

2244 89.4 by 
SVM 

86.2 by 
Naïve 
Bayes 

[64] 
 

2017 
 

Obtaining a high-quality minimal feature subset 
(Unigram, CHI, IG) by SVM 
(POS, CHI, IG) by NB 

2311 91.33 by 
SVM 

16669 94.13 by 
NB 

This Work  Feature selection by using statistical method 
(Correlation) 

3500 96 

Feature selection by using machine learning 
method (Wrapper), genetic algorithm 

9628 85.1 

Feature selection by using embedded method 
(SVMAttributeEval), improved statistical 
method.  

500 99.75 

Feature selection by using embedded method 
(SVMAttributeEval), improved machine 
learning method.  

500 99.5 

Merge two embedded feature subsets 
(improvement on selection feature subset) 

828 99.85 

Tuning parameter 
(percentToEliminatePerIteration) of 
SVMAttributeEval method 

1000, 2000 99.95  
when using 
embedded 
method on 

statistic 
feature 
subset 
100 

when using 
embedded 
method on 
wrapper 
feature 
subset 

Tuning parameter (numFolds in Stacking) 828 99.9 
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Table 5.14, and Figure 5.13 as shown depict classification algorithms accuracy compared 

with (feature selection methods, and merging two embedded feature subsets): 

Table 5.14: Accuracy Comparison on Statistical, Machine Learning, Embedded, Merge Two Embedded Feature Subsets 
Classification 
Algorithm 

Statistical Machine 
Learning 

Embedded 
(Improved 
Statistical 
Method) 

Embedded 
(Improved 

Machine Learning 
Method) 

Merge Two 
Embedded 

Feature 
Subsets 

Naïve 
BayesMultinomial 

95.7 80.3 96.4 92.8 96.95 

Naïve Bayes 86.75 73.7 86.35 82.8 86.85 
LibLINEAR 93.15 84.35 99.75 99.15 99.8 
LibSVM 93.05 84.05 97.65 95.9 98.5 
SMO 91.85 84.85 99.65 99.35 99.65 
J48 68 69.9 71.05 69.15 70.9 
REPTree 67.6 67.35 69.15 68.45 67 
DecisionStump 62.45 62.45 57.05 62.45 62.45 
HoeffdingTree 72.3 71.25 80.9 76.6 83.55 
RandomTree 61.45 59.3 66.5 66.55 64.7 
LMT 83.4 79.25 92.6 90.35 89.05 
Bagging with J48 77.1 75.05 79.25 76.4 77.85 
Bagging with 
REPTree 

74.3 71.7 77.15 74.6 75.45 

Bagging with 
RandomTree 

72.65 63.15 79.6 77.05 78.4 

Bagging with Naïve 
Bayes 

89.3 76.1 88.3 83.65 87.95 

AdaBoost withJ48 77.25 75.4 81.75 78.05 80.75 
AdaBoost with 
REPTree 

73.6 70.4 79.25 75.8 77.95 

AdaBoost with 
RandomTree 

63.7 58.1 67.35 67.6 65.5 

AdaBoost with 
Naïve Bayes 

86.1 73.6 87.6 84.05 87.95 

Stacking with (j48, 
HoeffdingTree) and 
REPTree meta 
Classifier 

81.55 72.1 80.85 
 

76.05 
 

83.45 

Stacking with 
HoeffdingTree, 
DecisionStump, j48) 
and REPTree meta 
Classifier 

81.1 73 
 

80.25 
 

75.35 
 

83.3 

Stacking with Naïve 
Bayes, Naïve 
BayesMultinomial, 
SMO) and LMT 
meta Classifier 

95.8 84.85 99.6 99.35 99.65 

Stacking with 
(LibLINEAR, Naïve 
BayesMultinomial, 
SMO) and LMT 
meta Classifier 

96 85.1 99.75 99.5 99.85 
 

Vote with 
(LibLINEAR, Naïve 
BayesMultinomial, 
SMO, LMT)  

93.45 85.7 99.75 99.45 99.85 
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Figure 5.13: Accuracy by Using Machine Learning Algorithms and Feature Selection Methods 

 
Figures 5.14, 5.15, 5.16, and 5.17 as shown depict ensemble methods accuracy compared 

with feature selection methods such as statistical, machine learning, embedded, and merge 

two embedded feature subsets. 

