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Abstract  

 
High-dimensionality is one of the major problems that arise in text classification task. Usually, dimensional reduction 
techniques are used to reduce the feature dimensions to a minimum number without not or much affecting the 
classifiers’ performance. Among the techniques, filter-based is the widely used, aiming to select the informative 
features from the original features set. The filter methods proposed in literature falls into critical problem of being not 
much effective with respect to some datasets or classifiers. To overcome such issue, a number of works were presented 
combining different multiple filter methods. This approach improves classifiers' performance by maximizing the 
advantage of one method and minimizing the disadvantage of the other. In this paper, we studied the impact of 
combining multiple FS methods, comprising MI, Chi2, and t-test, on a text classification problem. V-score is adapted 
to combine and ranked the features produced by the chosen FS methods. Experiment is conducted on movie reviews 
dataset and classification accuracy is reported using NB and SVM. Both the methods were evaluated based on TFIDF 
and Count_vector feature representations. Experimental results demonstrate minor improvement in performance by 
combining two filter methods and no significant improvement by combining the three methods.   
 
Keywords  
Feature Selection, Filter-Based, Feature Representation, Dimensionality Reduction, and Classifier 
 
1. Introduction  
In today's text data Analysis, high-dimensionality has become the main problem faced by machine learning models. 
The massive number of features generated by textual data introduces the so-called “curse of dimensionality", and this 
aggressively increases the computational complexity of machine learning models (Habib et al., 2016; Shepitsen et al., 
2008; Suthaharan, 2016). For instance, in documents classification, the dataset contains tens to hundreds of thousands 
features. Feeding such dataset into our state of art learning models or even most advance models is tedious and 
sometimes infeasible. However, many kind of these datasets might contain features that are irrelevant, redundant or 
noise that course serious problem to the classification task (Vora & Yang, 2017). Dimensionality reduction is the 
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current research direction that helps overcome the problems mentioned earlier (Ikeuchi, 2014; Krishnan et al., 2019). 
The focus point behind dimensionality reduction is reducing the number of original features set to a smaller 
informative features subset so that it can be easily handled by the prediction model (Caragea et al., 2012; Juvonen et 
al., 2015). Feature Selection (FS) (Rong et al., 2019; Sharif et al., 2018) is one of the main techniques of dimensional 
reduction, which is more applicable to a large dataset. The technique selects from the original feature set, the most 
informative features subset that contributes to the classification task without sacrificing the performance of the 
classification models (Al-thubaity et al., 2013; El-Hasnony et al., 2020; Onan & Serar, 2015). Application domains 
that contain a large number of samples with a large number of features extensively benefit via FS techniques. Tasks 
such as Sentiment Analysis, Spam Filtering, Recommender System, Text Mining and Documents Categorization 
require effective FS methods to preserve or improve classification models' performance with respect to lower running 
time (M. Rajab & Wang, 2020).  
 
