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ABSTRACT 

 

 

IMPROVING TEXT CATEGORIZATION PERFORMANCE BY 

COMBINING FEATURE SELECTION METHODS  

 

 

Even though the arrival of the machine learning methods in text categorization is one 

of the essential factors that improves the effectiveness of text categorization, high 

dimensionality is still a challenge for classification performance. There are several ways to 

reduce the dimension of input vector in classification and feature selection is one of the 

most popular and effective methods of reducing dimension. Various researches have been 

done to improve the performance of feature selection methods on text categorization but 

they mostly deal with how to advance the performance of the individual feature selection 

methods whereas we know that combining the outputs of multiple algorithms/classifiers is 

one of the promising strategies that has been studied extensively in information retrieval.  

 

With this motivation, we present a comprehensive analysis of the comparison 

between the feature selection methods and their varied binary combinations for text 

categorization with a comparative discussion. We analyze the performances of five 

common feature selection methods with their combinations on five standard datasets with 

varied skewness in both global and local policies by using SVM. Comparing the 

performance of the individual methods with the performance of the combination methods 

shows that combining two feature selection methods significantly improves the 

performance of the individual methods. In addition, rank combination achieves better 

performance in the case of global policy on the other hand score combination significantly 

achieves better performance in the case of local policy. 

 

In this thesis, the main concern is to investigate the effectiveness of combining the 

individual metrics on the performances of text categorization. Thus, we also propose new 

combination methods that some of them clearly outperform the success of the score and 

rank combinations. 
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¥ZET 

 

 

¥ZNĶTELĶK SE¢ME METODLARINI BĶRLEķTĶREREK METĶN 

SINIFLANDIRMA  PERFORMANSININ ĶYĶLEķTĶRĶLMESĶ 

 

 

Makine ºĵrenmesi yºntemlerinin metin sēnēflandērmada kullanēlmaya baĸlanmasē, 

sēnēflandērma performansēnē arttēran ºnemli bir faktºr olmasēna raĵmen y¿ksek boyutluluk 

sēnēflandērma baĸarēsē i­in hala ºnemli bir problem. Sēnēflandērmada dok¿man vektºrlerinin 

boyutunu azaltmak i­in bir­ok yºntem ºnerilmektedir. ¥znitelik se­me yºntemi de boyut 

azaltmada kullanēlan en yaygēn ve etkili yºntemlerden biridir. ¥znitelik se­me 

metodlarēnēn sēnēflandērmadaki performansēnē arttērmak i­in bir­ok araĸtērma yapēlmēĸ ve 

yapēlēyor olmasēna raĵmen, incelenen ºznitelik se­me metodlarēnēn bir arada kullanēlmasē 

ile ilgili araĸtērmalar dokuman sēnēflandērma alanēnda ­ok kēsētlē.  

 

Farklē yºntemleri birleĸtirerek bilgi eriĸim alanēnda baĸarēlē sonu­lar elde edilmesi, 

bizi bu ­alēĸmada ºznitelik se­me metodlarēnē birleĸtirerek metinleri sēnēflandērmaya 

yºneltti. Bu ama­la, bu ­alēĸmada ºzellik se­me yºntemlerinin ve bu yºntemlerin ­eĸitli 

ikili birleĸimlerinin karĸēlaĸtērēlmasēna yºnelik kapsamlē bir araĸtērma sunuyoruz. Beĸ farklē 

ºznitelik se­me metodu ve birleĸimlerini farklē ºzellikteki beĸ veri k¿mesi ¿zerinde yerel 

ve genel politika kapsamēnda SVM sēnēflandērēcēsē ile analiz edildi. Analiz sonucunda, 

birleĸtirilen ºznitelik se­me metodlarēnēn metodlarēn tek kullanēlmasēna gºre daha baĸarēlē 

sonu­lar elde ettiĵini gºrd¿k. ¥zellikle yºntemlerin skor deĵerlerini birleĸtirmek yerel 

politikada belirgin ĸekilde baĸarēlēyē arttērērken, sēra deĵerlerini birleĸtirmek genel 

politikada daha baĸarēlē sonu­lar elde edilmesini saĵladē. 

 

Bu tezde amacēmēz ºznitelik se­me metodlarēnē birleĸtirmenin metin sēnēflandērma 

performansēndaki baĸarēsēnē incelemek ve karĸēlaĸtērmaktēr. Bu kapsamda skor ve sēra 

birleĸtirme yºntemlerinin yanēnda yeni birleĸtirme yºntemleri de tezde ºnerildi ve 

incelendi. ¢alēĸma sonucunda ºnerilen bazē yºntemlerin skor ve sēra birleĸtirme 

yºntemlerinin baĸarēsēnē da geliĸtirdiĵi gºzlemlendi. 
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1. INTRODUCTION  

 

 

Since the early 1990s, the accessibility and abundance of digital documents make 

text categorization an important and necessary research field. Today, text categorization is 

being applied in many contexts in order to organize and manipulate the documents. Arrival 

of the machine learning methods in text categorization is one of the essential factors that 

improves the effectiveness of text categorization in information retrieval systems. 

 

Text categorization is a supervised learning task that assigns the predefined category 

labels to new documents based on the likelihood derived from a set of labeled training 

documents. In order to classify documents, each document should be transformed into a 

model that preserves as much of the original information as possible. The bag of words 

representation is one of the simple and preferred models that represents a document as a set 

of distinct words by ignoring the order and meaning of words. When the number of words 

in documents is considered, high dimensionality may become an inevitable problem. Since 

the data in text categorization are high-dimensional, naturally dimensionality reduction 

becomes a necessity for efficiency and accuracy.  

 

Feature selection is one of the well-known processes that reduces the dimensionality 

by ranking all features according to their importance estimated by a method and then 

selecting ones with the highest values. Feature selection not only reduces time and storage 

requirements but also improves the efficiency and accuracy of the classifiers. Feature 

selection makes applying classifiers on data more efficient by reducing the size of the 

effective features. In addition, feature selection often improves classification accuracy by 

eliminating noise features that are non-informative or misleading for classification and lead 

to incorrect generalization, overfitting, from the training documents. 

 

In text categorization there are two main policies to apply feature selection: local 

policy and global policy. The local policy, where a different set of features is selected from 

each class independent from other classes, gives equal weight to each class. Thus, it tends 

to optimize the classification performance on frequent and infrequent classes by selecting 

the most important features for each class. On the other hand, the global policy, where a 
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single set of features is selected from all classes, provides a global view of the entire 

dataset by extracting a single global score from the local scores. Thus, the global policy 

tends to penalize the infrequent classes in highly skew datasets by selecting the most 

important features for the entire dataset 

 

One of the main drawbacks in text categorization is imbalance data distribution since 

the rare classes are dominated by common classes. As the performances of the classifiers 

are directly affected by the skewness of the datasets, the performance is commonly 

measured by two different alternatives: micro-averaged and macro-averaged F-measures. 

First gives equal weight to each document and therefore it tends to be dominated by the 

classifierôs performance on common categories while reflects the overall accuracy better. 

On the other hand, second gives equal weight to each category regardless of its frequency 

and thus it is influenced more by the classifierôs performance on rare categories.  

 

1.1. Related Works 

 

The arrival of the machine learning methods in the text categorization field is one of 

the most important factors that accelerates the improvement in this field by strong 

theoretical motivations. A growing number of machine learning methods have been used 

for text categorization, including probabilistic classifiers, decision trees, regression 

methods, nearest neighbor classifiers, Rocchio method, neural networks, example-based 

classifiers, etc. [1].  

 

In 1995 new machine learning method Support Vector Machines (SVMs) were 

introduced by Vapnik [40, 42]. In later years, many studies have explored the use of SVMs 

for text categorization with promising results [3, 14, 15, 18, 31, 32, 37, 39]. One of the 

most basic studies that introduces SVMs for text categorization is presented by Joachims in 

1998. In the study the performance of SVM using non-linear model is compared with four 

popular machine learning algorithms (Naµve Bayes (NB) classifier, Rocchio method, k-

nearest neighbor (k-NN) classifier and C4.5 decision tree) on Reuters and Ohsumed 

datasets. The analysis concludes that SVM is very well suited for test categorization and 

significantly outperforms other methods. In the same year, Dumais et al. compare the 

effectiveness of five different machine learning algorithms (a variant of Rocchioôs method, 
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decision trees, NB, Bayes Nets and SVM) on Reuters dataset for text categorization and 

conclude that the accuracy of their simple linear SVM is among the best reported for the 

Reuters similar to Joachims study but the linear SVM is especially promising because it is 

a much simpler and more efficient than Joachimsô non-linear model [14]. In 1999 a 

controlled study with statistical significant tests on five machine learning algorithms 

(SVM, k-NN, neural network (NNet) method, NB and Linear Least-Square Fit (LLSF) 

mapping) is conducted by Yang and Liu. Their results show that SVM is one of the most 

successful machine learning algorithms. Sebastiani presents a survey that covers the main 

machine learning approaches in text categorization [15].  

 

Reducing dimensionality is another critical issue in text categorization. Feature 

selection is one of the effective methods that improves the efficiency and accuracy of the 

classifiers by selecting only more discriminative terms in a dataset as features. In the 

literature, various feature selection methods have been presented and analyzed [16].  

 

Yang and Petersen, 1997, compare five feature selection methods (information gain 

(IG), document frequency (DF), term strength (TS), mutual information (MI) and x
2
-test 

(CHI)) on the Reuters and Ohsumed datasets by using k-NN and LLSF classification 

algorithms in the case of global policy. They define that IG and CHI are the most 

successful methods [2]. In 2003 Forman present an empirical comparison of twelve feature 

selection methods (CHI, IG, Odds Ratio (Odds), DF, Accuracy (Acc), Acc2, Bi-Normal 

Separation (BNS), etc.) on a benchmark that are gathered from Reuters, TREC and 

Ohsumed, etc. by using SVM in the case of local policy. This study reports that the 

proposed method BNS shows outstanding performance for accuracy and F-measure, 

especially in highly skew datasets but still IG yields the best results for precision [3]. In the 

same year, Debole and Sebastiani propose supervised term weighting (STW) scheme using 

three feature selection scores (IG, CHI and gain ratio (GR)) with tf-idf weighting on 

Reuters dataset with SVM  in both local and global policies. They conclude that GR 

outperforms other methods and has given very good results as a STW function, especially 

in macro-averaged F-measure [4].  

 

¥zg¿r et al., 2005, compare tf-idf weighting with boolean weighting on Reuters 

dataset with SVM again in both local and global policies. They find out that tf-idf 
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weighting performs better than boolean weighting and the global policy performs better for 

large number of keywords but for small number of keywords, local policy outperforms the 

global policy [5]. In a later study, ¥zg¿r and G¿ngºr continue to examine the performance 

of these two policies with these two weightings on six standard document collections 

(Classic3, Hitech, LA1, Reviews, Reuters and Wap) with different skewness properties and 

with different number of keywords by using SVM in more detail in 2006. In addition, they 

prove that the results of the previous study can be generalize by the global policy performs 

better for large number of keywords while local policy performs better for small number of 

keywords and in skew datasets [6]. Taĸ­ē and G¿ngºr, 2006, expend the analysis with 

various existing feature selection methods (tf-idf, IG, CHI, Acc2 and DF) and four new 

proposed feature selection methods which resemble the Acc2 metric. They have compared 

these feature selection methods on six standard document collections by varying number of 

selected features from 10 to 2000 in both local and global policy. Furthermore, they 

conclude that Acc2 is the best metric among the existing metrics, especially with a few 

number of features. The success of Acc2 becomes clear in local policy on skew datasets. 

On the other hand, the proposed metric M1 is more successful than the best existing metric 

Acc2 in the experiments [7, 8]. 

 

Liu et al., 2007, focus on the data imbalance problem in text categorization by 

presenting a probability based term weighing scheme inspired by different feature selection 

methods. They conclude that using the probability based term weighting scheme can 

improve classification performance on rare classes [17].  

 

1.2. Motivation  

 

As seen, various researches have been done to improve the performance of feature 

selection methods on text categorization but they mostly deal with how to improve the 

performance of the individual feature selection methods whereas we know that combining 

the outputs of multiple classifiers is one of the promising strategies that has been studied 

extensively in information retrieval area. Combining the outputs of classifiers or search 

systems, most of time, demonstrates better performance than a single algorithm [9, 12, 13, 

28, 29, 49, 50].  
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Lee, 1995, proposes that significant improvement in retrieval performance can be 

achieved by combining multiple weighting schemes and concludes that combining 

rankings based on cosine normalization of the tf-idf weight with other normalization 

schemes is clearly effective [49]. Two years later, 1997, Lee, combines the results of the 

six selected retrieval systems and finds that combining the outputs of search systems using 

ranks of the documents gives better results than the scores of the documents if there is a 

different rank-score curve [50]. 

 

Furthermore, although many feature selection methods exist in text categorization, it 

is hard to state one is in general superior to others since the success of the methods 

depends on various variables. It is more likely that combining different feature selection 

methods obtains more effective performance in text categorization. From this point of 

view, we decide to apply the idea of combining feature selection methods in text 

categorization. When we investigate the literature, it has been seen that there are a few 

studies that focus on this strategy in recent years. The papers, are given below in detail, 

study the use of combining feature selection methods in text categorization. 

 

In the first study, Olsson and Oard, 2006, combine multiple feature selection 

methods (DF, IG, CHI, CHImax and CHIavg) by using the scores themselves or the rank 

ordering of the features. In order to combine two or more feature selection metrics, they 

introduce three combination methods: highest rank (HR), lowest rank (LR) and average 

rank (AR) combination. They compare individual and combination methods by using k-NN 

with symmetric Okapi term weighting on 23,149 documents from RCV1-v2 dataset in 

local policy. The experiments show that CHI based individual feature selection methods 

and combinations of two CHI based feature selection methods show the best performance. 

More importantly, they conclude that even the result of a simple combination method is 

better than the results of the individual metrics [10].  

 

In the second study, Li et al. ,2009, analyze the score and rank combinations of five 

feature selection methods (DF, IG, CHI, MI and TS) by using the Combinatorial Fusion 

Analysis (CFA). CFA states when and how feature selection methods can be combined to 

achieve better performance by using rank-score function and rank-score graph. It is seem 

that the combination of two feature selection methods is more likely to have a better result 
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when these two methods also show a good performance individually and their rank-score 

graphs are quite different. They evaluate these five feature selection methods by 

performing the NB classifier on two datasets. The first dataset, denoted by REC, is 

extracted from the Newsgroups data set. The second dataset, denoted by TOPIC, is 

extracted from the TOPICS category sets of the Reuters-21578. For REC dataset, the best 

2-combinations are: MI & IG and MI & DF rank combinations which are higher than the 

best individual metric MI and the best 3-combination is: MI & DF & IG rank combination. 

For TOPIC dataset, the best 2-combination is: TS & DF rank combination which is higher 

than the best individual feature selection method TS and the best 3-combination is: TS & 

DF & CHI which is better than each of TS, DF and CHI. The results show that combining 

multiple feature selection methods can improve the performance of text categorization in 

terms of the average F-measure results. The performance of the rank combination is 

significantly better than the score combination. In addition, as the number of the feature 

selection method in the combination increases, the performance of the combination 

decreases. The best performances are achieved by the combination of two methods [11]. 

 

However these previous two studies compare the performance of the individual and 

combination methods, the methods are analyzed on data which are constructed by selecting 

documents from the standard datasets. The second study prefers to test the methods on 

homogenous two datasets include, respectively, only 4 and 5 classes. Thus it is hard to 

compare these results with other studies. Secondly, both studies prefer to share their 

experimental results by demonstrating them in figures but it is a necessity to see the 

experimental results in more detail with numeric values in order to understand the results. 

The second study gives the results of the average and maximum F-measures but only 

compares the results based on the average F-measure values. There is not any information 

about the success of the combination methods in terms of maximum F-measure values. 

Finally the first study classifies documents with k-NN and the second uses Naµve Bayes 

classifier whereas we know that SVM outperforms these two machine learning algorithms 

in many studies in the literature. Although these limitations should be noted, the 

experimental results demonstrate that combining feature selection methods improves the 

effectiveness of text categorization in both studies. This promising result motivates us to 

perform the combination of the feature selection methods in a more comprehensive and 

comparative manner. 
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In this study, the main concern is to investigate the effectiveness of combining the 

individual metrics on the performances of text categorization. Firstly we analyze the 

performance of five common feature selection methods on five standard datasets with 

varied skewness in both global and local policies, and then evaluate the performance of all 

possible binary score and rank combinations of these five feature selection methods with 

the same experimental settings in order to determine the most appropriate features for 

classification, and finally compare the performance of the individual methods with the 

performance of the combination methods. The results of the experiments show that 

combining two feature selection methods can improve the performance of the individual 

metrics. In addition, rank combination achieves better performance in the case of global 

policy and score combination significantly achieves better performance in the case of local 

policy. 

 

When we see that the combination of different feature selection methods can 

improve the performance of text categorization, secondly, we propose varied combination 

methods derived from score and rank values of the terms. These experiments also show 

that some of them also outperform the success of the score and rank combinations. 

 

1.3. Thesis Organization 

 

The rest of the thesis is organized as follows: Section 2 describes our document 

presentation and preprocessing steps. Section 3 overviews the five individual feature 

selection methods that are used in this study together with local and global policies. 

Section 4 describes how the outputs of the different feature selection methods can be 

combined, introduces score and rank combinations and then proposes new seven methods 

for combining different feature selection methods. Section 5 describes the system 

architecture step by step that designed for this study. In Section 6 we describe our 

experimental settings; the classifier, the datasets, evaluation metrics. In Section 7 we show 

through experimental results that significant improvement can be obtained by combining 

two feature selection methods with detailed analysis. Finally, Section 8 concludes the 

thesis and gives the future research. 
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2. DOCUMENT PREPROCESSING AND                 

REPRESENTATION 

 

 

Document representation is the process of transforming the unstructured text into a 

structured data as a vector in order to classify the text documents by applying machine 

learning techniques. The most widely used method for document representation is the 

ñvector space modelò introduced by Salton and associates in 1975 [18]. In vector space 

model, each document is represented as a vector d and each dimension in the vector 

corresponds to distinct term in the term space of the document collection [5].  

 

In this study, we use ñbag of wordsò in vector space model which define each term as 

a distinct single word. The bag of words representation is a very simple and preferred 

method that makes the representation and learning highly efficient and easy by ignoring 

the order and meaning of distinct words [20]. Although it is a simple method, high 

dimensionality becomes an important issue when terms are defined as single words in the 

feature space. In order to reduce the high dimensionality, we apply some preprocessing 

methods which described by the following tasks:  

 

2.1. Parsing the Documents and Case-folding 

 

In the first step, all the HTML mark-up tags and non-alphabetic characters such as 

numerals, special characters and date are removed from the documents in the dataset. Then 

case-folding is applied to convert all characters into same case ñlower caseò in order to 

avoid the duplication of the same words.   

 

2.2. Removing Stopwords 

 

Overly common words, such as pronouns, prepositions and conjunctions in English, 

like óitô, óinô and óandô, occur so frequently that they cannot give any useful information 

about the content and be discriminatory for a specific class. These words are so called 

ñstopwordsò. We use the stopword list was built by Salton and Buckley for the SMART 

system at Cornell University to eliminate common words. The list consists of 571 words is 

given in Appendix A [21]. 
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2.3. Stemming 

 

Removing stopwords causes an efficient reduction in the dimensionality of the 

feature space but we also need stemming word to reduce the dimensionality of the feature 

space to a reasonable number. Stemming is a preprocessing for finding the root morphemes 

of the words. In order to stem the words, we use Porterôs Stemmer which is the most 

widely used algorithm for word stemming in English. Porterôs Stemming Algorithm is a 

process for removing the commoner morphological and inflexional affixes from words [22, 

23]. In other words, it is based on only morphological issues that are completely 

independent from the syntactic and semantic structure of the sentence. For example, the 

words ñcomputerò, ñcomputersò, ñcomputingò and ñcomputesò are stemmed the same root 

ñcomputò. After stemming, terms that left a single character are also removed since they 

cannot give any information about the content of a document. 

 

2.4. Term Weighting 

 

As already mentioned at the beginning of this section we represent each document as 

a vector d 

d = (w1, w2, ...,wn)                                                  (2.1) 

 

where wi is the weight of term i of document d. There are several various ways to compute 

these term weights [24]. There are three main assumptions that are valid for all 

computations [25]: 

 

1. Rare terms are no less important than frequent terms, 

2. Multiple appearances of a term in a document are no less important than single 

appearances, 

3. Long documents are no more important than short documents.  

 

The term frequency-inverse document frequency (tf-idf) weighting is one of the 

widely used weighting methods that takes into account these properties. df formula meets 

the first assumption, tf formula meets the second assumption and length-normalization 
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meets the third assumption which given above. Thus we apply tf-idf weighting method in 

this study whose formula is given below: 

 

ύὭὮ=  ὸὪὭὮ . log(
ὔ

ὨὪὭὮ
)                                                  (2.2) 

 

where ύὭὮ  is the weight of a term i in document j, ὸὪὭὮ denotes the frequency of the term i 

in document j, ὨὪὭὮ denotes the number of documents in which a term i occurs in the whole 

document and N is the total number of documents. 

 

The tf-idf weighting considers that if a term more often occurs in a document, it is 

more discriminative whereas if it appears in most of the documents, then it is less 

discriminative for the content. 
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3. FEATURE SELECTION  

 

 

Text categorization is a supervised learning task that assigns the predefined category 

labels to new documents based on the likelihood derived from a set of labeled training 

documents. In order to classify documents, each document should be transformed into a 

model that preserves as much of the original information as possible. The bag of words 

representation is one of the simple and preferred models that represents a document as a set 

of distinct words by ignoring the order and meaning of words. When the number of words 

in documents is considered, high dimensionality may become an inevitable problem. Since 

the data in text categorization are high-dimensional, naturally dimensionality reduction 

becomes a necessity for efficiency and accuracy.  

 

Feature selection is one of the well-known processes that reduces the dimensionality 

by ranking all features according to their importance estimated by a metric and then 

selecting ones with the highest values. Feature selection not only reduces time and storage 

requirements but also improves the efficiency and accuracy of the classifiers. Feature 

selection makes applying classifiers on data more efficient by reducing the size of the 

effective features. In addition, feature selection often improves accuracy of the 

classification by eliminating noise features that are non-informative and misleading for 

classification and lead to incorrect generalization (overfitting) from the training set. 

 

3.1. Local and Global Policy 

 

In text categorization there are two main policies to apply feature selection: local 

policy and global policy. In the first policy, a different set of features is selected from each 

category. In the second policy, a single set of features is selected from all categories. 

 

The local policy, where a different set of features is selected from each class 

independent from other classes, gives equal weight to each class. Thus, the local policy 

tends to optimize the classification performance on frequent and infrequent classes by 

selecting the most important features for each class. On the other hand, the global policy, 

where a single set of features is selected from all classes, provides a global view of the 
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entire dataset by extracting a single global score from the local scores. Thus, the global 

policy tends to penalize the infrequent classes in highly skew datasets by selecting the most 

important features for the entire dataset [4, 26]. 

 

There are several ways to obtain global score from the local scores: maximization, 

averaging, weighted averaging and weighted maximum are the most popular globalization 

techniques. Maximization, averaging and weighted averaging were presented by Yang and 

Pedersen in 1997 and weighted maximum was proposed by Calvo and Ceccatto in 2000 [2, 

27]. We selected maximization, which formulation given below, as a globalization 

technique, since it consistently outperformed other globalization techniques in the study of 

Debole and Sebastiani. In their paper, the success of the maximization was explained that it 

prefers to select terms that are good separator even on a single category rather than terms 

that are only fair separators on many categories.  

 

Ὢάὥὼ (ὸὯ) =  άὥὼὭ= 1
ȿὅȿ{ ὪὸὯ,ὧὭ}                                         (3.1) 

 

3.2. Feature Selection Metrics 

 

In this study, first of all the five widely used feature selection metrics:  term 

frequency-inverse document frequency (tf-idf), chi-square statistics (CHI), information 

gain (IG), Accuracy2 (Acc2) and document frequency thresholding (DF) are analyzed in 

order to compare with combination methods. The following section describes these metrics 

appearing in the literature. 