 
Figure 5.14: Accuracy by Using Bagging and Feature Selection Methods 
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Figure 5.15: Accuracy by Using Boosting and Feature Selection Methods 

 

 
 

Figure 5.16: Accuracy by Using Stacking and Feature Selection Methods) 
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Figure 5.17: Accuracy, Training Time Using Stacking, Vote Methods and Feature Selection Methods 

  
Table 5.15, and Table 5.16 as shown depict which classification algorithm achieved 

highest accuracy by using feature selection method, and which feature selection method 

suitable for classification algorithm.   
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Table 5.15: The Classification Algorithm that Give the Highest Accuracy by Using Feature Selection Method 
This 

Work 
Approach The Classification Algorithm that Give the 

Highest Accuracy 
Features Accuracy 

Feature 
Selection by 
Using 
Statistical 
Method 

Bayes Naïve BayesMultinomial 3500 95.7 
SVM LibLINEAR 3500 93.15 
Decision Tree LMT  3500 83.4 
Ensemble 
Method 

Bagging with Naïve Bayes 3500 89.3 
AdaBoost with Naïve Bayes 3500 86.1 
Stacking with (LibLINEAR, 
Naïve BayesMultinomial, 
SMO) and LMT meta 
Classifier 

3500 96 

Feature 
Selection by 
Using 
Machine 
Learning 
Method 

Bayes Naïve BayesMultinomial 8639 80.3 

SVM SMO 9628 84.85 

Decision Tree LMT  8639 79.25 

Ensemble 
Method 

Bagging with Naïve Bayes 9215 76.1 
AdaBoost withJ48 8639 75.4 
Stacking with (LibLINEAR, 
Naïve BayesMultinomial, 
SMO) and LMT meta 
Classifier 

9628 85.1 

Feature 
Selection by 
Using 
Embedded 
Method 
(Improved 
Statistical 
Method) 

Bayes Naïve BayesMultinomial 500 96.4 
SVM LibLINEAR 500 99.75 
Decision Tree LMT  500 92.6 
Ensemble 
Method 

Bagging with Naïve Bayes 500 88.3 
AdaBoost with Naïve Bayes 500 87.6 
Stacking with (LibLINEAR, 
Naïve BayesMultinomial, 
SMO) and LMT meta 
Classifier 

500 99.75 

Feature 
Selection by 
Using 
Embedded 
Method 
(Improved 
Machine 
Learning 
Method) 

Bayes Naïve BayesMultinomial 500 92.8 

SVM SMO 500 99.35 

Decision Tree LMT  500 90.35 

Ensemble 
Method 

Bagging with Naïve Bayes 500 83.65 
AdaBoost with Naïve Bayes 500 84.05 
Stacking with (LibLINEAR, 
Naïve BayesMultinomial, 
SMO) and LMT meta 
Classifier 

500 99.5 

Merge Two 
Embedded 
Feature 
Subsets 

Bayes Naïve BayesMultinomial 828 96.95 
SVM LibLINEAR 828 99.8 
Decision Tree LMT 828 89.05 
Ensemble 
Method 

Bagging with Naïve Bayes 828 87.95 
AdaBoost with Naïve Bayes 828 87.95 
Stacking with (LibLINEAR, 
Naïve BayesMultinomial, 
SMO) and LMT meta 
Classifier 

828 99.85 
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Table 5.16: The Suitable Feature Selection Method for Classification Algorithm 
Classification Algorithm The Highest 

Accuracy 
The Suitable Feature Selection Method 

Naïve BayesMultinomial 96.95 Merge Two Embedded Feature Subset 
Naïve Bayes 86.85 Merge Two Embedded Feature Subset 
LibLINEAR 99.8 Merge Two Embedded Feature Subset 
LibSVM 98.5 Merge Two Embedded Feature Subset 
SMO 99.65 Feature Selection by Embedded Method 

(Improved Statistical Method) 
Merge Two Embedded Feature Subset 

J48 71.05 Feature Selection by Embedded method 
(Improved Statistical Method) 

