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In data representation approaches, a feature vector model using only some 

relevancy features, also known as optimal feature set, instead of all features yields 

better data analysis performance. Filter-based method is the most used feature selec-

tion method for highly dimensional data. However, there are three important draw-

backs of filter-based methods. First, the optimal set depends on empirical based al-

gorithm. Second, the ranking method ignore considering the redundancy between 

features which reduces the overall performance. Finally, feature scoring used for 

ranking feature often fails in the imbalanced class distribution.  

 

In this paper, we proposed an algorithm to determine cutoff threshold to se-

lect an optimal feature subset using collaboration with statistical outlier detection.  

We present two statistic-based feature scores which are insensitive to the imbalanced 

class distribution based on normalization of the Document Frequency and evaluation 

of the difference between two sample means. We also introduced the method to re-

duce the effect of imbalance class dataset by separating the main classes into many 

subclasses and use them instead of the main class for computing feature score. 

Moreover, we proposed the algorithm to evaluate and eliminate redundant feature 

based on measuring correlation between features.  Compared to feature sets selected 

by existing methods, the experimental results show that performance of a feature set 

selected by the proposed methods are comparably equal and better when it is tested 

on the standard dataset such as Reuter21578, RCV1v2, etc. and the optimal feature 

set is a compact size. 
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CONTENT-ADAPTIVE FILTER BASED FEATURE SELECTION 

 

INTRODUCTION 
 

Through the fast growth of the Internet and the wide availability of on-line text 

documents, the task of management text data becomes one of the principal problems. It 

is greatly important to explore efficient methods of text classification and clustering 

for automatic applications such as text filtering, text retrieval, and web-page classifica-

tion. Text categorization is the process of automatically classification text documents 

into set of predefined categories based on the assessment of their contents. Text clus-

tering is the task of grouping a set of text documents. The documents in the same 

group (called cluster) are more similar to each other than to those in other groups. Text 

categorization and clustering also has become one of the key techniques for analysis 

and management text data.  

 

Recently, the researchers on text categorization have popularly focused on ap-

plying machine learning algorithms to classifier construction (Sebastiani, 

2002;Yonghong and Jain, 1998). Many induction algorithms have learned the pattern 

in a text document collection, a modest number of training examples for each category, 

and can classify an unlabeled document. From a machine learning perspective, cluster-

ing is unsupervised learning to discover the hidden concepts of a set of patterns within 

the unlabeled dataset. It represents many data objects by few clusters, and hence, it 

models data by its clusters.   

 

Most machine learning task with text document typically employ the Bag-of-

Words (BOW) model, the vector space model in area of Information Retrieval, for rep-

resenting text documents (Baeza-Yates and Ribeiro-Neto, 1999;Combarro et al., 

2005;Lee et al., 2010;Nuntiyagul et al., 2007;Sebastiani, 2002). In this model, a text 

document is represented as a feature vector. One dimension of the feature vector corre-

sponds to one term which is a single word or a phrase, call as a feature, appearing in 

the text document collection. 
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The enormous number of actual features makes a major problem of text catego-

rization (Shang et al., 2007;Yang  and Pedersen, 1997). It is the extremely high dimen-

sionality of the feature space. For instance, a moderate-sized document collection may 

have tens or hundreds of thousands of term. The task of learning such document vector 

can become infeasible. Most of these features are irrelevant features which are not rel-

ative to text categorization (Combarro et al., 2005). Furthermore, the effective features 

are frequently redundant since some features may produce the same effects to the clas-

sifiers. These irrelevant features and redundant feature will not only seriously slow 

down the categorization process, but also degrade the classification accuracy (Baeza-

Yates  and Ribeiro-Neto, 1999;Combarro et al., 2005;Forman 2003;Luying et al., 

2005b;Makrehchi  and Kamel, 2005;Yanjun et al., 2008). Many researches proposed 

that using some best feature, a.k.a. optimal feature subset, instead of all features yields 

better performance both in terms of accuracy and time. The optimal feature subset 

consists of some relevancy features that can be used to detect the presence of a text 

category and to distinguish that category from all other categories.  

 

Generally, Feature selection (FS) is an effective approach to reduce the dimen-

sionality of feature space (Luying et al., 2005b). The method explicitly choose a set of 

relevant feature by only selecting some best features from the set of all actual features 

that are most useful for compactly representing the text documents (Combarro. et al., 

2005;Shang et al., 2007;Yang  and Pedersen, 1997). Feature Selection select and ex-

tract an optimal feature subset from the original feature. Using the optimal feature sub-

set can conserves storage and resources for the learning, classifying and clustering 

phase. Thus the computational efficiency can improved without sacrificing learning 

accuracy. Further, the effectiveness of classifier and clustering may be improved sub-

stantially, or equivalently (Aghdam et al., 2009;Dai et al., 2009;Forman, 2003;Shang 

et al., 2007).  

 

Feature selection methods can be classified as filter-based approaches or wrap-

per-based (Foithong et al., 2012;Forman 2003;Ruiz et al., 2005;Sebastiani, 2002;Yu 

and Liu, 2004).  Filter-based methods selects features using “usefulness” of each indi-

vidual feature for learning algorithm (Makrehchi  and Kamel, 2011;Rangarajan  and 
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Veerabhadrappa, 2010;Sebastiani, 2002;Shamsinejadbabki  and Saraee, 2011;Yu  and 

Liu, 2004).  There are many feature scoring functions that can be used to determine the 

usefulness such as Document Frequency (DF), Information Gain (IG) and CHI-square 

(CHI) (Combarro et al., 2005;Forman 2003;Lee  and Chen, 2006;Yang  and Pedersen, 

1997), and etc. These feature scoring rely on various measures of the general charac-

teristics of the training examples such as distance, information, dependency, and con-

sistency (Luying, 2005b). Features are ranked and selected according to their score. 

Top-ranked features are selected as an optimal feature subset using a predefined cutoff 

threshold.  The threshold for getting the optimal number mainly depends on the prior 

knowledge that can achieve better performance in some specific environments.  There 

is also no theoretical support to determine the optimal cutoff threshold (Dai et al., 

2009;Rangarajan  and Veerabhadrappa, 2010;Soucy  and Mineau, 2003). On the other 

hand, the experimental methods are needed to find out the threshold (Dai, et al., 2009). 

 

Wrapper-based methods employ a search algorithm to determine an optimal set 

of features.  However, exhaustive search is NP-hard. A popular search algorithms used 

in text classification is sequential forward selection (Ruiz et al., 2005;Yu  and Liu, 

2004).  It iteratively increases one feature at a time to merge into its collection until 

there is no significant improvement in classification accuracy. Wrapper-based methods 

generally outperform filter-based methods in that the optimal feature subset is usually 

appropriate to a chosen learning algorithm (Liu  and Yu, 2005;Rangarajan  and 

Veerabhadrappa, 2010;Ruiz et al., 2005;Sebastiani, 2002;Somol et al., 2010).  How-

ever, the wrapper approach is usually not suitable when efficiency (in time or comput-

er resources) is a constraint (Arauzo-Azofra et al., 2008;Makrehchi  and Kamel, 2011). 

On the another hand, filter-based method is fast and available and the selected features 

are classifier independent; therefore, it is easy to scale up for machine learning re-

search with high-dimensional datasets 

 

The ranking wrapper based with sequential forward selection (SFS) is the hy-

brid approach which integrates advantage of both filter and wrapper approaches. First-

ly, it evaluates features by using feature scoring and ranking to find the best subset and 

then using a learning algorithm to find the final best subset (Duangsoithong  and 
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Windeatt, 2009). The approach empirically uses the classification accuracy of a prede-

termined learning algorithm to measures the usefulness of feature subset from ranking 

manner (Luying et al., 2005b;Sebastiani, 2002). Although it efficiently searches for 

optimal number of features better suited to the learning algorithm aiming to improve 

performance, but it also trends to be more computationally expensive to reiteratively 

run through the feature subset space (Aghdam et al., 2009;Combarro et al., 

2005;Duangsoithong  and Windeatt, 2009;Forman, 2003;Luying et al., 

2005b;Sebastiani, 2002). The predetermined threshold, which is computed by this ap-

proach, varies with various feature scoring and training data. Moreover, the selected 

optimal feature subset may not be suitable for other classifiers.  

 

Despite the impressive achievements in the current field of feature selection, 

high-dimensional data often contains many redundant features. Some effective features 

may produce the same effects to the classifiers. For example, many terms in English or 

other human languages can be synonym; such terms with identical meanings are po-

tentially “similar”. Existing Feature selection is incapable of removing redundant fea-

tures because redundant features likely have similar rankings. As long as features are 

deemed relevant to the class, they will all be selected even though many of them are 

highly correlated to each other. Several feature selection approaches are used to reduce 

these redundant features based on the removing some highly similar word or the notion 

of grouping similar features into a much smaller number of feature-cluster, and use 

these clusters as features. However, the computational cost of the existing method is 

very intensive. Therefore the crucial problem in such procedures is how to efficiently 

quantify the similarity of features and effectively remove these redundant features.  

 

The most favorable measures of feature score, such as Information Gain and 

Chi-square (Forman, 2003;Makrehchi  and Kamel, 2011;Uchyigit  and Clark, 

2007;Yang  and Pedersen, 1997), often fail to produce good performance when it is 

applied for classifying instances into the problem of the multi-class text classification 

with the class imbalance problem (also called as the skewed class distribution prob-

lem). The performance, especially the recall rate, of the classification is usually 

dropped due to the number of features and number of text documents in each class is 
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drastically different in real life (Forman, 2003;He and Garcia, 2009;Makrehchi  and 

Kamel, 2011;Zheng et al., 2004).  The feature ranking methods tend to rank features in 

large classes (majority), while those in small classes (minority), which are difficult to 

be learned, are rarely considered(Forman, 2003;He  and Garcia, 2009;Makrehchi  and 

Kamel, 2011;Zheng et al., 2004). This not only leads to a low recall rate for the small-

er classes but also reduces overall performance of the multi-class text classification. 

 

Many recent researches have proposed many solutions for dealing with the im-

balance data problem both for standard and for ensemble learning algorithms. They 

can be categorized into three groups (He  and Garcia, 2009;López et al., 2013). The 

first is data preprocessing including re-sampling in which the training datasets are 

modified in such a way to produce a more or less balanced class distribution that allow 

classifiers to perform in a similar manner to standard classification. The second is cost-

sensitive learning which considers higher costs for the misclassification of examples of 

the minority class with respect to the majority class for trying to minimize higher cost 

errors. The third is algorithm modification which aims to the adaptation of standard 

learning methods to be more adjusted to class imbalance issues. Although, there is no 

single best approach to deal with imbalance problems, the re-sampling methods have 

been shown to be very successful in many researches (Jo  and Japkowicz, 

2004;Kihoon  and Kwek, 2005;López et al., 2013).  However, the re-sampling meth-

ods may also introduce the problem of important concept missing, overfitting, and 

overgeneralization (He  and Garcia, 2009).  

 

In this thesis, several methods for handling these problems as mentioned earlier 

are proposed to obtain the optimal feature subset depended on content in the text doc-

ument collection.  Firstly, we introduce an idea of applying outlier detection to deter-

mine optimal cutoff threshold for improving efficiency of feature selection method. 

Outlier detection is a statistical approach that observes and indicates group of outlier, 

the observations which have behavior very different from the remainder of other ob-

servations in data collection (Aggarwal  and Yu, 2005;Carter et al., 2009;Hodge  and 

Austin, 2004). Based on Outlier Detection, proposed feature selection algorithm ex-
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plicitly selects and groups the feature outliers that are highly indicative of relevance 

for each category as an optimal feature subset (Ben-Gal, 2005;Seo, 2006). 

 

Some supervised feature selection methods have been successfully used in text 

classification (Sebastiani, 2002;Yang  and Pedersen, 1997). For data clustering, which 

class label is not available, many research projects introduce some unsupervised fea-

ture selection such as Document Frequency (DF), Term Contribution (TC), Term Var-

iance (TV) and Mean Median (MM). Some researchers proposed to reduce redundancy 

and irrelevance for the feature selection algorithm, such as; however, class label is re-

quired and it cannot be used for data clustering directly. 

 

Next, we proposed the efficient and effective feature selection algorithm for 

data clustering. The methods are filter-based and unsupervised approaches which do 

not need feature-class information. Furthermore, we integrate concept of evaluating 

feature redundancies into the proposed algorithms. In the propose algorithm, Unsuper-

vised Fast Correlation based Feature Selection (UFCBF), the redundancy assessment 

is a feature correlation measurement based on the geometric view. The UFCBF algo-

rithm is not an empirical process and no need expertise knowledge. UFCBF automati-

cally predefines two theoretical-support thresholds by using a statistical coefficient of 

confident to identify redundant features and to remove them.  

 

Two imbalanced-class insensitive scores are proposed for problem of imbal-

anced class distribution. We introduce the first novel feature scoring called Document 

Frequency Difference (DFD) which is based on the difference between the Z-score of 

the feature document frequency in one category and the other categories (Johnson  and 

Wichern, 2002;Tamhane  and Dunlop, 2000). For each category, a feature, whose doc-

ument frequency in the category is higher than that in the other categories, is highly 

informative since it is relevant with respect to this category. Moreover, we apply the 

statistical t-test technique to compute the second feature score called t-Test score.  This 

score is based on the idea that features may discriminate particularly well between two 

classes if occurrence frequencies from both classes are significantly different. Given 

two data sets (one specific class and others), which are characterized by means, stand-
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ard deviations, data sizes and their population distributions are assumed to be normal, 

t-Test score can be used to determine whether number of data in each class are distinct 

or not. Because the t-Test function normalizes the mean difference value by the com-

mon standard deviation of the two class classes. Therefore, it can be estimated on the 

unequal classes unlike other feature scores.  