 

3.2.1. Term Frequency-inverse Document Frequency (tf -idf)  

 

The idea of the tf-idf feature selection is to selects the words with the highest tf-idf 

scores. This method gives the highest scores to the terms that appear in a few documents 

with a high frequency. In other words, if a term more often occurs in a document, this 

means it is more discriminative whereas if it appears in most of the documents, then it is 

less discriminative for the content.  

 

http://dictionary.reference.com/browse/discriminative
http://dictionary.reference.com/browse/discriminative
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 (3.5) 

The formulation of the tf-idf feature selection method is obtained from the tf-idf 

weighting described in Section 2.4 in detail: 

  

ύὭὮ=  ὸὪὭὮ . log(
ὔ

ὨὪὭὮ
)                                                  (3.2) 

 

ὸὪ ὭὨὪ(ύὭ) =  В ύὭὮ
ὔ
Ὦ= 1                                              (3.3) 

 

3.2.2. Chi-square Statistics (CHI) 

 

In experimental sciences, chi-square statistics is frequently used to measure how the 

observation results differ from the expected results. In other words, it measures the 

independence of two random variables.  

 

 

 

Chi-square statistics is also widely used in text categorization [4, 3, 7, 11]. In text 

categorization, the two random variables are occurrence of term ὸὯ and occurrence of class 

ὧὭ  and chi-square statistics measures the independence between ὸὯ and ὧὭ . The formula for 

chi-square score is: 

 

ὅὌὍ ὸὯ,ὧὭ = ὔ ὼ 
[ὖὸὯ,ὧὭ ὖὸὯ,ὧὭ  ὖ(ὸὯ,ὧὭ )ὖ(ὸὯ ὧὭ)]2

ὖὸὯὖὸὯὖὧὭ ὖ ὧὭ
 

 

where  ὖὸὯ  is the percentage of documents in which term ὸὯ occurs, ὖὸὯ  is the 

percentage of documents in which term ὸὯ does not occur, ὖὧὭ  is the percentage of 

documents belonging to class ὧὭ , ὖ ὧὭ is the percentage of documents not  belonging to 

class ὧὭ , ὖὸὯ,ὧὭ  is the percentage of documents belonging to class ὧὭ  in which term ὸὯ 

occurs, ὖὸὯ,ὧὭ is the percentage of documents not belonging to class ὧὭ  in which term ὸὯ 

does not occur, ὖ(ὸὯ,ὧὭ ) is the percentage of documents belonging to class ὧὭ  in which 

term ὸὯ does not occur and ὖ(ὸὯ ὧὭ) is the percentage of documents not belonging to class 

ὧὭ  in which term ὸὯ occurs. 

ä
-

=
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 (3.6) 

 

 (3.7) 

If chi-square score of a term ὸὯ is low value, this means ὸὯ is independent from the 

class ὧὭ  and if chi-square score of a term ὸὯ is high value, this means ὸὯ is dependent of the 

class ὧὭ . Thus the chi-square feature selection method selects the terms with the highest 

chi-square score which are more informative for classification. 

 

3.2.3. Information Gain (IG)  

 

Another popular feature selection method in text categorization is information gain 

[4, 3, 7, 11]. It is measure the decrease in entropy by existence or absence of the term in a 

document. Information gain score will be null for two independent variables and it will be 

high because of the dependence between two variables. The information gain score of a 

term ὸὯ is calculated by the formula: 

 

ὍὋὸὯ,ὧὭ =  ὖὸ,ὧ .log(
ὖὸ,ὧ

ὖὸ.ὖ(ὧ)
)

ὸɴ{ὸὭ,ὸὭ}ὅɴ {ὧὭ,ὧὭ}

 

 

Information gain feature selection method selects the terms with the highest 

information gain scores which contains much information about the classes. 

 

3.2.4. Accuracy2 (Acc2) 

 

The final method Accuracy2 has showed a promising performance compare to other 

feature selection metrics in the previous studies [3, 7]. In this method, only the number of 

documents in which the term occurs is taken into account without considering the number 

of actual documents. It measures the difference of the distributions of a term in the 

documents belonging to a class and in the documents not belonging to that class.  Thus, the 

term ὸὯ that never occurs in a class ὧὭ can be selected as a feature for ὧὭ . Below is the 

formula for calculation of accuracy2 score:  

 

ὃὧὧ2 ὸὯ,ὧὭ = |ὖὸὯ,ὧὭ ὖ(ὸὯ ὧὭ)|  
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 (3.8) 

3.2.5. Document Frequency (DF) 

 

Document frequency is a very simple and popular method that measures the number 

of documents in which the term appears without class labels [3, 7, 11]. Purpose of the 

method is to eliminate the rare words which are assumed non-informative and misleading 

for classification. Document frequency feature selection method selects the terms with the 

scores. Its formula is: 

 

ὈὊὸὯ,ὧὭ = ὖ ὸὯ,ὧὭ   
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4. COMBINATION OF FEATURE                                                 

SELECTION METHODS  

 

 

This section discusses methods for combining the outputs of the individual feature 

selections metrics. Various researches have been done to improve the performance of 

feature selection methods on text categorization but they mostly deal with how to improve 

the performance of the individual feature selection methods whereas we know that 

combining the outputs of classifiers one of the promising strategy that has been studied 

extensively in information retrieval area.  

 

Furthermore, although many feature selection methods exist in text categorization, it 

is hard to state one is in general superior to others since the success of the methods 

depends on various variables. It is more likely that combining different feature selection 

methods obtains more effective performance in text categorization.  

 

From this point of view, we apply some combination strategies to feature selection 

methods described in Section 3. There are many ways of combining the outputs of the 

various methods. The most popular ways to combine corresponding outputs are linear 

combining methods such as averaging and weighted averaging and non-linear combining 

methods such as ranking and voting. Tumer and Ghosh, 1999, state that simply averaging 

among them is the most common combining strategy in information retrieval [12]. More 

importantly, Fox and Shaw, 1994, conclude that best combining strategy is based on 

summing the outputs of the algorithms which is equivalent to averaging when compared 

six combining strategies [28]. Beside this conclusion, Hull et al., 1996, find that the 

performance of the simple averaging strategy outperforms the complex combinations of 

the classifiers [29]. Considering these results, we decide to apply the averaging strategy in 

two ways: score combination and rank combination. 

 

 

 

 

 

 

 



 
 

17 
 

 

(4.1) 

 

(4.2) 

4.1. Score and Rank Combinations of Feature Selection Methods 

 

The previous studies show that the success of the combination and the number of 

feature selection method involved in combination are inversely related. As the number of 

the feature selection method in the combination increases, the performance of the 

combination decreases. In addition, it states that the best performances are achieved by the 

combination of two feature selection methods [10, 11]. Thus we only consider combining 

two distinct feature selection methods. In the study, we evaluate the performance of all 

possible binary-combinations (2-combinations) of five feature selection methods: tf-idf, 

CHI, IG, Acc2 and DF metrics which are tf-idf & CHI, tf-idf & IG, tf-idf & Acc2, tf-idf & 

DF, CHI & IG, CHI & Acc2, CHI & DF, IG & Acc2, IG & DF and Acc2& DF. 

 

The principle of the feature selection methods can separate into two steps. First is 

scoring that is giving higher scores to the terms which considered more informative for 

classification and second is selection that is selecting the terms with the highest scores.  In 

order to combine the outputs of varied feature selection methods in scoring step, scores of 

each term from the varied feature selection methods are normalized using the maximum 

and minimum scores according to the below formula: 

 

Score = (s1, s2, ...,sn)  where si score of the i
th
 term, n is the total number of term. 

 

ίὧέὶὩᴂ=  
ὛὧέὶὩ άὭὲὛὧέὶὩ

άὥὼὛὧέὶὩ  άὭὲὛὧέὶὩ 
 

 

By normalization, the scores fall in the same range [0, 1] and scores of the terms 

from the varied feature selection methods are represented equally which is allowing for 

meaningful comparisons between the methods. 

 

4.1.1. Score Combination 
 

Score combination is averaging the normalized term scores of the different feature 

selection methods. 

ὅίὧέὶὩ=  
ὛὧέὶὩὭ

ᴂ

ὓ

ὓ

Ὥ= 1
 

 

where M is the number of feature selection methods which is 2 for this study. 
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(4.3) 

4.1.2. Rank Combination 

 

Rank Combination is averaging the term ranks of the different feature selection 

methods obtained from the term scores.  

 

Rank = (r1, r2, ...,rn) where r i rank of the i
th
 term, n is the total number of term. 

 

ὅὶὥὲὯ =  
ὙὥὲὯὭ
ὓ

ὓ

Ὥ= 1
 

 

There are various ways for assigning rankings such as standard competition ranking, 

modified competition ranking, dense ranking, ordinal ranking and fractional ranking. In 

this study, we rank the terms according to the descending order of their scores with 

standard competition ranking strategy. In competition ranking ("1, 2, 2, 4" ranking), terms 

that have the same score get the same ranking number and then a gab is left in the ranking 

numbers.  

 

4.2. Proposed Combinations of Feature Selection Methods 

 

In this study, the main concern is to investigate the effectiveness of combining the 

individual metrics on the performances of text categorization. In order to find the best 

combinations, we also present seven new methods to combine the feature selection metrics 

beside the score and rank combinations. In Section 7, the results of the proposed 

combination methods are also compared and discussed in detail.  

 

First two proposed combinations are similar to score combination that can be seen as 

the different modifications of the score combination. On the other hand, the other five can 

be seen as a product combination that are used both score and rank value of the terms. 

 

4.2.1. C1 Combination ï Logarithmic Combination  

 

Score combination is simply averaging the term scores of the feature selection 

methods. This proposed combination is based on the same principle but the logarithmic 

scores of the terms are averaged instead of term scores. The basic idea is to enlarge the 

interval between the highest and the lowest scores taking advantage of the logarithm. Thus, 
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(4.4) 

 

(4.5) 

 

(4.6) 

it is possible to increase the difference between the high score and the low scores. The 

interval between the scores increases as the scores decrease and it decreases as the scores 

increase. The natural logarithm is used as a logarithm function and if the score is zero, then 

it will replace the value with 0.00001 in order to compute the logarithm.  The calculation 

of the C1 Combination is given by the following formula: 

 

ὅ1 =  
ὰὲ (ὛὧέὶὩὭ

ᴂ)

ὓ

ὓ

Ὥ= 1
 

 

4.2.2.  C2 Combination ï Square Combination 

 

The second proposed combination is also based on the score combination but the 

square of the term scores are averaged instead of term scores. Whereas the interval 

between the highest and the lowest scores is not changed, the interval between the scores 

exponentially increases as the scores increase. Unlike previous methods, the difference 

between the scores increases as the scores increase and decreases as the scores decrease. In 

other words, if the term is considered important for classification, this method increases the 

importance of the term among the other terms before the combination. The formula is: 

 

ὅ2 =  
(ὛὧέὶὩὭ

ᴂ)2

ὓ

ὓ

Ὥ= 1
 

 

4.2.3. C3 Combination ï Product Combination with Fraction 

 

In the third method firstly the rank of the term is multiplied by the scores of the terms 

and sums the results of the multiplication of the each feature selection methods and then 

divides one by the sum in order to combine the outputs of the feature selection metrics. If 

the score is 1, then it will replace the value with 0.99999 in order to avoid division by zero.  

In feature selection step the terms are selected with the highest values. The formula is: 

 

 

ὅ3 =  
1

В ὙὥὲὯὭ ὼ (1 ὛὧέὶὩ
Ὥ
ᴂ)ὓ

Ὥ= 1
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(4.8) 

 

(4.7) 

When evaluated the performances of the combinations in classification in Section 7, 

we see that both score and rank combinations of the feature selection methods improve the 

performance of the individual methods.  Thus, we decide to use both rank and score values 

in the same function. The main aim of the ñproduct combinationsò C3-C4-C5-C6 and C7 is 

to take advantage of the score and rank of the terms while determining the most 

discriminative terms. In these methods the rank of the term is as important factor as the 

score of the term in the combination. For instance if the scores of terms of the different 

feature selection methods are same, then the term with highest rank is considered more 

important. Following methods are derived from the same principle with varied versions of 

the product combination. 

 

4.2.4. C4 Combination ï Product Combination with Fraction 

 

Differ from the third proposed method, the forth method multiplies the logarithm of 

the rank by the square of the score of the term. The calculation of the C4 Combination is 

given by the following formula: 

 

ὅ4 =  
1

В  ln(ὙὥὲὯὭ) ὼ (1 ὛὧέὶὩ
Ὥ
ᴂ)

2
   ὓ

Ὥ= 1

 

 

4.2.5. C5 Combination ï Product Combination with Fraction 

 

Differ from the third proposed method; the fifth  method multiplies the square root of 

the rank by the square of the score of the term. The calculation of the C5 Combination is 

given by the following formula: 

 

ὅ5 =  
1

В (ὙὥὲὯὭ)
1/ 2 ὼ (1 ὛὧέὶὩὭ

ᴂ)2ὓ
Ὥ= 1

 

 

4.2.6. C6 Combination ï Logarithmic Product Combination 

 

The sixth method multiplies the logarithm of the rank by the logarithm of the score 

of the term and then sums the results of multiplication of the each feature selection method 
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(4.10) 

 

(4.9) 

in order to combine the different feature selection methods. The calculation of the C6 

Combination is given by the following formula: 

 

ὅ6 =  ὰὲ(ὙὥὲὯὭ) ὼln(ὛὧέὶὩὭ
ᴂ

ὓ

Ὥ= 1
) 

 

4.2.7. C7 Combination ï Product Combination 

 

The final method multiplies the square root of the rank by the logarithm of the score 

of the term and then sums the results of multiplication of the each feature selection method 

in order to combine the different feature selection methods. The formula is: 

 

ὅ7 =  (ὙὥὲὯὭ)
1/ 2 ὼln(ὛὧέὶὩὭ

ᴂ
ὓ

Ὥ= 1
) 
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5. SYSTEM ARCHITECTURE  

 

 

In this section we present our text categorization system consists of the different 

steps. We characterize the functionality of the each step and describe interactions between 

individual steps. Figure 5.1 demonstrates the system architecture in detail. The main steps 

of the system are the following: 

 

5.1. Preprocessing 

 

 

The first step is the preprocessing of the datasets. In this step each document is 

parsed, non-alphabetic characters and mark-up tags are discarded, case-folding is 

performed, stopwords are eliminated according to the stopword list of the SMART system 

and then each word is stemmed using Porterôs stemmer. At the end of these processes the 

category list, term list, term matrix and category matrix of the training documents and term 

matrix and category matrix of the test documents are created. Finally the tf-idf weighting is 

calculated for each remaining word in the documents. 

 

5.2. Feature Combination 

 

The second step combines the feature selection metrics with the varied combination 

approaches.  

 

Firstly, each feature selection metric computes the scores of the all terms and gives 

the higher scores to terms considered more informative for classification. In order to 

combine the outputs of different feature selection methods, the scores of each term from 

the varied feature selection methods are normalized.  

 

Secondly the ranks of the all terms are computed by ranking the scores of the terms 

with standard competition ranking. In this step all possible binary-combinations of 

different feature selection methods are generated. 
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Figure 5.1. Preprocessing and combination steps 

Step 1: Preprocessing 

Load training and test documents 
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Step 2: Feature Combination 
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to the scores of the feature selection metrics 

(standard competition ranking) 

Combine two features selection metrics with 
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Training 
Document
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5.3. Feature Selection 

 

The third step is feature selection that reduces the dimensionality by ranking all 

terms according to their importance estimated by combination and then selecting a given 

number of terms from the term list with the highest values. After selecting, the topic list, 

term list, and topic and term matrixes of the documents are reformed according to the 

selected features. 

   

 
 

Figure 5.2. Feature selection, classification and success measurement steps 

Step 3: Feature Selection 

Terms with the highest values determined by 
combination are selected 

Reform training and text document matrixes according 
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Step 5: Success Measurement 

Compare the predicted categories assigned by classifier 

with the actual categories of the test documents 
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Calculate Precision and Recall from TP, FP and FN 

Calculate micro- and macro-averaged F-measure  

 
Step 6: Significance Test 

Compare the performance of the proposed methods 

with the individual metrics at a micro level 

 
End 
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(5.1) 

5.4. Classification 

 

In the forth step, the category of the each test document is predicted according to the 

model derived from the training documents by using SVMLight. 

 

5.5. Success Measurement 

 

In the fifth  step the performance of the classifier is evaluated according to the F-

measure results. In order to compare the predicted categories assigned by classifier with 

the actual categories of the test documents, first of all the number of True Positives, False 

Negatives and False Positives are determined, then precision and recall is computed using 

these values and finally the micro- and macro-averaged F-measures are calculated from 

precision and recall.  

 

5.6. Significance Test 

 

In the final step the best individual metrics are compared with the proposed 

combinations that improve the performance of the individual metrics. In order to measure 

the significance of the improvements in the proposed methods, micro sign test (s-test) is 

used. Micro sign test is designed to evaluate the performance of the two different systems 

at a micro level based on their binary decisions on all the document/category pairs. We 

follow Yang and Liu to perform the s-test [15]. 

 

In this significance test the correctness of the system decisions are computed by 

counting n, the number of times that systems A and system B differ and k, the number of 

times that system A is better than system B. The significance level (P-value) can be 

computed using the binomial distribution if n Ò 12 and if n > 12, the P-value (1-sided) can 

be computed using the normal distribution. 

 

ὤ=  
Ὧ 0.5.ὲ

0.5Ѝὲ
 

 

Standard z values are calculated and the corresponding confidence levels are 

determined according to the standard normal distribution. 
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6. EXPERIMENTAL SETTINGS  

 

 

6.1. Classifier 

 

In this study, we use SVM as a classifier which outperformed other classification 

methods in text categorization consistently in previous studies [3, 14, 15, 18, 31, 32, 37, 

39].  

 

Support Vector Machine was introduced as a statistical learning theory by Vapnik 

in 1995 at AT&T Bell Laboratories [40, 42]. It is based on the Structural Risk Minimization 

principle from computational learning theory [41]. The basic idea of this principle is to find 

a hypothesis for guarantee the minimum true error. In here, true error means the probability 

that a hypothesis will make an error on an unseen and randomly selected test example [18].  

SVM is designed for solving two-class problems and the idea behind SVM is to find a 

hyperplane in n-dimensional space that separates the positive training examples from the 

negative examples with the largest possible margin in order to determine the best 

separation between the two classes. In text categorization, learned hyperplanes separates 

the documents in input space that belong to different topics.  

 

One of the reasons the success of the SVM in text categorization is its capability in 

very high dimensional feature vectors, given that these vectors are sparse [32]. Because the 

learning process of SVM is independent from the dimensionality of the feature space while 

it measures the complexity of hypothesis according to the margin which means it separates 

the data instead of the number of feature [18]. Another feature that distinguishes SVM 

from other classifiers is the generalization ability. The decision function is determined by 

assuming that the training data which belongs to different classes does not overlap with 

each other. So the distance from the training data is maximized and in this way SVM 

prevents overfitting to training data [31]. In addition to, SVM provide a fast and effective 

classification that can easily incorporate new documents [40]. Thus, we can say that SVM 

ideally suitable for text categorization. 
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In the study, we use SVM
light

 with the default parameter settings that a linear kernel 

has been used. The SVM
light

 system is a very efficient implementation of SVMs that was 

developed by Joachims, 1999, at the University of Dortmund and has been commonly used 

in previous studies. 

 

6.2. Datasets 

 

We perform our experiments on five standard datasets, widely used in text 

categorization research. The properties of these datasets are summarized in Table 6.1. We 

divide these five datasets into 3 categories according to their skewness. The skewness is 

calculated by dividing the standard deviation of the class distribution by the mean of the 

distribution. The first dataset Classic3 is a homogenous dataset where all the classes are 

nearly equally well represented in the training set and each class is disjoint from each other 

clearly. Hitech and LA1 are categorized as skew datasets in our study because they are 

neither homogenous as Classic3 nor highly skew as the Wap and Reuters. Finally, Wap 

and Reuters-21578 are categorized as a highly skew dataset with varying class 

distributions. These datasets are particularly hard to categorize since the rare classes are 

dominated by the common classes. In addition, there is a strong semantic overlap between 

the topics since both Wap and Reuters consist of general topics that are very close to each 

other and share many common terms. In order to divide the Reuters-21578 dataset into 

training and test sets, we use ModApte splitting method that has been mostly used in the 

literature. In Section 7, we discuss the property of each dataset in more detail. 

 

Datase
t 

# of 
document

s 

# of 
training 

documents 

# of test 
document

s 

# of 
Classes 

# of 
Term

s 

min  
class 
size 

max 
class 
size 

Skewness 
(sd/mean)  

Classic3 3891 2699 1192 3 10930 1033 1460 
homogenous 
(0.13) 

Hitech 2300 1530 770 6 18867 116 603 
skew 
(0.45) 

LA1 3204 2134 1070 6 25024 273 943 
skew 
(0.45) 

Wap 1560 1047 513 20 8064 5 341 
highly skew 
(0.96) 

Reuters-
21578 

12902 9603 3299 90 20308 2 3964 
highly skew 
(3.32) 

 

Table 6.1. Properties of the datasets 
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(6.1) 

 

(6.2) 

6.3. Performance Measures 

 

To evaluate the performance of the keyword selection approaches, we use the 

commonly used F-measure metric which is equal to the harmonic mean of recall (ɟ) and 

precision (ˊ) [35]. They are defined as: 

 

 ́= 
Ὕὖ

Ὕὖ +  Ὂὖ 
 ,  ɟ = 

Ὕὖ

Ὕὖ +  Ὂὔ 
 

 

F = 
2“”

“+”
 

 

 The idea behind the F-measure can be explained in Figure 6.1. The right circle 

represents the all defective set and the left represents the set that were classified as 

defective by a classifier. The intersection between these sets represents the true positive 

(TP) while the remaining parts represent false negative (FN) and false positive (FP). 

Accuracy of the classifier is defined by measuring the extent of the intersection between 

the two sets [33].   

 

 

 

 

 

 

Figure 6.1. Demonstration of the F-measure 

 

Since the absolute size is not meaningful, this value should be normalized by the 

proportional area. The F-measure is defined as: 

 

F = 
2(Ὕὖ)

Ὂὖ +  Ὂὔ+  2(Ὕὖ) 
 

 

The F-measure values are in the interval [0-1]. When the two sets are identical, F-

measure obtains the highest value and it obtains the lowest value when the two sets are 

mutually exclusive. Thus, larger F-measure values correspond to higher classification 

quality. 

 

FP 
 

FN TP 

 

Classification 

 

Actual 
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(6.3) 

 

(6.4) 

F-measure can be computed by two different alternatives, micro-averaged F-

measure and macro-averaged F-measure. In this way, the overall F-measure score of the 

entire classification problem can be computed by using these different types of averaging 

methods. [35] 

 

Micro-averaged F-measure gives equal weight to each document and therefore it 

tends to be dominated by the classifierôs performance on common categories while reflects 

the overall accuracy better. Precision and recall are obtained by summing over all 

individual decision: 

 

 ́=  
Ὕὖ

Ὕὖ+Ὂὖ
=   

В ὝὖὭὅ
Ὥ= 1

В ὝὖὭ +  ὊὖὭὅ
Ὥ= 1  

   ,   ɟ =  
Ὕὖ

Ὕὖ+Ὂὔ
=  

В ὝὖὭὅ
Ὥ= 1

В ὝὖὭ +  ὊὔὭὅ
Ὥ= 1  

 

 

 

where C indicates the number of categories. 