Generally, FS methods (Forman, 2003) are broadly grouped into filter methods, wrapper methods, and embedded 
methods (Gu et al., 2015; Li et al., 2020; Rong et al., 2019). Filter methods (Bermejo et al., 2013) are independent 
that they do not interact with classifier when constructing an informative feature subset. They rely on metrics for 
evaluating and ranking the importance of a feature prior to the classification. The methods can attain quick feature 
sorting to effectively filter out a high number of non-relevant or noise features (Li et al., 2020). They select features 
subset by considering the usefulness of a feature according to evaluation metrics(Li et al., 2020; Onan & Serar, 2015; 
Rong et al., 2019; Zhou et al., 2018). Filter methods usually have good computational efficiency but affect 
classification accuracy to some point. Information Gain (Quinlan, 1986), Chi-Square (H. Liu & Setiono, 1995), Fisher 
Score (Longford, 1987), ReliefF (Jafari et al., 2017), t-test (Wang et al., 2013) are among the few filter-based methods. 
Wrapper methods are dependent on classifiers that they frequently interact with the classification algorithm in order 
to construct a subset of informative features (Li et al., 2020; Nam & Quoc, 2016; Rong et al., 2019). They evaluate a 
particular feature subset by training and testing a given classifier, and they are personalized to a particular classifier 
(Saeys et al., 2007). These methods have bad computational efficiency but produce high classification accuracy. These 
methods are not usually favored in text classification task (Şahin & Kılıç, 2019). Heuristic Search Algorithms (HSA) 
and Sequential Selection Algorithms (SSA) (Das et al., 2018; Kittler, 2014; Kohavi & John, 1997) are common 
examples of classical wrapper methods. Embedded Methods integrate classifiers with feature selection technique 
during the training phase and optimally search feature subset by designing an optimization function (Rong et al., 
2019)(Das et al., 2018)(Hou et al., 2014). Like wrapper methods, embedded methods frequently interact with the 
classifier but have computational efficiency better than wrapper methods, and are also personalized to a specific 
classifier (Şahin & Kılıç, 2019). Selection-Perceptron (FS-P)(Chakraborty & Pal, 2015), Support Vector Machines 
(SVM-RFE) (Kari et al., 2018), Lasso (L1) and Elastic Net (L1+L2) based models (Tibshirani, 1996; Zou & Hastie, 
2005) are some few examples of embedded based methods. This study is focusing only on filter-based FS methods. 
 
Many studies have analyzed numerous filter-based FS methods, and most of these investigation works analyze the 
impact of different filter methods to classification models by considering a single strategy. However, very few studies 
investigate the challenges and impact of combining multiple strategies. For example, result discrepancy is among the 
significant challenges associated with combining multiple methods (Kamalov & Thabtah, 2017), making it hard for 
two distinct filter methods to select the same set or very similar set of features (Vora & Yang, 2017). The feature 
similarities of combining two filter methods may be lower or higher than those of other different combinations. In 
(Vora & Yang, 2017), it has shown that the average similarity score obtained with IG and Chi2 falls between (0.93 - 
1.00) while for CFS and FCBF falls between (0.65 - 0.32). Thus the later combination selects more identical features. 
This issue seriously impacts combining multiple filter methods, and wrong combination may result in the degradation 
performance of classification models.  
 
This paper investigates the impact of combining multiple filter-based FS methods with regard to text classification 
upon two widely used classifiers. The study wishes to answer the following research questions: Will multiple 
combinations of different filter methods, have an impact on classification performance? What is the impact of 
combining two versus three filtering FS methods using vector magnitude score (V-score) approach with respect to 
text classification?  
 
The remaining body of this paper is systematically partitioned as follows: In Section 2, related works are presented. 
Selected Filter-based feature selection methods chosen for the study are briefly discussed in section 3. Properties of 
the datasets used and experimental set up are devoted to section 4. Experimental results and analysis are systematically 
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placed in section 5. Finally, the study ends with a conclusion and highlights of possible future work which are given 
in section 6. 
 
2. Literature Review  
As mentioned earlier, Feature selection is a dimensionality reduction techniques that assist in evaluating the 
significance of a feature. Increasing the optimality of features subset is the main idea behind combining different FS 
methods. Two main criteria administer combination of FS, the strategy utilized in selecting features for the 
combination process, and the approach of combining the selected features sets (Al-thubaity et al., 2013).  Recently, 
few studies have proposed approaches for merging features subsets and filtering optimal features based on combining 
multiple FS methods such as Union(OR) approach (Tsai & Hsiao, 2010), Intersection (AND) (Tsai & Hsiao, 2010; 
Uguz, 2011), Modified Union approach  (Bharti & Singh, 2015), and V-score (Kamalov & Thabtah, 2017; K. D. 
Rajab, 2017) approach. This study is based on vector magnitude score (V-score). The approach combines the scores 
of each feature computed by both filter methods employed and later selects the most informative features by 
considering a defined threshold.  
 