 

Finally, we proposed an effective data-preprocessing technique to reduce the 

effect of imbalanced class distribution. Technically, large classes of training dataset 

are clustered by clustering algorithm into k subclasses and those k subclasses are used 

to be replaced with main class for computing feature scores. We use two most popular 

clustering algorithm, K-mean clustering (MacQueen, 1967) and hierarchical agglom-

erative clustering (Hastie et al., 2008;Manning et al., 2008). Unlike most of the re-

sampling paradigm such as under-sampling, over-sampling etc. (He and Garcia, 2009), 

proposed score computing method avoids the problem of important concept missing, 

overfitting, and overgeneralization (He  and Garcia, 2009) by considering both within-

class and between-class relationships through the clustering method. The experimental 

results are quite promising. The K-mean clustering is faster algorithm but the method 

has to get an appropriate K value by expertise determination or iteratively empirical 

experiments or sophisticate approaches and its result is non-deterministic.  The hierar-

chical agglomerative clustering (HAC) integrated with class-sensitive weighting for 

determination cutoff is slower than K-mean but the method does not require expertise 

knowledge or iterative empirical experiments to define the number of k clusters and 

easy for implementation; and its resulted clusters are deterministic. 
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Contributions 

 
The contribution of research consists of: 

 

1. The method for defining cutoff threshold for filter based feature selection. 

2. Two feature scoring techniques for text classification.   

3. Two data-preprocessing methods for feature scoring for text classification.  

4. The unsupervised feature selection algorithms for text clustering. 

 

All approaches are proposed in manner of filter-based methods which are non-

iteration empirical processing, thus, can obtain automatically the optimal feature sub-

set which is dynamic and adaptable to the content of text document in dataset. 
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Thesis Organization 
 

The further document is detailed as follows: 

 

1 OBJECTIVES describe about objectives of the research. 

2 LITERATURE REVIEW presents and discusses the background of Text 

Categorization and Clustering; and some of the approaches adopted for Feature Sec-

tion in the past are summarized 

3 MATERIALS AND METHODS explains about  

3.1 Dataset 

3.2 Proposed methods associated with the feature selection and theirs 

characteristics. 

3.2.1 Outlier based cut-off determination for feature ranking 

method  

3.2.2 Document Frequency Differential Feature scoring 

3.2.3 T-test Feature scoring 

3.2.4 K-mean clustering based feature scoring method 

3.2.5 Hierarchical agglomerative clustering based feature scoring 

method 

3.2.6 Unsupervised Fast correlation-based feature selection for 

clustering 

 

4 RESULT AND DISCUSSION explains the detail of our experiment method in-

cluding the document collection, the classifier and the performance measurement.  

5 CONCLUSION provides conclusions and further directions about the deep analyze 

in some interesting topics. 
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OBJECTIVES 
 

To find efficient and effective methods to select the most appropriate feature 

set for text document analysis by considering the content within the dataset itself. 
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LITERATURE REVIEW 
 

This section details about text categorization feature, feature selection and fea-

ture extraction techniques used in previous research. A summarized of some previous 

studies with different classifiers and its performance has detailed. 

 

1. Text Categorization/Text Classification 

 

Multi-class text categorization (classification) is an automatic process for as-

signing a category in a finite set of predefined categories to text documents.  From the 

perspective of machine learning, it can be regarded as a supervised learning problem.  

Given a supervised training set of labeled text documents, the goal is to induce a clas-

sifier based on the assessment of their content to correctly label the class of a new un-

labeled document (also known as testing set). 

 

Text categorization is the task of assigning a Boolean value to each pair of 

document   and category                , which              be a set of cate-

gories and D is a set of unseen documents. A value of True (T) assigned to         

indicates a decision to label   under   , while a value of False (F) indicates a decision 

not to label   under   . A classifier (a.k.a. rule or hypothesis, or model) for    is then a 

function          . The single labeling (a.k.a. non-overlapping categories) is 

the case which exactly one category must be assigned to each     . The special case 

of single labeling is binary text categorization, in which each      must be assigned 

either to category   or to its complement   . Since an algorithm for binary classifica-

tion can also be used for multi-class classification. We will view the multi-class classi-

fication under               as consisting of     independent problems of binary 

classifying the documents in D under a given category    for          .  
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1.1 Binary class Text Categorization 

 

Definition 1 Let , U be a set of unseen incoming 

messages and a message . Email message classification is to construct a binary 

classifier, denoted by , for c such that: 

 
 










,1

,01

otherwise

mdif
m  

where  implies that m belongs to c (i.e., spam) and  

implies that m does not belong to it (i.e., legitimate).   d  is a decision function. 

The goal of constructing a binary classifier, , is to correctly approximate the un-

known target function , so that  and are as coincident as possible.  Note 

that, every classifier  has its own decision function  id .  If there are many different 

classifiers, there will be many different decision functions. 

 

1.2 Multi-class Text Classification 

 

Multi-class Text categorization also is the task of assigning a Boolean val-

ue to each pair of document   and category                , which  

            be a set of categories and D is a set of unseen documents. A value of True 

(T) assigned to         indicates a decision to label   under   , while a value of False 

(F) indicates a decision not to label   under   . A classifier for    is then a function 

          . The single labeling (a.k.a. non-overlapping categories) is the case 

which exactly one category must be assigned to each      where      . 

 

2. Text Clustering  

 

Due to the increase in the size of text datasets, human manual labeling has be-

come extremely difficult and expensive. Therefore, automatic labeling has become 

indispensable step in data mining. Data clustering is one of the most popular data la-

beling techniques. In text clustering, there are given unlabeled text data, and it is the 

technique that aims to group similar text documents into one group classed a cluster. 

 legitimatespamCc ,

Um

 

  1 m   1 m

 

 


   


i
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Each cluster has maximum within-cluster similarity and minimum between-cluster 

similarity based on certain similarity index. In other words text clustering is the unsu-

pervised classification of samples into clusters. Usually, neither cluster’s description 

nor its quantification is given in advance unless a domain knowledge exists, which 

poses a great challenge in clustering analysis. 

 

We can defined the goal in classical clustering as follows, given (i) a set of 

documents            , (ii) a predefined number of clusters K, and (iii) an objec-

tive function that evaluates the quality of a clustering, we want  to compute an assign-

ment             that minimizes (or, in other cases, maximizes) the objective 

function. The objective function is often defined in terms of similarity or distance be-

tween documents. For example, the objective in K-means clustering (described below) 

is to minimize the average distance between documents and their centroids or, equiva-

lently, to maximize the similarity between documents and their centroids.  

 

3. A Formal Representation of Text Document  

 

Text documents cannot be directly interpreted by a classifier or a clustering al-

gorithm. Therefore, document preprocessing is necessary to maps a document    into a 

compact representation of its content needs to be uniformly applied to training, valida-

tion and test documents. As we have already mentioned in Section 1, the BOW model 

is the most widely adopted in Text document analysis. It consists in regarding a docu-

ment as a sequence of terms assuming their independence and ignoring ordering and 

text structure. Every message is represented by a feature vector, called the document 

vector space, where each dimension corresponds to a term assuming term independ-

ence and ignoring ordering or textual structure. The term (a.k.a. feature) is typically a 

single word, a multiple keywords, or a phrase.  

 

3.1 Text Feature weighting 

 

Let                  is the training set of text documents. Every text 

document    is usually represented as a feature weight vector                    , 
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where F is a set of original distinct features that occur at least once in at least one doc-

ument of data collection. Feature weight is a weight associated with the pair       , 

where    . The feature weights      can be either binary or non-binary representa-

tion. This weight quantifies the importance of the feature    for describing semantic 

content of the document   . Therefore, distinct features have varying relevance when 

they are used to describe contents of documents. If a feature   occurs in a document   , 

          . If a feature    does not occur in a document   , then           . This 

effect is captured through several different way of computing the occurrence values 

and assigned these numerical weights to each term of a document. 

 

3.2 Term Frequency Inverse Document Frequency (TFIDF) weighting 

 

In this paper we focus on the non-binary representation, which a weight 

     is quantified by measuring the raw frequency of a feature    inside a document   . 

Such Term Frequency (TF) factor provides measurement of how well that feature 

(term) describes the document contents as the essential characteristic within the docu-

ment. Furthermore, a weight      is also quantified by measuring the inverse of the 

frequency of a feature    among the document in the data collection. This factor is usu-

ally referred as the Inverse Document Frequency (IDF) factor. The motivation for us-

age of an IDF is that features, which appear in many documents, are not very useful 

for distinguishing a relevant document from a non-relevant one.  

 

Definition 2 Let             be raw occurrence frequency of feature    in the 

document    (i.e., the number of times the feature    is mentioned in the text of the 

document   ). Then TF factor, the normalized frequency             of feature    in 

the document   , is given by          
           

             
, where               is the sum 

of number of occurrences of all features in the document   . If the feature    does not 

appear in the document   , then            .  
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Further, let inverse document frequency for feature   , be given by         

    

      
where      is the total number of document in    and        be the number of 

document in which the feature    occurs. Finally, the best known term-weighting 

schemes use weights which are given by                           . 

 

4. Problem of the High dimensionality of feature vector space  

 

4.1 Curse of Dimensionality 

 

One major difficulty in Text analysis is the high dimensionality of the vec-

tor space. Due to the rapid growth of the text document content and language usage 

changes overtime, there are many distinct features in original feature set F, which can 

be tens or hundreds of thousands features of even a moderate-sized text document col-

lection. The size of original feature set       is the dimensionality of the vector space. 

Obviously, the computational complexities of most learning algorithms especially de-

pend on the dimension of the input space. Hence the learning task such document vec-

tors become infeasible. In theory, the more features should provide the more discrimi-

nating power, however in practice, excessive features will not only significantly slow 

down the learning process but also degrade the accuracy. In other words, the bottle-

neck of the classification/clustering task is the poor efficiency and effectiveness caused 

by the high dimension of the feature space. 

 

4.2 Irrelevant Relevant and Redundant Feature 

 

Based on a review of previous definitions of feature relevance in data clas-

sification (Liu, H.  and L. Yu, 2005;Yu, L.  and H. Liu, 2004), whole features are clas-

sified into three disjoint categories, namely, relevant, and irrelevant features. Let F be 

a full set of features,    be a feature, and a feature subset          . We use          

to denote the posterior probability of document class    given the value of feature fi, 

    , and   
  denote the contrary class of   . These categories of relevance can be 

formalized as follows. 

 



16 

 

 

1
6
  

Definition 3 (Relevance). A feature if  is relevant if and only if           

    
      and                      

 

Definition 4 (Irrelevance). Let is  be a subset of  iii SsS  . A feature if  is ir-

relevant if and only if     ikiiki scPfscPs |,|   

 

Relevance of a feature indicates that the feature is always necessary for an op-

timal subset; it cannot be removed without affecting the original conditional class dis-

tribution. Irrelevance indicates that the feature is not necessary at all. An optimal sub-

set should include all relevant features, none of irrelevant features. 

 

In the other research domains, high-dimensional data often contains many re-

dundant features. Both theoretical analysis and empirical evidence show that along 

with irrelevant features, redundant features also affect the speed and accuracy of learn-

ing algorithms and thus should be eliminated as well. In many text categorization re-

searches, the notion of feature redundancy was introduced as such semantic similarity 

between words. We now formally define feature redundancy. 

 

Definition 5 (Redundancy). Given two synonym features ji ff ,  where ji  .  

There is a redundancy between any pair of features ji ff ,  if and only if 

   .|| jkik fcPfcP   

 

Several approaches are to reduce these redundant features based on the notion 

of grouping similar features into a much smaller number of feature-cluster, and use 

these clusters as features. The crucial problem in such procedures is how to quantify 

the similarity of feature. Not only features are difficult to similarity determination, but 

also it can be used changeably over time cause by concept drifting and spammer’s rule 

avoiding. Moreover, manual dictionary/thesaurus-based method for capture the new 

words and senses is costly if not impossible. 
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5. Dimension Reduction by Feature selection Approaches 

 

Feature Selection is widely adopted approach for dimensionality reduction in 

supervised learning. It is based on selecting a set of relevant feature as an optimal sub-

set from the original set of features. In Text Classification and Clustering, this will be 

formulated into the problem of identifying the most informative terms within a set of 

documents for classification. In the rest of the section, the details of feature selection 

for Text Classification are described.  

 

Based on a review of definition of feature relevance (Yu  and Liu, 2004), the 

terms can be divided into two disjoint types, namely, relevant, and irrelevant term. The 

relevant term is highly importance for the Text Classification and Clustering task and 

always necessary for an optimal subset; it cannot be removed without affecting the 

classification result. On the other hand, irrelevant term is not necessary at all. An op-

timal subset should include all relevant features, none of irrelevant features. Therefore, 

selecting relevant term and removing irrelevant term not only reduces the high dimen-

sionality of the term vector space, but also provides a better data understanding, which 

improves the classification result. 