 

Micro-averaged F-measure = 
2“”

“+”
 

 

On the other hand Macro-averaged F-measure gives equal weight to each category 

regardless of its frequency and thus it is influenced more by the classifierôs performance on 

rare categories. Precision and recall are first computed locally for each category and then 

F-measure is computed globally by averaging over the decisions of all categories:  

 

í = 
ὝὖὭ

ὝὖὭ +  ὊὖὭ 
 ,  ɟi = 

ὝὖὭ

ὝὖὭ +  ὊὔὭ 
 

 

Fi = 
2“Ὥ”Ὥ

“Ὥ+”Ὥ
    

Macro-averaged F-measure = 
В ὊὭὓ
ὸ= 1

ὓ 
 

 

In text classification, TPi is the number of documents that are assigned correctly to 

class i. FPi is the number of documents that are assigned incorrectly to class i by the 

classifier but which actually do not belong to class i and FNi is the number of documents 

not assigned to class i by the classifier but which actually belong to class i.  
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7.  RESULTS AND DISCUSSION 

 

 

In this section, we show the experimental results of the study with a comprehensive 

and comparative discussion. The experimental results of each dataset (Classic3, Hitech, 

LA1, Wap and Reuters) are demonstrated as follow: firstly the properties of the datasets 

are described in detail, secondly the performance of the five feature selection methods 

(term frequency-inverse document frequency (tf-idf), chi-square statistics (CHI), information gain 

(IG), Accuracy2 (Acc2) and document frequency thresholding (DF)) are analyzed on these 

datasets, then the results of the binary score and rank combinations of the feature selection 

methods are compared with the results of these five individual methods that analyzed and 

finally we present the results of the proposed combination methods. In addition, we 

summarize and overview all the results of the study at the end of the section.  

 

Tables 7.1, 7.14, 7.27, 7.41 and 7.55 show the micro- and macro-averaged F-measure 

results of the five feature selection methods with global and local policy as a function of 

different number of keywords ranging from 10 to 2000 for the Classic3, Hitech, LA1, Wap 

and Reuters datasets, respectively. In the tables, the global and local versions of the 

existing metrics are denoted by (g) and (l), respectively. The highest score among the 

methods for each keyword number is shown in red font and the success rate without 

feature selection is shown as a last column ñALLò in these tables. The highest values for 

each keyword number are indicated as ñMAXò rows and the averages of the each keyword 

number are also indicated as ñAVERAGEò rows at the tables. 

 

Tables 7.2, 7.15, 7.28, 7.42 and 7.56 show the micro-averaged F-measure results of the 

score and rank combinations with global policy, Tables 7.3, 7.16, 7.29, 7.43 and 7.57 show 

the micro-averaged F-measure results of the score and rank combinations with global policy, 

Tables 7.4, 7.17, 7.30, 7.44 and 7.58 show the micro-averaged F-measure results of the score 

and rank combinations with local policy and Tables 7.5, 7.18, 7.31, 7.45 and 7.59 show the 

macro-averaged F-measure results of the score and rank combinations with local policy for the 

datasets. All possible 2-combinations of the feature selection methods are presented in these 

tables. If the combination F-measure value is higher or equal to the highest F-measure of the 

individual metrics, it is shown in bold and underlined for each number of keywords ranging 
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from 10 to 2000. If it is also the highest value in the column, then it is also shown in red. In 

addition if the combination F-measure value is lower than the highest F-measure of the 

individual metrics but it is higher than the value of the feature selection metrics that constitute 

it, then it is shown in blue.     

 

Tables 7.8, 7.21, 7.34, 7.48 and 7.62 show the micro-averaged F-measure results of 

the proposed combination methods with global policy, Tables 7.9, 7.22, 7.35, 7.49 and 

7.63 show the macro-averaged F-measure results of the proposed combination methods 

with global policy, Tables 7.12, 7.25, 7.38, 7.52 and 7.66 show the micro-averaged F-

measure results of the proposed combination methods with local policy and Tables 7.13, 

7.26, 7.39, 7.53 and 7.67 show the micro-averaged F-measure results of the proposed 

combination methods with local policy for the datasets. . If the combination F-measure 

value is higher or equal to the highest F-measure of the individual metrics, it is shown in 

bold and underlined for each keyword number. If it is also the highest value in the column, 

then it is also shown in red. While if it is higher than the highest F-measure value of the 

score and rank combinations, then it is shown in red, bold and double underlined. In 

addition if the combination F-measure value is lower than the highest F-measure of the 

individual metrics but it is higher than the value of the feature selection metrics that 

constitute it, then it is shown in blue.     

 

In this study, the average of the F-measures results is computed by only averaging 

the keyword numbers from 100 to 2000 while the performance of the classification with 

the keywords less than 100 is very low.  

 

In each figure, we also show the best individual metric results as a red straight line in 

order to compare the results of the individual metrics with their combinations. In addition, 

if the gap between the performance of the best individual metric and the second best 

individual metric is high, the second best individual metric is also shown as a violet 

straight line in some figures. 

 

 



 
 

32 
 

7.1. Homogenous Dataset 

 

7.1.1.  The Classic 3 Dataset 

 

7.1.1.1. Property of the Dataset  

 

The Classic3 dataset is a well known collection of documents composed of 3,891 

abstracts from 3 disjoint research fields as shown in Figure 1: 1,398 CRANFIELD 

documents from aeronautical system papers, 1,033 MEDLINE documents from medical 

journals, and 1,460 CISI documents from information retrieval papers.  

 

 

 

Figure 7.1. Property of the Classic3 dataset 

 

Classic3 has been used by many researchers [6, 7, 8, 44] in text mining and it is 

chosen as a ñhomogenous datasetò in our study, where all the classes are nearly equally 

well represented in the training set. First two thirds of each class is selected for the training 

set and the remaining one third is used for testing.   

 

The most significant feature of the Classic3 dataset is that each class is disjoint from 

each other clearly, which means about 50 percent of the terms occur in only one class and 

the documents that share many common terms belong to the same class in the dataset. 

Since the classes are disjoint from each other, the Classic3 dataset is relatively easy to 

classify among other datasets in our study.  
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7.1.1.2. Analysis of the Existing Metrics 

 

In this section, we discuss the results of the five well-known feature selection metrics 

used in the text categorization domain on homogenous datasets. Classic3 is a good 

example of a homogenous dataset. Table 7.1 shows the micro- and macro-averaged F-

measure results for the Classic3 dataset. We compare both the local and global version of 

the feature selection metrics on the Classic3 dataset to these analyses. 

 

The Classic3 dataset has the highest F-measure results among the datasets since other 

datasets consist of many classes with skew class distributions. As we mentioned above, the 

Classic3 dataset contains sufficient number of documents from three well-separated 

classes. Thus the results of the micro- and macro-averaged F-measures are very close to 

each other.  

 

When the test documents are classified with all words without applying any feature 

selection method, the classifier achieves the highest micro-F and macro-F values of 99.4%. 

This situation can be explained by the fact that all classes have enough training documents 

and most of the terms occur in only one class. This means that almost all terms are 

important in the classification of the documents and improve the classifierôs performance 

individually. This fact also explains why the classifier achieves better performance as the 

number of keywords increases from 10 to 2000 in homogenous datasets. But still feature 

selection is a necessary process if we want to overcome time and space limitations. 

 

Another observation about homogenous datasets is that the local policy performs 

significantly better than the global policy when the keyword number is low. For our 

homogenous dataset Classic3, this range is between 10 to 200 keywords. On the other 

hand, when the keyword number is high (more than 200 keywords), the global policy 

performs better than the local policy in homogenous datasets. This is due to the fact that in 

corpus-based approach, a single set of keywords is selected for all classes while in class-

based approach, a distinct set of keywords is selected for each class  [5].  The aim of the 

global policy is to find general keywords for all classes; on the other hand the local policy 

tries to find a small but crucial portion of keywords for each class. For this reason, the 

local policy is more successful with a few number of keywords by selecting more 
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important and useful keywords for classification. The global policy is not successful 

finding keywords that carry critical information for all classes when the keyword number 

is low although the accuracy increases gradually as the number of keywords increases. But 

it can be noted that there is not much difference between the global and local policies in 

homogenous datasets. 

 

 Micro-F 10 30 50 100 200 500 1000 1500 2000 All 

tf-idf (g) 0,701 0,873 0,901 0,937 0,956 0,981 0,988 0,992 0,992 0,994 

CHI (g) 0,732 0,848 0,890 0,956 0,956 0,989 0,991 0,992 0,992 0,994 

IG (g) 0,702 0,848 0,886 0,956 0,974 0,988 0,991 0,990 0,992 0,994 

DF (g) 0,622 0,800 0,833 0,894 0,943 0,970 0,986 0,992 0,992 0,994 

Acc2 (g) 0,736 0,867 0,916 0,944 0,967 0,984 0,988 0,989 0,991 0,994 

MAX 0,736 0,873 0,916 0,956 0,974 0,989 0,991 0,992 0,992  

 Macro-F 10 30 50 100 200 500 1000 1500 2000 All 

tf-idf (g) 0,665 0,871 0,898 0,936 0,953 0,980 0,989 0,992 0,992 0,994 

CHI (g) 0,709 0,821 0,870 0,956 0,956 0,990 0,991 0,993 0,992 0,994 

IG (g) 0,665 0,811 0,863 0,955 0,975 0,988 0,991 0,990 0,992 0,994 

DF (g) 0,623 0,798 0,831 0,893 0,941 0,970 0,987 0,992 0,992 0,994 

Acc2 (g) 0,690 0,865 0,914 0,944 0,967 0,985 0,988 0,990 0,991 0,994 

MAX 0,709 0,871 0,914 0,956 0,975 0,990 0,991 0,993 0,992  

 Micro-F 10 30 50 100 200 500 1000 1500 2000 All 

tf-idf (l) 0,653 0,895 0,939 0,951 0,959 0,960 0,964 0,965 0,971 0,994 

CHI (l) 0,638 0,915 0,947 0,963 0,974 0,981 0,987 0,989 0,990 0,994 

IG (l) 0,735 0,896 0,918 0,958 0,973 0,986 0,989 0,992 0,991 0,994 

DF (l) 0,745 0,865 0,883 0,917 0,949 0,964 0,973 0,973 0,978 0,994 

Acc2 (l) 0,787 0,880 0,926 0,958 0,972 0,985 0,991 0,991 0,991 0,994 

MAX 0,787 0,915 0,947 0,963 0,974 0,986 0,991 0,992 0,991  

 Macro-F 10 30 50 100 200 500 1000 1500 2000 All 

tf-idf (l) 0,720 0,880 0,935 0,950 0,957 0,959 0,964 0,964 0,970 0,994 

CHI (l) 0,706 0,908 0,945 0,963 0,974 0,981 0,987 0,989 0,990 0,994 

IG (l) 0,728 0,889 0,912 0,959 0,974 0,986 0,990 0,992 0,991 0,994 

DF (l) 0,720 0,848 0,871 0,908 0,945 0,964 0,973 0,973 0,978 0,994 

Acc2 (l) 0,761 0,867 0,923 0,958 0,972 0,985 0,991 0,991 0,991 0,994 

MAX 0,761 0,908 0,945 0,963 0,974 0,986 0,991 0,992 0,991  

 

Table 7.1. Micro- and macro-averaged F-measures for Classic3 dataset 

 

 



 
 

35 
 

In homogenous datasets generally CHI, IG and Acc2 outperform other methods in both the 

global and local policies. In global policy CHI achieves the best micro- and macro-

averaged F-measure results with a high number of keywords from 100 to 2000 and in local 

policy it gets the highest scores with a few number of keywords from 30 to 200. In global 

policy Acc2ôs performance is slightly better than CHI and IG with a few number of 

keywords. In addition to this, both in global and in local policy IG is successful and has 

many highest scores with a high number of keywords, higher than 50 keywords. Figure 7.3 

shows the comparison of the averages of F-measures under feature number criterion both 

in global and local policies for the Classic3 dataset. 

 

Although document classification with all words achieves the highest performance of 

99.4%, CHI in global policy achieves a very close performance of 99.3% with 1500 

keywords. In global policy all the feature selection metrics perform almost similarly with 

1500 and 2000 keywords except Acc2. 

 

 
 

Figure 7. 2. Comparison of the averages of micro- and macro-averaged F-measures for 

Classic3 dataset 



 
 

36 
 

7.1.1.3. Analysis of Score and Rank Combinations 

 

In the previous section we compared and discussed the results of the five well-known 

feature selection metrics on a homogenous dataset.  

 

 Micro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (g) 0,701 0,873 0,901 0,937 0,956 0,981 0,988 0,992 0,992 

CHI (g) 0,732 0,848 0,890 0,956 0,956 0,989 0,991 0,992 0,992 

IG (g) 0,702 0,848 0,886 0,956 0,974 0,988 0,991 0,990 0,992 

DF (g) 0,622 0,800 0,833 0,894 0,943 0,970 0,986 0,992 0,992 

Acc2 (g) 0,736 0,867 0,916 0,944 0,967 0,984 0,988 0,989 0,991 

MAX 0,736 0,873 0,916 0,956 0,974 0,989 0,991 0,992 0,992 

Micro-F  Score Combination  10 30 50 100 200 500 1000 1500 2000 

|S| tf -idf&CHI (g) 0,759 0,844 0,915 0,955 0,964 0,984 0,989 0,992 0,992 

|S| tf -idf&IG (g) 0,699 0,840 0,916 0,950 0,963 0,983 0,988 0,992 0,992 

|S| tf -idf&DF (g) 0,724 0,817 0,879 0,927 0,955 0,979 0,988 0,991 0,992 

|S| tf -idf&Acc2 (g) 0,760 0,875 0,909 0,943 0,961 0,984 0,989 0,991 0,992 

|S| CHI&IG (g) 0,732 0,853 0,890 0,955 0,975 0,989 0,991 0,991 0,991 

|S| CHI&DF (g) 0,743 0,848 0,898 0,942 0,961 0,984 0,989 0,990 0,992 

|S| CHI&Acc2 (g) 0,732 0,870 0,920 0,952 0,971 0,989 0,989 0,992 0,992 

|S| IG&DF (g) 0,730 0,845 0,898 0,943 0,957 0,984 0,991 0,991 0,992 

|S| IG&Acc2 (g) 0,702 0,866 0,921 0,954 0,972 0,988 0,990 0,992 0,993 

|S| DF&Acc2 (g) 0,743 0,835 0,881 0,940 0,961 0,981 0,990 0,989 0,992 

MAX 0,760 0,875 0,921 0,955 0,975 0,989 0,991 0,992 0,993 

AVERAGE 0,732 0,849 0,903 0,946 0,964 0,985 0,989 0,991 0,992 

Micro-F  Rank Combination 10 30 50 100 200 500 1000 1500 2000 

|R| tf -idf&CHI (g) 0,692 0,844 0,922 0,952 0,972 0,988 0,990 0,991 0,992 

|R| tf -idf&IG (g) 0,694 0,844 0,923 0,950 0,969 0,988 0,990 0,991 0,992 

|R| tf -idf&DF (g) 0,736 0,823 0,871 0,928 0,950 0,977 0,986 0,989 0,992 

|R| tf -idf&Acc2 (g) 0,760 0,879 0,916 0,944 0,962 0,985 0,991 0,991 0,992 

|R| CHI&IG (g) 0,732 0,853 0,890 0,954 0,976 0,989 0,991 0,991 0,992 

|R| CHI&DF (g) 0,675 0,865 0,909 0,946 0,964 0,986 0,989 0,992 0,992 

|R| CHI&Acc2 (g) 0,743 0,844 0,924 0,956 0,971 0,988 0,989 0,992 0,993 

|R| IG&DF (g) 0,676 0,862 0,915 0,943 0,964 0,987 0,991 0,991 0,993 

|R| IG&Acc2 (g) 0,743 0,836 0,920 0,950 0,971 0,989 0,989 0,992 0,992 

|R| DF&Acc2 (g) 0,764 0,855 0,875 0,938 0,960 0,983 0,989 0,990 0,992 

MAX 0,764 0,879 0,924 0,956 0,976 0,989 0,991 0,992 0,993 

AVERAGE 0,722 0,851 0,907 0,946 0,966 0,986 0,990 0,991 0,992 

 

Table 7.2. In global policy, micro-averaged F-measures of the score and rank combinations for 

Classic3 dataset 

 



 
 

37 
 

Macro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (g) 0,665 0,871 0,898 0,936 0,953 0,980 0,989 0,992 0,992 

CHI (g) 0,709 0,821 0,870 0,956 0,956 0,990 0,991 0,993 0,992 

IG (g) 0,665 0,811 0,863 0,955 0,975 0,988 0,991 0,990 0,992 

DF (g) 0,623 0,798 0,831 0,893 0,941 0,970 0,987 0,992 0,992 

Acc2 (g) 0,690 0,865 0,914 0,944 0,967 0,985 0,988 0,990 0,991 

  MAX 0,709 0,871 0,914 0,956 0,975 0,990 0,991 0,993 0,992 

Macro-F Score Combination  10 30 50 100 200 500 1000 1500 2000 

|S| tf -idf&CHI (g) 0,710 0,801 0,913 0,953 0,963 0,985 0,989 0,992 0,992 

|S| tf -idf&IG (g) 0,556 0,801 0,914 0,949 0,962 0,983 0,988 0,992 0,993 

|S| tf -idf&DF (g) 0,724 0,815 0,877 0,926 0,954 0,978 0,989 0,991 0,992 

|S| tf -idf&Acc2 (g) 0,759 0,873 0,907 0,942 0,960 0,984 0,989 0,991 0,992 

|S| CHI&IG (g) 0,709 0,825 0,870 0,954 0,975 0,990 0,991 0,991 0,991 

|S| CHI&DF (g) 0,745 0,847 0,896 0,941 0,961 0,985 0,989 0,991 0,992 

|S| CHI&Acc2 (g) 0,709 0,861 0,919 0,952 0,971 0,989 0,990 0,993 0,992 

|S| IG&DF (g) 0,732 0,844 0,896 0,942 0,957 0,984 0,991 0,992 0,993 

|S| IG&Acc2 (g) 0,665 0,860 0,920 0,954 0,972 0,988 0,990 0,992 0,993 

|S| DF&Acc2 (g) 0,745 0,834 0,879 0,940 0,960 0,981 0,990 0,990 0,992 

MAX 0,759 0,873 0,920 0,954 0,975 0,990 0,991 0,993 0,993 

 AVERAGE 0,705 0,836 0,899 0,945 0,963 0,985 0,990 0,992 0,992 

Macro-F Rank Combination 10 30 50 100 200 500 1000 1500 2000 

|R| tf -idf&CHI (g) 0,550 0,801 0,920 0,950 0,971 0,989 0,990 0,991 0,992 

|R| tf -idf&IG (g) 0,551 0,801 0,921 0,949 0,968 0,988 0,990 0,991 0,993 

|R| tf -idf&DF (g) 0,737 0,821 0,870 0,927 0,949 0,976 0,987 0,990 0,992 

|R| tf -idf&Acc2 (g) 0,759 0,877 0,915 0,943 0,960 0,985 0,992 0,991 0,993 

|R| CHI&IG (g) 0,709 0,825 0,870 0,954 0,976 0,989 0,991 0,991 0,992 

|R| CHI&DF (g) 0,538 0,864 0,907 0,945 0,963 0,987 0,990 0,992 0,992 

|R| CHI&Acc2 (g) 0,693 0,808 0,923 0,956 0,970 0,989 0,989 0,992 0,993 

|R| IG&DF (g) 0,540 0,861 0,913 0,942 0,963 0,987 0,991 0,992 0,993 

|R| IG&Acc2 (g) 0,693 0,795 0,918 0,949 0,971 0,989 0,990 0,992 0,992 

|R| DF&Acc2 (g) 0,764 0,853 0,874 0,938 0,958 0,983 0,989 0,991 0,993 

 MAX 0,764 0,877 0,923 0,956 0,976 0,989 0,992 0,992 0,993 

 AVERAGE 0,653 0,830 0,903 0,945 0,965 0,986 0,990 0,991 0,992 

 

Table 7.3. In global policy, macro-averaged F-measures of the score and rank 

combinations for Classic3 dataset 

 

In this section we evaluate the performance of the score and rank combinations on a 

homogenous dataset Classic3. We perform all possible score and rank combinations of two 

feature selection metrics.  
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Tables 7.2 and 7.3 show the micro- and macro-averaged F-measure results of the 

combinations in global policy for the Classic3 dataset. In global policy among the 10 

possible combinations of two feature selection metrics, tf-idf & Acc2, CHI & IG, CHI & 

Acc2, IG & DF and IG & Acc2 score and rank combinations are more successful than other 

combinations based on the highest micro- and macro-averaged F-measure values for each 

keyword number.  

 

When we look at Tables 7.2 and 7.3, we can see that rank combination is slightly 

more successful than score combination in the homogenous dataset in global policy. For all 

keyword numbers from 10 to 2000, micro- and macro-averaged F-values of score and rank 

combinations are higher than or equal to the highest score of the individual methods. The 

highest values for each keyword number are indicated as MAX rows on each table.  

 

Improvement of the F-measure values is more distinctive when the keyword number 

is low between 10 and 100. The main reason for this result is that the performances of the 

existing metrics are already high with large number of keywords because of homogeneity. 

The Classic3 dataset contains sufficient number of documents from three well-separated 

classes.  

 

In global policy Acc2 achieves the best F-measure results with a few number of 

keywords in the homogenous dataset. When we look at the related tables, we can see that 

both the score and rank combinations of tf-idf & Acc2 are more successful than individual 

Acc2. Moreover the rank combination of tf-idf & Acc2 is the most successful one among 

the combinations. IG is another successful method with many highest success rates when 

the keyword number is higher than 50. CHI & IG rank combinationôs performance is better 

than individual IG.  

 

In global policy, among the individual feature selection metrics IG has the highest 

average of micro- and macro-averaged F-measure value of 98.2%. Only the score and rank 

combinations of CHI & IG achieve this success rate. Figure 3 shows the averages of micro- 

and macro-averaged F-measure values for the Classic3 dataset. CHI has the second highest 

average of micro- and macro-averaged F-measure values of 97.9% and 98.0% and many 

combinations are better than the performance of the CHI as seen in above figure. 
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As mentioned previously, although document classification with all words achieves 

the highest performance of 99.4%, only CHI shows very close performance of 99.3% with 

1500 keywords. On the other hand, among the 10 possible score combinations 3 

combinations and among the 10 possible rank combinations 5 combinations succeed 99.3% 

accuracy with 2000 keywords. 

 

 
 

 
 

 

Figure 7.3. In global policy, comparison of score and rank combinations on the Classic3 

dataset 

 

When we perform score and rank combinations on the Classic3 dataset in local 

policy, score combinations are slightly better than rank combinations as seen in Tables 7.4 

and 7.5. Table 7.1 shows among the individual feature selection metrics, IG has the highest 

TF & 
CHI

TF & 
IG

TF & 
DF

TF & 
Acc2

CHI & 
IG

CHI & 
DF

CHI & 
Acc2

IG & 
DF

IG & 
Acc2

DF & 
Acc2

Score Com. (g)0,979 0,978 0,972 0,977 0,982 0,976 0,981 0,976 0,981 0,976

Rank  Com. (g)0,981 0,980 0,970 0,977 0,982 0,978 0,981 0,978 0,981 0,975

0,970
0,971
0,972
0,973
0,974
0,975
0,976
0,977
0,978
0,979
0,980
0,981
0,982
0,983

A
ve

ra
g

e
 M

ic
ro

 F-m
e

a
su

re

IG (g)

CHI (g)

TF & 
CHI

TF & 
IG

TF & 
DF

TF & 
Acc2

CHI & 
IG

CHI & 
DF

CHI & 
Acc2

IG & 
DF

IG & 
Acc2

DF & 
Acc2

Score Com. (g)0,979 0,978 0,972 0,977 0,982 0,977 0,981 0,976 0,981 0,976

Rank  Com. (g)0,981 0,980 0,970 0,977 0,982 0,978 0,981 0,978 0,980 0,975

0,970
0,971
0,972
0,973
0,974
0,975
0,976
0,977
0,978
0,979
0,980
0,981
0,982
0,983

A
v
e

ra
g

e
 M

a
c
ro

 F-m
e

a
su

re

IG (g)

CHI (g)

 
tf-idf (g) CHI (g) IG (g) DF (g) Acc2 (g) 

 Micro 0,974 0,979 0,982 0,963 0,977 

 
Macro 0,974 0,980 0,982 0,963 0,978 



 
 

40 
 

values between 500 and 2000 keywords. In addition to this, among the score and rank 

combinations, score combination of IG & Acc2 is significantly successful with high 

number of keyword in local policy.  

