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ABSTRACT

IMPROVING TEXT CATEGORIZATION PERFORMANCE BY
COMBINING FEATURE SELECTION METHODS

Eventhoughthe arrival of the machine learning methods in text categorization is one
of the essential factors that improves the effectiveness of text categorization, high
dimensionalityis still a challengdor classification performanc&here are several ways to
reduce the dimensamof input vectorin classificationand feature selection is one of the
most popular anéffective methodsof reducing dimensianVarious researches have been
done to improve the performance of feature selection methods on text categotiza
they mostly deal with how tadvancehe performance of the individual feature selection
methods whereas we know that combining the outputs of mudtiptgithms/classifierss

one of the promising stratiegthat has been studied extensivelyriformation retrieval

With this motivation,we present a comprehensiamnalysis of the comparison
between the feature selection methods and their vdrieary combinationsfor text
categorizationwith a comparative discussioWe analyze theperformance of five
common feature selection methoagh their combination®n five standard datasawith
varied skewness in both global and local policles using SVM Compaing the
performance of the individual methods with the performance of théication methods
shows that combining two feature selection methodsgnificantly improves the
performance of the individual ethods In addition, rank combination achieves better
performance in the case of global polmy the other handcore combinatiosignificantly

achieves better performance in the case of local policy.

In this thesisthe main concern is to investigate the effectiveness of combining the
individual metrics on the performances of text categorization. Theislso propose new
combinaion methods that some of thectearly outperform the success of the score and

rank combinations.



¥ZET

¥ ZKNELK SECMETODLARI NI BEREKHMETKR
SINIFLANDIRMA PERFORMANSI NI' N KYKLEK TKRK

Makine °y?enemmetimni rs €n&fulldrmdcé&rd mada ba
sénéfl andeéer mat éfeardf mlrimamisre nfealatr*r ol maséna
sénéfl andér ma bakprobem®é mn e fi Inadhahlké gammafroh @&vnel kit °bri

boyuunuaz al t mak i -in bir-.cknyfeaeliek Sdeeopue | me k
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birlexktirilen °znitelik se-me matadhhdl abra&kmé |
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Bu tezde°amatemdm&t csckbitme&mn é r meni n meti n

performanséndaki bakar éstéméBui nkcaepl seamedka vsek
birl ektirme y°ntemlerinin yanénda yeni b
i ncel endi . ¢al ék ma sonucurkaoa Yrerersdrea Ibi

y°ntemlerinin bakaréséneé da geliktirdiij]i C
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1.INTRODUCTION

Since the early 1990¢he accessibility and abundance of digital documents make
text categorization an important and necessary researchTiady,text categorizatioms
being applied in many contexts order toorganize and manipulate the documents. Arrival
of the machie learning methods in text categorization is one of the essential factors that

improves the effectiveness of text categorization in information retrieval systems.

Text categorizations a supervised learning task ttestsigrs the predefinedategory
labek to new documentbased on the likelihooderived from a set of labeled training
documentslin order toclassify documentseach document should be transformed into a
model thatpreserves as much of the original information as possiliie 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 beconmeeaitableproblem. Since
the data in textategorization are higlimensional naturally dimensionality reduction

becomes a necessity fefficiency and accuracy.

Feature selection is one of the wiellown processes that reduces the dimensionality
by ranking all featres according to their importanestimated by anethodand 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 aren-informativeor misleading for classificatiomd lead

to incorrect generalizatigoverfitting, 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 selemted f
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 handotis gblicy, where a



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 highlyvs#atasets 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 drectly affected by the skewness of the datasets, the performance is commonly
measured by two different alternativesicro-averaged andhacro-averaged fmeasurs.

First gives equal weight to each document and therefore it tends to be dominated by the
clasi fi erds perf or man whele reflects thepvaralbascuracy betteg o r i €
On the other hand, secogives equal weight to each category regardless of its frequency
and thus it is influenced mocategoriey. t he c | as

1.1.Related Works

The arrival of the machine learning methods in the text categorization field is one of
the most important factors thaicceleratethe improvement in this field by strong
theoretical motivationsA growing number of machine leang methodshave beemused
for text categorization, including probabilisticlassifiers, decision treegegression
methods nearest neighbor classifie®occhio methodneural networksexamplebased

classifiers, etc[1].

In 1995 new machine learning meth&dipport Vector Machines (SVMs) were
introduced byapnik [40, 42].In later years, many studibaveexplored the use of SV#§/
for text categorization with promisingsults[3, 14, 15, 18, 31, 3237, 39. One of the
most basic studies that introduces SVMs for text categorization is preserteachymsn
1998. In the study the performance of SVM using-oear model is compared with four
popularmachine learning algorithm@N a u v e (BB glasgsfier,Rocchio methodk-
nearest neighbork{NN) classifier and C4.5 decision tjeen Reuters and Ohsumed
datasetsThe analysis concludes that SVl very well suited for test categorization and
significantly outperforms other methods the same yeaMDumais et al. compare the

effectiveness of five different machine learning algorithens (v ar i ant of Rocc!



decisiontrees NB, Bayes Nets an&VM) on Reuters dataset for text categorization and
conclude thathe accuracy of their simple linear SVM ismiang the best reported for the
Reuters similar to Joachims study lthe linear SVMis especially promising because it is

a much simpler and mor e-lineaf madel[lL4¢ MNt1999 aan J
controlled study with statistical significant teste five machine learning algorithms

(SVM, k-NN, neural network (NNet) method, NB and Linear LeBgtiare Fit (LLSF)
mapping is conducted by Yang and Liu. Their results show that SVM is one of the most
successful machine learning algorithrBgbastiani presents a suntbgt coves the main

machine learning approaches in text categoriz4fibh

Reducing dimensionality is another critical issue in text categorization. Feature
selection is one of the effective methods tihgiroves the effiency 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 presentaacdyred [16].