 

This paragraph describes applying feature selection in machine learning. More 

over we demonstrate the framework of machine learning consist of learning process 

and object identify process. Next is the detail about types of feature selection. In the 

final we mention why the filter-based is suitable for applying in the multi-class text 

analysis 

 

5.1 Feature scoring 

 

Most Feature selection methods for text document use a feature scoring 

function to measure term relevance for classification task scoring rely on the general 

characteristics of the training examples such as distance, information, dependency, and 

consistency. Feature selection method score each term according to feature scoring, 

and then select the predefined number from the top-ranked terms.  
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5.1.1 Document Frequency (DF) 

 

DF is a simply measures in how many documents the feature 

occurs. Since it can be computed without class labels, it may be computed over the 

entire test set as well. Selecting frequent words will improve the chances that the fea-

tures will be present in future test cases.  

 

                                  

 

5.1.2 Global Information Gain (IG) 

 

Information gain is frequently employed as a feature usefulness 

criterion in the field of machine learning. It measures the number of bits of information 

obtained for category prediction by knowing the presence or absence of a term in a 

document. Let     denote the number of categories. The information gain of term   is 

defined as follow: 

                       

   

   

 

                                 

   

   

    
           

             
  

   

   

 

where          is the conditional probability that the feature    occurs in category   , 

and        
   is the conditional probability that    does not occur in   . IG is common-

ly applied in text categorization which uses the class information to compute the score. 

After computing these feature scores, The Feature Ranking method rank features by 

their scores.  The feature ranking method selects the optimal feature with respect to the 

feature scoring. 
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5.1.3   Statistic (CHI) 

 

The   statistic measures the lack of independence between    

and    and can be compared to the    distribution with one degree of freedom to judge 

extremeness.  

 

It is defined as follow: 

          
                   

    
          

       
      

 

          
             

  
 

 

Besides DF and IG, CHI are specified “locally” to a specific category   ; in or-

der to assess the value of a feature    in a “global” category-independent sense, typical-

ly we can calculate one of two ways as follow: 

    
             

         

   

   

 

    
            

               

 

In (Yang  and Pedersen, 1997), the results reported that CHI and IG more ef-

fective for multi-class classification result, and DF a better choice for efficiency and 

scalability if a small disgrace in effectiveness is acceptable. 

 

5.1.4 Term Contribution (TC) 

 

Term contribution takes the term weight into account. Because 

DF assumes that each feature is of same importance in different documents, it is easily 

biased by those common features which have high document frequency but uniform 

distribution over different classes. TC is proposed to deal with this problem. The result 

of text clustering is highly dependent on the documents similarity. So the contribution 

of a feature can be viewed as its contribution to the documents’ similarity. The similar-

ity between documents di and dj is computed by dot product: 
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Where w(t,d) represents the tf*idf weight of feature f in document d. So we de-

fined the contribution of a feature in a dataset as its overall contribution to the docu-

ments’ similarities. The equation is  

                

       

          

 

5.1.5 Term Variance (TV) 

 

Term Variance is introduced to evaluate the quality of feature. 

That is to compute the variance of every term in all dataset. Methods like DF assume 

that each feature is of same importance in different document, it is easily biased by 

those common features which have high document frequency but uniform distribution 

over different classes. TV follows the idea of DF that the terms with low document 

frequency is not important and can solve the problem above at the same time. A fea-

ture appears in very few documents or has uniform distribution over documents will 

have a low TV value. The quality of the feature is measured as follows: 

                               
 

    

   

 

where |Tr| is the number of documents in training set in which fi occurs at least once 

and             is the average weight value of feature fi. 

 

5.1.6 Mean Median (MM) 

 

Mean Median is dispersion measures proposed to compute the 

absolute difference between the mean and median of fi, given by 

                                    

Although this is not a classical dispersion measure, the result in show that it adequate 

for FS for the data clustering. 
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5.2 Feature selection strategy 

 

By nature of the algorithm, a filter-based method needs a threshold from 

empirical results as a cut-off for the number of relevant features.  Many strategies have 

been proposed (Soucy  and Mineau, 2003) for feature selection based mainly on ob-

servation or experience.  On the other hand, experimental methods are needed to find 

this threshold (Dai et al., 2009).  In other words, finding the optimal size of the feature 

subset requires repeated experiments, and cannot be selected based solely on expert 

observation.   

 

The ranking wrapper-based method with sequential forward selection 

(Blachnik et al., 2009;Ruiz et al., 2005) is one of the most common methods that em-

pirically uses the classification accuracy of a predetermined learning algorithm to 

measures the goodness of the selected feature subset.  This is a heuristic method that 

evaluates features using feature scoring to find the set of top-ranked terms and then 

using a learning algorithm to find the final number of top-ranked terms.  This algo-

rithm is shown as below.  

 

Based on analysis in (Luying et al., 2005b), which describes a typical strategy 

for selecting a subset of original features, the ranking wrapper algorithm is explained 

as follow.  The algorithm consists of three basic steps: subset generation, subset evalu-

ation, and stopping criterion.  Subset generation iteratively produces candidate feature 

subsets for evaluation based on feature scoring and ranking.  All features are ranked 

according to their scores.  The candidate feature subset consists of a number of top-

ranked features.  Then sequential forward selection starts with an empty set and suc-

cessively adds p terms at each loop.  Each candidate subset is evaluated and compared 

with the previous best one according to a certain evaluation criterion.  The wrapper-

based method requires a predetermined classifier and uses its classification accuracy as 

the evaluation criterion.  If the accuracy of the new subset turns out to be better, it re-

places the previous best subset.  The process of subset generation and evaluation is 

repeated until a given stopping criterion, such as accuracy drop or predefined number 

of features or use whole features, is satisfied.  This is actually the greedy hill-climbing 
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approach.  The best feature set selected by this approach approximates the optimal fea-

ture subset. This ranking wrapper algorithm tends to give superior performance sets as 

it can search for the terms that are appropriate to the learning algorithm. Hence, this is 

one way to improve the performance of the classifier.  

 

Algorithm 1 Ranking Wrapper Algorithm 

Input : Original feature set ( ) 

  Training data (   ) 

  Predetermined Classifier ( ) 

  Number of features to add in one step sequential forward (p) 

Output : Optimal feature subset (   ) 

1:                        

Compute Score step: 

2: for each feature    in   do 

3:                         

4:                             

Selection step: 

5:       

6:                        

7: for k from p to        // Stopping Criterion 

8:                         //Subset Generation   

9:                                                    

            //Subset Evaluation 

10:  if                                        then     

11:              

12:                                         

13:  end if 

14:        

15: end for 

16: return    ; 
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6. Feature Selection Problems 

 

6.1 Cut-off Threshold is hard to be predefined 

 

This ranking wrapper-based method for feature selection has two prob-

lems.  First, the wrapper-based method is computationally intensive, even though the 

greedy sequential search reduces the search space from         to        , but it tends 

to be more computationally expensive to iteratively run through the feature subset 

space (Foithong et al., 2012;Ruiz et al., 2005;Yu  and Liu, 2004).  Second, the sequen-

tial forward search is likely to stop at the local optima (Foithong et al., 2012;Luying et 

al., 2005b).  Finally, the predetermined threshold, which is computed by this approach, 

varies with variance of feature scoring and training data (Dai et al., 2009;Luying et al., 

2005b;Somol et al., 2010;Yang  and Pedersen, 1997).  Hence our research attempts to 

develop new feature selection methods which can overcome these problems.  

 

6.2 Feature Redundancy affects performance 

 

Notations used in this paper are as follows:               be a set of 

original distinct features;               be a training dataset; A training sample    

is represented as a feature weight vector,                               . This feature 

weight          quantifies the importance of the feature    for describing semantic 

content of   . 

 

For example, text clustering prefers feature weight such as the Term Frequency 

or the Term Frequency Inverse Document Frequency (Alelyani et al., 2013;Almeida et 

al., 2009;Ferreira  and Figueiredo, 2011;Lewis et al., 2004;Liu et al., 2003;Luying et 

al., 2005a;Yanjun et al., 2008). Feature redundancy can be represented in terms of fea-

ture correlation. It is widely accepted that the features are redundant to each other if 

their values are completely correlated (Ferreira  and Figueiredo, 2012;Guyon et al., 

2003;Yu  and Liu, 2004). The traditional filter-based feature selection is incapable of 

removing redundant features because redundant features likely have similar rankings. 

As long as features are deemed relevant to the class, they will all be selected even 
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though many of them are highly correlated to each other. For high-dimensional data 

which may contain a large number of redundant features, this approach may produce 

results far from optimal. 

 

Many research projects address some similarity/correlation/redundancy 

measures that have been used for feature selection, such as correlation coefficient 

(Bache  and Lichman, 2013;Ferreira  and Figueiredo, 2012;Yu  and Liu, 2004), sym-

metrical uncertainty (Ferreira  and Figueiredo, 2012;Yu  and Liu, 2004) and absolute 

cosine (Ferreira  and Figueiredo, 2012). In (Ferreira  and Figueiredo, 2012) argue that 

using angles to measure similarity is better suitable for high-dimensional sparse data.  

Therefore, absolute cosine is used as geometric view in our proposed algorithm. 

 

6.3 Feature score is sensitive to imbalanced class distribution 

 

Class imbalance of dataset is a situation that number of entities in each 

class is drastically different referred to as a between-class imbalance shown in Figure 1 

(He  and Garcia, 2009; López et al., 2013).  Typically, classifiers are optimized for 

overall accuracy without taking distribution of class sizes into account.  Thus, the larg-

er classes are dominant by the higher frequencies of support data; and the smaller clas-

ses become statistically unimportant. Most of the researches on several classifications 

in imbalance domains have shown significantly effect of the between-class imbalance 

on the performance (He  and Garcia, 2009; López et al., 2013). However, there are 

several investigations which also suggest that other factors such as the presence of 

within-class imbalance, multiple concepts, overlapping, or lack of representative data 

can contribute to such performance depreciation as well ((He  and Garcia, 2009;Jo  and 

Japkowicz, 2004;López et al., 2013). These factors are illustrated in Figure 1. 
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Figure 1  A high complexity data set with both between-class and within-class        

imbalance  

 

Feature ranking methods also fail when applied to multiple classes with non-

uniform class distributions (class skew) as well.  The method pays more attention to 

the large classes to compensate for their weakness that tends to ignore small classes. 

Thus, the relevant features for large classes can be selected but features for small clas-

ses are ignored.  In (Makrehchi  and Kamel, 2011), it has been showed that Infor-

mation Gain assigns higher scores to the features correlated with large classes and such 

that small classes are under-represented in top-rank features. Their experimental result 

also showed the overall accuracy is improved even though there is a low recall rate for 

small classes. The experimental results in (Forman, 2004) have also concluded that 

other scores have suffered to these kinds of problems as well.  

 

There are many approaches proposed to handle with the class imbalance prob-

lem. These approaches can be categorized into three groups (He  and Garcia, 2009; 

López et al., 2013). First, the external approaches that process the data before learning 

task in order to decrease the effect of their class imbalance. Most of the approaches are 

re-sampling techniques which is a preprocessing step in order to balance the class dis-

tribution. These works have proved empirically that is a useful solution and the further 

advantage of these techniques is that they are independent of the underlying classifier. 

Second, the cost-sensitive learning which incorporates both the data and algorithmic 

level approaches assume higher misclassification costs for samples in the minority 

class and seek to minimize the high cost errors. The precise value of misclassification 

cost is necessarily achieved by domain experts, or can be learned via other approaches. 

(a) (b)
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Third, ensemble-based method that is based on the combination between the ensemble 

learning algorithm and one of the previous techniques such as data approaches, exist-

ing learning, or cost-sensitive learning solutions. The basic idea of ensemble-based 

classifiers is to construct several classifiers from the original data and then aggregate 

their predictions with the unknown instances entered. The ensemble-based classifier, 

also known as multiple classifier system, can improve the performance of single classi-

fiers by inducing several classifiers and combining them to obtain a new classifier that 

outperforms every one of them.  

 

All groups described above have different particular drawbacks which make 

them appropriate for a given application. The ensemble methodologies have shown 

very accurate result, but their learning time may be high and the output model can be 

difficult to understand by the final user. Cost-sensitive approaches have also shown 

very precise result, but the necessity of defining an optimal cost-matrix imposes hard 

restrictions to their use. Finally, the preprocessing algorithms have shown their robust-

ness and obtained very good global results, and therefore they can be viewed as a 

standard approach for imbalanced datasets (López et al., 2013).  

 

However, the work in (Forman, 2003;Zheng et al., 2004) argues that feature se-

lection should be relatively more important than classification algorithms in highly 

imbalanced situations, and report that feature selection can significantly improve the 

performance of classification of imbalanced data. Therefore, instead of balancing the 

training data, enhancement selecting the most useful features according to the imbal-

anced data provides an alternative to handle the imbalanced data problem. 