 

 Micro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (l) 0,653 0,895 0,939 0,951 0,959 0,960 0,964 0,965 0,971 

CHI (l) 0,638 0,915 0,947 0,963 0,974 0,981 0,987 0,989 0,990 

IG (l) 0,735 0,896 0,918 0,958 0,973 0,986 0,989 0,992 0,991 

DF (l) 0,745 0,865 0,883 0,917 0,949 0,964 0,973 0,973 0,978 

Acc2 (l) 0,787 0,880 0,926 0,958 0,972 0,985 0,991 0,991 0,991 

MAX 0,787 0,915 0,947 0,963 0,974 0,986 0,991 0,992 0,991 

Micro-F  Score Combination  10 30 50 100 200 500 1000 1500 2000 

|S| tf -idf&CHI (l) 0,648 0,907 0,944 0,957 0,965 0,974 0,978 0,982 0,985 

|S| tf -idf&IG (l) 0,833 0,908 0,944 0,961 0,973 0,977 0,983 0,987 0,988 

|S| tf -idf&DF (l) 0,818 0,880 0,915 0,941 0,955 0,960 0,969 0,969 0,974 

|S| tf -idf&Acc2 (l) 0,837 0,910 0,926 0,962 0,973 0,976 0,984 0,987 0,987 

|S| CHI&IG (l) 0,827 0,907 0,938 0,956 0,977 0,984 0,990 0,991 0,990 

|S| CHI&DF (l) 0,829 0,893 0,915 0,948 0,970 0,972 0,981 0,985 0,986 

|S| CHI&Acc2 (l) 0,839 0,899 0,934 0,961 0,973 0,983 0,990 0,992 0,991 

|S| IG&DF (l) 0,823 0,891 0,920 0,955 0,970 0,978 0,986 0,991 0,990 

|S| IG&Acc2 (l) 0,785 0,899 0,919 0,954 0,974 0,986 0,989 0,993 0,993 

|S| DF&Acc2 (l) 0,801 0,880 0,923 0,945 0,974 0,977 0,987 0,989 0,987 

MAX 0,839 0,910 0,944 0,962 0,977 0,986 0,990 0,993 0,993 

AVERAGE 0,804 0,897 0,928 0,954 0,970 0,977 0,984 0,987 0,987 

Micro-F  Rank Combination 10 30 50 100 200 500 1000 1500 2000 

|R| tf -idf&CHI (l) 0,647 0,903 0,939 0,950 0,963 0,968 0,969 0,970 0,982 

|R| tf -idf&IG (l) 0,645 0,905 0,941 0,954 0,966 0,969 0,969 0,978 0,987 

|R| tf -idf&DF (l) 0,823 0,887 0,910 0,938 0,958 0,958 0,966 0,968 0,973 

|R| tf -idf&Acc2 (l) 0,837 0,899 0,935 0,949 0,965 0,963 0,973 0,970 0,981 

|R| CHI&IG (l) 0,819 0,907 0,941 0,953 0,974 0,984 0,991 0,991 0,990 

|R| CHI&DF (l) 0,844 0,906 0,937 0,950 0,964 0,969 0,974 0,976 0,983 

|R| CHI&Acc2 (l) 0,823 0,905 0,938 0,964 0,974 0,982 0,991 0,991 0,991 

|R| IG&DF (l) 0,842 0,907 0,940 0,950 0,966 0,971 0,975 0,982 0,986 

|R| IG&Acc2 (l) 0,784 0,899 0,926 0,953 0,973 0,984 0,990 0,992 0,991 

|R| DF&Acc2 (l) 0,819 0,884 0,909 0,943 0,965 0,968 0,978 0,977 0,982 

MAX 0,844 0,907 0,941 0,964 0,974 0,984 0,991 0,992 0,991 

AVERAGE 0,788 0,900 0,932 0,950 0,967 0,972 0,977 0,980 0,985 
 

Table 7.4. In local policy, micro-averaged F-measures of the score and rank combinations for 

Classic3 dataset 
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Macro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (l) 0,720 0,880 0,935 0,950 0,957 0,959 0,964 0,964 0,970 

CHI (l) 0,706 0,908 0,945 0,963 0,974 0,981 0,987 0,989 0,990 

IG (l) 0,728 0,889 0,912 0,959 0,974 0,986 0,990 0,992 0,991 

DF (l) 0,720 0,848 0,871 0,908 0,945 0,964 0,973 0,973 0,978 

Acc2 (l) 0,761 0,867 0,923 0,958 0,972 0,985 0,991 0,991 0,991 

MAX 0,761 0,908 0,945 0,963 0,974 0,986 0,991 0,992 0,991 

Macro-F  Score Combination  10 30 50 100 200 500 1000 1500 2000 

|S| tf -idf&CHI (l) 0,713 0,896 0,942 0,956 0,965 0,974 0,978 0,982 0,985 

|S| tf -idf&IG (l) 0,815 0,898 0,942 0,960 0,973 0,978 0,983 0,988 0,988 

|S| tf -idf&DF (l) 0,796 0,864 0,903 0,937 0,954 0,959 0,969 0,968 0,973 

|S| tf -idf&Acc2 (l) 0,824 0,900 0,917 0,962 0,973 0,976 0,984 0,988 0,988 

|S| CHI&IG (l) 0,813 0,901 0,935 0,956 0,977 0,985 0,990 0,991 0,990 

|S| CHI&DF (l) 0,813 0,885 0,908 0,946 0,969 0,972 0,981 0,984 0,986 

|S| CHI&Acc2 (l) 0,825 0,893 0,929 0,961 0,973 0,984 0,990 0,992 0,991 

|S| IG&DF (l) 0,808 0,884 0,914 0,955 0,970 0,979 0,986 0,991 0,991 

|S| IG&Acc2 (l) 0,769 0,890 0,917 0,953 0,975 0,987 0,990 0,994 0,993 

|S| DF&Acc2 (l) 0,781 0,870 0,919 0,942 0,972 0,978 0,988 0,989 0,988 

MAX 0,825 0,901 0,942 0,962 0,977 0,987 0,990 0,994 0,993 

AVERAGE 0,796 0,888 0,923 0,953 0,970 0,977 0,984 0,987 0,987 

Macro-F  Rank Combination 10 30 50 100 200 500 1000 1500 2000 

|R| tf -idf&CHI (l) 0,712 0,894 0,936 0,948 0,963 0,968 0,968 0,969 0,981 

|R| tf -idf&IG (l) 0,710 0,897 0,938 0,952 0,965 0,970 0,968 0,976 0,987 

|R| tf -idf&DF (l) 0,806 0,878 0,899 0,935 0,957 0,957 0,965 0,967 0,972 

|R| tf -idf&Acc2 (l) 0,824 0,890 0,932 0,947 0,965 0,962 0,972 0,969 0,981 

|R| CHI&IG (l) 0,806 0,901 0,938 0,952 0,974 0,985 0,991 0,991 0,990 

|R| CHI&DF (l) 0,837 0,896 0,935 0,949 0,963 0,969 0,974 0,977 0,982 

|R| CHI&Acc2 (l) 0,806 0,899 0,933 0,964 0,974 0,982 0,991 0,991 0,991 

|R| IG&DF (l) 0,835 0,897 0,938 0,948 0,966 0,970 0,976 0,982 0,985 

|R| IG&Acc2 (l) 0,766 0,891 0,924 0,953 0,974 0,984 0,990 0,992 0,991 

|R| DF&Acc2 (l) 0,805 0,873 0,899 0,943 0,964 0,968 0,978 0,978 0,982 

MAX 0,837 0,901 0,938 0,964 0,974 0,985 0,991 0,992 0,991 

AVERAGE 0,791 0,891 0,927 0,949 0,967 0,971 0,977 0,979 0,984 

 

Table 7.5. In local policy, macro-averaged F-measures of the score and rank combinations 

for Classic3 dataset 

 

In Table 7.5, we see that the macro-averaged F-measure results of IG & Acc2 score 

combination for 500, 1500 and 2000 keywords in local policy have the best results (98.7%, 

99.4% and 99.3% respectively). As we analyzed previously, document classification 

without any feature selection achieves the highest performance of 99.4% and neither the 
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existing metrics nor the score and rank combinations in global policy improved this result 

and the nearest value to this result among all methods is 99.3% in the Classic3 dataset. In 

the case of local policy, IG & Acc2 score combination can reach at 99.4% macro-averaged 

F-measure with 1500 keywords.  

 

In global policy tf-idf & Acc2, CHI & IG, CHI & Acc2, IG & DF and IG & Acc2 

combinations were more successful than others in homogenous datasets. On the other 

hand, CHI & IG, CHI & Acc2 and IG & Acc2 combinations have the best F-measure 

values in local policy. Rank combination of CHI & IG in global policy and score 

combination of IG & Acc2 in local policy with large number of keywords between 200 and 

2000 are notably better than the existing metrics in homogenous datasets. Moreover the 

rank combination of tf-idf & Acc2 in global policy improves the performance of the 

existing metrics with a few number of keywords.  

 

As we mentioned, the performance gap between the existing metrics and the score or 

rank combinations enlarges as the number of keywords decreases on homogenous datasets. 

In global policy, among the existing metrics Acc2 can achieve at most 73.6% micro- and 

70.9% macro-averaged F-measures with 10 keywords whereas rank combination of DF & 

Acc2 reaches 76.4% micro and macro-averaged F-measures. And in local policy, among 

the existing metrics again Acc2 can only achieve 78.7% micro- and 76.1% macro-averaged 

F-measures while rank combination of CHI & DF reaches 84.4% micro- and 83.7% 

macro-averaged F-measures with 10 keywords. Beside this result, another apparent result 

is that the F-measure values with 10 keywords are improved by almost all score and rank 

combinations.  

 

In local policy, among the individual feature selection metrics IG has the highest 

average of micro- and macro-averaged F-measure value of 98.2%. Only CHI & Acc2 and 

IG & Acc2 combinations reach this accuracy. Figure 4 shows the averages of micro- and 

macro-averaged F-measure values for the Classic3 dataset. 

 

Score and rank combinations improve the accuracy in both policies. When we look at 

Tables 7.4 and 7.5, we see that score combination is slightly more successful than rank 

combination in homogenous datasets in local policy whereas the performance of rank 
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combination is better than score combination in global policy as we observed in Table 7.2 

and 3. This is an important result. As a result, rank combination outperforms score 

combination in case of global policy and rank combination is outperformed by score 

combination in case of local policy on homogenous datasets. In Figure 5, we see that score 

combinations in local policy is the best method for classification on homogenous datasets. 

 

 

 
 

 

Figure 7.4. In local policy, comparison of score and rank combinations on the Classic3 

dataset 

 

In addition, one of the striking results in these experiments is the similar behavior of 

the two combinations both in global and local policies. It should be noted that if any 

feature selection pair is successful by combining their scores, it is also successful by 

combining their ranks.  
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Figure 7.5: Comparison of score and rank combinations in global and local policy on the 

Classic3 dataset  

 

7.1.1.4. Analysis of the Proposed Combinations 

 

The success of the combinations motivated us to propose different combination 

methods in order to improve the performance of the classifier. In this section we analyze 

our seven proposed combination methods for the Classic3 dataset. In Figure 7.6 and 7.5 we 

can see the average of the F-measure values of the combination methods in global policy.  
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Figure 7.6. In global policy, averages of the micro-averaged F-measures of all combinations for 

Classic3 dataset 

 

 
10 30 50 100 200 500 1000 1500 2000 

Combination |S| 0,760 0,875 0,921 0,955 0,975 0,989 0,991 0,992 0,993 

Combination |R| 0,764 0,879 0,924 0,956 0,976 0,989 0,991 0,992 0,993 

          New Method 1 0,764 0,875 0,928 0,955 0,976 0,989 0,991 0,992 0,992 

New Method 2 0,760 0,878 0,922 0,955 0,974 0,989 0,991 0,992 0,993 

New Method 3 0,764 0,882 0,924 0,956 0,976 0,989 0,991 0,992 0,993 

New Method 4 0,764 0,891 0,924 0,954 0,976 0,989 0,991 0,992 0,992 

New Method 5 0,764 0,891 0,930 0,955 0,976 0,990 0,991 0,992 0,992 

New Method 6 0,764 0,891 0,923 0,955 0,976 0,989 0,991 0,992 0,993 

New Method 7 0,764 0,891 0,930 0,955 0,976 0,989 0,992 0,992 0,993 

           

Table 7.6. In global policy, maximum micro-averaged F-measures of all combinations for Classic3 

dataset 

 

We begin with the experiments in global policy and then we analyze these 

combinations in the case of local policy. One of the main observations is that the successes 

of the proposed combinations are very close to each other in the homogenous dataset thus 

it is hard to say which one outperforms the others. 

TF&CHI TF&IG TF&DF TF&Acc2 CHI&IG CHI&DF CHI&Acc2 IG&DF IG&Acc2 DF&Acc2

|S| 0,979 0,978 0,972 0,977 0,982 0,976 0,981 0,976 0,982 0,976

|R| 0,981 0,980 0,970 0,978 0,982 0,978 0,982 0,978 0,981 0,975

|C1| 0,981 0,980 0,969 0,977 0,982 0,978 0,981 0,978 0,981 0,975

|C2| 0,976 0,976 0,972 0,977 0,982 0,975 0,980 0,975 0,980 0,975

|C3| 0,980 0,980 0,970 0,978 0,982 0,978 0,981 0,977 0,981 0,975

|C4| 0,979 0,978 0,971 0,977 0,982 0,976 0,981 0,977 0,980 0,974

|C5| 0,981 0,980 0,970 0,977 0,982 0,979 0,981 0,978 0,980 0,975

|C6| 0,981 0,980 0,969 0,977 0,982 0,978 0,981 0,977 0,981 0,975

|C7| 0,981 0,980 0,969 0,977 0,982 0,979 0,981 0,978 0,981 0,975
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Figure 7.7. In global policy, averages of the macro-averaged F-measures of all 

combinations for Classic3 dataset 

 

 
10 30 50 100 200 500 1000 1500 2000 

Combination |S| 0,759 0,873 0,920 0,954 0,975 0,990 0,991 0,993 0,993 

Combination |R| 0,764 0,877 0,923 0,956 0,976 0,989 0,992 0,992 0,993 

          New Method 1 0,764 0,873 0,926 0,955 0,976 0,990 0,991 0,992 0,993 

New Method 2 0,759 0,873 0,921 0,954 0,975 0,990 0,991 0,993 0,994 

New Method 3 0,764 0,879 0,923 0,956 0,976 0,990 0,992 0,992 0,993 

New Method 4 0,764 0,889 0,923 0,954 0,976 0,990 0,991 0,992 0,993 

New Method 5 0,764 0,889 0,928 0,955 0,976 0,990 0,991 0,993 0,993 

New Method 6 0,764 0,889 0,922 0,955 0,976 0,990 0,991 0,992 0,993 

New Method 7 0,764 0,889 0,928 0,955 0,976 0,989 0,992 0,993 0,993 

           

Table 7.7. In global policy, maximum macro-averaged F-measures of all combinations for 

Classic3 dataset 

 

Tables 7.8 and 7.9 show the micro- and macro-averaged F-measures, respectively, 

for all the proposed methods for the Classic3 dataset. Before comparing the performance of 

each proposed method, we determine which combinations are the best. By all of 10 

possible 2-combinations, it seems that tf-idf & CHI, tf-idf & Acc2, CHI & IG, CHI & Acc2 

TF&CHI TF&IG TF&DF TF&Acc2 CHI&IG CHI&DF CHI&Acc2 IG&DF IG&Acc2 DF&Acc2

|S| 0,979 0,978 0,972 0,977 0,982 0,977 0,981 0,976 0,981 0,976

|R| 0,981 0,980 0,970 0,977 0,982 0,978 0,981 0,978 0,980 0,975

|C1| 0,981 0,979 0,969 0,977 0,982 0,979 0,982 0,978 0,981 0,975

|C2| 0,976 0,975 0,972 0,977 0,982 0,976 0,980 0,975 0,980 0,975

|C3| 0,980 0,980 0,970 0,978 0,982 0,978 0,981 0,977 0,981 0,975

|C4| 0,979 0,978 0,971 0,976 0,982 0,976 0,981 0,977 0,980 0,974

|C5| 0,980 0,979 0,970 0,977 0,982 0,979 0,981 0,978 0,980 0,975

|C6| 0,981 0,979 0,969 0,977 0,982 0,979 0,981 0,977 0,981 0,975

|C7| 0,981 0,980 0,969 0,977 0,982 0,979 0,981 0,978 0,981 0,975
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and IG & Acc2 2-combinations are more successful than the other combinations. During 

the test phase, we obtain the best results from these combinations in both micro- and 

macro-averaged F-measure on the homogenous dataset. 

 

In the previous section, we concluded that using rank combination for feature 

selection is the best method for classification in the case of global policy. Among the 

proposed methods, C2 improves the performance of the rank combination with a high 

number of keyword. As we knew that among the individual metrics the best performances 

(99.2% micro- and 99.3% macro-averaged F-measure) were achieved CHI with 1500 

keywords. This performance was improved by several score and rank combinations with 

99.3% and 99.3%. Furthermore that performance (99.3% micro- and 99.4% macro-

averaged F-measure) is also improved by C2 of tf-idf & CHI with 2000 keywords. C3, C5 

and C7 are also slightly better than the score and rank combinations in general when we 

compare their highest values and average of F-measures.  

 

In addition to this, when we compare the F-measure values with a large number of 

keywords, the performance of each proposed method is almost the same. The success of 

classification with a few number of keywords is slightly different from each others.   

Therefore, this criterion helps us to determine which methods are more successful than the 

others. But we need to see the behavior of each combination on the other datasets in order 

to indicate the best one.  
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Table 7.8. Micro F-measure results of the proposed combinations in global policy for Classic3 dataset 

Micro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (g) 0,701 0,873 0,901 0,937 0,956 0,981 0,988 0,992 0,992 

CHI (g)   0,732 0,848 0,89 0,956 0,956 0,989 0,991 0,992 0,992 

IG (g)   0,702 0,848 0,886 0,956 0,974 0,988 0,991 0,990 0,992 

DF (g)   0,622 0,800 0,833 0,894 0,943 0,970 0,986 0,992 0,992 

Acc2 (g)   0,736 0,867 0,916 0,944 0,967 0,984 0,988 0,989 0,991 

MAX 0,736 0,873 0,916 0,956 0,974 0,989 0,991 0,992 0,992 

Micro-F   10 30 50 100 200 500 1000 1500 2000 

Score   MAX 0,760 0,875 0,921 0,955 0,975 0,989 0,991 0,992 0,993 
Combination AVERAGE 0,732 0,849 0,903 0,946 0,964 0,985 0,989 0,991 0,992 

Rank MAX 0,764 0,879 0,924 0,956 0,976 0,989 0,991 0,992 0,993 
Combination AVERAGE 0,722 0,851 0,907 0,946 0,966 0,986 0,99 0,991 0,992 

Micro-F  Combination 1 10 30 50 100 200 500 1000 1500 2000 

|C1| tf -idf&CHI (g) 0,721 0,844 0,928 0,952 0,972 0,989 0,989 0,991 0,992 

|C1| tf -idf&IG (g) 0,699 0,837 0,925 0,947 0,969 0,989 0,989 0,990 0,992 

|C1| tf -idf&DF (g) 0,724 0,813 0,874 0,920 0,950 0,974 0,988 0,991 0,992 

|C1| tf -idf&Acc2 (g) 0,760 0,875 0,917 0,945 0,962 0,984 0,990 0,991 0,992 

|C1| CHI&IG (g) 0,732 0,853 0,890 0,955 0,976 0,989 0,991 0,991 0,991 

|C1| CHI&DF (g) 0,763 0,866 0,909 0,946 0,967 0,985 0,989 0,992 0,992 

|C1| CHI&Acc2 (g) 0,732 0,840 0,919 0,955 0,972 0,988 0,989 0,992 0,992 

|C1| IG&DF (g) 0,658 0,868 0,912 0,944 0,964 0,985 0,990 0,991 0,992 

|C1| IG&Acc2 (g) 0,702 0,840 0,922 0,950 0,971 0,988 0,990 0,992 0,992 

|C1| DF&Acc2 (g) 0,764 0,859 0,879 0,937 0,960 0,982 0,989 0,989 0,992 

MAX 0,764 0,875 0,928 0,955 0,976 0,989 0,991 0,992 0,992 

  AVERAGE 0,725 0,849 0,907 0,945 0,966 0,985 0,989 0,991 0,992 

Micro-F  Combination 2 10 30 50 100 200 500 1000 1500 2000 

|C2| tf -idf&CHI (g) 0,759 0,878 0,916 0,940 0,959 0,985 0,989 0,991 0,993 

|C2| tf -idf&IG (g) 0,699 0,878 0,916 0,940 0,957 0,985 0,988 0,991 0,992 

|C2|  tf-idf&DF (g) 0,724 0,824 0,879 0,927 0,956 0,978 0,989 0,991 0,992 

|C2| tf -idf&Acc2 (g) 0,760 0,875 0,909 0,944 0,961 0,984 0,989 0,991 0,992 

|C2| CHI&IG (g) 0,732 0,853 0,890 0,955 0,974 0,989 0,990 0,991 0,992 

|C2| CHI&DF (g) 0,723 0,838 0,875 0,939 0,960 0,981 0,990 0,991 0,992 

|C2| CHI&Acc2 (g) 0,732 0,870 0,922 0,951 0,968 0,989 0,989 0,992 0,992 

|C2| IG&DF (g) 0,723 0,841 0,897 0,935 0,958 0,981 0,991 0,991 0,992 

|C2| IG&Acc2 (g) 0,702 0,876 0,921 0,949 0,971 0,987 0,990 0,992 0,992 

|C2| DF&Acc2 (g) 0,723 0,835 0,881 0,937 0,960 0,981 0,990 0,990 0,993 

MAX 0,760 0,878 0,922 0,955 0,974 0,989 0,991 0,992 0,993 

  AVERAGE 0,728 0,857 0,900 0,942 0,962 0,984 0,989 0,991 0,992 

Micro-F  Combination 3 10 30 50 100 200 500 1000 1500 2000 

|C3| tf-idf&CHI (g) 0,694 0,844 0,922 0,951 0,969 0,988 0,990 0,992 0,992 

|C3| tf -idf&IG (g) 0,693 0,843 0,923 0,951 0,969 0,989 0,991 0,990 0,992 

|C3| tf -idf&DF (g) 0,736 0,822 0,872 0,925 0,950 0,977 0,986 0,989 0,992 

|C3| tf -idf&Acc2 (g) 0,760 0,882 0,916 0,944 0,963 0,985 0,991 0,991 0,992 

|C3| CHI&IG (g) 0,732 0,853 0,890 0,954 0,976 0,989 0,991 0,991 0,992 

|C3| CHI&DF (g) 0,675 0,861 0,910 0,946 0,963 0,986 0,989 0,992 0,992 

|C3| CHI&Acc2 (g) 0,732 0,844 0,924 0,956 0,971 0,987 0,989 0,992 0,993 

|C3| IG&DF (g) 0,676 0,862 0,914 0,940 0,962 0,988 0,991 0,991 0,992 

|C3| IG&Acc2 (g) 0,732 0,836 0,920 0,950 0,971 0,989 0,989 0,992 0,992 

|C3| DF&Acc2 (g) 0,764 0,853 0,876 0,938 0,960 0,983 0,988 0,990 0,992 

MAX 0,764 0,882 0,924 0,956 0,976 0,989 0,991 0,992 0,993 

  AVERAGE 0,719 0,850 0,907 0,946 0,965 0,986 0,990 0,991 0,992 
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Micro-F  Combination 4 10 30 50 100 200 500 1000 1500 2000 