Yang andPetersen, 1997, compdiee feature selectio methods (information gain
(IG), document frequency (DF), term strength (TS), mutual information (MI)x&meist
(CHI)) on the Reuters and Ohsumed datasets by uUsil and LLSF classification
algorithms in the case of global policy. They define thatatl 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), AceRloBnal
Separation (BNS), etc.) on a benchmark thet gathered fromReuters, 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 -eweéskre,
especially in highly skew datasets but still IG yields the best resulpsdoision [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)) tfidlf weighting on
Reuters dataset with SVM in both local and global policideeyTconclude that GR
outperforms other methods and has given very good results as a STW function, especially
in macreaveraged Fmeasure [4].

¥zQg¢r et al . ,-idf 2vBighhg with boolpaa weghtingf on Reuters
dataset with SVM again in both dal and global policies. They find out th#tidf



weighting performs bettehanboolean weighting and the glohadlicy performsbetterfor
largenumber ofkeywordsbut for small number okeywords, local policyutperformshe
globalpolicy [5]. Inalda er study, ¥zg¢r and G¢gng°r cont
of these two policies with these two weightings on six standard document collections
(Classic3, Hitech, LA1, Reviews, Reutersd Wap) with different skewness properties and
with different nuniber of keyword by using SVM in more detail in 2006. In addition, they
prove that the results of the previous study can be generalibe lgyobalpolicy performs

better for large number of keywords while local policy performs better for small number of
keywords and in skew datasets [6]. Tak- é
various existing feature selection methodsdtf IG, CHI, Acc2and 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 gtubal 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 metrici®/more sucessful than the best existing metric

Acc?2 in the experimentd, 8].

Liu et al., 2007, focus on the dat@mbalance problem in text categorization by
presenting a probability based term weighing scheme inspired by different feature selection
methods. Theyconcludethat 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 categation 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 one of the promising strateg that has been studied
extensively ininformation retrieval areaCombining the outputs of classifieos search
systemsmost of time, demonstrates better performance than a single algfith) 13,

28, 29,49, 5Q.



Lee, 1995, proposes that significant improvement in retrieval performance can be
achieved by combining multiple weighting schemes and concludes ctimabining
rankings based on cosine normalization of thalftfweight with other normalization
schemess clearly effective [49] Two years later1997, Lee, combirsethe resultsof the
six selected retrieval systemasad finds thatombining the outputs of search systamsig
ranks of the documentgives better resulthan the scores of the documeiitthere is a
different rankscore curvg50].

Furthermore, although many feature setetimethods 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 effectiverflgmance in text categorizatiofrrom 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
studes that focus on this strategy in recent years. The papers, are given below in detalil,

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

In the first study, Olsson and Oard, 2006, combmaltiple feature selection
methods (DF, IGCHI, CHInaxand CHhyg by usingthe scores themselvesr the rank
ordering of the features. In order to combine two or more feature selection metrics, they
introduce three combination methodsghest rank (HR), lowest rank (LR) and average
rank (AR) canbination. They compare individual and combination methods by ks
with symmetric Okapi term weightingn 23,149 documents from RCM& dataset in
local policy. The experiments show that CHI based individual feature selection methods
and combinationsf 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 alyze the score and rank combinataf five
feature selection methodBK, IG, CHI, MI and TS)y usingthe Combinatorial Fusion
Analysis(CFA). CFA stateswhen and howeature selection methodsan be combinetb
achieve better performance by usiagkscore functiomrandrankscore graphlt is seem

thatthe combinatiorof two feature selectiomethodds more likely tohave a better result



when these two methods also show a good performadogdually andtheir rankscore
graphs arequite 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 categoryssef the Reuter@1578.For REC dataset, the best
2-combinations are: Ml & IG and MI & DF rank combinationkich are higher than the
best individual metric Ml and the best8mbination is: Ml & DF & IG rank combination.

For TOPIC dataset, the bestombination is: TS DF rank combinatiorwhich is higher
thanthe besindividual feature selection methdds andthe best &ombination is: TS

DF & CHI which is better than each of TS, DF and CHleresultsshowthat combining
multiple feature sefgion methods &nimprove theperformance of text categorization in
terms of the averag&-measureresults. Theperformance of the rank combination is
significantly beter than the score combinatioim addition, as the number of the feature
selection metbd 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 methodshe methods are analyzed on data which are constructed by selecting
documents from the standard datasets. The second studyspeefest the methods on
homogenous two datasets include, respectively, only 4 and 5 classes. Thus it is hard to
compare theseesults 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 maximomeasures but only
compars the results based on the averageméasure values. There is not any information
about the success of the combination methadterms of maximum fneasure values.
Finaly the first study classifies documents wittNkN and t he second us
classifier whereas we know that SVM outperforms these two machine learning algorithms
in many studies in the literature. Although thdsmitations should be notedthe
expermental results demonstrate that combining feature selection methods improves the
effectiveness ofext categorizationni both studiesThis promising result motivates us
perform thecombination of the feature selection methodsimorecomprehensiveind

comparative manner.