The effectiveness of combining multiple FS methods based on predictive models performance has been investigated 
in many studies. Most of the studies reported performance improvement in accuracy and processing time when 
multiple distinct FS methods are combined. (Tsai & Hsiao, 2010) hybridize multiple methods for dimensional 
reduction to figure out more informative features for stock prices prediction task. In their study, (Onan & Serar, 2015) 
essembled seven different FS methods and employed Genetic Algorithm (GA) to marge the independent feature 
sequences into a single comprehensive sequence in text sentiment Analysis problem. An intermediary method of 
Union (OR) approach and Intersection (AND) approach named modified union is presented by (Bharti & Singh, 2015). 
The authors in (Nam & Quoc, 2016) proposed a hybrid filtering method for selecting optimal features subsets in large 
scale textual problem by integrating cluster-based and frequent-based approach, termed FCFS. To tackle the problem 
of results discrepancies, a new feature selection approach that combines the computed scores from multiple FS 
methods into one is proposed by Rajab (K. D. Rajab, 2017). Study presented in (Kamalov & Thabtah, 2017) proposed 
a method that selects optimal features from sets with ranking features produced by three different ranking strategies. 
Forman (Forman, 2003) empirically studied and compared twelve different evaluation metrics for feature selection on 
a text classification problem. They finally revealed that BNS with IG has the minimum correlated failure so as mark 
best backup choice. (Molina et al., 2002) present a comprehensive study that reveals the behaviour of various FS 
methods based on the criteria of irrelevance, redundancy and relevance. The impact of integrating five methods for 
FS was investigated by (Al-thubaity et al., 2013). In another new multi-stage approach, (Li et al., 2020) consider the 
application of union approach on the lowest rank feature subset produce by Fisher score and IG methods in the first 
phase of their method. The study employed IG, Chi-square, NGL, GSS, and RS methods on Arabic textual dataset. 
Union (OR) and intersection (AND) approach were utilized to integrate the scores produced from various FS methods 
employed to a single sorted feature set. Results Analysis showed there was no any improvement recorded in terms of 
classification accuracy when more than three FS metrics were integrated, while a small improvement was noticed for 
integrating two to three FS metrics. (Vora & Yang, 2017) present a comparative study on ten different filtering 
methods: Fisher Score, Chi-square, Gini Index, Laplacian Score, IG, mRmR, and CFS, FCBF, Kruskal-Wallis, and 
REliefF. Experimented on five different text dataset, the authors found that combination of Kruskal-Wallis, Gini Index 
with SVM classifier lead the race as it achieved competitive classification performance but takes longer processing 
time, while IG and Chi-2 are projected as methods with a large number of similar feature been selected. 
 
3. Feature Selection Methods  
As we discussed earlier, FS methods are usually applied to high dimensional datasets to remove irrelevant, redundant, 
and noise features. The methods efficiently reduce the dimension of features set, improve the classification 
performance and at the same time, reduce processing time. In this section, we briefly discuss the chosen benchmark 
Filter-based FS methods, comprising Mutual Information (IG), Chi-Square (Chi2), and Student Statistical Test (t-test). 
 
3.1. Mutual Information (MI)  
The Mutual Information (MI) (Haris B. & Revanasidappa M., 2017; Lefkovits & LefKvotis, 2017) is an information 
theory-based commonly used in statistics to model word association (Haris B. & Revanasidappa M., 2017). MI 
measures the amount of information presence or absence of a feature and its contribution in making the appropriate 
classification prediction on labelled classes. The method computes and assigns a score to each feature by considering 
the variation between the entropy obtained based on the presence or absence of feature/term in a class (Zhou et al., 
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2018). High MI score indicates the discriminating capability of a feature and ranked top. Given a random variable X 
and a specific event 𝑥𝑥𝑖𝑖, let 𝑃𝑃(𝑥𝑥𝑖𝑖) denotes the probability of an event (𝑥𝑥𝑖𝑖). Mathematically, the entropy of discrete 
random variable 𝑋𝑋 is formulated as: 
 