 

6.4 Supervised feature selection cannot be applied to data clustering directly 

 

There are two types of filter-based feature selections, supervised and un-

supervised methods.. For supervised methods, class label, which information to identi-

fy class of a data entity, must be provided.  Some supervised feature selection methods 

have been successfully used in text classification (Sebastiani, 2002;Yang  and 

Pedersen, 1997), such as Information Gain (IG) and x2 Statistics (CHI). However, if 

class label is not available, many research projects introduce some unsupervised fea-
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ture selection such as document frequency (DF) (Liu et al., 2003;Sebastiani, 

2002;Yang  and Pedersen, 1997), term contribution (TC) (Almeida et al., 2009;Liu et 

al., 2003;Luying et al., 2005a;Zonghu et al., 2011), term variance (TV) (Ferreira  and 

Figueiredo, 2012;Luying et al., 2005a;Zonghu et al., 2011) and Mean Median (MM) 

(Ferreira  and Figueiredo, 2012).  Some researchers proposed to reduce redundancy 

and irrelevance for the feature selection algorithm, such as (Yu  and Liu, 2004); how-

ever, that methods is still supervised filter-based algorithm.  In other words, class label 

is required and it cannot be used for data clustering directly. 

 

6.5 Proposed method to tackle the problems 

 

To tackle these problems, we formulated statistical techniques for our rel-

evancy signature extraction and selection issues:  

 

1. “Outlier based Feature Selection Algorithm” issue is based on outlier de-

tection that proposed feature selection algorithm explicitly selects and groups the fea-

ture outliers that are highly indicative of relevance for each category as an optimal fea-

ture subset. Our proposed method uses a coefficient of confident to select relevant fea-

tures, thus the algorithm is non-iteration empirical processing which can obtain auto-

matically the optimal feature subset which is dynamic and adaptable to the content of 

text document in dataset. 

 

2. “Unsupervised Fast correlation-based feature selection for clustering” 

(Pramokchon  and Piamsa-nga, 2014a) issue is based on integrating concept of evalu-

ating feature redundancies into the proposed algorithm.  The redundancy assessment is 

a feature similarity measurement based on the geometric view of features.  Our pro-

posed method also uses a coefficient of confident to remove redundant features.  

 

3. “New Feature Scoring based on Statistical value and Document Frequen-

cies” (Pramokchon  and Piamsa-nga, 2014b) issue is based on the difference between 

the Z-score of the feature document frequency in one category and the other catego-

ries. For each category, a feature, whose document frequency in the category is higher 
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than that in the other categories, is highly informative since it is relevant with respect 

to this category. 

 

4. “A statistics-based feature score for classifying class-imbalanced data” is-

sue is based on statistical t-Test technique which evaluates the difference of mean of 

feature occurrence frequencies between one class and other classes as a usefulness 

measure of individual feature. Unlike other feature score, t-Test can be used to deter-

mine whether two class sizes are equal or not. It assumed that both distributions are 

normal and both variances are unequal. Moreover, its function normalizes the mean 

difference value by the common standard deviation of the two classes.  Therefore, the 

t-Test score is insensitive to the problem of imbalanced class distribution.  

 

5. “K-mean clustering based feature scoring method” (Pramokchon  and 

Piamsa-nga, 2014c) issue is based on a technique to reduce the effect of imbalanced 

class distribution by creating intermediate subclasses by clustering features in each 

large class and then use these subclasses to be analyzed along with small main classes. 

Technically, large classes of training dataset are clustered by K-mean clustering into k 

subclasses and those k subclasses are used to be replaced with their main class for 

computing feature scores. Unlike most of the re-sampling paradigm (under-sampling, 

over-sampling, and hybrids), our proposed method avoids the problem of important 

concept missing, overfitting, and overgeneralization by considering both within-class 

and between-class relationships based on the clustering method.  

 

6. “Hierarchical agglomerative clustering based feature scoring method” is-

sue is introduced in order to enhance the idea of applying clustering as the data pro-

cessing before classification, in this work, we propose method based on Hierarchical 

Agglomerative Clustering (HAC) (Hastie et al., 2008;Hsiao  and Chang, 

2008;Manning et al., 2008) integrated with class-sensitive weighting for determination 

cutoff for imbalanced text classification problems. The HAC method does not require 

a predefined number of clusters as input. For partitioning data into clusters, the method 

measures the dissimilarity between instances and only requires a cutoff threshold com-

puted based on proposed class-sensitive weighting.  The proposed method does not 
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require expertise knowledge or iterative empirical experiments to define the number of 

K clusters and easy for implementation; and its resulted clusters are deterministic.  
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MATERIALS AND METHODS 

 
Materials 

 
1. Computer Systems 

 

1.1 Hardware High Performance Notebook 1 system 

 

1.2 Hardware High Performance Server 1 system 

 

1.3 Software 

- MATLAB 

- Perl 

- EXCEL 

- VBA 

- PSPP 

- WEKA 

 

2. Dataset 

 

There are some publicly available standard text document datasets that can be 

used for text categorization. In our experiment, we use the datasets as below: 

 

2.1 Reuters 25178  

 

The Reuters-21578 dataset is consisting of stories from Reuter’s news 

agency which classified under categories related to economics. The dataset has been 

most widely used for the experimental works in Text Categorization so far. In Reuters-

21578 dataset, we adopt the top 10-categories; 6343 documents in training set and 

2548 document in test set. The distribution of the category is unbalance. The maxi-

mum category has 2787 documents, about 43.94% of training set. The minimum cate-

gory has 79 documents, about 1.24% of training set. Table 1 presents the10 most fre-

quent categories along with the number of training and test examples in each. 

 

2.2 RCV1v2 

 

The RCV1v2 dataset is used to evaluate our algorithm (Lewis et al., 

2004). Table 2 shows details of dataset characteristics.   It is organized in four “Topic 

Codes” hierarchical groups: CCAT, ECAT, GCAT, and MCAT.  Each class also has 
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different defined subclasses, which we used it as ground truth.  Totally, dataset con-

tains 19,806 training documents and 16,886 testing documents. Table 2 shows sizes of 

main classes and number of their ground truth subclasses.  The largest class (CCAT) is 

almost five times as large as the smallest class (ECAT). Table 2 depicts distribution of 

ground truth subclasses.  Note that size distributions of different subclasses are likely 

similar.   

 

Table 1 Number of training/testing documents 

 

Category Number of Training 

Documents 

Number of Testing Doc-

uments 

Earn 2787 1084 

Acquisition 1592 711 

Money-fx 351 130 

Trade 345 112 

Crude 343 151 

Interest 343 133 

Ship 179 87 

Corn 176 56 

Wheat 148 49 

Grain 79 35 

 

Table 2  Dataset characteristics. 

 

Class 

Number of  

subclasses 

Number of documents 

Training testing 

CCAT 18 8410 6993 

ECAT 10 1690 1467 

GCAT 23 4959 4580 

MCAT 4 4747 3846 

 

2.3 UCI repository dataset 

 

Four benchmarks (UCI) labeled dataset (Bache  and Lichman.  2013), con-

sist of Isolet, Leukemia, Madelon, and Ovarian, were selected in experiments to test 

the performance of proposed algorithm. They are described in Table 3.We selected 

these datasets as they are either well understood in terms of feature relevance or they 

contain a huge number of features with comparatively much smaller sample size and 

are thus good candidates for feature selection. 
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Table 3  UCI Dataset characteristics. 

 

Dataset 

Number of 

classes 

Number of 

documents Number of features 

Isolet 26 1559 617 

Leukemia 2 73 7129 

Madelon 2 2600 500 

Ovarian 2 54 1536 
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Methods 

 

1. Outlier based Feature Selection Algorithm 

 

An outlier is defined as a data point that is very different from the rest of the 

data (Aggarwal  and Yu, 2005).  Such a data point often contains useful information on 

abnormal behavior in the system that is characterized by the data.  The outlier identifi-

cation problem is translated to a problem of identifying those data points that lie in a 

so-called outlier region.   

 

Figure 2 shows 50 data points of 50 random samples that have a log-normal 

distribution (mean=1, SD=1).  If the data points which are beyond a predetermined 

cutoff are considered outliers, three data points which have larger values than the up-

per cutoff are considered as outliers in the 50 random samples.  If this data set is fea-

ture score, these three outliers are features that contain more useful information that 

contributes to the classification result.  

 

 

Figure 2  Outlier identification using outlier region  

 

Our proposed method uses outliers to identify the relevant features; some outli-

ers whose scores are higher than other features.  These features are selected for inclu-

sion in the feature subset.  Under this definition the cut-off threshold is formulated to 
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determine the outlier region using the concept of univariate outlier identification.  For 

all features    in the original feature set T,       denotes the feature score (such as DF, 

IG or CHI) as presented in Section 5.1.  

 

Definition 6 Outlier region. For any confidence coefficient, given a signifi-

cance level  ,      , the  –outlier region of the distribution is  

                                   
   , 

where       
 is the    

   quantize of the       ,   is the average and    is 

the variance of the features          .  

 

 Definition 7 Outlier. A feature    is an  –outlier if and only if       

           . 

 

Based on above definition of  –outlier, relevant features are defined as fol-

lows: 

 

Definition 8 Relevant Feature. A feature    is a relevant feature if and only if    

is an  –outlier and        .  Hence,    is included in the optimal feature subset 

     .  

 

We now describe a feature selection algorithm.  There are two steps shown in 

Algorithm2.  First, feature score between each feature and the target categories is cal-

culated (lines 1-2).  In the selection step (lines 3-9), we deal with the computation of 

score of features.  To obtain the outlier region, we use a predefined confidence coeffi-

cient as a parameter for computing the outlier cut-offs. We scan each feature in T, the 

relevant features as in definition 3 then are selected as the optimal feature set. 

 

 

 

 

 



35 

 

 

3
5
  

Algorithm 2  Relevant feature selection algorithm 

Input : Original feature set (T), Predefined significant level(α) 

Output : Optimal feature subset (   ) 

Compute score step: 

1: for each feature    in T do 

2:   Compute a       for   ; 

Selection step: 

3: compute  –outlier region; 

4:       

5: for each feature    in T do 

6:  if (   is accepted in Definition 3) then { 

7:               ;  

8:  }  

9: return    ; 

 

Our method selects many features that are effective for text categorization and 

simply reduces the size of the original features.  The outlier feature statistics selection 

chooses features from a pool of original terms   which requires complexity of only 

     to scan each feature in T. Thus, the selection processing time varies linearly in 

the number of original features.  This indicates that our selection approach requires 

lower time complexity than traditional selection methods.  Moreover, this approach 

can greatly reduce the feature vector size without repeated experimental investigations 

to find feature candidates.  Note that, to determine the number of the best features, the 

wrapper method requires iterations of performance evaluations where the cost varies 

according to the complexity of the classifier.   

 

2. Feature Scoring based on Statistical value and Document Frequencies 

 

In text classification, most scoring functions for feature selection algorithm are 

based on frequencies of feature occurrences in the training set.  The basic notion that a 

feature whose occurrence frequency in a document of a specific category (positive cat-

egory   ) is higher than that of the other category (negative category    ) is desirable 
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since it contains higher information and helps distinguishing between the two catego-

ries.  However, comparing only the occurrence frequencies of one category and other 

categories will be limited since the size of the training set in both categories are in fact 

highly unequal. In ref. (Makrehchi  and Kamel, 2011) argue that some feature scores 

may fail because they trend to rank features in the larger class, while those features in 

smaller class are difficult to be selected. 

 

This leads us to propose a new feature selection score called “document fre-

quency difference” (DFD), which is based on the difference between standard (Z) val-

ues of the document frequencies of a feature for both positive and negative categories.  

The standard score indicates how many standard deviations an observation is above or 

below the mean; therefore, we can compare document frequency of a feature even if 

both category sizes are drastically unequal. Moreover, this score is the family of Doc-

ument Frequency that are very popular methods because of their simplicity and also 

acceptable in the Information Retrieval community (Makrehchi  and Kamel, 2011).  

 

We first introduce the notation of standard document frequency. 

 

Definition 9 (Standard Document Frequency).  The standard document fre-

quency of    in    is given by 

           
                                

         
 , 

and the standard document frequency of    in     is  

         
   

        
           

               

        
  

, 

where            and          
   are document frequencies of a feature      in 

    and   
  respectively;                        and         

               are means of document frequencies 

for      and in    
 , respectively, and           and         

   are standard deviations 

of the samples of document frequencies for    and   
 . 
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Note that                        
 

   
          

   
   ;                         

 

   
         

     
    ; 

           
 

   
                                    

    
      and         

   

 
 

   
          

           
                

    
   . 

 

We can then define a score for a feature by calculating the difference between 

its two standard document frequencies. 

 

Definition 10 (Local Document Frequency Difference). For a specific category  

  , the document frequency difference of feature    is given by             

                     
  . 

 

Intuitively the document frequency difference measures the importance of a 

feature for one category against others. By avoiding bias from imbalanced class distri-

bution, document frequency difference tends to favor features whose document fre-

quencies for one category are much higher than those for other categories (In this case, 

positive DFD value indicates relevance for the category; and negative DFD indicates 

irrelevance for the category).  If a feature is relevant for both categories, its DFD score 

is small and close to zero.  

 

Like CHI, DFD is specified with respect to a specific category   ; in order to 

assess the value of a feature    in a global category-independent sense, we calculate 

DFD as follows: 

 

Definition 11 (Global Document Frequency Difference – DFD). For a set of 

category of interest  , the document frequency difference of feature    is given by 

              
                

 

We compared the computational complexity of the proposed scoring function 

with the standard metrics DF, IG, and CHI.  The time complexity of our scoring func-
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tion is of the same order as standard metrics which are linear in the size of original 

feature set T. 