In this study, lhe main concern is to investigate the effectiveness of combining the
individual metrics on the performances of text categorizatiorstlf- we analyze the
performance of five common feature selection methods onsfi@edard datasewith
varied skewness in both global and local policies, and then evaluate the performance of all
possible binary score and rank combinations of these five fesgleetion methods with
the same experimental settings in orderd&termire 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 imprineperformance of the individual
metrics. In additionrank combination achieves better performance in the case of global

policy andscorecombination significantly achieves better performance in the case of local

policy.

When we see that the combinatiaf 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 tefhese experiments also show

thatsome of them also outperform thecsess of the score and rank combinations.

1.3. Thesis Organization

The rest of the thesis is organized as follows: Sectialestribs our document
presentation angreprocessing stepsSection 3overviews the five individual feature
selection methods that are used in this study together with local and global policies.
Section 4describes how the outputs of the different feature selection methods can be
combined, introduces score and rank combinations ardgloposes new seven methods
for combining different feature selection methodection 5 describs the system
architecturestep by stepthat designed for this studyin Section 6 we describeur
experimental settingshe classifier, the datasetsjaluation metricsin Section Ave show
through experimental results that significant improvement can be obtained by combining
two feature selection methods with detailed analysis. Finally, Sectioonéluds the

thesisandgivesthefutureresearch.



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 classifytéx¢ documents by applying machine
learning techniques. Thmost widely used method for document representation is the
fivector space modgintroduced by Saltond associates 1975[18]. In vector space
model, each document is represented as a vedtand each dimension in the vector

corresponds tdistinct tem in the term space of the document collection [5].

I n this shbhagofwogrddweé nusecfi or space model w
a distinct single word. Theag of wordsrepresentation 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 importantuissvhen 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 Cas#olding

In the first step, all theHTML mark-up tags andonalphabeticcharactersuch as
numeralsspecial characte@nd dateare removed from théocuments in thdataset. Then
casefolding is applied to convert atharacters intd a me lovwescas®fi i n or der
avoid the duplicatio of the same words.

2.2.Removing Stopwords

Overly common words, such gasonouns, prepositions and conjunctiam€English,
l i ke 61t o), 6ind and déand?ad, occur so frequ
about the content and lkscriminatoryfor a specific class. These words are so called
Nst opwWe ubetbe.stopword listas built by Salton and Buckley for the SMART
system at Cornell Universityp eliminate common words. The list consists of 571 words is

given inAppendix A[21].



2.3.Stemming

Removing stopwordsauses an efficienteduction in the dimensionality of the
feature spacbut we also need stemming wordramlue the dimensionality ofhe feature
spaceto a reasonable numb&temmings apreprocessing for findinthe root morphemes
of the words In order tostem the words, we use PodeiStemner which is the most
widely used algorithm for word stemming in EnglidPortes Stemnng Algorithm is a
process for removing the commoner morphological and inflexiaffizlesfrom words[22,
23]. In other words, it isbased on only morphological issues that are completely
independent from the syntactic and semantic structure of the serffencexample, the
words fAcomputer o, Acomput er s 0 medfihe sam@rodt i n g «
ficompub. After stemming, terms thdéft a singlecharacterare also removedincethey

camotgive anyinformation about the content of a document.

2.4. Term Weighting

As already mentionedt the beginning of this section we represent each docliasent
a vectod

d =(wyg, W, ...,W) (2.1)

wherew; is the weight of termh of documend. There are everalvariouswaysto compue
these term weight§24]. There are three main assumpsothat 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 dowments are no more important than short documents.

The term frequencyinverse document frequendf-idf) weighting is one of the
widely used weighting methods thakes into account thsepropertes. df formula meets

the first assumptiontf formula mests the second assumption dedgthnormalization
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meets the third assumption which given above. Thus we &fpiolfyweightingmethod in

this study whose formula is given below
0= 0. |og(Q,L%2 (2.2)

whereU ¢, is the weight of aermi in documenj, 6@,denoteshe frequency of theermi
in documenj, Q@,denotegshe number of documernitswhichatermi occurs in the whole

documeat andN 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 itappears in most of thdocuments then it is less

discriminativefor the content.


http://dictionary.reference.com/browse/discriminative
http://dictionary.reference.com/browse/discriminative

11

3. FEATURE SELECTION

Text categorizatiois a supervised learning task tlassigrs the predefinedategory
labelsto new documentbased on the likelihooderived from a set of labeled training
documentslin order toclassify documentseach document should be transformed into a
model hat preserves as much of the original information as possiiie bag of wads
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 beconmeeaitableproblem.Since
the data in textategorization are higlimensional naturally dimensionality reduction

becomes a necessity fefficiency and accuracy.

Feature selection is one of the wietlown processes that reduces the dimensionality
by ranking all features according to their importamstimated by a metric and then
selecting ones with the highest values. Feature selection not only reduces tineragye st
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 accusécthe
classification by eliminating noise features tlaa& norinformative andmisleading for
classification and lead to incorrect generalizafmverfitting) from the training set.

