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a b s t r a c t

Feature selection is known as a good solution to the high dimensionality of the feature space and mostly

preferred feature selection methods for text classification are filter-based ones. In a common filter-based fea-

ture selection scheme, unique scores are assigned to features depending on their discriminative power and

these features are sorted in descending order according to the scores. Then, the last step is to add top-N fea-

tures to the feature set where N is generally an empirically determined number. In this paper, an improved

global feature selection scheme (IGFSS) where the last step in a common feature selection scheme is modi-

fied in order to obtain a more representative feature set is proposed. Although feature set constructed by a

common feature selection scheme successfully represents some of the classes, a number of classes may not

be even represented. Consequently, IGFSS aims to improve the classification performance of global feature

selection methods by creating a feature set representing all classes almost equally. For this purpose, a local

feature selection method is used in IGFSS to label features according to their discriminative power on classes

and these labels are used while producing the feature sets. Experimental results on well-known benchmark

datasets with various classifiers indicate that IGFSS improves the performance of classification in terms of

two widely-known metrics namely Micro-F1 and Macro-F1.

© 2015 Elsevier Ltd. All rights reserved.

1. Introduction

Rapid developments of internet technologies lead an increase on

the amount of electronic documents worldwide. Consequently, hier-

archical organization of these documents becomes a necessity. This

situation enhances the importance of text classification whose goal

is to classify texts into appropriate classes according to their con-

tents. Text classification is applied to numerous domains such as topic

detection (Rill, Reinel, Scheidt, & Zicari, 2014), spam e-mail filtering

(Gunal, Ergin, Gulmezoglu, & Gerek, 2006; Idris & Selamat, 2014),

SMS spam filtering (Uysal, Gunal, Ergin, & Gunal, 2013), author identi-

fication (Zhang, Wu, Niu, & Ding, 2014), web page classification (Saraç

& Özel, 2014), and sentiment analysis (Medhat, Hassan, & Korashy,

2014). Text classification tasks can be realized with schemes hav-

ing different settings. A fundamental text classification scheme, as

in many different pattern recognition problems, consists of feature

extraction and classification stages. Due to the nature of the prob-

lem, feature extraction mechanism needs to extract numerical infor-

mation from raw text documents. Then, any classifier can be used

to finalize the text classification process by predicting the label of

documents. However, preprocessing (Uysal & Gunal, 2014) and fea-

ture selection (Uysal et al., 2013) are known as very important stages
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besides feature extraction and classification. Researchers in this field

are still studying on enhancing the performance of text classifica-

tion by incorporating various preprocessing (Dara, Dowling, Travers,

Cooper, & Chapman, 2008; Uysal & Gunal, 2014), feature extrac-

tion (Vicient, Sánchez, & Moreno, 2013), feature selection (Uysal &

Gunal, 2012; Wang, Liu, Feng, & Zhu, 2015), and classification (B. Yang,

Zhang, & Li, 2011) methods.

Although there exist some recent studies about improving the

feature extraction with the contribution of Wikipedia or similar re-

sources, bag-of-words approach (Joachims, 1997) is the commonly

used technique for feature extraction stage. In this approach, the or-

ders of terms are neglected and text documents are represented with

weighted frequencies (i.e., TF-IDF (Manning, Raghavan, & Schutze,

2008)) of the unique terms in the collection. As each unique term is

used in the construction of the feature set, even a collection includ-

ing small number of documents may be expressed with thousands of

features. Excessive numbers of features may have negative effects on

both classification accuracy and computational time. Therefore, most

of the researchers concern with the feature selection stage in order to

overcome these kinds of negative effects.

Feature selection techniques are generally categorized as filters,

wrappers, and embedded methods. While wrappers and embedded

methods require a frequent classifier interaction in their flow, fil-

ters do not need any classifier interaction during the construction

of the feature set. Requirement of a classifier interaction may in-

crease running time and make the feature selection method adapted
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to a specific learning model. Due to these reasons, filter-based

methods are preferred more compared to wrappers and embedded

methods.

Filter-based methods can be divided into two categories referred

as global and local depending on whether they assign a unique score

or multiple class-based scores for any feature (Taşcı & Güngör, 2013).

In the case of local feature selection methods, a globalization pol-

icy is necessary to convert the multiple local scores into a unique

global score (Uysal & Gunal, 2012). On the other hand, in the case

of global feature selection methods, the scores can be directly used

for feature ranking. The features are ranked in descending order and

top-N features are included in the feature set (Guyon & Elisseeff,

2003) where N is usually an empirically determined number. Some

examples to global feature selection methods for text classification

are document frequency (Yang & Pedersen, 1997), information gain

(Lee & Lee, 2006), improved Gini index (Shang et al., 2007), and dis-

tinguishing feature selector (Uysal & Gunal, 2012). Another catego-

rization about characteristics of filter-based feature selection meth-

ods is whether they are one-sided or two-sided (Ogura, Amano, &

Kondo, 2011). In one-sided metrics, while features indicating mem-

bership to classes have a score greater than or equal to 0, features

indicating non-membership to classes have a score smaller than 0.

As features are ranked in descending order and the features having

highest scores are included in the feature set, the negative features

are not used in case there is no candidate positive feature. How-

ever, scores of two-sided methods are greater than or equal to 0.

They implicitly combine positive and negative features which indi-

cate the membership and non-membership to any class, respectively.