 

3. A statistics-based feature score for  classifying class-imbalanced data 

 

A feature is representative for a specific class if number of documents from 

that class contain it more than one from other classes.  If we can evaluate the differ-

ence of occurrence frequency of features between two a specific class and other clas-

ses, we are able to use this difference as the feature score.  

 

The statistical t-test technique is a commonly used method for statistical evalu-

ation of the difference between two sample means (Tamhane  and Dunlop, 2000). Giv-

en two datasets, t-test can be used to determine whether both dataset sizes are drasti-

cally unequal through analysis means, standard deviations and the assumption that 

both distributions are normal and both variances are unequal.  

 

As we mentioned in previous section, the occurrence frequencies of features in 

a document are represented by the TF-IDF weight.  Therefore, we applied the t-test 

technique to determine the significant difference of mean of the TF-IDF weight of a 

feature between a specific class and other classes.   The basic idea is that a feature, 

whose mean of TF-IDF weight among the documents in a specific class is significantly 

higher than that of other class, is a highly discriminative feature since it contains high-

er information about a specific class. 

 

This is a proposed t-test score which is defined as follows: 

              
                  

  

 
 

where           is the sample mean of TF-IDF weight of feature    of docu-

ment in a specific class      ,         
   is the sample mean of TF-IDF weight of fea-

ture    of document in the other class,   
      . S is an estimator of the common 

standard deviation of the two classes which can be calculated as follows: 
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          is the standard deviation of TF-IDF weight of    in a specific class  

   and         
   is the standard deviation of weight of    in the other class.  

 

If a feature    has high t-test score, there is a statistically significant difference 

in the occurrence frequency in a specific class    when it is compared with that in oth-

er classes. Therefore, this feature has higher discriminating power. 

 

For multi-class domain, finding some highly-relevant features of each class and 

combining them as an optimal feature set can decrease the destructive impact of im-

balance class distribution (Makrehchi  and Kamel, 2011). The t-test score is locally 

specified with respect to a specific class   . In order to globally assess the value of a 

feature    in the multi-class domain, we calculate three t-test scores in three alternate 

ways to combine the class-specific score defined as follow: 

                    
                 

              
              

   
   

   
 

                                   
   
    

 

The Max-tscore,              , aims to assess the maximum significance of 

feature occurring in one class against other classes. The Weighted Averaged-tscore, 

          , is basically average of F1 of each class where its weight varies to its size. 

On the other hand, the Averaged-tscore,          , uses equal weights of all classes, 

regardless of how many documents belong to it. 

 

 

 

 

 

 

 

 



40 

 

 

4
0
  

4. K-mean clustering based feature scoring method 

 

4.1 K-mean clustering 

 

The K-means clustering is an automatic and unsupervised approach to 

separate a dataset into k clusters.  A data entity belongs to a cluster if that entity is the 

nearest to that cluster centroid.  Given a set of document data            , where 

each data is a vector, K-means clustering aims to partition the |D| observations into k 

clusters (k ≤ |D|)             so as to minimize the within-cluster sum of squares 

(WCSS):                  
 

     
 
   ,where µj is the arithmetic mean of the data 

in Sj. The most common algorithm uses an iterative refinement technique (MacQueen, 

1967). The process of algorithm starts by selecting k initial cluster centers. Then, the 

centers, called the centroid, are iteratively updated by finding the means of the points 

closest to each center. The process is done when there is no more updating needed on 

the centroids. In order to perform the K-mean clustering, the distance between the 

documents and the centroids should be calculated. Many research projects address 

some similarity/correlation/redundancy measures that have been used for feature selec-

tion, such as correlation coefficient (Bache  and Lichman, 2013;Ferreira  and 

Figueiredo, 2012;Yu  and Liu, 2004), symmetrical uncertainty (Ferreira  and 

Figueiredo, 2012;Yu  and Liu, 2004) and absolute cosine (Ferreira  and Figueiredo, 

2012). In (Ferreira  and Figueiredo, 2012) argue that using angles to measure similarity 

is better suitable for high-dimensional sparse data.  Therefore, absolute cosine is used 

as geometric view in our proposed algorithm. 

            
     

         
 

 

High cosine value shows that two documents are likely similar because they 

share most of their words. The cosine value is equal to 1 when two documents are 

identical, and the value 0 means that the documents are totally dissimilar and have 

nothing in common. 
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4.2 K-mean clustering based feature selection method 

 

We proposed to separate data in large classes into several subclasses ac-

cording to their proximity, all the subclasses, then, are used for feature scoring meas-

ure instead of the main classes.  The proposed algorithm is showed in Algorithm 3 

(Cluster-based feature scoring measure algorithm).   

 

Algorithm 3 Cluster-based feature scoring measure algorithm 

Input: Original feature set ( ) 

  Training data (                              ) 

  Main class                 

  Predefined number of cluster                 

Output: Feature set ranked by score (      ) 

1: for all classes in C do 

2:  cluster all data          within the class cj into 

         
             using K-Means clustering 

3:             
                 

     //new training set 

4: for each feature    in   do 

5:                          

6:                                 

7: Return FScore 

 

In Algorithm 3, given a set of training data with known main classes,    

                              , the proposed method starts by separately clus-

tering each class cj into kj clusters using the K-means clustering algorithm (lines 1-2). 

Then, in line 3, we have a new training set            
                  

                  where t is the label of a specific cluster (subclass) of main class 

C and        
   
   .  Then in lines 4-5, feature score    of     is measured with asso-

ciated subclasses instead of the main classes.  Feature results are sorted by feature 

score (line 6) and then feature set which is ranked by feature score is returned in line 7. 
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Separating the main classes into the subclass before computing feature score 

not only reduces the influence of large classes but also increases chance that important 

but rare features of small classes can be selected.  In order to avoid the impact of class 

separating with small classes, we assign a small kj for small classes and large kj for 

large classes. The kj value is obtained by following formula: 

         
     
    

      

where |K| is an empirical parameter of the proposed algorithm, which requires the ex-

periment to find out the best value, represented the summation of resulted subclass and 

|Tr|j is a number of text document in the class cj. 

 

5. Hierarchical agglomerative clustering based feature scoring method 

 

We use the hierarchical agglomerative clustering to separate data from both 

larger and smaller class into several subclasses which are used instead of the main 

classes for feature scoring and the ideal is demonstrated in Figure 3. 

 

 

 

Figure 3  Concept of Hierarchical Agglomerative Clustering based feature scoring 

method.  
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5.1 Hierarchical Agglomerative Clustering (HAC) 

 

Text clustering is about to combine similar text documents into a group 

(cluster).  Some classes of text are large enough to be further clustered and then all 

data can be organized as hierarchical cluster.  Hierarchical Agglomerative (bottom-up) 

clustering (Hastie et al., 2008;Manning et al., 2008) is about to consider each docu-

ment as a singleton cluster at the beginning and then successively merge (or agglomer-

ate) pairs of clusters until all documents have been merged into a single binary tree.  

 

An example of document clustering is visualized by a dendrogram shown 

in Figure 4.  In the dendrogram, element on the x-axis is document and distance marks 

that two elements (either document or cluster) are merged in on the y-axis.  Thus, a 

binary tree can be plotted so that the height of each node is proportional to the values 

of the intergroup distances between its two child nodes.  Possible clustering results 

depend on cut-off distance.  In Figure 4., there are three examples of clustering: at 

height 0.84 into 3 clusters, at 0.72 into 4 clusters, and at 0.61 into 6 clusters. The high-

er cut-off value, the smaller number of clusters is.  

 

In order to determine the best cut-offs, a measure of distance between sets 

of observations is required.  In most methods of hierarchical clustering, this is 

achieved by use of an appropriate metric (a measure of distance between pairs of doc-

uments), and a linkage criterion which specifies the distance of sets as a function of the 

pair-wised distance between two clusters. Many research projects argue that using an-

gles to measure similarity is more suitable for document clustering which has highly-

dimensional sparse data (Ferreira  and Figueiredo, 2012).  Therefore, absolute cosine is 

used as geometric view in our study.  

 

HAC merges pairs of elements that are in close proximity into binary clus-

ters using the linkage function.  There are tree popular linkage criterion (Hastie et al., 

2008;Manning et al., 2008), such as the single-link, complete-link, and UPGMA 

schemes. However, we use the complete-link clustering in our work because the ap-

proach can be more efficient than the other approaches for large dimensional data 
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(Hsiao  and Chang, 2008). The overall complexity of the algorithm is           

which N is the number of document in the dataset. 

 

 

 

Figure 4  An example of text clustering visualized by dendrogram 

 

The HAC algorithm is inferior in term of time complexity compared to the oth-

er clustering algorithms; however, it is deterministic algorithm which does not require 

a predefined number of clusters.  The HAC algorithm is processed in one time while 

the K-mean clustering has to empirically repeat until the best number of clusters is 

reached, that is more exhaustive task.  

 

5.2 Feature Scoring Method 

 

The proposed algorithm is shown in Algorithm 1 (Cluster-based feature 

scoring measure algorithm).  In Algorithm 1, given a set of training data with known 

main classes,                                  , the proposed method starts by 

separately clustering each class    into    clusters using the Hierarchical Agglomera-
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tive Clustering algorithm (lines 1-2). Then, in line 3, resulting data become     

       
                                    and        

   
    where t is the 

label of a specific cluster (subclass) of main class C.  Then, we have new training sets 

   , which are passed as input to measure the feature score with considering subclasses 

instead of the main classes (line 4-5): after looping for computing scores of each fea-

ture, then used it for ranking all features, decreasingly (line 6). The result, which is a 

ranked feature by its scoring, is returned (line 7). 

 

Algorithm 4 HAC-based feature scoring measure Algorithm 

Input: Original feature set ( ) 

  Training data                                   

  Main class                 

  Predefined number of cluster                 

Output: Feature set ranked by score (      ) 

1: for all classes in C do 

2:  cluster all data          within the class cj into 

         
             using HAC using proposed cutoff 

3:             
                 

     //new training set 

4: for each feature    in   do 

5:                          

6:                                

7: Return FScore 

 

Proposed method considers relevance between each feature and each class in 

the whole dataset by using the resulted subclasses to re-labeling each document with-

out data over- or under-sampling process.  Therefore, unlike the re-sampling paradigm, 

this method does not face problems of important concept missing, overfitting, and 

overgeneralization etc. 
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5.3 Class-sensitive weighting for cutoff threshold 

 

After creating the hierarchy, we need a cutting point to partition data into 

clusters. We propose a method for determining an appropriate clustering cut-off based 

on normalized height of nodes in the cluster tree.  It is about to compare the height of 

each node with the heights of neighboring nodes below it in the tree.  A node that is 

approximately the same height as the nodes below it indicates that there is no distinct 

between objects joined at this level of the hierarchy.  These nodes are to exhibit a high 

level of consistency, because the distance between the objects being joined is approx-

imately the same as the distances between the objects they contain.  On the other hand, 

a node whose height differs noticeably from the height of the nodes below it indicates 

that the objects joined at this level in the cluster tree are much farther apart from each 

other than their components were when they were joined.  This node is said to be in-

consistency with the nodes below it, except the leaf node’s inconsistency which is ze-

ro.  The relative consistency of each node in the hierarchical cluster tree can be quanti-

fied and expressed as the inconsistency coefficient.  This value compares the height of 

a node in a cluster hierarchy with the average height of nodes below it.   

 

The inconsistent coefficient of each cluster node   in the hierarchy is giv-

en by 

      
              

        
 

where       is height of the node   ,          is mean of the heights of all the nodes 

included in the calculation (   and other node below it), and          is the standard 

deviation of the height of all the node included in the calculation.  Nodes, which join 

different clusters, have a high inconsistency coefficient; and nodes, which join same 

clusters, have a low inconsistency coefficient. 

 

Next, we proposed the computing cut-off threshold,     , based on the sta-

tistical method of outlier detection defined as 
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where α is a confidence coefficient which is only one statistical parameter in the pro-

posed method,     

 
 is the   

 

 
 quantize of the       ,    and    are mean and stand-

ard deviation of all cluster node in hierarchy, respectively and    
is the class-sensitive 

weight of each main class (described below). Outlier detection is a statistical approach 

that indicates the observations which have very different behavior from others in data 

collection (Hodge  and Austin, 2004). The cluster node   , that has inconsistency coef-

ficient value       more than     , this node is inconsistent when compared with its 

child nodes in the hierarchy, then its child nodes are grouped in the same cluster. The 

lower cut-off value means that the class will be divided into many subclasses while the 

higher cut-off value will make the clustering divides the class into the less number of 

subclasses. 