3.1.Local and Global Policy

In text categorization there are two maaalicies 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, wherea 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 imptant 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 scoaggnization
averaging weighted averagingndweighted maxinam are the most popular globalization
techniquesMaximization averagingandweighted averagingvere presented by Yang and
Pedersen in 1997 ameeighted maxinmmwas proposed by Calvo a@kccattan 2000 [2,

27]. We selectedmaximization which formulation given belowas a globalization
technique, since it consistently outperformed other globalization techniques in the study of
Deboleand Sebastianin their paper, the success of theximizationwas explained that it
prefers to select ters that are good separator even on a single category rather than terms
that are only fair separators on many categories.

"R (0 = & Gz { "Q0q 6o} (3.1)
3.2.Feature Selection Metrics

In this study, first of all the five widely used feature selection metritsrm
frequencyinverse document frequendyf-idf), chi-square statistic§CHI), information
gain (IG), Accuracy2(Acc2) and documentfrequencythresholding(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 DocumentFrequency (tf-idf)

The idea of thdf-idf feature selectioms to selects the words with the high#sidf
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 moreliscriminativewhereas if itappears in most of the documerttsen it is

lessdiscriminativefor the content.
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The formulation of the #idf feature selection method is olsted from the Hidf
weighting described iBection2.4in detail:

P e o
0= o@).log(ﬂ,—%) (3.2
5Q TRV = B, U (3.3)

3.2.2. Chi-square Statistics (CHI)

In experimental scienceshisquare statistics equently used to measure how the
observation results differ from the expected results. In other words, it measures the
independence of two random variables.

.. (Observeg- Expecteq )’

CHI =
aij‘ Expecteq

(3.4)

Chi-square statistics also widely used in text categorization [4, 3, 7, 11]. In text
categorization, the two random variables are occurrence oftgamd occurrence of class
tpandchi-square statisticsneasures the independence betw&ganddy, The formula for

chi-squarescore is:

[0 0o 0 0o  0(0n 60 0(0a@]2 (35)
0 00 0oV U Gy

60006 = U ®

where 0 0q is the prcentageof documentsin which term 6 occurs,0 0y is the
percentage of documents which termé, does notoccur, 0 ¢, is the grcentage of
documents belonging to claég U G, is the ercentage of document®t belonging to
classty 0 0q Gy, is the @rcentage of documents belonging to clasi which termoy
occurs,D g G, is the ercentage of documentst belonging to claséxnin which terméy
does notoccur, 0(0, () is the ercentage of documents belonging to clasén which
term g does nobccurandd(0,G) is the Ercentage of documen®t belonging to class

Gnin which termogoccus.
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If chi-square score dd termogis low value, this meandgis independent from the
classtnand f chi-square score af termogis high value, this mearnts,is dependent of the
classta, Thus tke chisquarefeature selection method selects the terms with the highest

chi-squarescore which are more infmative 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 entropgxistence or absence of the term in a
documentlnformation 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

termOgis calculated by the formula:

"Mooy = 0 6,0 .log(
6" {Cogfh 0 {0

) (3.6)

Information gain feature selection method selects the terms with the highest

information gain scores which contains much information about the classes.
3.2.4. Accuracy?2 (Acc2)

The final method Accuracy2 has showegramising performance compare to other
feature selection metrics in the previous stud®g]. In this method, only the number of
documents in which the term occurs is taken into account without considering the number
of actual documentsit measures he difference of the distributions of a term in the
documents belonging to a class and in the documents not belonging to thaT tlassthe
term Ogthat never occurs in a classcan be selected as a feature égy Below is the

formula for calctation of accuracy?2 score:

062 OgGh = |0 0gGn  0(0aGy)| (3.7)
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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 assumadhformative andmisleading
for classification. Document frequency feature selection method selects the terms with the

scores. Its formula is:

00060 = 0 0g Gy (3.8)
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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 mostlyvibaiow 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 innformation retrieval area

Furthermore, althougmany 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 obtias more effective performance in text categorization.

From this point of viewwe apply some combination strategies to feature selection
method described in Section 3 here aremany ways of combiring the outputs of the
various methodsThe mostpopular ways to combine corresponding outputs ereat
combining methods such aseragingand weightedaveragingand nonrlinear combining
methods such as ranking and voting. Tumer and GH®49, state that simply averaging
among them is the most commaoombining 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 whishequivalent to averagimghen compared
six combining strategies [28Beside this conclusionHull 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 conitation and rank combination.



17
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 methadvolved in combinatiorare inversely relatedds thenumber 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 onkidmmncombining
two distinct feature selection methods. In the study, we evaluate the performance of all
possible binarncombinations (Zombinations) of five featurselection methodstf-idf,
CHI, 1G, Acc2and DF metricswhich aretf-idf & CHI, tf-idf & IG, tf-idf & Acc2, tfidf &
DF, CHI & IG, CHI & Acc2, CHI & DF,IG & Acc2, IG & DFandAcc2& 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 Bighrest In
order to combine the outputs of varied feature selection methods in scoringsteppf
each termfrom thevariedfeature selection methods amermalized using the maximum

and minimum scores according to thelowformula:
Score= (s, S, ...S,) Wheres score of the'f term, n is the total number of term.