𝐻𝐻(𝑋𝑋) = − � 𝑃𝑃(𝑥𝑥𝑖𝑖) log�𝑃𝑃(𝑥𝑥𝑖𝑖)�
𝑥𝑥𝑖𝑖∈𝑋𝑋

                                                                           (1) 

 
The general formula for calculating MI of a given feature t is formally given as: 
 

𝐼𝐼(𝑡𝑡, 𝑐𝑐) =  �  � 𝑃𝑃(𝑡𝑡, 𝑐𝑐) ∗ log �
𝑃𝑃(𝑡𝑡, 𝑐𝑐)

𝑃𝑃(𝑡𝑡) ∗ 𝑃𝑃(𝑐𝑐)
�

𝑡𝑡∈{𝑡𝑡𝑘𝑘 ,�̅�𝑡𝑘𝑘}𝑐𝑐∈{𝑐𝑐𝑖𝑖 ,𝑐𝑐�̅�𝑖 }

                                                     (2) 

 
Where P(t,c) is the probability of class c and occurrence of the feature t, P(t) is the probability of class containing 
feature t, P(c) is the probability of class c.  𝑡𝑡𝑘𝑘 ���𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑘𝑘�  denote feature not present, and class not present, respectively. 
Let N represent the total number of documents in a given dataset, and Ns with indicated subscripts values represents 
counts of documents. Using Maximum Likelihood estimates (MLEs) of probabilities, equation 2 can be expressed as: 
 

I(t, c) =  
N11

N
log2(

NN11

N1.N.1

) +  
N01

N
log2(

NN01

N0.N.1

) +  
N10

N
log2(

NN10

N1.N.0

) +   
N00

N
log2(

NN00

N0.N.0

)                (3) 

 
In the information theory logic, a term /feature contains about the class, if the distribution of a term is equivalent in 
the class as it is in the whole collection, then (I(t, c) = 0. MI attains its optimal value if the term is a perfect 
discriminator for class membership if the term exists in a document if only the document is in the class. 
 
3.2. Chi-Square (Chi2)  
Chi-Square (Chi2) (Haris B. & Revanasidappa M., 2017; H. Liu & Setiono, 1995) is a statistical-based and important 
non-parametric test method used to Compare more than two attributes for a randomly chosen data (Şahin & Kılıç, 
2019). It is commonly known as independence test, and the method is applied to test if the concurrence of a particular 
term and a particular category are not dependent. Chi2 generates a value that reveals the relationship between a term 
and category during feature filtering process in text classification. The Chi2 score of a give term 𝑡𝑡𝑘𝑘 for a category 𝑐𝑐𝑖𝑖 
is calculated as: 
 

𝐶𝐶ℎ𝑖𝑖 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑎𝑎𝑠𝑠𝑠𝑠(𝑡𝑡𝑘𝑘  𝑐𝑐𝑖𝑖) =
𝑁𝑁𝑃𝑃(𝑡𝑡𝑘𝑘)2�𝑃𝑃(𝑐𝑐𝑖𝑖|𝑡𝑡𝑘𝑘) − 𝑃𝑃(𝑐𝑐𝑖𝑖)�2

𝑃𝑃(𝑡𝑡𝑘𝑘)�1 − 𝑃𝑃(𝑡𝑡𝑘𝑘)�𝑃𝑃(𝑐𝑐𝑖𝑖)�1 + 𝑃𝑃(𝑐𝑐𝑖𝑖)�
                                               (4) 

 
Where P(tk) is the probability of a document that contains term tk, P(ci) is the probability of documents that belongs to 
class ci; P(ci|tk) is the conditional probabilities of a document that belongs to ci; given that it contained tk. If the two 
events are dependent, then the term occurrence makes the class occurrence less likely (or more likely), so it should be 
considered as contributing feature. Thus the importance for each feature is estimated and rank them according to their 
score. If a feature is near to more classes, then the score of that feature will be higher. Furthermore, this score can be 
generalized over all classes in two approaches. The first approach calculates the weighted average score for all class, 
while the second approach is to select the maximum score between all classes (Haris B. & Revanasidappa M., 2017). 
 