 

Separating the main classes into the subclass before computing feature score 

not only reduces the influence of large classes but also increases chance that important 

but rare features of small classes can be selected.  In order to avoid the impact of class 

separating with small classes, we assign a more     value for small classes and small 

    value for large classes. The    value of main class,     , is obtained by follow-

ing formula: 

    
 

                     
   

 

where |cj| is a number of text document in the class cj,                represented the 

size of the smallest class in training dataset.  Actually,     value of the smallest class is 

1, the values of the other classes are descending with respect to their size and the 

weight of largest classes is the lowest valu 

 

6. Unsupervised Fast correlation-based feature selection for clustering 

 

The proposed method composed of two approaches: measuring feature rele-

vance by feature score to keep highly relevance features; and measuring feature redun-

dancy by feature correlation to identify redundant features. Then, we define a policy to 

eliminate less important features. The algorithm is listed in Algorithm 5 (Unsupervised 
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fast correlation-based filter algorithm.). In Algorithm 5, scores of each feature are 

computed and then used it for sorting (lines 2 and 3); each feature will be compared 

with others in order to find relevancy (lines 4-12); feature redundancy is measured by 

computing feature similarity (Ferreira  and Figueiredo, 2012) (line 8); each feature is 

then considered to be removed from the output (lines 13-17); and after looping for eve-

ry feature, the result, which is a feature set that each has high relevance and low simi-

larity among themselves, is returned (line 20), 

 

Algorithm 5  Unsupervised Fast Correlation-Based Filter Algorithm 

Input : Original feature set ( ) 

  Training data (  ) 

  Threshold parameter (α) 

Output : Optimal feature subset (   ) 

1: for each feature fi in   do    // Compute score all feature 

2:                    

3:                                      // set of sorting feature 

in F by score descending 

4:                        

5: do begin 

6:                              

7:  for each feature fi in F’ 

8:                                       

9:                                                 

10:                                            

11:                                  
   //set of sorting fea-

ture in F’ by score ascending 

12:                              

13:  for each feature fi in ST’  // redundant identify and 

remove 

14:   if (                         ) 

15:    if (                    ) 
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16:     remove fi from ST 

17:                           

18: end until (fj = NULL) 

19: Opt = ST 

20: return     

 

In practical, many feature selection methods suffer the problem of selecting 

appropriate thresholds for both redundant feature identification and redundancy elimi-

nation. Thus, we proposed the statistics based method to compute threshold to identify 

redundant feature of feature fj, is defined as 

                      
            

  
 
 
     

where α is a confidence coefficient,     

 
 is the   

 

 
 quantize of the       ,        

           

and    are average and standard deviation, respectively, of similarity between features 

   and   ,       . The feature   , that has similarity value              more than 

              , is identified as redundant feature of feature   . Next, we introduce a 

criterion in strategy for redundant feature elimination.  The decision to remove a fea-

ture depends on a cumulative relevance (  ) measure (Ferreira  and Figueiredo, 2012). 

          

     

   

 

 

The    value is used to calculate summation of relevance score of feature in 

subset    . Then, we propose removing the features   where          is more than 

threshold,                
 

 
    . This means that    is redundant and removing 

   affects    value a little, thus    can be removed from the feature set. On the other 

hand, some features    have       that make                      , it means that 

the feature is redundant but it is influent to the cumulative relevance of feature set; 

thus, it should be kept in the selected feature set. Finally, we can select highly-relevant 

features and remove highly-redundant feature for data clustering. 
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RESULTS AND DISSICUSSION 

 
Results 

 
1. Evaluation Method 

 

To measure the performance of a feature selection algorithm, the results ob-

tained must be represented in some measure to provide means for comparison with 

other researches. Usually precision, recall and F1-measure are used to evaluate the 

feature selection algorithms. They are showed in the following equations: 

 

Precision,    
   

       
 

Recall,    
   

       
 

 

We also use F1 (   ) as the local performance measure, which is a combination 

of precision    and recall   . 

 

F1-measure,     
       

       
 

 

To exhibit the performance of the proposed method on the smaller class, the F1 

measures over the multiple classes are summarized using the global average measure 

defined as follows: 

 

Micro-average Precision,         
    
   
   

          
   
   

 

Micro-average Recall,         
    
   
   

          
   
   

 

Macro-average Precision,         
   
   
   

   
 

Macro-average Recall,         
   
   
   

   
 

Micro-average F1-measure,          
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Macro-average F1-measure,          
    
   
   

   
 

 

2. Outlier based Feature Selection Algorithm with DFD Feature Scoring based 

on Statistical value and Document Frequencies 

 

The proposed selection algorithm is evaluated by comparing the effectiveness 

of the selected feature subset with ranking wrapper-based feature selection in Algo-

rithm 1 as the baseline.  We applied four feature scoring schemes, CHI, IG, Document 

Frequency (DF) and the proposed DFD, to determine feature subset on training docu-

ments with different cut-off number of features ranging from 100 to 2000.  At each 

cut-off number, the performance of the classifier is estimated by four-fold cross-

validation.  To eliminate random variation, the micro-average    was averaged over 

the five runs.  We use Student’s paired two-tailed t-test in order to evaluate the statisti-

cal significance (at the significant level 0.05) of the difference between the previous 

best subset and the candidate subset.   

 

Figure 5 shows the micro-averaged F1, also averaged over five runs for each 

feature score as we change the cut-off number of features.  The baseline algorithm 

process is repeated until the stopping criterion (number of feature = 2000) is satisfied, 

the results show that the best number of selected features that suited the classifier for 

CHI, IG, DF and DFD scores are 600, 1300, 1400 and 1200, respectively.  With these 

results, we also confirm that the selected subset of features using the ranking wrapper-

based algorithm respect to not only type of learning machine but also type of feature 

scores. 
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Figure 5  Micro-averaged F1 for each feature scores, as ranking wrapper algorithm 

varies the number of features 

 

We investigated the effectiveness of the selected feature subset for multi-class 

text categorization in order to compare the performance of the four feature scores.  The 

selected feature subsets from each score are used to train the classifier; then the classi-

fication performance is evaluated on testing documents.  The 10-run micro-averaged 

and macro-averaged F1 are used for comparing the performances for different feature 

scores. 

 

We compute Student’s independent two-tailed t-test in order to evaluate the 

statistical significance of the difference between the two averaged F1 values: the one 

from the DFD score and the one from CHI, IG, and DF score.  The results are shown 

in Table 4. The p-Val is the probability associated with an independent two-tailed t-

Test. The symbols “+” and “-” identify statistically significant (at the 0.05 level) wins 

and losses of the proposed method over the baseline methods and no symbol means no 
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statistically significant difference. We can see that IG obtained higher micro-averaged 

F1 than other scores (CHI, DF) due to the influence of the large-size categories be-

cause IG often assigns higher scores to the terms correlated with large classes such that 

small classes are not selected in top rank features (Makrehchi, M.  and M. S. Kamel, 

2011).  However, the lowest macro-averaged F1 value shows that IG failed when it is 

applied to multiple classes with highly imbalance category sizes.  We notice that DFD 

obtained micro-averaged F1 which is the largest among these four feature scores in the 

classifier and its macro-averaged F1 is higher than IG as well. As we can see in Table 

4, the results obtained from the DFD are statistically better than from the IG. For mi-

cro-averaged F1, DFD is better than CHI and DF. However, for macro-averaged F1, 

DFD is statistically similar to DF and slightly smaller than CHI.   

 

Table 4  Comparing Micro-average F1 and Macro-average F1 of selected features us-

ing DFD score and three standard feature scores  

 

Average F1-

measure 

DFD 

(1200f) 

CHI (600f) IG (1300f) DF (1400f) 

measure p-

Val 

Measure p-

Val 

measure p-

Val 

Micro 87.88 86.42 

(W) 

0.00+ 87.72 

(W) 

0.00+ 87.24 

(W) 

0.02+ 

Macro 78.95 79.18 (L) 0.02- 78.62 

(W) 

0.00+ 79.07 (D) 0.23 

 

 

We then used the proposed outlier-based feature selection in Algorithm 2 to se-

lect a feature subset with these four feature scores.  Unlike the baseline algorithm, the 

outlier-based algorithm is non-iterative process and we set merely a parameter, value 

of the significance level        with confidence level of 95%, to identify the opti-

mal cut-off.  Numbers of features selected by the outlier-based algorithm for CHI, IG, 

DF, and DFD are 314, 472, 514, and 358, respectively.  The result shows that the out-

lier-based algorithm selects a smaller feature subset than the feature subset selected 

using the ranking wrapper-based algorithm. 

 

Although the size of outlier-based feature set is smaller, we further investigate 

the effectiveness of those selected feature subsets for multi-class text categorization.  
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The selected feature subsets are used to train the classifier; then the classification per-

formance is evaluated on testing documents.  To compare the algorithms, the F1-

measure is used for comparing the performances for different feature scores. Table 5 

shows the F1-measures of features selected by each algorithm on the top-10 categories 

for CHI, IG, DF, and DFD.  The F1 values in each table are 10-run averages of F1 val-

ues.  We also compute Student’s independent two-tailed t-test in order to evaluate the 

statistical significance of the difference between the two averaged F1 values: the one 

from the outlier-based method and the one from ranking wrapper-based method. 

 

The last row in each table summarizes over all categories the wins/losses/ties in 

F1-measure (at significance level 0.05) comparing baseline feature subsets with the 

subset selected by the outlier-based method. Table 5 shows that the outlier-based 

method with CHI has a higher number of wins than the baseline, especially in small-

size categories.  The number of wins from both proposed algorithm and the baseline 

algorithm with IG are similar in large, moderate, and small size categories.  The outlier 

algorithm with DF clearly outperforms the baseline algorithm on top-10 categories.  

Finally, the proposed algorithm with DFD achieves similar results in large size catego-

ries as the baseline algorithm and higher F1 measures in moderate size categories in-

volve smallest size category, grain. 

 

Table 6 compares the micro-averaged F1 and macro-averaged F1 on top-10 

categories for four score schemes between proposed method and baseline methods.  

The number in bold indicates that value from the outlier-based method is higher than 

value from the ranking wrapper method.  For CHI, the outlier-based algorithm shows 

higher micro- and macro-averaged F1 than the ranking wrapper-based algorithm with 

statistical significance.  From the definition of CHI, it is argued that the outlier-based 

algorithm selects better features, with higher relevance to the target categories, than 

the baseline algorithm.  For IG, the outlier-based algorithm achieves lower micro-F1 

than the baseline algorithm due to the influence of F1-measure of the largest category 

“earn”.  However, the outlier-based and baseline algorithms achieve no statistically 

significant difference in macro-F1.  It seems that both algorithms with IG score are 

similar in average performance across different categories, without regarding to the 
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size of training sets.  For DF, the outlier-based and baseline algorithms obtained simi-

lar micro averaged F1’s but the macro averaged F1 of the outlier-based is higher than 

of the baseline algorithm.  Finally for DFD score, the outlier-based achieves macro 

averaged F1 higher than the baseline algorithm and similar micro averaged F1 as well. 

The experimental results show that the proposed outlier-based algorithm selects a more 

compact feature subset than the baseline algorithm while achieving similar or higher 

F1-values for different feature scores with statistical significance.  In addition, DF with 

the outlier-based algorithm achieves highest both micro- and macro- F1 but its number 

of selected features is larger.  DFD and CHI with the outlier-based seems to be better 

balance between performance and feature set size.  Finally, IG with the outlier-based 

produces the lowest performance.  This conforms to the suggestion in (Makrehchi, M.  

and M. S. Kamel, 2011) that IG with outlier-based feature selection is not recommend-

ed for the Reuters.  We can argue that DFD and CHI are more suitable.  



 

 

5
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Table 5  Comparing F1-measures between feature subsets selected by the outlier-base method and the ranking wrapper-based method for 

CHI, IG, DF and DFD 

 

Category CHI IG DF DFD 

Outlier RW-based Outlier RW-based Outlier RW-based Outlier RW-based 

F1 F1 p-Val F1 F1 p-Val F1 F1 p-Val F1 F1 p-Val 

Earn 95.63 90.63 0.00+ 90.69 96.40 0.00- 95.60 93.59 0.10 94.33 96.40 0.06 

Acquisition 86.86 90.58 0.00- 90.53 86.98 0.00+ 87.03 89.01 0.02- 88.44 87.12 0.06 

Money-fx 66.22 66.76 0.00- 65.62 65.74 0.45 65.59 67.07 0.00- 66.85 65.59 0.00+ 

Trade 83.54 84.74 0.00- 83.90 84.16 0.75 84.49 83.11 0.00+ 85.61 83.98 0.00+ 

Crude 70.30 72.95 0.00- 72.68 71.05 0.00+ 72.06 72.10 0.61 73.33 71.76 0.00+ 

Interest 77.77 77.07 0.00+ 78.61 79.28 0.00- 81.08 80.02 0.00+ 78.22 80.04 0.00- 

Ship 86.72 86.33 0.00+ 83.95 86.70 0.00- 88.60 86.05 0.00+ 86.40 87.70 0.00- 

Corn 77.38 73.8 0.00+ 74.55 70.91 0.00+ 74.44 73.29 0.01+ 71.48 72.26 0.12 

Wheat 84.00 83.37 0.00+ 81.81 84.20 0.00- 86.00 82.24 0.00+ 80.51 83.01 0.00- 

Grain 66.27 65.61 0.14 62.17 60.81 0.01+ 67.87 64.17 0.00+ 67.89 61.66 0.00+ 

Win/Lose/Tie - 5/4/1 - 4/4/2 - 6/2/2 - 4/3/3 
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Table 6  Micro-F1 and Macro-F1 comparison for four scores between proposed method and baseline method 

 

Average 

F1-measure 

CHI IG DF DFD 

pro-

posed 

base-

line 

p-Val pro-

posed 

base-

line 

p-Val pro-

posed 

base-

line 

p-Val pro-

posed 

base-

line 

p-Val 

Micro 87.44 86.42 0.00+ 86.26 87.72 0.00- 87.83 87.24 0.05 87.44 87.88 0.07 

Macro 79.47 79.18 0.01+ 78.45 78.62 0.10 80.28 79.07 0.00+ 79.31 78.95 0.02+ 
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3. A statistics-based feature score for  classifying class-imbalanced data 

 

In this section, we compare performance of three proposed scores with various 

scores based on the experimental results reported in (Yang et al., 2012).  Those scores 

are Comprehensively Measure Feature Selection (CMFS), Information Gain (IG), 

Chi-square statistic (CHI), Improved Gini Index (GINI), Document Frequency (DF), 

Orthogonal Centroid Feature Selection (OCFS) and DIA association Factor (DIA). 