"EIQ G "YEIQ

: 4.1)
AW YEIQ A "YEiQ

i Gii =

By normalization, the scores fall in the same range [0, 1] and scores of the terms
from thevaried feature selection methodee represert equally which is allowing for

meaningful comparisons betwettre methods.
4.1.1.ScoreCombination

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

selection methods.
G 42)

where M is the number of feature selection methods which is 2 for this study.
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4.1.2 Rank Combination

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

methods obtained from the term scores.

Rank = (ry, ry, ...rn) wherer; rank of the term, n is the total number of term.

0 V@R,
@1 0

Giga= 4.3

There are various wayer assigning rankingsuch asstandard competition ranking
modified competition rankingdense rankingordinal rankingand factional rankingIn
this study, we rank the terms according to the descending order of their scores with
standard competition rankingfrategy. Incompetition rankind"1, 2, 2, 4" ranking) terms
that have the same score get theeseanking numbernd then a gab is left in the ranking

numbers.

4.2.ProposedCombinations of Feature Selection Methods

In this study, he main concern is to investigate the effectiveness of combining the
individual metrics on the performances of text catgdion. In order to find the best
combinatiors, we also present seven new methods to combine the feature selection metrics
beside the score and rank combinatioin Section 7, the results of the proposed

combination methods are also compared and discussed in detalil.

First two proposed combinations are similar to score combination that can be seen as
the different modifications of the score combination. On therohand, 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 i Logarithmic Combination

Score combination is simply averaging the term scores of the feature selection
methods. This pmosed 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 sdat@ag advantage of the logarithmhus,
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it is possible to increase the difference between the high score and the low scores. The
interval between the scores incresaae the scores decrease andeitreasgas the scores
increase. Me natural logarithm is uses a logarithm function and if the scasezero, then
it will replacethe value with0.00001 in order to compute thmgarithm The calculation

of the G Combination is given by the following formula:

b & (YEiCH

D (4.4)

61=

4.2.2.C2 Combination 1 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 betvssemehe
exponentially increass as the scores increadgnlike previous methodghe difference
between the scores increass the scores increase and decieaséhe scores decrease. In
other words, if the term is considered important for classification, thisoth@tlisreases the
importance of the term among the other terms before the combination. The formula is:

v
o= L@ (45)
a1 U

4.2.3C3 Combination T Product Combination with Fraction

In thethird methodirstly the rankof the termis multiplied bythe scores of the terns
and sums the results of the multiplication of the each feature selection methods and then
divides one by the sumn order to combia the outputs of the feature selection metri€s.
the score is 1, then\ill replacethe value with0.99999 inorder to avoid division by zero.

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

1
B, Y& Qu(1 Vi [0

03 = (4.6)
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When evaluated the performances of ¢benbinations in classification in Section 7,
we see that both score and rank combinatadrihe feature selection methods improve the
performance of the individual meth®dThus, we decide to use both rank and score values
in the same functionThe maina i m o producthcembinatiorts 3-C4-C5-Cé and 7 is
to take advantage of thescore 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 ethods are same, then the term with highest rardonsideredmore
important Following methods are derived from the same principle with varied versions of

the product combination.

4.2.4C4 Combination 7 Product Combination with Fraction

Differ from the thirdproposed methodhé forth methodmultiplies the logarithm of
therank by the square of thecore of the termThe calculation of the SCombination is
given by the following formula:

v 1
8= — - . 47
BYL, IN(YE@yoo(1 YA E (4.7

4.2 .5Cs5 Combination T Product Combination with Fraction

Differ from the third proposed methodietfifth methodmultiplies the square root of
therank by the square of thecore of the termThe calculation of the £Combination is

given by the following formula:

. 1
%= BL (YERY2a(l Yl e (4.8)

4.2.6.C6 Combination i Logarithmic Product Combination

The sixth method multiplieghe logarithm of theank by the logarithm of thecore

of the termandthensums the resultsf multiplicationof the each feature selection method
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in order to combine the different feature selection methdtie calculation of the £
Combination is given by the following formula:

0

O = & (Y62 Q) win ("Y1 (4.9)
el

4.2.7C7 Combination T Product Combination

Thefinal method multiplieghe square root of the rank by the logarithm ofdbere
of the termandthensums the resultsf multiplicationof the each feature selection method
in order to combine the different feature selection methbusformula is:

;
&, = (Y6E'RQY2 coln ("Y1 G (4.10)
[l
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5. SYSTEM ARCHITECTURE

In this section we present our text categorizasgatemconsists of the different
steps We characterize the functionality of the each shed describénteractions between
individual steps. Figure 5.1 demonstraties system architectuie detail Themain steps

of the systenare the following

5.1. Preprocessing

The first step is the preprocessing of the datasets. In this step each domument
parsed nonalphabetic characters and manx tags are discardeccasefolding is
performed, stopwords are eliminated according to the stopword list 8MART system
andt hen each word is stemmed uthdsepgoceBsdbet er 0
category list, term list, term matrix and category matrix of the training documents and term
matrix and category matrix of the test documents are crdatally the tfidf 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 ttegnali and gives
the higher scores to terms considered more informative for classification. In order to
combine the outputs of different feature selection methods,ctiresof each termfrom

thevariedfeature selection methods arermalizel.