𝐶𝐶ℎ𝑖𝑖2𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡) =  � 𝑃𝑃𝑟𝑟

𝑚𝑚

𝑖𝑖=1

(𝑐𝑐𝑖𝑖)𝐶𝐶ℎ𝑖𝑖2(𝑡𝑡, 𝑐𝑐𝑖𝑖)                                                                      (5) 

 
 

𝐶𝐶ℎ𝑖𝑖2𝑚𝑚𝑎𝑎𝑥𝑥(𝑡𝑡) = max
𝑖𝑖

{𝐶𝐶ℎ𝑖𝑖2(𝑡𝑡, 𝑐𝑐𝑖𝑖)}                                                                        (6) 
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3.3. Student Statistical Test (t-test)  
Student Statistical Test (t-test) (Wang et al., 2014) is a statistical-based method which is commonly used to evaluate 
if the means of two groups are statistically different from each other by computing a ratio between the mean difference 
of two groups and the variability of the two groups (Essied et al., 2014; Wang et al., 2013, 2014). Presently, t-test is 
widely used as an evaluation function to select significant features that contribute to classifying instances. The method 
computes the t-score of each feature by measuring the term's distinct distributions in relevant class and documents 
collection (Y. Liu et al., 2020). The series of formulations for calculating t-test is given as: 
 

𝑡𝑡 − 𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡(𝑡𝑡𝑖𝑖, 𝑐𝑐𝑘𝑘) =
�𝑡𝑡𝑓𝑓𝑘𝑘𝑘𝑘����� − 𝑡𝑡𝑓𝑓𝑘𝑘����

𝑚𝑚𝑘𝑘 × 𝑠𝑠𝑖𝑖
                                                                    (7)  

 

𝑆𝑆𝑖𝑖
2 =

1
𝑁𝑁 − 𝐾𝐾

� � (𝑡𝑡𝑓𝑓𝑖𝑖𝑖𝑖 − 𝑡𝑡𝑓𝑓𝑘𝑘𝑘𝑘�����)2

𝑖𝑖∈𝐶𝐶𝑘𝑘

𝑘𝑘

𝑘𝑘=1

                                                              (8) 

 

𝑚𝑚𝑘𝑘 = �
1

𝑁𝑁𝑘𝑘
−

1
𝑁𝑁

                                                                                   (9) 

 
Each class's specific scores obtained from equation (7) are combined to find the final score. 
 

𝑡𝑡 − 𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡𝑖𝑖) =  � 𝑡𝑡 − 𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡(𝑡𝑡𝑖𝑖, 𝐶𝐶𝑘𝑘

𝑘𝑘

𝑘𝑘−1

)                                                             (10) 

 
where 𝑆𝑆𝑖𝑖  denotes the standard deviation within a category, 𝐶𝐶𝑘𝑘  denotes the 𝑘𝑘𝑡𝑡ℎ  category, 𝑁𝑁𝑘𝑘  is the number of 
documents in 𝑘𝑘𝑡𝑡ℎ  category, 𝑘𝑘 is the total number of categories, 𝑡𝑡𝑓𝑓𝑘𝑘𝑖𝑖 donates the average TF of term 𝑡𝑡𝑖𝑖 in 𝑘𝑘𝑡𝑡ℎ category,  
𝑡𝑡𝑓𝑓𝑖𝑖 denotes average TF of term 𝑡𝑡𝑖𝑖 in the corpus. 𝑁𝑁 denotes the total number of documents in the collection. When t-
test score is less than a defined threshold, it indicates that the feature has lower discrimination ability; otherwise, the 
feature will contribute to the classifying instances and will be selected. 
 