REPTree 69.15 Feature Selection by Embedded method 
(Improved Statistical Method) 

DecisionStump 62.45 More method gives the same accuracy 
HoeffdingTree 83.55 Merge Two Embedded Feature Subset 
RandomTree 66.55 Feature Selection by Embedded method 

(Improved Machine Learning Method) 
LMT 92.6 Feature Selection by Embedded method 

(Improved Statistical Method) 
Bagging withJ48 79.25 Feature Selection by Embedded method 

(Improved Statistical Method) 
Bagging with REPTree 77.15 Feature Selection by Embedded method 

(Improved Statistical Method) 
Bagging with RandomTree 79.6 Feature Selection by Embedded method 

(Improved Statistical Method) 
Bagging with Naïve Bayes 89.3 Statistical Method 
AdaBoost withJ48 81.75 Feature Selection by Embedded method 

(Improved Statistical Method) 
AdaBoost with REPTree 79.25 Feature Selection by Embedded method 

( Improved Statistical Method) 
AdaBoost with RandomTree 67.6 Feature Selection by Embedded method 

(Improved Machine Learning Method) 
AdaBoost with Naïve Bayes 87.95 Merge Two Embedded Feature Subset 
Stacking with Naïve Bayes, 
Naïve BayesMultinomial, 
SMO) and LMT meta 
Classifier 

99.65 Merge Two Embedded Feature Subset 

Stacking with (LibLINEAR, 
Naïve BayesMultinomial, 
SMO) and LMT meta 
Classifier 

99.85 
 

Merge Two Embedded Feature Subset 

Vote with (LibLINEAR, 
Naïve BayesMultinomial, 
SMO) and LMT 

99.85 Merge Two Embedded Feature Subset 
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Chapter 6 
_________________________________________________________________________ 
Conclusion and Future Work 
 

6.1 Conclusion 

The aim of this work is a comparative study on feature selection and ensemble methods for 

sentiment analysis (SA) classification using different classification algorithms. In this work 

we experimented with different combinations of several feature selection methods and 

several classification algorithms. We found that using some combinations of these methods 

and algorithms perform and produce classification accuracy better than other 

combinations.  We tested and evaluated feature selection using statistical (Correlation), 

machine learning (Wrapper), and embedded (SVMAttributeEval) methods. We achieved 

an improvement on accuracy using improved statistical and machine learning methods by 

applying embedded method. Also, we improved the accuracy by using ensemble methods, 

merging two embedded feature subsets, and by changing the tuning parameter in 

SVMAttributeEval method. Furthermore, by changing the tuning parameter we were able 

to reduce the time needed to select features subset. We carried out many experiments using 

multiple classification algorithms to measure the classification performance. 

The results of our experiment showed that the performance and the obtained accuracy 

depends on the feature selection method, ensemble method used, number of selected 

features, type of classifier, and tuning parameter of a method. 

On the other hand, the time required to select features subset by SVMAttributeEval method 

Zas foXnd Wo be dependenW on Whe WXning parameWers¶ YalXe, so iW is imporWanW Wo idenWif\ 

the best value to be used instead of using the default value. 

In our experiment we achieved a high accuracy of 99.85% by merging features of two 

embedded methods when using ensemble method (Stacking with (LibLINEAR, Naïve 

BayesMultinomial, SMO) and LMT meta Classifier). This accuracy was better than the 

achieved accuracy of previous studies. Also, we achieved an improvement of accuracy 

when ensemble methods (Bagging, Boosting, Stacking, Vote) were applied. We were able 

to present the suitable feature selection method and training time for each classification 
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algorithm. Moreover, we achieved a high accuracy of up to 99.5% by tuning parameter of 

the stacking method, and a high accuracy of up to 99.95% and 100% by tuning parameter 

of the SVMAttributeEval method using statistical and machine learning approaches, 

respectively. 

Based on the outcomes of the experimental results, we conclude that the accuracy increases 

when we select the best features, which is achieved by using improved embedded method. 