Secondlythe ranks of the all terms are computed by ranking the scores of the terms
with standard competition rankingln this step all possible binagpmbinations of

different featureselection methods are generated.
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( Step 1: PreprocessingD
\4

Load trainingand test documents

v

Nonralphabetic char. discarding &
casefolding

v

StopwordRemoving

v

SMART
Stoplist

t 2 NI
Stemer

Stemming [
v

Feature Weighting
(tf-idf)

v

Create
Term List, Category List,
Term TrainingVatrix, Term Test Matrix,
Cateqgory Training Matrix and Category Tes

\ 4

(Step 2: Feature Combinatio)
v v
y

Scores of all terms ar@mputedaccording to the [ TrainingJ

\

A

feature selection metrics Document

v

Normalize he Scores
(min-max)
\ 4

Ranls of all terms are computed froraccording
to the scores of the feature selection metrics
(standard competition ranking)

v

Combine two features selection metrics witr
varied combination approaches

\
( Step 3: Feature Selection)

Figure 51. Preprocessing and combination steps
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5.3.Feature Selection

The third step is feature selection thatluces the dimensionalityy ranking all
termsaccording to their importance estimateddmymbinationand then selecting given
number of terms from the term ligtith the highest valueg\fter selecting, the topic list,
term list, and topic and term matrixes of the documentsreioemed accordinga the
selected features.

( Step 3: Feature SelectiorD

v
[ Termswith the highest valuedetermined by ]

combinationare selected
\ 4

[ Reform the term list with ]

only selectederms
v

[ Reform training and text document matrixes accordin]

to the current term list

v
( Step 4: Classification )

v

[ Predict categories of the test documents according t

model based on the training documents

\J
( Step 5: Success Measureme@
v

0] SVMLight

( '
Compare the predicted categories assigned by classi
with the actualcategories of the test documents
. 7
v
Calcuate TP, FP and FN
v
Calcuate Precision and Recall from TP, FP and
v
Calclate micro and macreaveraged Fmeasure
v
( Step6: Significance Test )
A

Compare the performance of the proposed methods —
with the individual metricat a micro level

End

Figure 52. Feature selection, classification and success measurement steps
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5.4.Classification

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

model derived from the training documents by using Sy

5.5.Success Measurement

In the fifth step the performance of the classifier is evaluated according to-the F
measuraesults. 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 isecboging
these values and finally the mierand macreaveraged Fmeasures 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 theerformance of the individual metrics. In order to measure
the significance of the improvements in the proposed methods, micro signtest) (s
used. Micro sign test is designed to evaluate the performance of the two different systems
at a micro levebased on their binary decisions on all ttecument/category pairsVe

follow Yang and Liu to perform thetest[15].

In this significance testhe correctness of the system decisions are computed by
countingn, the number of timethat systems A and system B differ akdthe number of
times that system A is better than system Bhe significance level (Ralue) can be
computedusing the binomial distributioli n ~ Oand ifn > 12 the Pvalue (tsided)can
be computedising thenormd distribution

Q 05.¢ (5_1)
05mE

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 classifignich outperformed other classification
methods intext categorization consistently previous studie$3, 14, 15, 18, 31, 337,
39.

Support Vector Machine agintroduced as a statistical learning theory tap¥ik
in 1995 at AT&T Bell Laboratoriepto, 42]. It is based on the Structural Risk Minimization
principle from computational learning thedad]. The basic idea of this principle is to find
a hypothesis for guarantee the minimum true error. In heeeetror means the probability
that a hypothesis will make an error on an unseen and randomly selected test g@&mple
SVM is designed for solving twolass problemsnd the idea behin8VM is to find a
hyperplane im-dimensional space that separates positivetraining examples from the
negative examples with the largest possible margin in order to determine the best
separation between the two clasdestext categorizationlearned hyperplanes separates
the documents in input space that belongffer@nt topics.

One of the reasons the success of the SVM in text categorization is its capability in
very high dimensional feature vectogsyen that these vectors are spdi32]. 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 [¥8jother featurehatdistinguishes SVM
from other classifiers ithegeneralization ability The decision function is determinég
assuning that the training datavhich belongs tdifferent classes des not overlapwith
each other. St¢he distance from thé&aining datais maximizedand 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 sayNhat
ideally suitable fotext categorization
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In the study, & useSWW'"9" with the default parameter settinghat alinear kernel
has been used.he SW"" systemis a very efficienimplementationof 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 esthdatasets are summarized in Téble We
divide these five datasets into 3 categories according to their skewness. The skewness
calculated by dividing the standard deviation of the class distribution by the mean of the
distribution. The first dataseClassic3 is diomogenousiatasetwhere all the classes are
nearly equally well represented in the training set and each class is disjoint from each other
clearly. Hitech and LAlare categorized as skedatasets in our study because tlaey
neither homognous a<Classic3nor highly skew as the Wap and Reutdfgally, Wap
and Reuter1578 are categorized as a highly skew dataseith varying class
distributions Thesedatasets are particularly hard to categorize since the rare classes are
dominated bytie common classei addition, bhere is a strong semantic overlap between
the topicssinceboth Wap andReutersconsist of general topics that are very close to each
other and share many common terimsorder to divide theReuters21578 datasetinto
training and test set we use ModApte splitting methatlat has been mostlysedin the

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

# of # of # of test # of min max

Datase . # of Skewness
t document training document Classes Term class class (sd/mean)
S documents S S size size

Classic3 3891 2699 1192 3 10930 1033 1460 Pngf’)ge”c’”S
Hitech 2300 1530 770 6 18867 116 603 fgi";)

LAL 3204 2134 1070 6 25024 273 943 fgi";)

Wap 1560 1047 513 20 8064 5 341 (e "
Reuters highly skew
oo 12902 9603 3299 90 20308 2 3964 3o

Table 61. Properties of the datasets
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6.3.Performance Measures

To evaluate the performance of the keyword selection approaches, we use the
commonly used fmeasure metrisvhi ch i s equal to the har mo
pr eci d435]oTmeydre defined as:

The idea behind the-feasure can be explained in Fig@d. 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 tines posi
(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].