|C4| tf -idf&CHI (g) 0,699 0,844 0,920 0,949 0,968 0,985 0,989 0,992 0,992 

|C4| tf -idf&IG (g) 0,699 0,837 0,924 0,947 0,965 0,983 0,989 0,992 0,992 

|C4| tf -idf&DF (g) 0,736 0,823 0,871 0,927 0,954 0,977 0,987 0,991 0,991 

|C4| tf -idf&Acc2 (g) 0,760 0,891 0,917 0,944 0,960 0,984 0,989 0,991 0,992 

|C4| CHI&IG (g) 0,732 0,853 0,890 0,954 0,976 0,989 0,991 0,991 0,992 

|C4| CHI&DF (g) 0,676 0,866 0,907 0,939 0,965 0,984 0,990 0,990 0,991 

|C4| CHI&Acc2 (g) 0,732 0,840 0,919 0,953 0,972 0,989 0,989 0,992 0,992 

|C4| IG&DF (g) 0,666 0,866 0,910 0,941 0,965 0,985 0,990 0,991 0,992 

|C4| IG&Acc2 (g) 0,732 0,836 0,922 0,951 0,971 0,987 0,989 0,992 0,992 

|C4| DF&Acc2 (g) 0,764 0,856 0,880 0,936 0,959 0,981 0,989 0,989 0,992 

MAX 0,764 0,891 0,924 0,954 0,976 0,989 0,991 0,992 0,992 

  AVERAGE 0,720 0,851 0,906 0,944 0,965 0,984 0,989 0,991 0,992 

Micro-F  Combination 5 10 30 50 100 200 500 1000 1500 2000 

|C5| tf -idf&CHI (g) 0,694 0,844 0,930 0,950 0,969 0,990 0,990 0,992 0,992 

|C5| tf -idf&IG (g) 0,684 0,844 0,925 0,948 0,968 0,989 0,989 0,991 0,992 

|C5| tf -idf&DF (g) 0,736 0,822 0,873 0,925 0,950 0,977 0,986 0,990 0,992 

|C5| tf -idf&Acc2 (g) 0,760 0,891 0,916 0,944 0,961 0,985 0,990 0,991 0,992 

|C5| CHI&IG (g) 0,732 0,853 0,890 0,954 0,976 0,989 0,991 0,991 0,992 

|C5| CHI&DF (g) 0,676 0,865 0,911 0,946 0,969 0,984 0,990 0,992 0,992 

|C5| CHI&Acc2 (g) 0,732 0,844 0,919 0,955 0,971 0,987 0,989 0,992 0,992 

|C5| IG&DF (g) 0,676 0,859 0,914 0,942 0,966 0,986 0,990 0,991 0,992 

|C5| IG&Acc2 (g) 0,732 0,836 0,922 0,950 0,971 0,988 0,989 0,992 0,992 

|C5| DF&Acc2 (g) 0,764 0,854 0,882 0,936 0,960 0,983 0,989 0,989 0,992 

MAX 0,764 0,891 0,930 0,955 0,976 0,990 0,991 0,992 0,992 

  AVERAGE 0,719 0,851 0,908 0,945 0,966 0,986 0,989 0,991 0,992 

Micro-F  Combination 6 10 30 50 100 200 500 1000 1500 2000 

|C6| tf -idf&CHI (g) 0,699 0,844 0,922 0,950 0,973 0,988 0,990 0,992 0,992 

|C6| tf -idf&IG (g) 0,699 0,837 0,923 0,946 0,972 0,988 0,989 0,991 0,992 

|C6| tf -idf&DF (g) 0,736 0,823 0,873 0,922 0,950 0,973 0,988 0,991 0,992 

|C6| tf -idf&Acc2 (g) 0,760 0,891 0,917 0,943 0,962 0,984 0,990 0,991 0,992 

|C6| CHI&IG (g) 0,732 0,853 0,890 0,954 0,976 0,989 0,991 0,991 0,991 

|C6| CHI&DF (g) 0,676 0,865 0,915 0,946 0,969 0,984 0,989 0,991 0,992 

|C6| CHI&Acc2 (g) 0,732 0,840 0,919 0,955 0,971 0,988 0,989 0,992 0,992 

|C6| IG&DF (g) 0,666 0,866 0,914 0,940 0,966 0,986 0,990 0,991 0,992 

|C6| IG&Acc2 (g) 0,732 0,836 0,922 0,950 0,971 0,989 0,990 0,992 0,992 

|C6| DF&Acc2 (g) 0,764 0,846 0,880 0,936 0,960 0,984 0,989 0,989 0,993 

MAX 0,764 0,891 0,923 0,955 0,976 0,989 0,991 0,992 0,993 

  AVERAGE 0,720 0,850 0,907 0,944 0,967 0,985 0,990 0,991 0,992 

Micro-F  Combination 7 10 30 50 100 200 500 1000 1500 2000 

|C7| tf -idf&CHI (g) 0,694 0,844 0,930 0,952 0,973 0,987 0,990 0,991 0,992 

|C7| tf -idf&IG (g) 0,699 0,844 0,924 0,947 0,971 0,989 0,990 0,991 0,992 

|C7| tf -idf&DF (g) 0,736 0,822 0,873 0,921 0,950 0,974 0,987 0,991 0,992 

|C7| tf -idf&Acc2 (g) 0,760 0,891 0,916 0,943 0,962 0,983 0,992 0,991 0,992 

|C7| CHI&IG (g) 0,732 0,853 0,890 0,954 0,976 0,989 0,991 0,992 0,992 

|C7| CHI&DF (g) 0,676 0,865 0,913 0,948 0,964 0,986 0,990 0,991 0,992 

|C7| CHI&Acc2 (g) 0,732 0,844 0,919 0,955 0,971 0,987 0,989 0,992 0,992 

|C7| IG&DF (g) 0,676 0,859 0,915 0,943 0,964 0,986 0,991 0,990 0,993 

|C7| IG&Acc2 (g) 0,732 0,836 0,922 0,950 0,972 0,989 0,989 0,992 0,992 

|C7| DF&Acc2 (g) 0,764 0,854 0,882 0,938 0,960 0,983 0,990 0,990 0,992 

MAX 0,764 0,891 0,930 0,955 0,976 0,989 0,992 0,992 0,993 

  AVERAGE 0,720 0,851 0,908 0,945 0,966 0,985 0,990 0,991 0,992 
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Table 7.9. Macro F-measure results of the proposed combinations in global policy for Classic3 dataset 

Macro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (g) 0,665 0,871 0,898 0,936 0,953 0,980 0,989 0,992 0,992 

CHI (g) 0,709 0,821 0,870 0,956 0,956 0,990 0,991 0,993 0,992 

IG (g) 0,665 0,811 0,863 0,955 0,975 0,988 0,991 0,990 0,992 

DF (g) 0,623 0,798 0,831 0,893 0,941 0,970 0,987 0,992 0,992 

Acc2 (g) 0,690 0,865 0,914 0,944 0,967 0,985 0,988 0,990 0,991 

MAX 0,709 0,871 0,914 0,956 0,975 0,99 0,991 0,993 0,992 

Macro-F 10 30 50 100 200 500 1000 1500 2000 

Score   MAX 0,759 0,873 0,920 0,954 0,975 0,990 0,991 0,993 0,993 
Combination AVERAGE 0,705 0,836 0,899 0,945 0,963 0,985 0,990 0,992 0,992 

Rank MAX 0,764 0,877 0,923 0,956 0,976 0,989 0,992 0,992 0,993 
Combination AVERAGE 0,653 0,830 0,903 0,945 0,965 0,986 0,990 0,991 0,992 

Macro-F  Combination 1 10 30 50 100 200 500 1000 1500 2000 

|C1| tf -idf&CHI (g) 0,551 0,801 0,926 0,951 0,972 0,989 0,990 0,991 0,992 

|C1| tf -idf&IG (g) 0,556 0,795 0,923 0,945 0,969 0,989 0,990 0,991 0,993 

|C1| tf -idf&DF (g) 0,724 0,811 0,872 0,919 0,949 0,973 0,988 0,991 0,992 

|C1| tf -idf&Acc2 (g) 0,759 0,873 0,915 0,944 0,960 0,985 0,990 0,991 0,992 

|C1| CHI&IG (g) 0,709 0,825 0,870 0,954 0,976 0,990 0,991 0,991 0,991 

|C1|  CHI&DF (g) 0,762 0,865 0,907 0,945 0,967 0,986 0,989 0,992 0,992 

|C1| CHI&Acc2 (g) 0,709 0,805 0,915 0,955 0,972 0,988 0,989 0,992 0,992 

|C1| IG&DF (g) 0,527 0,866 0,910 0,944 0,963 0,985 0,991 0,991 0,992 

|C1| IG&Acc2 (g) 0,665 0,798 0,920 0,949 0,971 0,989 0,991 0,992 0,993 

|C1| DF&Acc2 (g) 0,764 0,858 0,877 0,936 0,958 0,982 0,989 0,990 0,992 

MAX 0,764 0,873 0,926 0,955 0,976 0,990 0,991 0,992 0,993 

  AVERAGE 0,673 0,830 0,904 0,944 0,966 0,986 0,990 0,991 0,992 

Macro-F  Combination 2 10 30 50 100 200 500 1000 1500 2000 

|C2| tf -idf&CHI (g) 0,710 0,873 0,914 0,940 0,958 0,985 0,989 0,992 0,994 

|C2| tf -idf&IG (g) 0,556 0,873 0,914 0,939 0,956 0,985 0,988 0,992 0,992 

|C2| tf -idf&DF (g) 0,724 0,822 0,877 0,926 0,955 0,978 0,990 0,991 0,992 

|C2| tf-idf&Acc2 (g) 0,759 0,873 0,907 0,943 0,960 0,984 0,990 0,992 0,992 

|C2| CHI&IG (g) 0,709 0,825 0,870 0,954 0,975 0,990 0,990 0,991 0,992 

|C2| CHI&DF (g) 0,725 0,836 0,874 0,938 0,960 0,981 0,991 0,991 0,992 

|C2| CHI&Acc2 (g) 0,709 0,861 0,921 0,950 0,968 0,990 0,989 0,993 0,992 

|C2| IG&DF (g) 0,725 0,839 0,896 0,935 0,958 0,981 0,991 0,991 0,993 

|C2| IG&Acc2 (g) 0,665 0,871 0,920 0,948 0,970 0,987 0,990 0,993 0,992 

|C2| DF&Acc2 (g) 0,725 0,834 0,879 0,936 0,960 0,981 0,990 0,991 0,994 

MAX 0,759 0,873 0,921 0,954 0,975 0,990 0,991 0,993 0,994 

  AVERAGE 0,701 0,851 0,897 0,941 0,962 0,984 0,990 0,992 0,992 

Macro-F  Combination 3 10 30 50 100 200 500 1000 1500 2000 

|C3| tf -idf&CHI (g) 0,551 0,801 0,920 0,949 0,969 0,989 0,990 0,992 0,992 

|C3| tf-idf&IG (g) 0,550 0,801 0,921 0,949 0,968 0,990 0,991 0,991 0,992 

|C3| tf -idf&DF (g) 0,737 0,821 0,870 0,924 0,949 0,976 0,987 0,990 0,992 

|C3| tf -idf&Acc2 (g) 0,759 0,879 0,914 0,943 0,962 0,985 0,992 0,991 0,993 

|C3| CHI&IG (g) 0,709 0,825 0,870 0,954 0,976 0,989 0,991 0,991 0,992 

|C3| CHI&DF (g) 0,538 0,860 0,908 0,945 0,962 0,987 0,990 0,992 0,992 

|C3| CHI&Acc2 (g) 0,709 0,808 0,923 0,956 0,970 0,988 0,989 0,992 0,993 

|C3| IG&DF (g) 0,540 0,861 0,913 0,939 0,961 0,988 0,991 0,992 0,993 

|C3| IG&Acc2 (g) 0,709 0,795 0,918 0,949 0,971 0,989 0,990 0,992 0,992 

|C3| DF&Acc2 (g) 0,764 0,851 0,874 0,937 0,958 0,983 0,989 0,991 0,993 

MAX 0,764 0,879 0,923 0,956 0,976 0,990 0,992 0,992 0,993 

  AVERAGE 0,657 0,830 0,903 0,944 0,965 0,986 0,990 0,991 0,992 
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Macro-F  Combination 4 10 30 50 100 200 500 1000 1500 2000 

|C4| tf -idf&CHI (g) 0,556 0,801 0,918 0,948 0,968 0,985 0,989 0,992 0,993 

|C4| tf -idf&IG (g) 0,556 0,795 0,923 0,945 0,964 0,984 0,990 0,992 0,993 

|C4| tf -idf&DF (g) 0,737 0,821 0,870 0,926 0,952 0,977 0,988 0,991 0,991 

|C4| tf -idf&Acc2 (g) 0,759 0,889 0,915 0,943 0,959 0,984 0,990 0,991 0,992 

|C4| CHI&IG (g) 0,709 0,825 0,870 0,954 0,976 0,989 0,991 0,991 0,992 

|C4| CHI&DF (g) 0,540 0,865 0,905 0,938 0,965 0,984 0,990 0,990 0,991 

|C4| CHI&Acc2 (g) 0,709 0,805 0,915 0,953 0,972 0,990 0,989 0,992 0,992 

|C4| IG&DF (g) 0,531 0,865 0,908 0,941 0,964 0,985 0,990 0,991 0,992 

|C4| IG&Acc2 (g) 0,709 0,795 0,920 0,950 0,971 0,988 0,990 0,992 0,992 

|C4| DF&Acc2 (g) 0,764 0,855 0,878 0,935 0,958 0,981 0,989 0,990 0,992 

MAX 0,764 0,889 0,923 0,954 0,976 0,990 0,991 0,992 0,993 

  AVERAGE 0,657 0,831 0,902 0,943 0,965 0,985 0,990 0,991 0,992 

Macro-F  Combination 5 10 30 50 100 200 500 1000 1500 2000 

|C5| tf -idf&CHI (g) 0,551 0,801 0,928 0,948 0,969 0,990 0,990 0,992 0,993 

|C5| tf -idf&IG (g) 0,543 0,801 0,923 0,946 0,968 0,990 0,989 0,991 0,993 

|C5| tf -idf&DF (g) 0,737 0,821 0,871 0,924 0,948 0,976 0,986 0,991 0,992 

|C5| tf -idf&Acc2 (g) 0,759 0,889 0,914 0,943 0,959 0,986 0,990 0,991 0,993 

|C5| CHI&IG (g) 0,709 0,825 0,870 0,954 0,976 0,989 0,991 0,991 0,992 

|C5| CHI&DF (g) 0,540 0,863 0,910 0,945 0,968 0,985 0,990 0,992 0,992 

|C5| CHI&Acc2 (g) 0,709 0,808 0,915 0,955 0,970 0,988 0,989 0,992 0,993 

|C5| IG&DF (g) 0,540 0,858 0,912 0,941 0,965 0,987 0,990 0,991 0,993 

|C5| IG&Acc2 (g) 0,709 0,795 0,920 0,949 0,971 0,989 0,989 0,993 0,992 

|C5| DF&Acc2 (g) 0,764 0,852 0,881 0,935 0,959 0,983 0,990 0,990 0,993 

MAX 0,764 0,889 0,928 0,955 0,976 0,990 0,991 0,993 0,993 

  AVERAGE 0,656 0,831 0,904 0,944 0,965 0,986 0,990 0,991 0,992 

Macro-F  Combination 6 10 30 50 100 200 500 1000 1500 2000 

|C6| tf -idf&CHI (g) 0,556 0,801 0,920 0,948 0,973 0,989 0,990 0,992 0,993 

|C6| tf -idf&IG (g) 0,556 0,795 0,922 0,944 0,971 0,989 0,989 0,991 0,993 

|C6| tf -idf&DF (g) 0,737 0,821 0,872 0,920 0,949 0,972 0,988 0,991 0,992 

|C6| tf -idf&Acc2 (g) 0,759 0,889 0,915 0,941 0,960 0,984 0,991 0,991 0,992 

|C6| CHI&IG (g) 0,709 0,825 0,870 0,954 0,976 0,990 0,991 0,991 0,991 

|C6| CHI&DF (g) 0,540 0,863 0,913 0,945 0,969 0,985 0,990 0,991 0,992 

|C6| CHI&Acc2 (g) 0,709 0,805 0,915 0,955 0,971 0,988 0,989 0,992 0,992 

|C6| IG&DF (g) 0,531 0,865 0,912 0,939 0,965 0,986 0,990 0,991 0,992 

|C6| IG&Acc2 (g) 0,709 0,795 0,920 0,949 0,971 0,989 0,990 0,992 0,992 

|C6| DF&Acc2 (g) 0,764 0,845 0,878 0,935 0,959 0,983 0,989 0,990 0,993 

MAX 0,764 0,889 0,922 0,955 0,976 0,990 0,991 0,992 0,993 

  AVERAGE 0,657 0,830 0,904 0,943 0,966 0,986 0,990 0,991 0,992 

Macro-F  Combination 7 10 30 50 100 200 500 1000 1500 2000 

|C7| tf -idf&CHI (g) 0,551 0,801 0,928 0,950 0,973 0,988 0,990 0,991 0,992 

|C7| tf -idf&IG (g) 0,556 0,801 0,923 0,945 0,970 0,989 0,990 0,991 0,993 

|C7| tf -idf&DF (g) 0,737 0,821 0,871 0,920 0,949 0,973 0,988 0,991 0,992 

|C7| tf -idf&Acc2 (g) 0,759 0,889 0,914 0,942 0,960 0,983 0,992 0,991 0,993 

|C7| CHI&IG (g) 0,709 0,825 0,870 0,954 0,976 0,989 0,991 0,992 0,992 

|C7| CHI&DF (g) 0,540 0,863 0,911 0,947 0,964 0,987 0,990 0,992 0,992 

|C7| CHI&Acc2 (g) 0,709 0,808 0,915 0,955 0,971 0,988 0,989 0,992 0,993 

|C7| IG&DF (g) 0,540 0,858 0,913 0,942 0,963 0,986 0,992 0,991 0,993 

|C7| IG&Acc2 (g) 0,709 0,795 0,920 0,949 0,971 0,989 0,989 0,993 0,992 

|C7| DF&Acc2 (g) 0,764 0,852 0,881 0,938 0,959 0,983 0,991 0,990 0,992 

MAX 0,764 0,889 0,928 0,955 0,976 0,989 0,992 0,993 0,993 

  AVERAGE 0,657 0,831 0,905 0,944 0,966 0,986 0,990 0,991 0,992 
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When we compared score and rank combinations in Classic3 dataset in local policy, 

we stated that the score combination improves the performance of the individual metrics 

and outperforms the rank combination of two features selection metrics. When evaluating 

the performance of the proposed methods, we see that none of the proposed combination 

outperforms the success of the score combination.  

 

 

Figure 7.8. In local policy, averages of the micro-averaged F-measures of all combinations 

for Classic3 dataset 

 

          

 
10 30 50 100 200 500 1000 1500 2000 

Combination | S |  0,839 0,910 0,944 0,962 0,977 0,986 0,990 0,993 0,993 

Combination | R |  0,844 0,907 0,941 0,964 0,974 0,984 0,991 0,992 0,991 

          Combination |C1|  0,837 0,909 0,943 0,965 0,975 0,984 0,990 0,992 0,992 

Combination |C2|  0,835 0,907 0,939 0,961 0,975 0,990 0,990 0,993 0,992 

Combination |C3|  0,844 0,908 0,942 0,964 0,974 0,984 0,991 0,992 0,991 

Combination |C4|  0,844 0,914 0,942 0,963 0,975 0,985 0,990 0,993 0,992 

Combination |C5|  0,844 0,914 0,943 0,964 0,974 0,984 0,991 0,992 0,992 

Combination |C6|  0,844 0,915 0,943 0,964 0,974 0,984 0,991 0,992 0,992 

Combination |C7|  0,844 0,916 0,942 0,964 0,975 0,985 0,990 0,992 0,992 

           

Table 7.10. In local policy, maximum micro-averaged F-measures of all combinations for 

Classic3 dataset 

 

TF&CHI TF&IG TF&DF TF&Acc2 CHI&IG CHI&DF CHI&Acc2 IG&DF IG&Acc2 DF&Acc2

|S| 0,973 0,978 0,961 0,978 0,981 0,973 0,982 0,979 0,982 0,977

|R| 0,967 0,971 0,960 0,967 0,981 0,969 0,982 0,972 0,981 0,969

|C1| 0,967 0,969 0,961 0,968 0,980 0,969 0,982 0,970 0,981 0,969

|C2| 0,974 0,979 0,961 0,979 0,981 0,974 0,981 0,978 0,982 0,978

|C3| 0,967 0,970 0,961 0,967 0,981 0,969 0,982 0,971 0,981 0,969

|C4| 0,973 0,978 0,960 0,974 0,981 0,974 0,982 0,978 0,981 0,974

|C5| 0,969 0,972 0,960 0,968 0,980 0,971 0,982 0,974 0,981 0,971

|C6| 0,968 0,969 0,961 0,968 0,980 0,969 0,982 0,970 0,981 0,969

|C7| 0,966 0,968 0,960 0,966 0,980 0,969 0,982 0,970 0,981 0,969

0,950
0,952
0,954
0,956
0,958
0,960
0,962
0,964
0,966
0,968
0,970
0,972
0,974
0,976
0,978
0,980
0,982
0,984
0,986
0,988
0,990

|S| |R| |C1| |C2| |C3| |C4| |C5| |C6| |C7|
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 Figure 7.9. In local policy, averages of the macro-averaged F-measures of all 

combinations for Classic3 dataset 

 

          

 
10 30 50 100 200 500 1000 1500 2000 

Combination | S |  0,825 0,901 0,942 0,962 0,977 0,987 0,990 0,994 0,993 

Combination | R |  0,837 0,901 0,938 0,964 0,974 0,985 0,991 0,992 0,991 

          Combination |C1|  0,824 0,903 0,940 0,965 0,975 0,985 0,990 0,993 0,993 

Combination |C2|  0,816 0,898 0,935 0,960 0,975 0,990 0,990 0,993 0,992 

Combination |C3|  0,837 0,903 0,939 0,964 0,975 0,985 0,991 0,992 0,991 

Combination |C4|  0,837 0,909 0,940 0,963 0,975 0,985 0,990 0,993 0,992 

Combination |C5|  0,837 0,909 0,941 0,964 0,974 0,985 0,991 0,993 0,993 

Combination |C6|  0,837 0,910 0,941 0,964 0,974 0,985 0,991 0,993 0,992 

Combination |C7|  0,837 0,911 0,939 0,964 0,975 0,985 0,990 0,993 0,992 

           

Table 7.11. In local policy, maximum macro-averaged F-measures of all combinations for 

Classic3 dataset 

 

Tables 7.12 and 7.13 show the micro- and macro-averaged F-measure results, 

respectively, for all seven proposed combination methods in local policy for the Classic3 

dataset.  

 

TF&CHI TF&IG TF&DF TF&Acc2 CHI&IG CHI&DF CHI&Acc2 IG&DF IG&Acc2 DF&Acc2

|S| 0,973 0,978 0,960 0,978 0,981 0,973 0,982 0,979 0,982 0,976

|R| 0,966 0,970 0,959 0,966 0,981 0,969 0,982 0,971 0,981 0,969

|C1| 0,967 0,969 0,959 0,968 0,980 0,969 0,982 0,970 0,981 0,969

|C2| 0,974 0,979 0,959 0,979 0,982 0,974 0,982 0,977 0,982 0,978

|C3| 0,966 0,970 0,959 0,966 0,981 0,969 0,982 0,971 0,981 0,969

|C4| 0,973 0,978 0,959 0,974 0,981 0,974 0,982 0,978 0,981 0,974

|C5| 0,968 0,971 0,959 0,968 0,981 0,971 0,982 0,974 0,981 0,971

|C6| 0,967 0,968 0,959 0,967 0,980 0,969 0,982 0,970 0,981 0,969

|C7| 0,965 0,968 0,959 0,966 0,981 0,969 0,982 0,970 0,981 0,968

0,940
0,942
0,944
0,946
0,948
0,950
0,952
0,954
0,956
0,958
0,960
0,962
0,964
0,966
0,968
0,970
0,972
0,974
0,976
0,978
0,980
0,982
0,984
0,986
0,988
0,990

|S| |R| |C1| |C2| |C3| |C4| |C5| |C6| |C7|
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Firstly, we determine which combinations are better than others. Among the 10 

possible combinations of the two feature selection metrics, the best combinations are CHI 

& IG, CHI & Acc2 and IG & Acc2. 