Figure 6 and Figure 7 show the micro F1 measure results when Support Vector Ma-

chines and Naïve Bayes are used on Reuters-21578 dataset, respectively.  

 

Figure 6 indicates that the micro F1 performance of SVM based on Max-

tscore and Averaged-tscore are superior to other feature scores.  The results of 

Weighted Averaged-tscore are the worst because it is an average of tscore that weight 

of each class varies to its size.  However, Averaged-tscore has not been so.   

 

It can be seen from Figure 7 that the micro F1 performance of NB used Max-

tscore outperforms that based on the other feature scores as well.  However, Aver-

aged-tscore gives results slightly lower than other scores and Weighted Averaged-

tscore produces quite low classification performance.  

 

Note that Max-tscore produces the best F1 results in both classifiers due to the 

score aims to maximize significance of feature relevance in one class against other 

classes rather than using average of the feature score for all classes. So, the score is 

suitable for situation where the class sizes are quite different. The micro F1 of SVM 

based on Max-tscore is the highest (94.20) when the number of the selected features is 

400, and the micro F1 of NB based on Max-tscore reaches the highest (88.80) when 

the number of the selected features is 800. In the next section, we will discussion ef-

fectiveness of Max-tscore compared with others. 
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Figure 6  Micro F1 measure result using SVM on Reuters-21578 
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Figure 7  The micro F1 measure result using Naïve Bayes on Reuters-21578 Quality 

of selected features 

 

Figure 8 shows that F1 measure of top-10 classes of Reuter-21578 dataset 

when various feature scores are used in order to consider the effect on the classifica-

tion majority and minority classes.  We compare the best result of Max-tscore with 

other scores based on the experimental results which are mentioned in (Yang, J. et al., 

2012). Note that CMFS score has previously reported which is the best performance 

score at all classes.  However, our experiment shows that the Max-tscore clearly out-

performs all feature scores under all classes especially very small size classes (corn, 

wheat and grain).  We conclude that our score increase the F1 measure of the minority 

class without sacrificing the F1 measure of the majority class.   
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Figure 8  The best f1 of SVM classifier for each class when various feature score are 

used 

 

Table 7 demonstrates top-10 features selected by various feature scores on 

Reuter-21578.  It can be seen that some features are commonly selected by various 

scores.  This means that the classification performance of common features is the 

same for those scores; thus, the features that are remained for common features be-

come the key for discriminating the classification performance of various scores 

(Yang et al., 2012). However, we can see that a feature “wheat” which is highly rep-

resentative for the minority class (especially wheat, grain, corn) can be ranked in top 

10 feature by the Max-tscore. 
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  We believe that such features have more chance to be selected when we in-

crease number of selected features.  This is the reason for the superior micro F1 of the 

Max-tscore in both classifiers. Therefore, we can conclude that the Max-tscore can 

evaluate level of relevant features of each class and help the ranking method to select 

them in the optimal feature set that led to decrease the destructive impact of imbal-

ance class distribution. 
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Table 7   The top10 features selected by various feature scores on Reuter-21578 dataset 

 

Max-tscore CMFS IG CHI DF GINI OCFS DIA 

cts cts mln cts mln cts cts shr 

net mln dlrs net dlrs net net qtr 

shr net cts shr cts shr shr revs 

mln loss net qtr net qtr qtr mths 

oil shr pct revs loss revs oil shrs 

trade oil March note March note trade div 

profit dlrs year loss year mln wheat avg 

dlr trade loss profit shr loss bank dividend 

wheat profit billion mths pct March tonnes qtly 

bank qtr shr trade company profit company cts 



64 

 

 

6
4
  

4. K-mean clustering based feature scoring method 

 

In the experiment, we assumed that reducing size of large classes by clustering 

to smaller subclasses will make features in the small classes statistically more visible 

to the learning machine than results without clustering.  We determined effectiveness 

of feature scoring measure among 1) the main classes, 2) the ground truth subclasses 

from the dataset, and 3) resulted K subclasses from the Algorithm 1.  We applied In-

formation Gain (IG) to measure feature scores on training data.  Feature ranking 

method is executed with numbers of selected features |F|, ranged from 100 to 2000, 

stepped by 100 and from 2000 to 4000, stepped by 500.  According to Algorithm 1, 

we generated a vector model for training data by using only top-ranked features in-

stead of all features in order to reduce training time.  Features are ranked by Docu-

ment Frequency (DF).  By empirical experiments, 4000 features are sufficient for ac-

ceptable clustering result.  Then, we used K-means clustering onto the vector model.  

We selected several arbitrary values of |K| in the evaluation.  First, we selected |K| = 

55 since it is the same number as of ground-truth subclasses and then other lower val-

ues (22, 33, and 44) and one higher value (66) are arbitrarily selected in order to in-

vestigate effects of subclass sizes on the classification performance.  The result, which 

is a set of clusters, was used as a subclass for measuring feature scores. Next, IG score 

for each feature was computed and the traditional feature ranking method proceeded.  

 

We adopt Support Vector Machine (SVM) with linear kernel which is a favor-

ite and robust learning algorithm for highly dimensional data as the classifier in the 

experiments.  The experiment was performed using the LibSVM package of WEKA, 

with the default values of parameters.  We investigated the effectiveness of the fea-

tures for multi-class text categorization.  Using traditional feature ranking method, the 

selected feature subsets were used to train the classifier; then the classification per-

formance was evaluated on training documents.   

 

Figure 9 shows the ranking accuracy of feature ranking method using cluster-

ing resulted subclass, ground truth subclass and main class on the RCV1v2 dataset. 

We observe that 1) the ground truth subclasses outperformed the main class when the 
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number of feature further increases; 2) compared with main class, using ground truth 

subclasses for feature scoring measure can improve classification accuracy substan-

tially; and 3) with |K| = 22, 33, 44, 55 and 66, our algorithm achieved higher accuracy 

than the main classes at number of feature from 100 to 4000 and case |K| = 44 per-

forms the best.  The accuracy values of both methods are approximately equal when 

number of features is more than 1800 with all |K| values. Moreover, the slope of 

ground-truth subclasses line is zero at 1800 features.  Basically, the feature ranking 

method will select 1800 top-ranked features as the optimal feature subset. 

 

 

 

Figure 9  The ranking accuracy of feature ranking method using clustering resulted 

subclass, ground truth subclass and main class on the RCV1v2 dataset. 

 

Next, classifiers from training process were used to classify testing documents 

and the classification performance was then evaluated. Figure 10 and Figure 11 illus-
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ure 10 shows that micro-averaged F1 of resulted class is slightly lower than of the 

ground truth subclasses.  Since clustering technique is unsupervised learning method 

which has no prior knowledge, thus, a number of errors are normally occurred; 2) F1-

measures in the smallest class (ECAT) are increased from 0.392 to 0.857 at 1800 fea-
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tures and from 0.547 to 0.881 at 4000 features; and 3) macro-averaged F1 are in-

creased from 0.703 to 0.931 at 1800 features and 0.813 to 0.941 at 4000 features. Fig-

ure 11 shows that overall accuracy measures are increased from 79.4 to 93.9 at 1800 

features and 87.86 to 95.4 at 4000 features. 

 

 

 

Figure 10  The F1 measures for 1800 features and 4000 features for class variants   

 

 

 

Figure 11  The accuracy for 1800 features and 4000 features for class variants 
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5. Hierarchical agglomerative clustering based feature scoring method 

 

To evaluate the performance of the proposed method in the multi-class text 

classification, we employ the Accuracy defined by           
    
   
   

          
   
   

     

True positive     is a number of test documents that are classified into class    cor-

rectly, and false negative     is a number of test documents incorrectly classified un-

der other categories. 

 

We also use F1 (   ) as the local performance measure, which is a combina-

tion of precision    and recall   .  The definition of     is     
       

       
   where 

   
   

       
 and    

   

       
 , which False positive     is numbers of test docu-

ments that are classified into class    incorrectly. To exhibit the performance of the 

proposed method on the smaller class, the F1 measures over the multiple classes are 

summarized using the macro-averaged F1 (Sebastiani, 2002) defined by     

    
   
   

   
.  The     provides equal weights to all classes, regardless of number of doc-

uments in each class; therefore, it is not mainly dependent on large classes. 

 

In the experiment, we assumed that reducing size of large classes by clustering 

to smaller subclasses will make features in the small classes statistically more visible 

to the learning machine than results without clustering. 

 

We determined effectiveness of feature scoring measures among four feature 

sets from: 1) the main classes, 2) the ground truth subclasses from the dataset, and 3) 

resulted K subclasses from the HAC algorithm with baseline cut-off value, and 4) re-

sulted K subclasses from the Algorithm 1 with class-sensitive cut-off value. 

 

We generated a vector model for training data by using 3,000 top-ranked fea-

tures instead of all features in order to reduce training time and preliminary empirical 
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experiments showed that 3,000 features are sufficient for acceptable clustering results.  

These features are ranked by Document Frequency (DF) in this process. 

 

We applied Information Gain (IG) to measure feature scores on training data 

which is labeled with four different class labels.  First, main class is used as the base-

line method.  Second, ground truth subclasses are extracted from metadata of 

RCV1v2.  Third, we used HAC algorithm onto the vector model.  We manually ana-

lyze several arbitrary values of cut-off threshold for each main class and evaluate the 

results of HAC algorithm and empirically select the best resulted value as the baseline 

cut-off.  The baseline cut-off can cluster the main classes into 161 result subclasses 

which consist of 15, 29, 48 and 69 subclasses of main classes CCAT, ECAT, GCAT 

and MCAT respectively. The result, which is a set of clusters, was used as a subclass 

for measuring feature score. 

 

After finding the baseline cut-off, the Algorithm 1 has been applied on the 

vector space of training data.  By setting the value of a parameter       , Algo-

rithm 1 obtains the resulted cluster which is consisted of 284 subclasses (134, 37, 35 

and 81 subclasses from main classes CCAT, ECAT, GCAT and MCAT, respectively.)  

The resulted clusters were used as subclasses for measuring score as well. 

 

Then, the traditional feature ranking method proceeded.  Feature ranking 

method is executed with numbers of selected features |F|, ranged from 100 to 2000, 

stepped by 100 and from 2000 to 3000, stepped by 500.  We adopt SVM with linear 

kernel and Naïve Bayes as the classifiers in the experiments.  Using traditional feature 

ranking method, the selected feature subsets were used to train the classifier; then the 

classification performance was evaluated on training documents. The performance of 

the classifier is estimated by four-fold cross-validation.  To eliminate random varia-

tion, the performances were averaged over the three runs.  We use Student’s paired 

two-tailed t-test in order to evaluate the statistical significance (at the significant level 

0.05) of the difference between the various results. 
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5.1 Results on Naïve Bayes 

 

Figure 12 shows the ranking accuracy of Naïve Bayes classifier with feature 

ranking method using clustering resulted subclass, ground truth subclass and main 

class on the RCV1v2 training dataset.  We observe that 1) the ground truth subclasses 

outperformed the main class when the number of feature further increases, thus, using 

subclasses for feature scoring measure can improve accuracy substantially of low-

effective classifier such as Naïve Bayes; 2) using baseline cut-off value, resulted sub-

classes achieved accuracy which is similar trend to the ground truth subclass (with 

correlation coefficient > 0.9); and 3) our algorithm with class-sensitive cut-off 

achieved higher accuracy that is superior to the main classes at lower number of fea-

ture from 100 to 1100 but inferior to the ground truth subclasses, and main class at 

higher number of feature from 1100 to 3000. However, this work has focused on se-

lection small number of feature for classification.  The accuracy of resulted subclasses 

by the proposed method is maximal at 400 features which is higher than the maximum 

accuracy of the main class. By the ranking wrapper-based paradigm, thus the 400 top-

ranked features are selected as the optimal feature subset for Naïve Bayes classifica-

tion for class variants. 

 

 

 

Figure 12  Accuracy of NB on the RCV1v2 dataset. 
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Next, Naïve Bayes classifiers from training process were used to classify test-

ing documents and the classification performance was then evaluated. Figure 13 and 

Figure 14 illustrates the performance comparison at selected numbers of features (400 

features) of the main class, ground truth subclass and resulted class.  Figure 13 shows 

that macro-averaged F1 of Naïve Bayes of resulted class is slightly lower than of the 

ground truth subclasses in the same result as the SVM classifier because of normally 

occurred errors from the clustering method. However, the replacement main classes 

by resulted subclasses makes the classification obtain the F1-measures in the smallest 

class (ECAT) increased from 0.641 to 0.666. The macro-averaged F1 are increased 

from 0.743 to 0.811. Especially, Figure 14 shows that recall of ECAT is increased 

from 0.849 to 0.873 and the averaged recall is increased from 0.805 to 0.850. 