4. Experiment and Dataset  
In this section, a summary of the datasets used and the implantation process adapted are briefly explained. Also, the 
experimental settings are briefly explained. Lastly, the section ends with a brief discussion on Classifiers selected for 
the experiment. 
 
4.1. Dataset  
The Movie Reviews dataset is a collection of movie review extracted from the imdb website. The dataset was initially 
made available in 2002, later in 2004, an updated version (referred to as “v2.0") was released. The dataset contains 
features of frequently used nouns, verbs, adverbs and adjectives. It comprises of 2000 instances, 1,000 negative and 
1,000 positive movie reviews. In this study, we used the public available movie reviews dataset from two 
corresponding corpora included in the Python NLTK toolkit for Natural Language Processing. We partitioned it into 
70% for training and 30% for testing. The summarized properties of the dataset can be found in table1. 
 
4.2. Experiment Settings  
In this experiment, the effect of combining multiple filter-based FS methods on text data are studied. Three existing 
benchmark feature filtering methods are considered for the comparative analysis, namely IG, Chi2, and t-test. The 
features considered for the training are selected based on feature ranking where individual features from the chosen 
benchmark FS methods are combined using Vector Magnitude Score (V-score) approach. All features are ranked 
based on V-score, and all those high ranked features above a defined threshold are used for classifying instances. 
Thresholds defined are listed in table 1. Firstly, the classification accuracy based on individual benchmark filter 
methods is evaluated. Furthermore, these methods are hybridized with each other using the above-mentioned 
combining approach, and their impact on the classification accuracy is evaluated. 
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4.3. Classifiers  
Two well-known classifiers are used for the analysis evaluation purpose in this study, including Support Vector 
Machine (SVM) (Suthaharan, 2016) and Naïve Bayes (NB) (Kowsari et al., 2019). Both the classifiers are selected 
based on their performance in the context of text classification problem.  
 
SVM is a binary classifier proposed by Vapnik and Chervonenkis, formulated from statistical learning theory 
(Unnikrishnan et al., 2017). The model marks the maximum channel between two categories known as a hyperplane 
[B5] and separates the data samples into different categories (Estévez et al., 2019).  Regarding text classification, let 
(𝑥𝑥1, 𝑥𝑥2 … . 𝑥𝑥𝑙𝑙) be training samples belonging to a class X, where X is a dense subset of RN (Suthaharan, 2016). Then 
SVM classifier is modeled as follows: 
 

min
1
2

‖𝑤𝑤‖2 + 
1
𝑣𝑣𝑣𝑣

� 𝜁𝜁𝑖𝑖 − 𝑝𝑝                                                                                 (11)
𝑙𝑙

𝑖𝑖=1

 

 
Subject to:  
 

(𝑤𝑤.Φ(𝑥𝑥𝑖𝑖)) ≥  𝑝𝑝 − 𝜁𝜁𝑖𝑖 , 𝑖𝑖 = 1,2, … 𝑣𝑣, 𝜁𝜁 ≥  0                                                          (12) 
 
Decision function is expressed as the following equation if and only if 𝑤𝑤 and 𝑝𝑝 solve the problem. 
 

𝑓𝑓(𝑥𝑥) = 𝑠𝑠𝑖𝑖𝑠𝑠𝑎𝑎((𝑤𝑤.Φ(𝑥𝑥)) − 𝑝𝑝                                                                        (13) 
 
Naïve Bayes (NB) is also a supervised classifier method which is theoretically established based on Bayes theorem, 
and it was proposed by Thomas Bayes (Suthaharan, 2016)(Kowsari et al., 2019). It uses 'naïve' independence between 
every features or attributes pair (Al-thubaity et al., 2013). The model integrates maximum a posteriori (MAP) decision 
rule together with the Bayes model (Al-thubaity et al., 2013). Regarding text classification, let n be the number of 
documents that fit into K categories, where 𝐾𝐾𝐾𝐾 {𝑐𝑐1, 𝑐𝑐2,, … 𝑐𝑐𝑘𝑘}, the predicted category's output is given as c ∈ C, and d 
and c denotes documents and categories. Then NB is modeled as follows: 
 