Thus, using ensemble methods, the accuracy increases. Also, the accuracy increased by 

modifying the tuning parameter of SVMAttributeEval and Staking methods. The time 

required for features selection subset decreased by changing the tuning parameter value in 

the SVMAttributeEval method. 

6.2 Future Work 

There are some other techniques that can be used for feature extraction which could 

improve classification accuracy other than those used in this study. For example, we can 

classify texts based on semantic aspects for twitter reviews. 

The effect of changing the tuning parameter of an algorithm on the results of this research 

opens the door for researchers to use other parameters to improve classification accuracy, 

such as UseResampling, numIterations parameters in AdaBoost algorithm, and parameter 

reduced Error Pruning in J48 algorithm.  
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Ϥف الϴϨμات التϴارزمϮΧ ϊم ϲόϤلم الجόطرق التϭ زاتϴϤراج الΨتγطرق ا Δϧمقار Δγدرا ΔتلفΨ
 لتϴϨμف ϭتΤلϴل اϵراء

 

 زاϫر "ϤΤϣد ϋدϧاϧϮϳ "ϥس :إϋداد

:ϑراηد. إ ϱرϔϛ ϝاπϧ 

  :ΨϠϣص

Ϯϣ ϝϮΣاΨϣ ϊϴοتϔϠة، ϣثϞ جϮدة اϨϤϟتج ϭاϟسϴاسة ϭاΤϟرب  θϣϭاϋرϢϫآراϠϟϦ  ϢϬ΋تόبϴر ϳϋستΨدϡ اϨϟاس اϳϮϟب 

 ϢϜϟذا اϫ ϞϴϠΤرة تϭرο ϲا تأتϨϫ Ϧϣϭ .ϡاϤتϫϼϟ رةϴثϤϟا ϯرΧϷت اϻجاϤϟا Ϧϣ دϳدόϟاϭ ϢϴϠόتϟاϭ اتϣدΨϟاϭϣ رϴبϜϟاϦ 

ϨϟصاϮا صϤϴϓ اسϨϟا Ϫر بϜϔϳ اϣ ةϓرόϣϭ Ϧϴόϣ ωϮοϮϤب ϖϠόتϳ ϢϬ΋آراϭ.   

اϟتϴϘϨب Ϧϋ اϨϟص، تصϒϨ اϟتόبϴرات ϰϠϋ أϬϧا آراء  ϭ (SA) sentiment analysis ϘΣ ϮϫϞاϵراء تϞϴϠΤ اθϤϟاϋر

 ϗϼόϟة ϊϣ اϭ.ωϮοϮϤϟا تجاωϮοϮϣ ϩ اϫϻتϤاϡ بόد تΤدϳد تόبϴرات اθϤϟاϋر، ةأϭ سϠبϴإϳجابϴة 

تϲ اϟتϢϠό اϟجϲόϤ اρϭϟرϫ Ϧϣ ϕذϩ اϨϟصϮص  ϴϤزاتاρϟرϕ استΨراج اϬϟدϑ اϟرϴ΋سϫ Ϧϣ ϲذا اϟبΤث Ϯϫ دراسة Ϙϣارϧة 

تبϦϴ اϥ  اΨϤϟتϔϠة ϟتصϒϴϨ تϞϴϠΤ اθϤϟاϋر. أثϨاء Ϙϣارϧة اϮΨϟارزϴϣاتتϢ استΨداϬϣا ϮΧ ϊϣارزϴϣات اϟتصϒϴϨ اΨϤϟتϔϠة 

 Ϧϳتبا ϚϟاϨϫϒϴϨتصϟة اϗد ϲϓϚϟذϭ . ( زةϴϤϟار اϴتΧا ϕرρ ϰϟاداً إϨة،استϴ΋صاΣة إϟϵة اϐϟ، )ةϨϤπϣ ϩذϫ ΢οϮتϭ Ϧϴتب .