 

Although none of the proposed combination outperforms the success of the score 

combination in general, C5, C6 and C7 are more successful than score combination with a 

few number of keywords, less than 200 keywords. In addition among the proposed 

methods, C2 is the most successful one with a high number of keyword. 
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Table 7.12. Micro F-measure results of the proposed combinations in local policy for Classic3 dataset 

Micro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (l) 0,653 0,895 0,939 0,951 0,959 0,960 0,964 0,965 0,971 

CHI (l) 0,638 0,915 0,947 0,963 0,974 0,981 0,987 0,989 0,990 

IG (l) 0,735 0,896 0,918 0,958 0,973 0,986 0,989 0,992 0,991 

DF (l) 0,745 0,865 0,883 0,917 0,949 0,964 0,973 0,973 0,978 

Acc2 (l) 0,787 0,880 0,926 0,958 0,972 0,985 0,991 0,991 0,991 
MAX 0,787 0,915 0,947 0,963 0,974 0,986 0,991 0,992 0,991 

Micro-F  
 

10 30 50 100 200 500 1000 1500 2000 

Score  MAX 0,839 0,910 0,944 0,962 0,977 0,986 0,990 0,993 0,993 
Combination AVERAGE 0,804 0,897 0,928 0,954 0,970 0,977 0,984 0,987 0,987 

Rank MAX 0,844 0,907 0,941 0,964 0,974 0,984 0,991 0,992 0,991 
Combination AVERAGE 0,788 0,900 0,932 0,950 0,967 0,972 0,978 0,980 0,985 

Micro-F  Combination 1 10 30 50 100 200 500 1000 1500 2000 

|C1| tf -idf&CHI (l) 0,648 0,903 0,940 0,952 0,967 0,968 0,971 0,970 0,978 

|C1| tf -idf&IG (l) 0,652 0,901 0,943 0,954 0,967 0,970 0,972 0,973 0,979 

|C1| tf -idf&DF (l) 0,827 0,888 0,915 0,938 0,955 0,960 0,969 0,969 0,973 

|C1| tf -idf&Acc2 (l) 0,837 0,903 0,933 0,952 0,963 0,968 0,973 0,977 0,977 

|C1| CHI&IG (l) 0,832 0,906 0,942 0,954 0,974 0,984 0,988 0,991 0,990 

|C1| CHI&DF (l) 0,832 0,909 0,938 0,951 0,968 0,969 0,977 0,974 0,976 

|C1| CHI&Acc2 (l) 0,828 0,909 0,942 0,965 0,975 0,981 0,990 0,991 0,992 

|C1| IG&DF (l) 0,834 0,901 0,929 0,953 0,966 0,972 0,974 0,976 0,979 

|C1| IG&Acc2 (l) 0,785 0,900 0,919 0,954 0,973 0,984 0,989 0,992 0,992 

|C1| DF&Acc2 (l) 0,817 0,877 0,910 0,948 0,965 0,970 0,979 0,977 0,978 

MAX 0,837 0,909 0,943 0,965 0,975 0,984 0,990 0,992 0,992 

  AVERAGE 0,789 0,900 0,931 0,952 0,967 0,973 0,978 0,979 0,981 

Micro-F  Combination 2 10 30 50 100 200 500 1000 1500 2000 

|C2| tf -idf&CHI (l) 0,645 0,906 0,939 0,957 0,967 0,974 0,980 0,983 0,984 

|C2| tf -idf&IG (l) 0,833 0,907 0,933 0,961 0,974 0,980 0,986 0,988 0,988 

|C2|  tf-idf&DF (l) 0,809 0,877 0,911 0,940 0,954 0,959 0,969 0,968 0,975 

|C2| tf -idf&Acc2 (l) 0,835 0,893 0,935 0,958 0,973 0,978 0,986 0,988 0,989 

|C2| CHI&IG (l) 0,807 0,904 0,934 0,958 0,975 0,984 0,990 0,991 0,991 

|C2| CHI&DF (l) 0,810 0,884 0,907 0,946 0,967 0,973 0,982 0,988 0,988 

|C2| CHI&Acc2 (l) 0,824 0,899 0,935 0,960 0,974 0,982 0,990 0,992 0,991 

|C2| IG&DF (l) 0,798 0,887 0,920 0,950 0,967 0,981 0,986 0,991 0,990 

|C2| IG&Acc2 (l) 0,785 0,896 0,920 0,955 0,974 0,990 0,990 0,993 0,992 

|C2| DF&Acc2 (l) 0,773 0,878 0,927 0,951 0,970 0,977 0,988 0,990 0,990 

MAX 0,835 0,907 0,939 0,961 0,975 0,990 0,990 0,993 0,992 

  AVERAGE 0,792 0,893 0,926 0,953 0,969 0,978 0,985 0,987 0,988 

Micro-F  Combination 3 10 30 50 100 200 500 1000 1500 2000 

|C3| tf-idf&CHI (l) 0,647 0,908 0,939 0,950 0,963 0,968 0,969 0,970 0,982 

|C3| tf -idf&IG (l) 0,645 0,904 0,942 0,954 0,965 0,970 0,969 0,978 0,987 

|C3| tf -idf&DF (l) 0,820 0,886 0,910 0,940 0,958 0,958 0,967 0,968 0,973 

|C3| tf -idf&Acc2 (l) 0,837 0,899 0,935 0,950 0,965 0,962 0,973 0,970 0,981 

|C3| CHI&IG (l) 0,822 0,905 0,941 0,953 0,974 0,984 0,991 0,991 0,990 

|C3| CHI&DF (l) 0,842 0,907 0,937 0,950 0,965 0,969 0,974 0,976 0,983 

|C3| CHI&Acc2 (l) 0,834 0,907 0,940 0,964 0,973 0,982 0,991 0,991 0,991 

|C3| IG&DF (l) 0,844 0,905 0,940 0,949 0,965 0,971 0,975 0,983 0,986 

|C3| IG&Acc2 (l) 0,785 0,899 0,925 0,953 0,974 0,984 0,990 0,992 0,991 

|C3| DF&Acc2 (l) 0,816 0,883 0,909 0,944 0,966 0,967 0,978 0,977 0,982 

MAX 0,844 0,908 0,942 0,964 0,974 0,984 0,991 0,992 0,991 

  AVERAGE 0,789 0,900 0,932 0,951 0,967 0,972 0,978 0,980 0,984 
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Micro-F  Combination 4 10 30 50 100 200 500 1000 1500 2000 

|C4| tf -idf&CHI (l) 0,648 0,902 0,939 0,955 0,967 0,972 0,980 0,981 0,985 

|C4| tf -idf&IG (l) 0,647 0,899 0,942 0,958 0,972 0,980 0,983 0,988 0,989 

|C4| tf -idf&DF (l) 0,823 0,888 0,914 0,940 0,954 0,959 0,968 0,968 0,973 

|C4| tf -idf&Acc2 (l) 0,837 0,899 0,934 0,955 0,964 0,974 0,981 0,983 0,986 

|C4| CHI&IG (l) 0,824 0,906 0,942 0,955 0,975 0,984 0,989 0,991 0,991 

|C4| CHI&DF (l) 0,844 0,910 0,940 0,951 0,967 0,974 0,981 0,985 0,985 

|C4| CHI&Acc2 (l) 0,839 0,914 0,940 0,963 0,973 0,984 0,990 0,991 0,992 

|C4| IG&DF (l) 0,844 0,901 0,927 0,955 0,973 0,976 0,986 0,989 0,991 

|C4| IG&Acc2 (l) 0,785 0,900 0,919 0,954 0,973 0,985 0,990 0,993 0,992 

|C4| DF&Acc2 (l) 0,816 0,877 0,911 0,949 0,967 0,975 0,982 0,986 0,989 

MAX 0,844 0,914 0,942 0,963 0,975 0,985 0,990 0,993 0,992 

  AVERAGE 0,791 0,900 0,931 0,953 0,968 0,976 0,983 0,986 0,987 

Micro-F  Combination 5 10 30 50 100 200 500 1000 1500 2000 

|C5| tf -idf&CHI (l) 0,648 0,903 0,939 0,951 0,964 0,968 0,973 0,976 0,983 

|C5| tf -idf&IG (l) 0,647 0,902 0,943 0,951 0,966 0,970 0,978 0,981 0,988 

|C5| tf -idf&DF (l) 0,829 0,886 0,910 0,940 0,955 0,958 0,968 0,968 0,972 

|C5| tf -idf&Acc2 (l) 0,837 0,898 0,936 0,948 0,963 0,966 0,973 0,978 0,982 

|C5| CHI&IG (l) 0,822 0,905 0,942 0,954 0,974 0,984 0,989 0,990 0,990 

|C5| CHI&DF (l) 0,844 0,910 0,938 0,949 0,966 0,971 0,975 0,983 0,982 

|C5| CHI&Acc2 (l) 0,838 0,914 0,940 0,964 0,973 0,982 0,991 0,992 0,992 

|C5| IG&DF (l) 0,844 0,908 0,926 0,954 0,965 0,973 0,980 0,984 0,988 

|C5| IG&Acc2 (l) 0,785 0,899 0,926 0,955 0,973 0,984 0,989 0,992 0,992 

|C5| DF&Acc2 (l) 0,816 0,883 0,910 0,946 0,965 0,972 0,978 0,982 0,983 

MAX 0,844 0,914 0,943 0,964 0,974 0,984 0,991 0,992 0,992 

  AVERAGE 0,791 0,901 0,931 0,951 0,966 0,973 0,979 0,983 0,985 

Micro-F  Combination 6 10 30 50 100 200 500 1000 1500 2000 

|C6| tf -idf&CHI (l) 0,648 0,903 0,939 0,953 0,966 0,968 0,970 0,972 0,978 

|C6| tf -idf&IG (l) 0,647 0,902 0,943 0,953 0,966 0,970 0,971 0,976 0,978 

|C6| tf -idf&DF (l) 0,823 0,887 0,912 0,939 0,955 0,960 0,970 0,968 0,972 

|C6| tf -idf&Acc2 (l) 0,837 0,899 0,936 0,948 0,963 0,966 0,975 0,976 0,977 

|C6| CHI&IG (l) 0,822 0,912 0,942 0,954 0,974 0,984 0,988 0,991 0,991 

|C6| CHI&DF (l) 0,844 0,910 0,940 0,953 0,967 0,969 0,973 0,974 0,976 

|C6| CHI&Acc2 (l) 0,839 0,915 0,939 0,964 0,974 0,981 0,991 0,991 0,992 

|C6| IG&DF (l) 0,844 0,907 0,926 0,953 0,965 0,973 0,976 0,976 0,979 

|C6| IG&Acc2 (l) 0,785 0,900 0,919 0,954 0,973 0,984 0,989 0,992 0,992 

|C6| DF&Acc2 (l) 0,817 0,884 0,908 0,946 0,965 0,970 0,980 0,976 0,979 

MAX 0,844 0,915 0,943 0,964 0,974 0,984 0,991 0,992 0,992 

  AVERAGE 0,791 0,902 0,930 0,952 0,967 0,973 0,978 0,979 0,981 

Micro-F  Combination 7 10 30 50 100 200 500 1000 1500 2000 

|C7| tf -idf&CHI (l) 0,648 0,905 0,939 0,950 0,962 0,969 0,969 0,970 0,977 

|C7| tf -idf&IG (l) 0,647 0,904 0,942 0,954 0,964 0,970 0,970 0,973 0,979 

|C7| tf -idf&DF (l) 0,823 0,886 0,910 0,938 0,956 0,960 0,969 0,968 0,972 

|C7| tf -idf&Acc2 (l) 0,837 0,898 0,937 0,947 0,964 0,966 0,972 0,971 0,977 

|C7| CHI&IG (l) 0,822 0,905 0,942 0,953 0,974 0,985 0,990 0,991 0,991 

|C7| CHI&DF (l) 0,844 0,908 0,938 0,952 0,967 0,969 0,975 0,976 0,977 

|C7| CHI&Acc2 (l) 0,838 0,916 0,942 0,964 0,975 0,981 0,990 0,991 0,992 

|C7| IG&DF (l) 0,844 0,907 0,930 0,950 0,967 0,973 0,975 0,977 0,979 

|C7| IG&Acc2 (l) 0,785 0,899 0,926 0,954 0,974 0,984 0,990 0,992 0,991 

|C7| DF&Acc2 (l) 0,816 0,883 0,908 0,946 0,966 0,968 0,977 0,978 0,978 

MAX 0,844 0,916 0,942 0,964 0,975 0,985 0,990 0,992 0,992 

  AVERAGE 0,790 0,901 0,931 0,951 0,967 0,973 0,978 0,979 0,981 
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Table 7.13. Macro F-measure results of the proposed combinations in local policy for Classic3 dataset 

Macro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (l) 0,720 0,880 0,935 0,950 0,957 0,959 0,964 0,964 0,970 

CHI (l) 0,706 0,908 0,945 0,963 0,974 0,981 0,987 0,989 0,990 

IG (l) 0,728 0,889 0,912 0,959 0,974 0,986 0,990 0,992 0,991 

DF (l) 0,720 0,848 0,871 0,908 0,945 0,964 0,973 0,973 0,978 

Acc2 (l) 0,761 0,867 0,923 0,958 0,972 0,985 0,991 0,991 0,991 

MAX 0,761 0,908 0,945 0,963 0,974 0,986 0,991 0,992 0,991 

Macro-F  
 

10 30 50 100 200 500 1000 1500 2000 

Score MAX 0,825 0,901 0,942 0,962 0,977 0,987 0,990 0,994 0,993 
Combination AVERAGE 0,796 0,888 0,923 0,953 0,970 0,977 0,984 0,987 0,987 

Rank MAX 0,837 0,901 0,938 0,964 0,974 0,985 0,991 0,992 0,991 
Combination AVERAGE 0,791 0,891 0,927 0,949 0,967 0,971 0,977 0,979 0,984 

Macro-F  Combination 1 10 30 50 100 200 500 1000 1500 2000 

|C1| tf -idf&CHI (l) 0,713 0,892 0,937 0,950 0,966 0,968 0,970 0,969 0,979 

|C1| tf -idf&IG (l) 0,717 0,891 0,940 0,952 0,967 0,970 0,972 0,974 0,979 

|C1| tf -idf&DF (l) 0,810 0,880 0,903 0,935 0,953 0,958 0,969 0,968 0,972 

|C1| tf -idf&Acc2 (l) 0,824 0,892 0,929 0,951 0,963 0,967 0,973 0,977 0,977 

|C1| CHI&IG (l) 0,820 0,901 0,939 0,955 0,974 0,984 0,988 0,991 0,990 

|C1|  CHI&DF (l) 0,820 0,899 0,936 0,950 0,968 0,968 0,977 0,974 0,976 

|C1| CHI&Acc2 (l) 0,817 0,903 0,938 0,965 0,975 0,982 0,990 0,991 0,993 

|C1| IG&DF (l) 0,821 0,891 0,923 0,952 0,966 0,972 0,974 0,977 0,980 

|C1| IG&Acc2 (l) 0,769 0,891 0,918 0,954 0,974 0,985 0,990 0,993 0,992 

|C1| DF&Acc2 (l) 0,801 0,868 0,898 0,947 0,964 0,971 0,979 0,978 0,978 

MAX 0,824 0,903 0,940 0,965 0,975 0,985 0,990 0,993 0,993 

  AVERAGE 0,791 0,891 0,926 0,951 0,967 0,972 0,978 0,979 0,982 

Macro-F  Combination 2 10 30 50 100 200 500 1000 1500 2000 

|C2| tf -idf&CHI (l) 0,714 0,894 0,935 0,955 0,967 0,974 0,980 0,983 0,984 

|C2| tf -idf&IG (l) 0,815 0,898 0,924 0,959 0,974 0,980 0,985 0,989 0,989 

|C2| tf -idf&DF (l) 0,782 0,859 0,899 0,935 0,952 0,958 0,968 0,967 0,975 

|C2| tf-idf&Acc2 (l) 0,816 0,877 0,930 0,957 0,973 0,978 0,987 0,988 0,990 

|C2| CHI&IG (l) 0,795 0,896 0,931 0,958 0,975 0,985 0,990 0,991 0,991 

|C2| CHI&DF (l) 0,789 0,874 0,896 0,945 0,967 0,974 0,981 0,988 0,988 

|C2| CHI&Acc2 (l) 0,807 0,891 0,930 0,960 0,974 0,982 0,990 0,992 0,991 

|C2| IG&DF (l) 0,779 0,879 0,916 0,947 0,968 0,982 0,986 0,991 0,990 

|C2| IG&Acc2 (l) 0,768 0,888 0,919 0,955 0,975 0,990 0,990 0,993 0,992 

|C2| DF&Acc2 (l) 0,749 0,867 0,923 0,949 0,970 0,978 0,988 0,991 0,990 

MAX 0,816 0,898 0,935 0,960 0,975 0,990 0,990 0,993 0,992 

  AVERAGE 0,782 0,882 0,920 0,952 0,969 0,978 0,985 0,987 0,988 

Macro-F  Combination 3 10 30 50 100 200 500 1000 1500 2000 

|C3| tf -idf&CHI (l) 0,712 0,898 0,936 0,948 0,962 0,968 0,968 0,969 0,981 

|C3| tf-idf&IG (l) 0,710 0,896 0,939 0,952 0,965 0,970 0,968 0,976 0,986 

|C3| tf -idf&DF (l) 0,804 0,876 0,899 0,938 0,957 0,957 0,966 0,968 0,972 

|C3| tf -idf&Acc2 (l) 0,824 0,890 0,932 0,948 0,965 0,961 0,972 0,969 0,981 

|C3| CHI&IG (l) 0,812 0,899 0,938 0,952 0,974 0,985 0,991 0,991 0,990 

|C3| CHI&DF (l) 0,835 0,897 0,935 0,949 0,965 0,969 0,974 0,977 0,982 

|C3| CHI&Acc2 (l) 0,818 0,903 0,935 0,964 0,973 0,982 0,991 0,991 0,991 

|C3| IG&DF (l) 0,837 0,896 0,938 0,947 0,964 0,971 0,976 0,982 0,985 

|C3| IG&Acc2 (l) 0,768 0,891 0,924 0,953 0,975 0,984 0,990 0,992 0,991 

|C3| DF&Acc2 (l) 0,800 0,872 0,899 0,943 0,965 0,967 0,978 0,978 0,982 

MAX 0,837 0,903 0,939 0,964 0,975 0,985 0,991 0,992 0,991 

  AVERAGE 0,792 0,892 0,928 0,949 0,966 0,971 0,977 0,979 0,984 
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Macro-F  Combination 4 10 30 50 100 200 500 1000 1500 2000 

|C4| tf -idf&CHI (l) 0,713 0,892 0,936 0,952 0,966 0,972 0,980 0,981 0,985 

|C4| tf -idf&IG (l) 0,712 0,889 0,940 0,957 0,972 0,980 0,982 0,988 0,989 

|C4| tf -idf&DF (l) 0,806 0,879 0,902 0,937 0,953 0,958 0,967 0,968 0,972 

|C4| tf -idf&Acc2 (l) 0,824 0,889 0,931 0,953 0,964 0,974 0,980 0,984 0,987 

|C4| CHI&IG (l) 0,813 0,901 0,939 0,955 0,975 0,984 0,989 0,991 0,991 

|C4| CHI&DF (l) 0,837 0,901 0,938 0,950 0,966 0,974 0,981 0,985 0,985 

|C4| CHI&Acc2 (l) 0,825 0,909 0,936 0,963 0,972 0,984 0,990 0,991 0,992 

|C4| IG&DF (l) 0,837 0,892 0,920 0,954 0,973 0,976 0,986 0,989 0,991 

|C4| IG&Acc2 (l) 0,769 0,891 0,918 0,954 0,973 0,985 0,990 0,993 0,992 

|C4| DF&Acc2 (l) 0,800 0,868 0,900 0,948 0,965 0,976 0,982 0,986 0,989 

MAX 0,837 0,909 0,940 0,963 0,975 0,985 0,990 0,993 0,992 

  AVERAGE 0,794 0,891 0,926 0,952 0,968 0,976 0,983 0,986 0,987 

Macro-F  Combination 5 10 30 50 100 200 500 1000 1500 2000 

|C5| tf -idf&CHI (l) 0,713 0,894 0,936 0,949 0,963 0,968 0,972 0,974 0,982 

|C5| tf -idf&IG (l) 0,712 0,892 0,941 0,949 0,965 0,970 0,976 0,980 0,988 

|C5| tf -idf&DF (l) 0,812 0,876 0,899 0,937 0,954 0,957 0,967 0,968 0,971 

|C5| tf -idf&Acc2 (l) 0,824 0,888 0,933 0,947 0,963 0,966 0,972 0,977 0,982 

|C5| CHI&IG (l) 0,812 0,899 0,939 0,954 0,974 0,985 0,990 0,991 0,990 

|C5| CHI&DF (l) 0,837 0,901 0,937 0,948 0,965 0,971 0,975 0,982 0,982 

|C5| CHI&Acc2 (l) 0,825 0,909 0,937 0,964 0,973 0,982 0,991 0,992 0,993 

|C5| IG&DF (l) 0,837 0,898 0,920 0,953 0,964 0,973 0,980 0,984 0,988 

|C5| IG&Acc2 (l) 0,768 0,891 0,924 0,955 0,974 0,985 0,989 0,993 0,992 

|C5| DF&Acc2 (l) 0,800 0,872 0,899 0,945 0,964 0,972 0,978 0,982 0,983 

MAX 0,837 0,909 0,941 0,964 0,974 0,985 0,991 0,993 0,993 

  AVERAGE 0,794 0,892 0,927 0,950 0,966 0,973 0,979 0,982 0,985 

Macro-F  Combination 6 10 30 50 100 200 500 1000 1500 2000 

|C6| tf -idf&CHI (l) 0,713 0,892 0,936 0,951 0,965 0,968 0,969 0,971 0,978 

|C6| tf -idf&IG (l) 0,712 0,891 0,941 0,951 0,965 0,969 0,970 0,977 0,978 

|C6| tf -idf&DF (l) 0,806 0,878 0,901 0,936 0,953 0,958 0,969 0,968 0,972 

|C6| tf -idf&Acc2 (l) 0,824 0,889 0,933 0,947 0,963 0,965 0,975 0,976 0,978 

|C6| CHI&IG (l) 0,812 0,905 0,939 0,954 0,974 0,984 0,988 0,991 0,991 

|C6| CHI&DF (l) 0,837 0,901 0,938 0,952 0,967 0,969 0,973 0,974 0,977 

|C6| CHI&Acc2 (l) 0,825 0,910 0,935 0,964 0,974 0,981 0,991 0,991 0,992 

|C6| IG&DF (l) 0,837 0,898 0,920 0,952 0,965 0,973 0,976 0,976 0,979 

|C6| IG&Acc2 (l) 0,769 0,891 0,918 0,954 0,974 0,985 0,989 0,993 0,992 

|C6| DF&Acc2 (l) 0,801 0,873 0,898 0,945 0,965 0,970 0,980 0,976 0,979 

MAX 0,837 0,910 0,941 0,964 0,974 0,985 0,991 0,993 0,992 

  AVERAGE 0,794 0,893 0,926 0,951 0,966 0,972 0,978 0,979 0,982 

Macro-F  Combination 7 10 30 50 100 200 500 1000 1500 2000 

|C7| tf -idf&CHI (l) 0,713 0,895 0,936 0,948 0,961 0,968 0,969 0,969 0,977 

|C7| tf -idf&IG (l) 0,712 0,896 0,939 0,952 0,964 0,970 0,970 0,972 0,979 

|C7| tf -idf&DF (l) 0,806 0,876 0,899 0,936 0,954 0,959 0,968 0,967 0,971 

|C7| tf -idf&Acc2 (l) 0,824 0,888 0,934 0,945 0,964 0,966 0,971 0,970 0,977 

|C7| CHI&IG (l) 0,812 0,899 0,939 0,952 0,975 0,985 0,990 0,991 0,991 

|C7| CHI&DF (l) 0,837 0,899 0,937 0,950 0,967 0,970 0,976 0,976 0,978 

|C7| CHI&Acc2 (l) 0,825 0,911 0,938 0,964 0,975 0,981 0,990 0,991 0,992 

|C7| IG&DF (l) 0,837 0,897 0,924 0,949 0,966 0,972 0,976 0,977 0,979 

|C7| IG&Acc2 (l) 0,768 0,891 0,924 0,953 0,975 0,985 0,990 0,993 0,991 

|C7| DF&Acc2 (l) 0,800 0,872 0,898 0,945 0,965 0,967 0,977 0,978 0,978 

MAX 0,837 0,911 0,939 0,964 0,975 0,985 0,990 0,993 0,992 

  AVERAGE 0,794 0,892 0,927 0,949 0,967 0,972 0,978 0,979 0,981 
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7.2. Skew Datasets 

 

The Hitech and LA1 datasets are neither highly skew as the Wap and Reuters 

datasets nor homogenous as the Classic3 dataset and they were categorized as skew 

datasets in our study. There are two main reasons why the Hitech and LA1 datasets are 

labeled as a skew dataset. 