Classification

{9}

Actual

Figure 61. Demonstration of the-Fmeasure

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

proportional area. The-Feasure is defined as:

_ 2("0) (6.2)
"G + B+ 2("%)

The Fmeasure values are in the intervall0 When the two sets are identicat, F
measure obtains the highest value and it obtains the lowest value when the two sets are
mutually exclusive. Thus, larger-iReasure values correspond to higheassification

quality.



29

F-measure can be computed by two different alternatives, rai@mged F
measure and maciaveraged fmeasure. In this way, the overalinfeasure score of the
entire classification problem can be computed by using these differes ty@veraging

methods. [35]

Micro-averaged Fmeasuregives equal weight to each document and therefore it
tends to be dominated by the cl| whilsrefleciser 6 s
the overall accuracy betterPrecision and recalare obained by summing over all

individual decision:

N _ Ba1"VQ Y B%l"f)"Q
=%

& g
&1
(€]

‘G B, Y G0 ' Y %+G | BL, NG G0

where Cindicatesthe number of categories.

. 24
Micro-averaged Fmeasure= ;-—- (6.3

On the other hanMacro-averaged Fmeasuregives equal weight to each category
regardless of its frequency and thus it i
rare categorieRrecision and recall are first computed locally for eadbgmy and then

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

_ 0'Q _ . 'YQ

2“"0Q
F=—7—
(€3N0

o

BY , "0
Macro-averaged Fmeasure= ‘;—1 (6.4)

In text classification,TPi is the number of documents that are assigned correctly to
classi. FPi is the number of documents that are assigned incorrectly to iclasghe
classifierbut which actuallydo not belong to classandFNi is the number of documents

not assigned to clasdy the classifier but which actually belong to class

‘N
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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 expental results of each datas€éllgssic3 Hitech,
LAL1, Wap and Reuter¥ are demonstrateds follow: firstly the properties of the datasets
are described in detail, secondly the performance of the five feature selection methods
(term frequencyinverse docment frequencytf-idf), chi-square statistic€CHI), information gain
(IG), Accuracy2 (Acc2) and document frequency thresholdi{@®F)) are analyzed on these
datased, then the results of the binary score and rank combinations of the feature selection
methods are compatavith 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.

Tables7.1,7.14, 7.27, 7.4And7.55show themicro- andmacroaveraged fneasure
resultsof the five feature selection method#h global and local policy as a function of
different number of keywords ranging from 10 to 2000 forGheessic3 Hitech LA1, Wap
and Reutersdatasets, respectivelyn the tables, the global and local versions of the
existing metrics are denoted by (g) and (), respectively. The highest score among the
methods for each keyword number is shown in red font and the success thatet wi
feature selection is shown as a last columaL lLmothese tables. The highest valdes
each keyworchumber arendicated asi MA xrows and the averages of the edayword
number are alsmdicated asi AV E R A &8 at the tables.

Tables 7.2, 7.15 7.28 7.42and7.56show themicro-averaged fneasureaesults of the
score and rank combinatiswith global policy,Tables 7.3, 7.16 7.29 7.43and7.57 show
the micro-averaged fneasuregesults of the score and rank combinasianth global policy
Tables 7.4, 7.17,7.3Q, 7.44and7.58show themicro-averaged fneasureesults of the score
and rank combinati@with local policy andTables 7.5, 7.18 7.31, 7.45and7.59 show the
macro-averaged Fneasureesults of the score and rank combinasiasith local policyfor the
datasets. All possible-@mbinations of the feature selection methods are presented in these
tables. If the combinatioR-measure values higheror equal to the highestieasure of the

individual metrics, it is showim bold am underlinedfor each number of keywordsnging
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from 10 to 2000If it is also the highest value in the column, then it is also shown in red. In
addition if the combination Feasure valuas lower than the highest-Reasure of the
individual metrics butt is higher than the value of the feature selection metriccthragtitue

it, then it is shown in blue.

Tables7.8, 7.21, 7.34,7.48and 7.62 show the micreaveraged fneasure results of
the proposed combination methods with global policy, TaBlés 7.22, 7.357.49 and
7.63 show the macraveraged Fneasure results of the proposed combination methods
with global policy, Tables/.12, 7.25, B8, 7.52 and 7.66 show the micreaveraged F
measure results of the proposed combination methods withgotey and Tables.13,
7.26, 739, 7.53 and 7.67 show the micreaveraged fmneasure results of the proposed
combination methods with local policy for the datasets. . If the combinatimedsure
value is higher or equal to the highesiieasure of the inddual metrics, it is shown in
bold and underlined for each keywardmber If it is also the highest value in the column,
then it is also shown in red. While if it is higher than the highestieBsure value of the
score and rank combinations, then itsisown in red, bold and double underlined. In
addition if the combination feasure value is lower than the highesh&asure of the
individual metrics but it is higher than the value of the feature selection metrics that

constitute it, then it is shown blue.