 اΨϤϟتϔϠة. ϛذϚϟ تϬψر اϛϷثر ϼϣءϣة Ϭϟذا اϦϣ ωϮϨϟ اϟبϴاϧات ϮΨϟϭارزϴϣات اϟتصρϒϴϨرϘϳة اΧتϴار اϴϤϟزة اϟدراسة 

 ϕرρ ϡداΨباست ϲόϤجϟا ϢϠόتϟة،اΌبόتϟا( ،زϳزόتϟتراص، اϟا  )تϳϮتصϟا ϢϠόتϟات اϴϣارزϮΧ Ϧϴب ϊϤجϟا ϕرρ ϲϫ ϲتϟاϭ

اϱϮϘϟ بϞϜθ أϦϣ Ϟπϓ اϤϟصϒϨ اϤϟدϣج  اϤϟصϒϨاϥ اϮΨϟارزϴϣة اΧϷرϤϛ .ϯا تبϦϴ اΨϤϟتϔϠة بϴΤث تدϮΧ Ϟϛ Ϣϋارزϴϣة 

ϳؤدϱ استΨداϭ ϡدϣج ϴϣزات ϓرϴϋة باτϟرϘϳة اϨϤπϤϟة ΤϳسϦ دϗة اϟتصϤϛ ϒϴϨا اϥ  .اϔϟردϱ اϟذϳ ϱؤدϱ إϰϟ دϗة ϋاϴϟة

Ϥϟا ςبοةϤϠό  ϒϴϨتصϟة اϗد ϦϴسΤت ϰϟزة إϴϤϟد اϳدΤت ϕرτϟ ϞϴϠϘت Ϛϟذϛϭ تϗϮϟباϮϠτϤϟا ϻراجΨة  ستϴϋرϓ ةϋϮϤجϣ

 .Ϧϣ اϴϤϤϟزات

 ϋددϭاϟتϢϠό اϟجρ ϲόϤرϕ  استΨداϭϡ اϴϤϟزةأϬυرت اϨϟتا΋ج أϥ اϟدϗة اϟتϲ تϢ اΤϟصϬϴϠϋ ϝϮا تόتϤد ρ ϰϠϋرϘϳة اΧتϴار 

ϖ دϗة ϋاϴϟة تصϘΤϴ ϞتϴΣث تϢ اϟتϮصϞ اϰϟ اϤϠόϤϟة τϟرϘϳة استΨراج اϟبϴاϧات.  οϭبς اϤϟصϭωϮϧ ϒϨ اΤϤϟددةاϴϤϟزات 

 ϰϟة 99.85%إϘϳرρ ϡداΨد استϨϋ  ϲόϤجϟا ϢϠόتϟاStacking  زاتϴϤϤϟا Ϧϣ ةϋϮϤجϤϟ ϲتϟا ϢاتϬجϣتدϠصϭ اϤϛ .  ةϗدϟا

ϰϟة  99.5% إϘϳرρ ϲϓ ةϤϠόϤϟا ςبο ϝϼΧ ϦϣStacking  ϲϓ ةϤϠόϤϟا ςبο ϝϼΧ Ϧϣ ϰϠϋة أϗد ϰϠϋ اϨϠصΣ Ϛϟذϛϭ

باستΨداϐϟ ϡة اϟϵة.  100% باستΨداϡ اτϟرϘϳة اΣϹصاϴ΋ة ϭ%99.95 ϭصϠت اρSVMAttributeEval  ϰϟرϘϳة 

 .ϣجϋϮϤة ϓرϴϋة Ϧϣ اϴϤϤϟزات ستΨراجϻ اϮϠτϤϟباϗϮϟت تϳ ϞϴϠϘتϢ باستΨداο ϡبς اϤϠόϤϟة أπϳا 

 ϒϴϨتص ϲϓ ةϴϟاϋ ةϗد ϰϟا ϝϮصϮϠϟ Ϫϧا Ϛϟص بذϠΨستϧϭراءϵا  ϦϜϤϳ ϻاϤتϋϻا  داϨϴϠϋ ϦϜϟϭ ددةΤϣ اتϴϣارزϮΧ ϰϠϋ

 اϤϟراد تصϬϔϴϨا.  ϭاϵراءΤϓص اϧϻسب ϫ Ϧϣذϩ اϮΨϟارزϴϣات ϭاΧتϴار ρرϘϳة اϟدϣج بϬϨϴا τϟبόϴة ωϮϧϭ اϨϟصϮص 