 

 

 

 

Figure 13  The F1 measures of NB with 400 features for class variants   
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Figure 14  The Recall of NB with 400 features for class variants 

 

5.3 Results on SVM 

 

Figure 15 shows the ranking accuracy of SVM classifier with feature ranking 

method using clustering resulted subclass, ground truth subclass and main class on the 

RCV1v2 training dataset. We observe that 1) the ground truth subclasses also outper-

formed the main class when the number of feature further increases; 2) compared with 

main class, using ground truth subclasses for feature scoring measure can improve 

classification accuracy substantially; 3) using baseline cut-off value, resulted sub-

classes achieved equal accuracy to the ground truth subclasses; 4) our algorithm 

achieved higher accuracy than the main classes at number of feature from 100 to 3000 

and approximately equal to the ground truth subclasses; and 5) all lines in the Figure 3 

are similar trend (with correlation coefficient > 0.9).  The slope of resulted subclasses 

line by the proposed method is zero at 1300 features. Basically, the feature ranking 

method will select 1300 top-ranked features as the optimal feature subset for SVM 

classifier for class variants. 
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Figure 15  Accuracy of SVM on the RCV1v2 dataset. 

 

Next, SVM classifiers from training process were used to classify testing doc-

uments and the classification performance was then evaluated. Figure 16 and Figure 

17 illustrates performance comparison at selected numbers of features (1300 features) 
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ro-averaged F1 of resulted class is slightly lower than of the ground truth subclasses.  
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knowledge, thus, a number of errors are normally occurred. F1-measures in the small-
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increased from 0.918 to 0.931.  Figure 17 shows that recall of ECAT is increased as 

well, from 0.809 to 0.829 and the averaged recall is increased from 0.904to 0.923. 
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Figure 16  The F1 measures of SVM with 1300 selected features for class variants   

 

 

 

 

Figure 17  The Recall of SVM with 1300 selected features for class variants 
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6. Unsupervised Fast correlation-based feature selection for clustering 

 

In the experiment, we use the RCV1v2 dataset and choose the data samples 

with the highest four topic codes (CCAT, ECAT, GCAT, MCAT) in the “Topic 

Codes” hierarchy which contains 19,    training documents and 1 ,9 2 testing doc-

uments. Furthermore, we also use Isolet dataset. There are 617 real features with 7797 

instances and 26 classes.  We generate a vector model for training data without using 

class label based on our selected features.  Then, we use K-Means clustering onto the 

vector model.  The result, which is a set of clusters, will be used as a new model for 

clustering onto the testing data (also without using class label.)  The labels assigned 

by clustering testing data are used to compare with class labels given from corpora.  

 

In order to assess clustering performance under different feature selection 

method, three qualitative measures are selected.  For Average Accuracy (AA) (Luying 

et al., 2005, Shamsinejadbabki  and Saraee, 2011) and RS Rand Statistics (RS) 

(Achtert et al., 2012;Luying et al., 2005a), we count number of documents, which 

have the same topics, in the same cluster and number of documents, which have dif-

ferent topics, in different clusters. In our clusters and in the corpus, both documents 

are placed in the same clusters: ss. In our clusters both documents are placed in the 

same clusters but in corpus they are in different clusters: sd. In our clusters documents 

are placed in different clusters but in the corpus they are in the same clusters: ds. In 

our clusters and in the corpus both documents are placed in different clusters: dd. 

Then, AA and RS are defined as follows:  

 

    
 

 
  

  

     
 

  

     
  

   
       

           
 

 

Another measure for evaluating clustering is the macro F1-measure (F1) 

(Mitra et al., 2012;Shamsinejadbabki  and Saraee, 2012) that is evaluated as  
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which             
   

  
                

   

  
, where nij is the number of instances 

belonging to class i in corpus that falls in cluster j, and ni, nj are the cardinalities of 

class i cluster j respectively. 

 

Our proposed selection algorithm is evaluated by comparing the effectiveness 

of our optimal feature subset with other subsets selected by a baseline algorithm. We 

use ranking wrapper-based feature selection, which is the most preferable filter-based 

method to determine the best number of highly relevance feature as the baseline. We 

applied four unsupervised feature scoring schemes, DF, TC, TV and MM, to deter-

mine feature subset on training documents of RCV1v2 dataset with different cut-off 

number of features ranging from 500 to 4000. At each cut-off number, the perfor-

mance of the K-Means clustering for the selected feature subset is estimated by 10-

fold 10-time cross-validation. The results show that the optimal number of features 

for DF, TC, TV and MM are 1300, 500, 500 and 500, respectively. 

 

We then used the proposed outlier-based feature selection in Algorithm 1 to 

select a feature subset with these four feature scores.  We set merely a parameter  , to 

identify the optimal threshold.  From preliminary parameter setting, numbers of fea-

tures selected by the proposed algorithm for DF, TC, TV, and MM are 486, 483, 537, 

and 470, respectively.  The result shows that the proposed algorithm almost selects a 

smaller feature subset when compared with the feature subset selected using the base-

line algorithm. The selected feature subsets are used to train the clustering; then the 

clustering performance is evaluated on testing documents.   
 

Table 8 shows the performance of features selected by each algorithm for DF, 

IC, IV, and MM.  The performance values in each table are 10-run average values.  

We compute Student’s independent two-tailed t-test in order to evaluate the statistical 

significance of the difference between the two averaged values: the one from the pro-

posed method and the one from baseline method. The p-Val is the probability associ-
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ated with an independent two-tailed t-Test. The “compare” means that the proposed 

method is statistically significant (at the 0.05 level) win or loss over the baseline 

methods and equal means no statistically significant difference. The experimental re-

sult shows that the proposed method with four feature scores get comparably equal 

clustering performance to the baseline method.  

 

Moreover, we also evaluate performance of the proposed method on the Isolet 

with of baseline method presented.  Table 9 shows comparison of validation. The 

number of selected features from the proposed method is lower than number from the 

baseline method. Table 2 shows that proposed algorithm achieve higher F1 than the 

baseline and RS value of both methods are equal. 

 

Table 8  Comparing three performance measures between feature subsets selected by 

the UFCBF method and the baseline method for DF, TC, TV and MM on 

RCV1v2 dataset. 

 

Feature 

Score Method #feature F1 AA RS 

DF baseline 1300 0.688 0.553 0.626 

 

UFCBF 486 0.693 0.554 0.632 

 

p-Value 

 

0.857 0.969 0.722 

  compare 

 

equal equal equal 

TC baseline 500 0.667 0.525 0.600 

 

UFCBF 483 0.684 0.557 0.633 

 

p-Value 

 

0.588 0.278 0.234 

  compare 

 

equal equal equal 

TV baseline 500 0.683 0.552 0.626 

 

UFCBF 537 0.645 0.555 0.629 

 

p-Value 

 

0.204 0.837 0.841 

  compare 

 

equal equal equal 

MM baseline 500 0.665 0.539 0.613 

 

UFCBF 470 0.702 0.563 0.638 

 

p-Value 

 

0.149 0.143 0.127 

  compare 

 

equal equal equal 
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Table 9  A comparison of the performance on Isolet dataset 

 

Method #feature F1 Rand AA 

baseline  617 0.365 - - 

 

274 0.336 0.94 - 

  275 0.344 0.94 - 

Purposed 263 0.530 0.94 0.62 

Compare   Win equal - 
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Discussion 

 

We conclude that the outlier based feature selection algorithm (in Algorithm 

2) can select a smaller set of highly relevant features to the categories of interest using 

only one parameter (significant level) without prior knowledge. For task of text cate-

gorization with imbalanced category size, the experimental results show that the outli-

er-based feature selection efficiently obtains a high degree of dimensionality reduc-

tion and it is practical for highly-dimensional data. By comparing F1, micro-F1, and 

macro-F1 measures, results showed that classification accuracy of the proposed algo-

rithm significantly exceeds of the ranking wrapper-based algorithms.  Its non-iterative 

process has low computational cost and in experiments it was never trapped at the 

local optima.  The results were the same using different feature scores.  Therefore, the 

proposed outlier-based feature selection method is likely to be invariant to feature 

score. 

 

The proposed DFD score obtained the largest micro-averaged F1 among these 

four feature scores in the classifier and its macro-averaged F1 is higher than IG as 

well. As we can see in the results obtained from the DFD are statistically better than 

from the IG. For micro-averaged F1, DFD is better than CHI and DF. However, for 

macro-averaged F1, DFD is statistically similar to DF and slightly smaller than CHI. 

These shows that DFD works well and can be used instead of DF, CHI and IG when 

the distribution of the category is imbalanced. 

 

In the experiment section 3, the results showed that one of the proposed 

scores, the Max-tscore based on maximizing significance of feature relevancy for all 

classes, works very well on the Reuter21578 dataset, especially the F1 of the minority 

classes are improved without sacrificing the F1 of majority classes. Since the highly 

relevant features, which are the key for discriminating the classification performance 

of various scores, can be ranked in the top feature by the Max-tscore. Such features 

have more chance to be selected when number of selected features is increased.  This 

is the reason why the superior micro F1 of the Max-tscore in both classifiers. There-

fore, we conclude that the statistic based feature score can evaluate level of relevant 
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features of each class and helps the ranking based feature selection method to select 

them in the optimal feature set that led to decrease the destructive impact of imbal-

ance class distribution. Therefore, the t-test score is insensitive to the problem of im-

balanced class distribution.  This means that the proposed score can be used instead of 

the other feature scores when the distribution of the class is highly imbalanced. 

 

By the experimental results subsection 4, we can summarize that using only 

1800 features performances (F1 and accuracy) of our proposed with K=44 are slightly 

lower than ground truth; however, it is much better than using main class only.  More 

importantly, performances on the smaller classes are much improved.  Therefore, K-

mean cluster based method can obtain resulted cluster which can be used instead of 

main class for feature scoring measure on multi-class dataset with highly imbalance 

category sizes.  Particularly, if the ground truth subclasses are unavailable, the pro-

posed algorithm based on clustering technique can still process and yields the suffi-

cient results.  The suitable parameter |K| may be tuned by empirical process but we 

argue that parameter |K| should be defined as equal as or lower than number of ground 

truth subclasses. 

 

We can summarize the experimental results in subsection5 that HAC based 

method can reduce effect of class-imbalanced distribution in the dataset as well.  Per-

formances on the proposed smaller classes are much improved from using original 

main classes.  HAC algorithm can be used to re-cluster efficient subclasses for select-

ing features.  Selected features are effective when they are evaluated on both SVM 

and Naïve Bayes.  Including a method for determining appropriate cut-off threshold 

based on a statistical parameter and class-sensitive weighting can automatically, effi-

ciently and effectively separate the imbalance dataset.  Particularly in the real applica-

tion, if the ground truth subclasses do not exist, the proposed algorithm is still availa-

ble and it yields the sufficient results. 

 

Finally, the unsupervised fast correlation-based feature selection is the effec-

tive and computationally efficient algorithm that dramatically reduces size of feature 

set in high dimensional datasets for data clustering.  The algorithm eliminates a large 
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number of irrelevant and redundant features and selects a subset of informative fea-

tures that provide more discriminating power for unsupervised learning model.  When 

we tested it on the RCV1v2 and Isolet data corpus, the results confirm that the pro-

posed algorithm can greatly reduce the size of feature sets while maintaining the clus-

tering performance of learning algorithms.  The algorithm uses a simple statistic 

based threshold determination to develop a novel filter-based feature selection tech-

nique.  Our approach does not require iterative empirical processing or prior 

knowledge.  Compared to traditional hybrid feature selection the optimal subset from 

our proposed algorithm is significantly comparable or even better than the baseline 

algorithm. Experiments showed that proposed method works well and can be used 

with the unsupervised learning algorithm which class information is unavailable and 

the dimension of data is extremely high. Our proposed method can not only reduce 

the computation cost of text document analysis but can also be applied to other textual 

analysis applications. 
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CONCLUSION AND RECOMMENDATION 

 
Conclusion 

 

In this research, we propose an effective and efficient algorithm that dramati-

cally reduces the dimensionality for multi-class Text Categorization and Text Cluster-

ing. The propose method drastically eliminates a large number of irrelevant feature, 

selects a set of relevant feature, extracts all significant relevant signature features and 

establishes the optimal feature set of mostly informative features that provide more 

discriminating power for text document learning model.  

 

We use several different text document datasets as training and testing data; 

and apply the proposed algorithm to explore a subset of terms from a highly-

dimensional original term set. Our experimental results show that the use of proposed 

algorithm can radically reduce the dimensionality of data sets while maintaining or 

improving the classification performance of learning algorithms. The algorithm uses 

simple statistical techniques (standard score, outlier detection, hypothesis t-Testing), 

data-adaptive threshold technique and correlation function in collaboration to develop 

a novel feature selection technique for text analysis. Our approach is non-iteration 

empirical processing and prior knowledge is not provided. Compared to traditional 

hybrid feature selection (scoring method, wrapper algorithms with sequential forward 

search), the proposed method explored optimal subset that significantly outperforms 

the existing algorithm. However, the proposed method has been proven that it is easi-

er and it requires less computing time than using traditional wrapper algorithms. Our 

method can not only reduce the computation cost of text document analysis but can 

also be applied to other textual analysis applications. In addition to ease of use, this 

approach effectively addresses the feature redundancy problem.  

 

Recommendation 

 

The limitation of this study is that data used in this analysis are only text doc-

ument data. Therefore, the results may not be the same even though we believe that 

the same process can be applied. Factor analysis may reveal semantic explanation. We 
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believe that factor analysis could be a better support text document data analysis for 

further in-depth study.  
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