In this case, considering one-against-all strategy in feature selection,

positive features attain higher scores than negative ones. Thus, the

negative features are rarely added to the feature set in two-sided

metrics. Some examples to one-sided feature selection metrics for

text classification are odds ratio (Zheng, Wu, & Srihari, 2004) and

correlation coefficient (Ogura et al., 2011). In addition to the pro-

posal of new metrics, feature selection studies for text classifica-

tion proceed with improvement of current feature selection meth-

ods and developing ensemble approaches which combine various

methods.

In the literature, there exist some studies dealing with integra-

tion of negative features in the feature set especially to handle the

problems resulting from class imbalances. In previous studies, a lo-

cal feature selection method which explicitly combines positive and

negative features is proposed (Zheng & Srihari, 2003; Zheng et al.,

2004). Experimental results on a single dataset show the efficiency

of the proposed approach on imbalanced datasets. In a more recent

study, the ability of selecting suitable negative features for some lo-

cal feature selection methods is investigated on imbalanced datasets

(Ogura, Amano, & Kondo, 2010). In another study, one-sided and two-

sided feature selection metrics are compared for imbalanced text

classification (Ogura et al., 2011). In one of the previous studies, a fea-

ture selection technique that automatically detects appropriate num-

ber of features containing both positive and negative features is pro-

posed (Pietramala, Policicchio, & Rullo, 2012). The performance of

the proposed approach which selects dynamic amount of features

is compared with the performance of feature sets with some pre-

determined feature dimensions. The experiments show that the pro-

posed approach succeeds in most of the experiments. Also, a com-

parison is carried out on two-sided feature selection metrics for text

classification and an adaptive feature selection framework is pro-

posed (Taşcı & Güngör, 2013). It is concluded that selecting differ-

ent number of features for each class improves the performance of

classification on imbalanced datasets. Apart from these, there ex-

ist some previous text classification studies dealing with combining

the power of various feature selection methods. In a study, informa-

tion gain method is separately combined with genetic algorithm and

principal component analysis (Uguz, 2011), respectively. It is reported

that both of these combination methods attains better performance

than the individual performance of information gain. In a more recent

study, several filter methods are combined with genetic algorithm

(Gunal, 2012). The results indicate that this combination outper-

form the individual performances of the filter methods. In this study,

contribution ratio of various feature selection metrics into the final

feature set is also investigated. Besides, there exist some recent stud-

ies proposing solutions to determination of ideal number of features

used for representation of documents automatically. As an example,

a method that attempts to represent each document in the train-

ing set with at least one feature is proposed (Pinheiro, Cavalcanti,

Correa, & Ren, 2012). It is stated that this approach obtains equivalent

or better results than classical filter-based feature selection meth-

ods that attempts to determine the ideal number of features in a

trial and error methodology. As another example to this kind of ap-

proaches, in a more recent study, representation of documents with

more than one feature is proposed in order to improve the perfor-

mance of classification (Pinheiro, Cavalcanti, & Ren, 2015). It is con-

cluded that this approach performs better than or equal to the for-

mer one that each document is represented with only one feature.

In addition, an improved feature selection scheme aiming to improve

filter-based feature selection methods is proposed (J. Yang, Qu, & Liu,

2014). The main idea behind this study is to consider the imbalance

factor of the training sets in the globalization process of class-based

feature selection scores. It is reported that this improved scheme

can significantly improve the performance of feature selection

methods.

In spite of numerous approaches in the literature, feature selection

for text classification is still an ongoing research topic. In this study,

being inspired from some of the abovementioned studies, a new

method namely improved global feature selection scheme (IGFSS), is

proposed. IGFSS is a new approach which has some similarities with

the characteristics of other approaches in the literature. These simi-

larities can be listed as being a hybrid approach combining the power

of two feature selection methods, benefiting from the power of neg-

ative features, and proposing a generic solution for all of the filter-

based global feature selection methods. IGFSS aims to improve the

classification performance of global feature selection methods by cre-

ating a feature set representing all classes nearly equally. For this pur-

pose, a one-sided local feature selection method is integrated to the

feature selection process besides a global feature selection method.

Initially, the one-sided local feature selection method assigns a class

label to each feature with a positive or negative membership degree.

So, positive and negative features mentioned in the previous works

are used as a part of the new method. Odds ratio was employed

as one-sided local feature selection method during experiments. In-

stead of adding top-N features having highest global feature selec-

tion scores to the feature set, equal number of features representing

each class equally with a certain membership and non-membership

degree were included in the final feature set. In the experiments,

an empirically determined negative feature ratio was used to repre-

sent each class with nearly same number of negative features. The

experiments were carried out for different classification algorithms,

datasets, and success measures. So, effectiveness of IGFSS was ob-

served under different conditions. Results of the experimental analy-

sis revealed that IGFSS offers better performance than the individual

performance of global feature selection methods for all cases. In or-

der to analyze classification performances, two common metrics for

text classification was employed in the experiments.

Rest of the paper is organized as follows: feature selection meth-

ods used in this study are briefly described in Section 2. Section 3

introduces the details of IGFSS method. In Section 4, the classifiers

used in the experiments are explained in details. Section 5 presents

the experimental study and results which are related to accuracy, for

each dataset, classifier, and success measure. Finally, some conclud-

ing remarks are given in Section 6.
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