 

In the first place, beside the Hitech and LA1 datasets have similar class distributions 

and consist of same number of classes, the major difference of these two datasets is 

dimensionality of the term space compared to other datasets. When we look at the Table 

6.1, we can see that the difference between the number of document and the number of 

terms is more explicit than others. High dimensionality of the term space is also the main 

hardness for accurate classification in these datasets. 

 

The second reason is the proportion of the shared terms in the datasets. As we 

discussed in Subsection 7.1, we categorized the Classic3 dataset as a homogenous dataset 

because about 50 percent of the terms occur in only one class and the documents that share 

many common terms belong to the same class in the dataset. This means that each class is 

disjoint from each other clearly. However in the Hitech and LA1 datasets similar topics 

overlap with each other. For example, the Hitech dataset contains documents about 

electronics, technology, medical, health, research and computers. Among these topics, the 

medical and health topics overlap with each other and the other three topics of the Hitech 

electronics, technology and computers also overlap with each other. In addition, only about 

15% of terms in the Hitech dataset and 20% of terms in the LA1 dataset belong to one 

topic. Moreover, about 30% of the terms are shared among two topics and nearly 18% of 

the terms are shared among all topics in the both dataset. 

 

Thus we categorize the Hitech and LA1 document corpora as skew datasets in our 

study. Firstly, we begin with the Hitech dataset and then we continue to our analysis on the 

LA1 dataset. 



 
 

60 
 

7.2.1.  The Hitech Dataset 

 

7.2.1.1. Property of the Dataset  

 

The Hitech dataset was derived from the San Jose Mercury newspaper articles that 

are distributed as part of the TREC collection TIPSTER Vol. 3. It was constructed by 

selecting documents that are part of certain topics in which the various articles were 

categorized [38].  

 

 

 

Figure 7.10. Property of the Hitech dataset  

 

The Hitech dataset is one of the document corpora that many researchers used in 

their studies [6, 7, 8, 45, 46]. Figure 7.10 shows the property of the Hitech dataset that 

includes 2,300 documents about 116 Electronics, 186 Technology, 429 Medical, 603 

Health, 491 Research and 495 Computers in six categories. In the study, two thirds of each 

class is selected for the training set and the remaining one third is used for testing. 

 

In addition, as we can see in Figure 7.10, the last four categories constitute almost 90 

percent of the Hitech dataset. The other two topics electronics and technology constitute 

only about 10 percent of all documents. Thus the performance of the classifier significantly 

decreases while classifying the documents in these categories. 
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7.2.1.2. Analysis of the Existing Metrics 

 

In this section we compare both the local and global version of the feature selection 

metrics on the Hitech dataset. Table 7.14 shows the micro- and macro-averaged F-measure 

results for the global and local policies of 5 well known feature selection metrics on the 

Hitech dataset as a function of the number of keywords. The highest score among the 

metrics for each keyword number is shown in red font as we mentioned.  

 

 Micro-F 10 30 50 100 200 500 1000 1500 2000 All 

tf-idf (g) 0,372 0,518 0,538 0,603 0,606 0,623 0,643 0,647 0,659 0,649 

CHI (g) 0,485 0,559 0,597 0,621 0,637 0,633 0,651 0,670 0,667 0,649 

IG (g) 0,430 0,523 0,559 0,621 0,641 0,645 0,649 0,658 0,666 0,649 

DF (g) 0,214 0,546 0,538 0,583 0,616 0,609 0,624 0,624 0,629 0,649 

Acc2 (g) 0,521 0,581 0,575 0,606 0,607 0,657 0,642 0,637 0,661 0,649 

MAX 0,521 0,581 0,597 0,621 0,641 0,657 0,651 0,670 0,667  

 Macro-F 10 30 50 100 200 500 1000 1500 2000 All 

tf-idf (g) 0,228 0,371 0,465 0,507 0,505 0,530 0,538 0,582 0,598 0,558 

CHI (g) 0,340 0,437 0,509 0,528 0,550 0,570 0,610 0,611 0,605 0,558 

IG (g) 0,301 0,433 0,461 0,538 0,558 0,572 0,597 0,601 0,602 0,558 

DF (g) 0,141 0,389 0,383 0,461 0,527 0,510 0,524 0,526 0,532 0,558 

Acc2 (g) 0,433 0,507 0,496 0,521 0,522 0,567 0,582 0,567 0,603 0,558 

MAX 0,433 0,507 0,509 0,538 0,558 0,572 0,610 0,611 0,605  

 Micro-F 10 30 50 100 200 500 1000 1500 2000 All 

tf-idf (l) 0,551 0,596 0,613 0,627 0,624 0,644 0,621 0,618 0,627 0,649 

CHI (l) 0,557 0,590 0,620 0,631 0,636 0,636 0,619 0,630 0,632 0,649 

IG (l) 0,510 0,610 0,617 0,638 0,630 0,654 0,644 0,634 0,638 0,649 

DF (l) 0,501 0,550 0,578 0,624 0,613 0,622 0,644 0,664 0,661 0,649 

Acc2 (l) 0,558 0,612 0,636 0,649 0,637 0,651 0,659 0,647 0,646 0,649 

MAX 0,558 0,612 0,636 0,649 0,637 0,654 0,659 0,664 0,661  

 Macro-F 10 30 50 100 200 500 1000 1500 2000 All 

tf-idf (l) 0,486 0,555 0,571 0,571 0,564 0,589 0,567 0,549 0,561 0,558 

CHI (l) 0,477 0,495 0,536 0,572 0,567 0,551 0,545 0,552 0,567 0,558 

IG (l) 0,456 0,529 0,539 0,577 0,571 0,591 0,573 0,555 0,557 0,558 

DF (l) 0,397 0,485 0,507 0,549 0,540 0,549 0,592 0,611 0,603 0,558 

Acc2 (l) 0,459 0,522 0,550 0,571 0,564 0,596 0,600 0,583 0,593 0,558 

MAX 0,486 0,555 0,571 0,577 0,571 0,596 0,600 0,611 0,603  

 

Table 7.14. Micro- and macro-averaged F-measures for Hitech dataset 
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Micro- and macro-averaged F-measure results of the Classic3 dataset are similar to 

each other. The average of the difference between micro and macro F-measure is less than 

%1 (about 0.4%). However macro-averaged F-measure results are noticeably less than 

micro-averaged F-measure results for the Hitech dataset. In this dataset, the average of the 

difference between F-measures increases by about 7-8%. As we mentioned above, the 

Hitech dataset consists of six categories that four of them constitute almost 90 percent of 

the dataset and the other two categories constitute only about 10 percent of all documents. 

Moreover, we know that micro-averaged F-measure gives equal weight to each document 

whereas macro-averaged F-measure gives equal weight to each category regardless of its 

frequency. Thus the former is influenced by the performance of the classifier on common 

categories and the latter tends to be influenced by the performance of the classifier on rare 

categories. This is the main reason why the results of the micro- and macro-averaged F-

measures are not close to each other like the Classic3 dataset. 

 

Other observation over the Hitech dataset is the local policy achieves better micro- 

and macro-averaged F-measure performance than the global policy when the keyword 

number is low (for micro less than 500 keywords and for macro less than 1000 keywords). 

On the other hand, when the keyword number is high, the global policy performs better 

than the local policy in the Hitech dataset. As we mentioned, the global policy is not 

successful finding keywords that carry critical information for all classes when the 

keyword number is low although the accuracy increases gradually as the number of 

keywords increases. The highest scores are achieved by the global policy with 1500 

keywords, 67% micro- and 61.1% macro-averaged F-measure performance.  

 

When the test documents are classified without applying any feature selection 

method, the classifier only achieves 64.9% micro- and 55.8% macro-averaged F-measures. 

On the other hand, both the global and local policies improve this performance with feature 

selection. For instance, the global policy with 500 and more keywords achieves higher 

results than the all word approach in micro-averaged F-measure and with 200 and more 

keywords achieves higher results than the all word approach in macro-averaged F-measure. 

In addition, this range drops to 100 and 50 keywords in the local policy with micro- and 

macro-averaged F-measure respectively. 



 
 

63 
 

In Table 7.14, we see that micro- and macro-averaged F-measures reach their peak 

values of 67% and 61.1% at 1500 keywords in the Hitech dataset. Furthermore we knew 

that the classifier only achieves 64.9% micro- and 55.8% macro-averaged F-measures by 

all words approach. This implies that the performance of the classifier drops after the peak 

values. In Figure 7.11 we tested the two metrics (CHI and IG), that have the highest values 

with a high number of keywords (1000 to 2000 keywords), also with 3000, 5000 and 

10000 keywords in global policy, in order to verify this assumption. 

 

As seen in Figure 7.11, the success rates drop after the number of keywords 1500 and 

2000. This means selecting too many keywords lead to overfitting. The rationale for this 

descent is the training set may not be enough for extracting many relevant features for 

classification. Since we know that the high dimensionality of the term space is one of the 

main hardness for classification and in the Hitech dataset the difference between the number 

of document and the number of terms is very explicit.  

 

 

 

 

Figure 7.11. Analysis of micro- and macro-averaged F-measures with a high number of 

keywords in global policy for Hitech dataset 
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In Hitech dataset generally CHI, IG and Acc2 outperform other methods in global 

policy. When we compare to average of the F-measure results, CHI is the most successful 

metric among them. CHI achieves the best micro- and macro-averaged F-measure results 

especially with a high number of keywords from 1000 to 2000 while the performance of 

Acc2 is better than others with a few number of keywords in global policy.  

 

On the other hand Acc2 is significantly outperforms other metrics in local policy, 

especially with a few number of keywords. Tf-idf and DF also get successful results in 

local policy. DF metric has the highest results when the number of keywords is high and tf-

idf performs much better than all metrics in term of macro-averaged results when the 

number of keywords is low. One of the exceptional observations is that CHI is the worst 

metric in local policy although it is the best metric in global policy. The following figure 

demonstrates the success rates of the existing metrics under feature number criterion. 

 

 
 

Figure 7.12. Comparison of the averages of F-measures for Hitech dataset 
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7.2.1.3.Analysis of Score and Rank Combinations 

 

Tables 7.15 and 7.16 show, respectively, the micro- and macro-averaged F-measure 

results of the score combination and rank combination in global policy for the Hitech dataset.  

 

Micro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (g) 0,372 0,518 0,538 0,603 0,606 0,623 0,643 0,647 0,659 

CHI (g) 0,485 0,559 0,597 0,621 0,637 0,633 0,651 0,670 0,667 

IG (g) 0,430 0,523 0,559 0,621 0,641 0,645 0,649 0,658 0,666 

DF (g) 0,214 0,546 0,538 0,583 0,616 0,609 0,624 0,624 0,629 

Acc2 (g) 0,521 0,581 0,575 0,606 0,607 0,657 0,642 0,637 0,661 

MAX 0,521 0,581 0,597 0,621 0,641 0,657 0,651 0,670 0,667 

Micro-F Score Combination 10 30 50 100 200 500 1000 1500 2000 

|S| tf -idf&CHI (g) 0,494 0,557 0,581 0,597 0,622 0,639 0,647 0,656 0,647 

|S| tf -idf&IG (g) 0,453 0,567 0,556 0,599 0,618 0,632 0,657 0,654 0,650 

|S| tf -idf&DF (g) 0,498 0,521 0,562 0,577 0,606 0,618 0,626 0,646 0,655 

|S| tf -idf&Acc2 (g) 0,535 0,565 0,575 0,605 0,619 0,634 0,644 0,651 0,658 

|S| CHI&IG (g) 0,499 0,561 0,597 0,618 0,631 0,635 0,664 0,655 0,658 

|S| CHI&DF (g) 0,504 0,563 0,604 0,597 0,606 0,628 0,625 0,633 0,641 

|S| CHI&Acc2 (g) 0,511 0,580 0,611 0,623 0,625 0,642 0,642 0,642 0,666 

|S| IG&DF (g) 0,527 0,571 0,608 0,591 0,615 0,626 0,627 0,641 0,645 

|S| IG&Acc2 (g) 0,521 0,563 0,577 0,614 0,626 0,635 0,650 0,655 0,673 

|S| DF&Acc2 (g) 0,517 0,592 0,605 0,608 0,615 0,635 0,619 0,631 0,637 

MAX 0,535 0,592 0,611 0,623 0,631 0,642 0,664 0,656 0,673 

AVERAGE 0,506 0,564 0,588 0,603 0,618 0,632 0,640 0,646 0,653 

Micro-F  Rank Combination 10 30 50 100 200 500 1000 1500 2000 

|R| tf -idf&CHI (g) 0,526 0,559 0,594 0,605 0,625 0,655 0,662 0,660 0,660 

|R| tf -idf&IG (g) 0,454 0,561 0,603 0,615 0,628 0,642 0,655 0,666 0,662 

|R| tf -idf&DF (g) 0,501 0,543 0,563 0,590 0,601 0,625 0,627 0,642 0,648 

|R| tf -idf&Acc2 (g) 0,527 0,570 0,580 0,608 0,629 0,634 0,645 0,660 0,663 

|R| CHI&IG (g) 0,499 0,560 0,604 0,616 0,623 0,646 0,661 0,665 0,655 

|R| CHI&DF (g) 0,535 0,564 0,588 0,610 0,628 0,656 0,646 0,669 0,669 

|R| CHI&Acc2 (g) 0,511 0,566 0,607 0,620 0,628 0,645 0,663 0,662 0,663 

|R| IG&DF (g) 0,534 0,557 0,588 0,611 0,622 0,636 0,640 0,652 0,665 

|R| IG&Acc2 (g) 0,521 0,561 0,578 0,626 0,626 0,638 0,657 0,665 0,677 

|R| DF&Acc2 (g) 0,515 0,566 0,593 0,605 0,614 0,627 0,642 0,634 0,640 

MAX 0,535 0,570 0,607 0,626 0,629 0,656 0,663 0,669 0,677 

AVERAGE 0,512 0,561 0,590 0,611 0,622 0,640 0,650 0,657 0,660 

 

Table 7.15. In global policy, micro-averaged F-measures of the score and rank combinations 

for Hitech dataset 
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Macro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (g) 0,228 0,371 0,465 0,507 0,505 0,530 0,538 0,582 0,598 

CHI (g) 0,340 0,437 0,509 0,528 0,550 0,570 0,610 0,611 0,605 

IG (g) 0,301 0,433 0,461 0,538 0,558 0,572 0,597 0,601 0,602 

DF (g) 0,141 0,389 0,383 0,461 0,527 0,510 0,524 0,526 0,532 

Acc2 (g) 0,433 0,507 0,496 0,521 0,522 0,567 0,582 0,567 0,603 

MAX 0,433 0,507 0,509 0,538 0,558 0,572 0,610 0,611 0,605 

Macro-F Score Combination 10 30 50 100 200 500 1000 1500 2000 

|S| tf -idf&CHI (g) 0,348 0,460 0,478 0,505 0,528 0,543 0,576 0,605 0,585 

|S| tf -idf&IG (g) 0,309 0,467 0,460 0,510 0,520 0,537 0,562 0,600 0,587 

|S| tf -idf&DF (g) 0,350 0,369 0,444 0,491 0,517 0,516 0,524 0,541 0,592 

|S| tf -idf&Acc2 (g) 0,424 0,470 0,475 0,529 0,523 0,543 0,545 0,595 0,597 

|S| CHI&IG (g) 0,351 0,469 0,503 0,527 0,541 0,579 0,610 0,596 0,596 

|S| CHI&DF (g) 0,355 0,402 0,513 0,511 0,506 0,529 0,519 0,537 0,570 

|S| CHI&Acc2 (g) 0,403 0,506 0,518 0,541 0,537 0,552 0,580 0,584 0,604 

|S| IG&DF (g) 0,373 0,438 0,513 0,508 0,514 0,533 0,519 0,535 0,568 

|S| IG&Acc2 (g) 0,433 0,468 0,497 0,525 0,538 0,549 0,585 0,597 0,610 

|S| DF&Acc2 (g) 0,405 0,491 0,514 0,516 0,528 0,546 0,525 0,541 0,569 

MAX 0,433 0,506 0,518 0,541 0,541 0,579 0,610 0,605 0,610 

AVERAGE 0,375 0,454 0,491 0,516 0,525 0,543 0,555 0,573 0,588 

Macro-F  Rank Combination 10 30 50 100 200 500 1000 1500 2000 

|R| tf -idf&CHI (g) 0,372 0,471 0,495 0,505 0,535 0,600 0,599 0,601 0,594 

|R| tf -idf&IG (g) 0,311 0,467 0,503 0,517 0,542 0,545 0,601 0,611 0,599 

|R| tf -idf&DF (g) 0,352 0,388 0,446 0,503 0,507 0,523 0,520 0,537 0,545 

|R| tf -idf&Acc2 (g) 0,371 0,473 0,491 0,515 0,536 0,543 0,565 0,609 0,594 

|R| CHI&IG (g) 0,351 0,468 0,513 0,533 0,537 0,599 0,602 0,606 0,590 

|R| CHI&DF (g) 0,379 0,470 0,495 0,511 0,528 0,554 0,573 0,606 0,609 

|R| CHI&Acc2 (g) 0,403 0,494 0,524 0,532 0,549 0,594 0,608 0,601 0,598 

|R| IG&DF (g) 0,377 0,427 0,489 0,512 0,531 0,534 0,542 0,567 0,608 

|R| IG&Acc2 (g) 0,433 0,462 0,498 0,531 0,544 0,551 0,605 0,608 0,615 

|R| DF&Acc2 (g) 0,362 0,432 0,503 0,518 0,530 0,544 0,540 0,529 0,537 

MAX 0,433 0,494 0,524 0,533 0,549 0,600 0,608 0,611 0,615 

AVERAGE 0,371 0,455 0,496 0,518 0,534 0,559 0,575 0,588 0,589 

 

Table 7.16. In global policy, macro-averaged F-measures of the score and rank 

combinations for Hitech dataset 

 

In addition, Tables 7.17 and 7.18 show the micro- and macro-averaged F-measure 

results of the combination experiments in local policy for the Hitech dataset. In the first 

place, the F-measure results of the score and rank combinations are compared with the 
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existing metrics in the case of global policy. When we look at Tables 7.15 and 7.16, we 

can see that rank combination is more successful than score combination in global policy. 

This difference is clearer in the average of the each keyword number as seen ñAVERAGEò 

rows at tables. Improvement of the F-measure values by combinations is more apparent 

when the keyword number is low between 10 and 100.  

 

In global policy among the 10 possible combinations of two feature selection 

metrics, CHI & IG, CHI & Acc2 and IG & Acc2 score and rank combinations are more 

successful than other combinations based on the highest micro- and macro-averaged F-

measure values for each keyword number. 

 

 

 

 

Figure 7.13. In global policy, comparison of score and rank combinations on the Hitech 

dataset 
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tf-idf (g) CHI (g) IG (g) DF (g) Acc2 (g) 

 Micro 0,630 0,646 0,647 0,614 0,635 

 
Macro 0,543 0,579 0,578 0,513 0,560 
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In global policy, among the individual feature selection metrics CHI has the highest 

average of micro- and macro-averaged F-measure values of 0.639 and 0.569. The success 

of the CHI metric is improved by |R| CHI & Acc2 and |R| CHI & IG combinations. Figure 

7.13 shows the averages of micro- and macro-averaged F-measure values from 50 to 2000 

keywords for the Hitech dataset to compare between score combination and rank combination of 

feature selection metrics. 

 

In global policy the performance of Acc2 is better than others with a few number of 

keywords. When we look at the related tables, we can see that both the score and rank 

combinations of CHI & Acc2, IG & DF and DF & Acc2 are more successful than 

individual Acc2 when the keyword number is low. On the other hand the other individual 

metric CHI achieves the best micro- and macro-averaged F-measure results especially with 

a high number of keywords from 1000 to 2000. Only the rank combination of IG & Acc2 

outperforms its success. Although the success of individual metrics cannot be improved at 

some number of keywords, we can say that the rank combination of IG & Acc2 is the most 

successful combination among the score and rank combinations in global policy when the 

number of keywords is high. 

 

Finally, among the existing metrics the best performance of 67% micro-averaged and 

61.1% macro-averaged F-measure is achieved by CHI with 1500 keywords in global 

policy. This performance is outperformed by the rank combination of IG & Acc2 with 

value of 67.7% micro-averaged and 61.5% macro-averaged F-measure in global policy. 

 

We also compare the results of the score and rank combinations with the existing 

metrics in the case of local policy. When we perform these two combinations on the Hitech 

dataset in local policy, score combination is significantly better than the rank combination 

when the number of keywords is high but rank combination is more successful than score 

combination when the number of keywords is low from 10 to 50 as seen in Tables 7.17 and 

7.18 and Figure 7.13. Furthermore the success of the combinations compare to the 

individual metrics is more explicit in local policy and among the 10 possible combinations 

of two feature selection metrics tf-idf & IG, tf-idf & Acc2, CHI & Acc2, IG & DF and IG & 

Acc2 score and rank combinations are more successful than other combinations in the 

experiments. 
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In Table 7.14, we summarized that among the individual feature selection metrics, 

Acc2 is significantly outperforms other metrics in the case of local policy. One of the 

interesting results of the experiments is all possible binary combination of Acc2 with other 

metrics (tf-idf & Acc2, CHI & Acc2, IG & Acc2 and DF & Acc2) has successful F-measure 

results in local policy. 