𝑃𝑃(𝑎𝑎|𝑐𝑐) =
𝑃𝑃(𝑎𝑎|𝑐𝑐)𝑃𝑃(𝑐𝑐)

𝑃𝑃(𝑎𝑎)
                                                                                 (14) 

 
𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀 = arg max

𝑐𝑐𝑐𝑐𝐶𝐶
𝑃𝑃(𝑎𝑎|𝑐𝑐) 𝑃𝑃(𝑐𝑐) = arg max

𝑐𝑐𝑐𝑐𝐶𝐶
𝑃𝑃(𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛) 𝑝𝑝(𝑐𝑐)                                    (15) 

 
4.4. Software Implementation  
In this study, all the implementations for the experiments are conducted on Python (V3.8.2) environment, which is 
installed on a computer with Windows 8 (OS). Other minimum required conditions for the experiments include 
Intel(R) CoreTM i5 processor4300m@2.60GHz/8GRAM/64 GB/Windows 8. Python’s implementation from scikit-
learn is used for all the three chosen FS methods and the two classification methods. Default values of most of the 
parameters associated with the classification methods are retained.  
 

Table 1:  Summary of Dataset and Parameters Used in the Experiment 
 

Parameters Description 
Dataset Movie Reviews 

#Samples 2000 
#Features 49582 
#classes 2 

Feature Representations Count_vector & TFIDF 
Thresholds Set 20%, 40%, 60% and 80% 
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Classifiers Parameters Default 
5. Results and Analysis  
Given classification methods, is there any significant impact on their performance by applying different FS methods? 
Also, will multiple combinations of different filter methods using vector magnitude score (V-score) approach have an 
impact on classification performance? Furthermore, what is the impact of combining two VS three filtering methods 
with respect to the selected classifiers? To answer these questions, a series of experiments and evaluations have been 
conducted. As mentioned earlier in section 3, that this comparative analysis includes three FS methods and two well-
known classifiers. For each benchmark FS methods and combination of them, the top-ranked features above a defined 
threshold(s) will be evaluated using each of the chosen classifiers. 
 
5.2 Graphical Results  
Shown in Figure. 1 and Figure. 2 are classification accuracy of the two classifiers (NB and SVM) been evaluated on 
Movie Reviews dataset by applying single benchmark FS methods (MI, Chi2, and t-test) and multiple combinations of 
them (MI+Chi2, MI+t-test, Chi2+t-test, and MI+Chi2+t-test), respectively. Closely looking at the classification 
accuracy presented based on NB in figure1, we can clearly see that, MI+Chi2 recorded the highest accuracy of 82.33% 
using TFIDF followed by MI+t-test with 81.33%, while Chi2+t-test recorded the lowest accuracy. Likewise, for 
Count_vector feature representation, MI+Chi2 also recorded the highest accuracy of 80.11% followed by MI+t-test 
with 79.77% while MI recorded the lowest accuracy. The highest accuracy was 83.83% and 87.24, which is also 
recorded by MI+Chi2 while the lowest accuracy was recorded by t-test using both the two feature representations. By 
considering only the three benchmark FS methods, The Chi2 outperformed the other two methods for Count_vector 
while t-test superseded using TFIDF. On the other hand, MI outperformed the other two benchmark methods for both 
the feature presentations with small significance enhancements, as shown in figure 2. From the summary of the below 
results, we can conclude that MI works better with SVM for both feature representations while Chi2 works better with 
NB if the features are represented using TFIDF otherwise t-test works better. We also noticed a significant impact in 
combining two different FS methods, especially when MI is combined with Chi2 despite they operate based on 
different theoretical strategy. Moreover, there is no positive impact in combining three different FS methods as 
depicted from the results. Generally, all the FS methods comparatively performed better with both the classifiers when 
TFIDF feature representation is used. 
 