 

Micro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (l) 0,551 0,596 0,613 0,627 0,624 0,644 0,621 0,618 0,627 

CHI (l) 0,557 0,590 0,620 0,631 0,636 0,636 0,619 0,630 0,632 

IG (l) 0,510 0,610 0,617 0,638 0,630 0,654 0,644 0,634 0,638 

DF (l) 0,501 0,550 0,578 0,624 0,613 0,622 0,644 0,664 0,661 

Acc2 (l) 0,558 0,612 0,636 0,649 0,637 0,651 0,659 0,647 0,646 

MAX 0,558 0,612 0,636 0,649 0,637 0,654 0,659 0,664 0,661 

Micro-F Score Combination 10 30 50 100 200 500 1000 1500 2000 

|S| tf -idf&CHI (l) 0,542 0,604 0,607 0,646 0,635 0,642 0,638 0,627 0,634 

|S| tf -idf&IG (l) 0,540 0,611 0,624 0,647 0,654 0,648 0,650 0,625 0,637 

|S| tf -idf&DF (l) 0,537 0,576 0,595 0,629 0,632 0,646 0,647 0,649 0,635 

|S| tf -idf&Acc2 (l) 0,530 0,608 0,640 0,644 0,660 0,662 0,657 0,639 0,639 

|S| CHI&IG (l) 0,539 0,610 0,609 0,641 0,637 0,649 0,629 0,639 0,635 

|S| CHI&DF (l) 0,550 0,584 0,601 0,633 0,648 0,649 0,661 0,661 0,651 

|S| CHI&Acc2 (l) 0,560 0,621 0,639 0,647 0,644 0,656 0,659 0,646 0,634 

|S| IG&DF (l) 0,533 0,605 0,618 0,643 0,632 0,652 0,660 0,659 0,646 

|S| IG&Acc2 (l) 0,553 0,609 0,637 0,639 0,647 0,653 0,665 0,652 0,645 

|S| DF&Acc2 (l) 0,534 0,605 0,642 0,640 0,633 0,641 0,652 0,661 0,661 

MAX 0,560 0,621 0,642 0,647 0,660 0,662 0,665 0,661 0,661 

  AVERAGE 0,542 0,603 0,621 0,641 0,642 0,650 0,652 0,646 0,642 

Micro-F  Rank Combination 10 30 50 100 200 500 1000 1500 2000 

|R| tf -idf&CHI (l) 0,554 0,622 0,622 0,623 0,625 0,620 0,622 0,608 0,619 

|R| tf -idf&IG (l) 0,547 0,617 0,616 0,628 0,641 0,628 0,636 0,634 0,618 

|R| tf-idf&DF (l) 0,517 0,567 0,599 0,624 0,638 0,654 0,651 0,646 0,638 

|R| tf -idf&Acc2 (l) 0,541 0,592 0,612 0,631 0,654 0,655 0,658 0,633 0,644 

|R| CHI&IG (l) 0,557 0,608 0,623 0,646 0,639 0,643 0,632 0,637 0,631 

|R| CHI&DF (l) 0,529 0,614 0,636 0,637 0,633 0,651 0,643 0,637 0,635 

|R| CHI&Acc2 (l) 0,568 0,617 0,647 0,637 0,629 0,659 0,643 0,637 0,643 

|R| IG&DF (l) 0,529 0,620 0,637 0,625 0,647 0,661 0,656 0,646 0,632 

|R| IG&Acc2 (l) 0,553 0,605 0,638 0,639 0,641 0,655 0,652 0,644 0,640 

|R| DF&Acc2 (l) 0,522 0,610 0,631 0,641 0,639 0,654 0,661 0,656 0,658 

MAX 0,568 0,622 0,647 0,646 0,654 0,661 0,661 0,656 0,658 

  AVERAGE 0,542 0,607 0,626 0,633 0,639 0,648 0,645 0,638 0,636 

 

Table 7.17. In local policy, micro-averaged F-measures of the score and rank combinations for 

Hitech dataset 
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Macro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (l) 0,486 0,555 0,571 0,571 0,564 0,589 0,567 0,549 0,561 

CHI (l) 0,477 0,495 0,536 0,572 0,567 0,551 0,545 0,552 0,567 

IG (l) 0,456 0,529 0,539 0,577 0,571 0,591 0,573 0,555 0,557 

DF (l) 0,397 0,485 0,507 0,549 0,540 0,549 0,592 0,611 0,603 

Acc2 (l) 0,459 0,522 0,550 0,571 0,564 0,596 0,600 0,583 0,593 

MAX 0,486 0,555 0,571 0,577 0,571 0,596 0,600 0,611 0,603 

Macro-F Score Combination 10 30 50 100 200 500 1000 1500 2000 

|S| tf -idf&CHI (l) 0,473 0,550 0,552 0,595 0,569 0,565 0,576 0,580 0,579 

|S| tf -idf&IG (l) 0,457 0,565 0,582 0,593 0,594 0,585 0,595 0,571 0,572 

|S| tf -idf&DF (l) 0,456 0,502 0,530 0,578 0,573 0,590 0,592 0,589 0,573 

|S| tf -idf&Acc2 (l) 0,456 0,542 0,579 0,591 0,610 0,601 0,603 0,583 0,573 

|S| CHI&IG (l) 0,438 0,523 0,529 0,567 0,575 0,570 0,549 0,563 0,555 

|S| CHI&DF (l) 0,475 0,512 0,525 0,559 0,578 0,595 0,591 0,595 0,583 

|S| CHI&Acc2 (l) 0,472 0,541 0,560 0,594 0,583 0,597 0,589 0,579 0,565 

|S| IG&DF (l) 0,450 0,528 0,535 0,564 0,553 0,596 0,599 0,593 0,579 

|S| IG&Acc2 (l) 0,452 0,521 0,548 0,568 0,593 0,596 0,604 0,581 0,590 

|S| DF&Acc2 (l) 0,453 0,521 0,572 0,570 0,563 0,560 0,594 0,592 0,598 

MAX 0,475 0,565 0,582 0,595 0,610 0,601 0,604 0,595 0,598 

  AVERAGE 0,458 0,530 0,551 0,578 0,579 0,586 0,589 0,583 0,577 

Macro-F  Rank Combination 10 30 50 100 200 500 1000 1500 2000 

|R| tf -idf&CHI (l) 0,479 0,566 0,559 0,556 0,540 0,552 0,554 0,552 0,556 

|R| tf -idf&IG (l) 0,476 0,565 0,569 0,570 0,589 0,558 0,566 0,575 0,562 

|R| tf -idf&DF (l) 0,447 0,499 0,528 0,561 0,573 0,605 0,603 0,582 0,575 

|R| tf -idf&Acc2 (l) 0,454 0,519 0,540 0,565 0,606 0,596 0,597 0,576 0,586 

|R| CHI&IG (l) 0,478 0,520 0,571 0,585 0,579 0,564 0,553 0,560 0,564 

|R| CHI&DF (l) 0,441 0,534 0,555 0,594 0,579 0,589 0,571 0,560 0,573 

|R| CHI&Acc2 (l) 0,484 0,546 0,588 0,590 0,565 0,599 0,576 0,554 0,584 

|R| IG&DF (l) 0,433 0,541 0,558 0,540 0,597 0,597 0,585 0,576 0,573 

|R| IG&Acc2 (l) 0,452 0,514 0,556 0,572 0,584 0,593 0,588 0,567 0,562 

|R| DF&Acc2 (l) 0,444 0,525 0,548 0,565 0,572 0,596 0,602 0,601 0,597 

MAX 0,484 0,566 0,588 0,594 0,606 0,605 0,603 0,601 0,597 

  AVERAGE 0,459 0,533 0,557 0,570 0,578 0,585 0,579 0,570 0,573 

 

Table 7.18. In local policy, macro-averaged F-measures of the score and rank combinations 

for Hitech dataset 

 

In local policy, DF has the highest 66.4% micro- and 61.1% macro-averaged F-

measure value with 1500 keywords. The score combination of IG & Acc2 increases the 

micro-averaged F-measure to 66.5% with 1000 keywords and the score combination of    
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tf-idf & Acc2 approaches the highest macro-averaged F-measure with the 61% success rate 

by using only 200 keywords. 

 

As we mentioned, among the individual feature selection metrics, Acc2 is the best 

metric in local policy when the keyword numbers are lower than 1500. After testing the 

combinations of the individual metrics, score and rank combinations of CHI & Acc2 and 

tf-idf & Acc2 excel the success of the individual Acc2. Thus we can say that their score 

combinations are better than all individual metrics when the keyword numbers are lower 

than 1500.  

 

 

Figure 7.14. In global policy, comparison of score and rank combinations on the Hitech 

dataset 
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In Figure 7.14, we can see the success of the combination approach more clearly. We 

knew that Acc2 has the highest average of F-measure in local policy and CHI is the second 

best metric that has the second highest average of F-measure in global policy. Almost all 

score and rank combinations in local policy are better than the second best average. Thus 

we can say that combining individual metrics is a good approach for the Hitech dataset. 

 

Finally, the performance of rank combination is better than score combination in 

global policy whereas score combination is more successful than rank combination in local 

policy in the Hitech dataset as seen in Figure 7.15. Score combination in local policy is the 

best method for classification on this dataset like homogenous datasets. 

 

 

Figure 7.15. Comparison of score and rank combinations in global and local policy on the 

Hitech dataset 
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7.2.1.4. Analysis of the Proposed Combinations 

 

In the previous sections firstly we analyzed the existing metrics for the Hitech 

dataset. According to that analysis, the global policy was more successful than the local 

policy when the keyword number was high but it was outperformed by the local policy 

when the keyword number was low and we concluded that CHI was the best metric with a 

high number of keywords in global policy while Acc2 was significantly outperforms other 

metrics with a few number of keywords in local policy.  Then we evaluated the 

performance of the score and rank combinations on this dataset. The performance of rank 

combination was better than score combination in global policy whereas score combination 

was more successful than rank combination in local policy. In global policy among the 10 

possible combinations of two feature selection metrics, CHI & IG, CHI & Acc2 and IG & 

Acc2 rank combinations were more successful than other combinations and in local policy 

tf-idf & Acc2, CHI & Acc2 and IG & Acc2 score combinations were more successful than 

others in these experiments. As a result we can say that combining individual metrics is a 

good approach for the Hitech dataset.  

 

After testing the score and rank combinations, we now test the proposed methods on 

the Hitech dataset. We begin with the experiments in global policy and then we analyze 

these combinations in the case of local policy. Tables 7.21 and 7.22 show the micro- and 

macro-averaged F-measure results, respectively, for all seven proposed combination 

methods in global policy for the Hitech dataset.  

 

Before comparing the performance of each proposed method, we determine which 

combinations of two feature selection metrics are the best. In Figures 7.16 and 7.17, we 

can see that IG & Acc2, tf-idf & CHI, CHI & IG and CHI & Acc2 combinations are more 

successful than the other combinations but we can also see that tf-idf &DF, DF & Acc2, tf-

idf & Acc2 and IG & DF combinations are unsuccessful. Especially tf-idf &DF and DF & 

Acc2 are the worst combinations among the 10 possible combinations. In these figures we 

can see that all possible combinations of the feature selection metric CHI have better 

performance than other combinations. We should not forget that CHI is the best metric 

with a high number of keywords in global policy. We also knew, the performance of the 

individual metrics CHI, IG and Acc2 outperformed other metrics in global policy.  
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In Figures 7.16 and 7.17, we can also see that combinations of these successful 

individual metrics show the best performance during test phase. 

 

 
 

Figure 7.16. In global policy, averages of the micro-averaged F-measures of all 

combinations for Hitech dataset 

 

          

 
10 30 50 100 200 500 1000 1500 2000 

Combination | S |  0,535 0,592 0,611 0,623 0,631 0,642 0,664 0,656 0,673 

Combination | R |  0,535 0,570 0,607 0,626 0,629 0,656 0,663 0,669 0,677 

          Combination |C1|  0,538 0,593 0,602 0,629 0,637 0,649 0,659 0,668 0,673 

Combination |C2|  0,525 0,580 0,603 0,619 0,632 0,641 0,662 0,663 0,673 

Combination |C3|  0,535 0,571 0,607 0,626 0,632 0,654 0,663 0,668 0,677 

Combination |C4|  0,538 0,589 0,606 0,622 0,637 0,644 0,661 0,671 0,677 

Combination |C5|  0,543 0,578 0,607 0,629 0,632 0,658 0,663 0,667 0,675 

Combination |C6|  0,543 0,587 0,609 0,633 0,634 0,657 0,664 0,669 0,675 

Combination |C7|  0,543 0,582 0,609 0,634 0,638 0,654 0,665 0,667 0,677 

           

Table 7.19. In global policy, maximum micro-averaged F-measure of all combinations for 

Hitech dataset 

TF&CHI TF&IG TF&DF TF&Acc2 CHI&IG CHI&DF CHI&Acc2 IG&DF IG&Acc2 DF&Acc2

|S| 0,635 0,635 0,622 0,635 0,643 0,622 0,640 0,624 0,642 0,624

|R| 0,644 0,645 0,622 0,640 0,644 0,646 0,647 0,638 0,648 0,627

|C1| 0,647 0,644 0,623 0,639 0,646 0,642 0,645 0,635 0,648 0,623

|C2| 0,630 0,630 0,622 0,629 0,644 0,624 0,639 0,620 0,640 0,620

|C3| 0,649 0,645 0,623 0,640 0,644 0,647 0,646 0,637 0,649 0,626

|C4| 0,644 0,642 0,623 0,636 0,646 0,643 0,642 0,636 0,649 0,627

|C5| 0,648 0,646 0,624 0,638 0,646 0,644 0,644 0,635 0,649 0,623

|C6| 0,648 0,644 0,622 0,640 0,648 0,647 0,646 0,637 0,647 0,625

|C7| 0,649 0,648 0,622 0,639 0,647 0,647 0,647 0,640 0,647 0,626
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Figure 7.17. In global policy, averages of the macro-averaged F-measures of all 

combinations for Hitech dataset 

 

          

 
10 30 50 100 200 500 1000 1500 2000 

Combination | S |  0,433 0,506 0,518 0,541 0,541 0,579 0,610 0,605 0,610 

Combination | R |  0,433 0,494 0,524 0,533 0,549 0,600 0,608 0,611 0,615 

          Combination |C1|  0,433 0,493 0,519 0,542 0,547 0,604 0,605 0,612 0,614 

Combination |C2|  0,433 0,503 0,510 0,536 0,547 0,579 0,609 0,603 0,613 

Combination |C3|  0,433 0,488 0,524 0,533 0,553 0,599 0,608 0,611 0,615 

Combination |C4|  0,433 0,493 0,514 0,547 0,547 0,594 0,610 0,613 0,617 

Combination |C5|  0,433 0,493 0,524 0,541 0,554 0,598 0,607 0,612 0,616 

Combination |C6|  0,433 0,492 0,523 0,542 0,548 0,599 0,606 0,613 0,616 

Combination |C7|  0,433 0,492 0,523 0,549 0,548 0,603 0,608 0,611 0,616 

           

Table 7.20. In global policy, maximum macro-averaged F-measure of all combinations for 

Hitech dataset 

 

In the case of global policy rank combination was more successful than score 

combination when we compared two combinations in the previous section. After testing 

proposed combination methods, we can say that the performances of the all proposed 

methods except C2 are better than score combination.  Among these proposed methods C4, 

C5, C6 and C7 also outperform the success of the rank combination when we look at the 

micro- and macro-averaged F-measure values. The most successful combinations are 

TF&CHI TF&IG TF&DF TF&Acc2 CHI&IG CHI&DF CHI&Acc2 IG&DF IG&Acc2 DF&Acc2

|S| 0,557 0,553 0,530 0,555 0,575 0,529 0,566 0,530 0,567 0,538

|R| 0,572 0,569 0,523 0,560 0,578 0,564 0,580 0,549 0,576 0,533

|C1| 0,574 0,569 0,524 0,563 0,578 0,559 0,577 0,540 0,577 0,532

|C2| 0,543 0,544 0,533 0,549 0,576 0,526 0,565 0,527 0,569 0,533

|C3| 0,578 0,569 0,524 0,561 0,578 0,564 0,580 0,549 0,578 0,532

|C4| 0,570 0,563 0,527 0,555 0,578 0,562 0,577 0,548 0,578 0,540

|C5| 0,574 0,570 0,525 0,560 0,579 0,563 0,577 0,548 0,579 0,534

|C6| 0,575 0,570 0,523 0,565 0,579 0,563 0,579 0,552 0,577 0,534

|C7| 0,579 0,575 0,523 0,560 0,580 0,561 0,579 0,557 0,576 0,531
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obtained from these proposed combination methods.  C4, C6 and C7 apparently improve the 

performance of the rank combination from 10 to 2000 keywords and the worst proposed 

method is C2. Its performance is even worse than the performance of the score combination.  

 

As we said before, the performance of the combinations IG & Acc2, tf-idf & CHI, CHI 

& IG and CHI & Acc2 outperforms others. Among them tf-idf & CHI and CHI & Acc2, CHI 

& IG are especially successful when the keyword numbers less than 1000 and combination 

of IG & Acc2 has the highest results when the keyword number is higher than 50.  

 

One of the important results of this experiment is that all proposed combination 

methods improve the highest F-measure values of the individual metrics as seen in Tables 

7.19 and 7.20. From the previous experiments we found out that the highest scores were 

achieved by CHI in global policy with 1500 keywords, 67% micro- and 61.1% macro-

averaged F-measure performance. This performance was outperformed by the rank 

combination of IG & Acc2 with value of 67.7% micro-averaged and 61.5% macro-

averaged F-measure in global policy when we performed rank combination on Hitech 

dataset. Furthermore the success of the rank combination is achieved by C3 of IG & Acc2 

with value of 67.7% micro-averaged and 61.5% macro-averaged F-measure and is 

improved by C7 of IG & Acc2 with value of 67.7% and 61.6% and by C4 of IG & Acc2 

with value of 67.7% micro-averaged and 61.7% macro-averaged F-measure. The 

performance of the C4 with 2000 keywords is the highest results that obtained from the 

experiments in Hitech dataset. 

 

Finally, the success of the combinations in proposed methods is related with the 

success of the combinations in score and rank combinations. If the rank or score 

combination of two feature selection metric is successful, they are also generally 

successful in the proposed combination methods. For instance performance of the 

combinations IG & Acc2, CHI & IG and CHI & Acc2 are more successful than the others 

in the case of rank combination and these three combinations also give the best results with 

our proposed methods but it should be noted that the performance of the some 

combinations is improved by only the proposed methods. For example the performance of 

the combinations tf-idf & CHI, CHI & IG and tf-idf & IG is significantly enhanced by the 

methods C6 and C7. 
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Table 7.21. Micro F-measure results of the proposed combinations in global policy for Hitech dataset 

Micro-F 10 30 50 100 200 500 1000 1500 2000 

tf-idf (g) 0,372 0,518 0,538 0,603 0,606 0,623 0,643 0,647 0,659 

CHI (g) 0,485 0,559 0,597 0,621 0,637 0,633 0,651 0,670 0,667 

IG (g) 0,430 0,523 0,559 0,621 0,641 0,645 0,649 0,658 0,666 

DF (g) 0,214 0,546 0,538 0,583 0,616 0,609 0,624 0,624 0,629 

Acc2 (g) 0,521 0,581 0,575 0,606 0,607 0,657 0,642 0,637 0,661 

MAX 0,521 0,581 0,597 0,621 0,641 0,657 0,651 0,670 0,667 

Micro-F  
 

10 30 50 100 200 500 1000 1500 2000 

Score   MAX 0,535 0,592 0,611 0,623 0,631 0,642 0,664 0,656 0,673 
Combination AVERAGE 0,506 0,564 0,588 0,603 0,618 0,632 0,640 0,646 0,653 

Rank MAX 0,535 0,570 0,607 0,626 0,629 0,656 0,663 0,669 0,677 
Combination AVERAGE 0,512 0,561 0,590 0,611 0,622 0,640 0,650 0,657 0,660 

Micro-F  Combination 1 10 30 50 100 200 500 1000 1500 2000 

|C1| tf -idf&CHI (g) 0,490 0,558 0,601 0,629 0,637 0,646 0,649 0,663 0,659 

|C1| tf-idf&IG (g) 0,453 0,567 0,592 0,624 0,625 0,635 0,657 0,658 0,662 

|C1| tf -idf&DF (g) 0,498 0,550 0,565 0,587 0,606 0,627 0,628 0,644 0,646 

|C1| tf -idf&Acc2 (g) 0,534 0,564 0,580 0,618 0,625 0,631 0,640 0,658 0,661 

|C1| CHI&IG (g) 0,499 0,560 0,590 0,618 0,629 0,649 0,659 0,658 0,666 

|C1| CHI&DF (g) 0,538 0,577 0,573 0,623 0,634 0,641 0,641 0,646 0,667 

|C1| CHI&Acc2 (g) 0,512 0,570 0,602 0,616 0,630 0,636 0,658 0,660 0,669 

|C1| IG&DF (g) 0,465 0,576 0,587 0,611 0,622 0,638 0,639 0,642 0,656 

|C1| IG&Acc2 (g) 0,521 0,561 0,578 0,620 0,633 0,636 0,659 0,668 0,673 

|C1| DF&Acc2 (g) 0,532 0,593 0,595 0,601 0,612 0,625 0,633 0,636 0,633 

MAX 0,538 0,593 0,602 0,629 0,637 0,649 0,659 0,668 0,673 

  AVERAGE 0,504 0,568 0,586 0,615 0,625 0,636 0,646 0,653 0,659 

Micro-F  Combination 2 10 30 50 100 200 500 1000 1500 2000 

|C2| tf -idf&CHI (g) 0,403 0,535 0,564 0,596 0,606 0,618 0,646 0,654 0,656 

|C2| tf -idf&IG (g) 0,411 0,556 0,559 0,595 0,610 0,620 0,648 0,653 0,654 

|C2| tf -idf&DF (g) 0,429 0,528 0,567 0,578 0,604 0,621 0,638 0,638 0,656 

|C2| tf -idf&Acc2 (g) 0,525 0,567 0,571 0,592 0,618 0,619 0,644 0,645 0,658 

|C2| CHI&IG (g) 0,499 0,561 0,594 0,614 0,632 0,640 0,662 0,663 0,655 

|C2| CHI&DF (g) 0,452 0,568 0,570 0,593 0,619 0,627 0,634 0,637 0,633 

|C2| CHI&Acc2 (g) 0,511 0,568 0,575 0,610 0,622 0,641 0,646 0,642 0,673 

|C2| IG&DF (g) 0,500 0,564 0,587 0,591 0,611 0,621 0,626 0,635 0,634 

|C2| IG&Acc2 (g) 0,521 0,580 0,576 0,619 0,622 0,639 0,649 0,644 0,666 

|C2| DF&Acc2 (g) 0,514 0,578 0,603 0,593 0,611 0,627 0,621 0,629 0,636 

MAX 0,525 0,580 0,603 0,619 0,632 0,641 0,662 0,663 0,673 

  AVERAGE 0,476 0,561 0,577 0,598 0,616 0,627 0,641 0,644 0,652 

Micro-F  Combination 3 10 30 50 100 200 500 1000 1500 2000 

|C3| tf -idf&CHI (g) 0,526 0,568 0,594 0,621 0,632 0,653 0,661 0,665 0,661 

|C3| tf -idf&IG (g) 0,453 0,554 0,601 0,618 0,627 0,642 0,655 0,666 0,663 

|C3| tf -idf&DF (g) 0,504 0,543 0,567 0,595 0,605 0,627 0,624 0,641 0,648 

|C3| tf -idf&Acc2 (g) 0,527 0,571 0,578 0,608 0,632 0,634 0,645 0,660 0,663 

|C3| CHI&IG (g) 0,499 0,560 0,604 0,616 0,623 0,646 0,661 0,665 0,655 

|C3| CHI&DF (g) 0,526 0,565 0,595 0,614 0,628 0,654 0,647 0,668 0,669 

|C3| CHI&Acc2 (g) 0,511 0,565 0,607 0,620 0,628 0,644 0,663 0,662 0,660 

|C3| IG&DF (g) 0,532 0,557 0,584 0,607 0,623 0,635 0,640 0,654 0,662 

|C3| IG&Acc2 (g) 0,521 0,561 0,578 0,626 0,631 0,638 0,657 0,666 0,677 

|C3| DF&Acc2 (g) 0,535 0,565 0,589 0,603 0,611 0,629 0,641 0,633 0,640 

MAX 0,535 0,571 0,607 0,626 0,632 0,654 0,663 0,668 0,677 

  AVERAGE 0,513 0,561 0,590 0,613 0,624 0,640 0,649 0,658 0,660 
























































































































































































