Figures 3 and 4 show the results obtained from combinations of multiple FS methods for FTIDF on all the number of 
features and certain defined thresholds as listed in table 1. We consider only TFIDF due to space limit, and because it 
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Figure 1. Classification Accuracy Based on NB 

 
Figure 2. Classification Accuracy Based on SVM 

 
outperformed Count_vectore generally. From Figure 3 it can be seen the classification accuracy recorded using NB. 
When the number of features selected is 80% of the total number of features, the classification accuracy of MI+Chi2 
is better than the other combination methods upon all classifiers. At 20% threshold, all the methods recorded the 
lowest accuracy with a combination of MI and Chi2 recorded the highest. This is because most of the informative 
features are eliminated from the features subset by the methods at that defined threshold. The maximum accuracy is 
observed with all the methods when all the features are used (100%). MI+Chi2 outperformed all the other methods 
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across all defined thresholds except at 40% where no accuracy improvement is achieved. Most of the methods show 
a significant rear improvement between 60% and 80% with Chi2+ t-test achieved the most remarkable improvement 
of about 0.77% accuracy. This shows most of the features eliminated between the thresholds are non-relevant or noise 
 

 
Figure 3. Classification Accuracy of NB on Different Defined Thresholds 

 

 
Figure 4. Classification Accuracy of SVM on Different Defined Thresholds 

 
In the other hand, figure 4 reported accuracy results obtained based on SVM. As we can see with the lowest number 
of features (20%), MI+Chi2 achieved the lowest accuracy, but it outperformed the other methods when the features 
increase to 80%. Moreover, MI+Chi2+t-test recorded the highest accuracy at the 20% threshold, which drops by 
1.38% when the number of features increased to 40%. Most of the features selected at that particular threshold are 
non-relevant or noise. Like previous evaluation results, all the methods also shows no significant improvement 
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between 60% and 80% thresholds. Generally, we noticed that with a lower number of features, the ratio of informative 
features retained by MI+Chi2 is lower than that of the other methods which turn to be higher when the number of 
features increases.  
 
6. Conclusion and Future Work 
This paper presents a comparative study to investigate the impact of integrating multiple filter-based FS methods and 
their performance upon two different feature representations. Moreover, the investigation also includes how these FS 
methods perform with two common distinct classifiers with respect to text classification. Three benchmark FS 
methods were considered in this study including MI, Chi2, and t-test, these methods were integrated with each other 
(MI+Chi2, MI+t-test, Chi2+t-test, and MI+Chi2+t-test) using V-score approach in which four defined thresholds of 
20%, 40%, 60%, and 80% are set to select the qualified features. TFIDF and Count_vector are used for feature 
representations. An experiment is conducted using movie reviews dataset. Two chosen classifiers, namely NB and 
SVM were used to report the classification accuracy. Results from a series of experiments showed a little significant 
improvement when two FS methods were integrated, with no improvement when the three methods were integrated. 
The combination of MI and Chi2 achieved the maximum improvement of 0.44% accuracy when couple with NB, and 
0.88% when coupled with SVM. Generally, out of the two feature representations, all the methods comparatively 
performed better using TFIDF than Count_vector. On the other hand, another experiments that consider only multiple 
FS methods were conducted by reconsidering the four defined thresholds and the whole features set. Results showed 
that MI+Chi2 outperformed the other methods for both thresholds except 40% with NB classifier and 20% with SVM. 
Finally, results also reveal that it is worthwhile to integrate MI and Chi2 FS methods in text classification problems 
when V-score approach is adapted.  
 
In future work, we plan to investigate the following task: (1) To investigate the impact of combining other FS methods 
based on V-score approach. (2) To propose another combining approach that will improve classifier’s performance 
when t-test is combined with other methods.  
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