In this study, the average of themteasures results is computed doyly averaging
the keyword numbers from 100 to 2000 while the performance afléssification with

the keywords less than 100 is very low.

In each figure, we also show thest 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 metricthe second best
individual metric ishigh, the second best individual metric is also shown a®lat

straight line in some figures.
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7.1.Homogenous Dataset

7.1.1. The Classic 3Dataset

7.1.1.1.Property of the Dataset

The Classic3datasetis a well known collection of documents composed 89B
abstracts from 3 disjoint research fields shown in Figure :11,398 CRANFIELD
documents from aeronautical system papers, 1,033 MEDLINE documents from medical

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

# of Document
S
3
T

500 — [ 0
CRANFIELI] MEDLINE CISlI All
Test 427 304 461 1192

= Training 971 729 999 2699

T oa | 13908 1.033 1.460 3801 |

Figure 71. Property of the Classia#ataset

Classic3has been used by many researchéys/[ 8, 44 in text mining and itis
chosen as @&homogenouslatased in our study, where all the classes are nearly equally
well represented in the training sEirst 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 ti@dassic3dataset is that eaatiassis disjoint from
each other clearly, which meaasout 50 percent of the terms occur in only ctessand
the documents that share many common terms belong to thectasse the dataset.
Since the classes are disjoint from each otther Classic3datasetis relatively easy to
classifyamong other datasan 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-edlwn feature selection metrics
usedin the text categorization domaion homogenous datasetClassic3is a good
example ofa homogenous datasefable 71 shows themicro- and macrecaveraged F
measire results for th€lassic3dataset. We compare both the local and global version of
the feature selection metrics on thkassic3dataset to these analyses.

TheClassic3dataset has the highestiteasure resul@mong the datasesince other
datasets consist ofianyclassesvith skewclass distributionsAs we mentioad above the
Classic3 dataset contains sufficient number of documents from threesegdirated
classs. Thus the results dhe micro- and macreaveraged fneasuresre very close to
each other.

When the test documenase classified with all words withouapplyingany feature
selection methadhe classifier achieves the highestro-F andmacreF values 009.4%
This situation can be explained by the fact thiatlasses havenoughtraining documents
and most ofthe terms occur in only one class. This means that almost all terms are
importantin the classificationof the documenta nd | mprove the cl assi
individually. This fact also explains whthe classifier achieves better performance as the
number of keywords increases from 10 to 2000 in homogenous daiasetdill feature

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

Another observation about homogeis datasets ithat the local policy performs
significantly better than the global policy wheime keyword number is low. For our
homogenous dataséllassic3 this range is between 10 to 200 keywords. On the other
hand, when the keyword number is highofe than 20keywords), the global policy
performs better than the local polityhomogenous dataseThis is due to the fact that
corpusbased approach, a single set of keywords is selected for all classes while-in class
based approach, a distirset of keywords is selected for each cldS$. The aim of the
global policy is to find general keywords for alasseson the othehand thdocal policy
tries to find a small but crucial portion of keywords &achclass.For this reasonthe

local policy is more successful witla few number of keywords by selecting more
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important and useful keywords for classificatiofhe dobal policy is not successful
finding keywordsthat carry critical information fomll classesvhen the keyword number
is low althoughthe accuracy increases gradually as the number of keywords inerBase
it can be noted that there is not much difference betwseglobal and local policies in

homogenous dataset

tf-idf (9) 0,701 0,873 0,901 0,937 0,956 0,981 0,988 0,992 0,992|0,994
CHI (9) 0,732 0,848 0,890 0,956 0,956 0,989 0,991 0,992 0,992|0,994
IG (9) 0,702 0,848 0,886 0,956 0,974 0,988 0,991 0,990 0,992 0,994
DF (9) 0,622 0,800 0,833 0,894 0,943 0,970 0,986 0,992 0,992 0,994

Acc2 (9) 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

tf-idf (g) 0,665 0,871 0,898 0,936 0,953 0,980 0,989 0,992 0,992|0,994
CHI (9) 0,709 0,821 0,870 0,956 0,956 0,990 0,991 0,993 0,992|0,994
IG (9) 0,665 0,811 0,863 0,955 0,975 0,988 0,991 0,990 0,992| 0,994
DF (9) 0,623 0,798 0,831 0,893 0,941 0,970 0,987 0,992 0,992| 0,994

Acc2 (9) 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

tf-idf (1) 0,653 0,895 0,939 0,951 0,959 0,960 0,964 0,965 0,971|0,994
CHI () 0,638 0,915 0,947 0,963 0974 0,981 0,987 0,989 0,990/ 0,994
IG (1) 0,735 0,896 0,918 0,958 0,973 0,986 0,989 0,992 0,991| 0,994
DF (I) 0,745 0,865 0,883 0,917 0,949 0,964 0,973 0,973 0,978/ 0,994
Acc2 (I) 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 0963 0,974 0,986 0,991 0,992 0,991

tf-idf (1) 0,720 0,880 0,935 0,950 0,957 0,959 0,964 0,964 0,970|0,994
CHI (1) 0,706 0,908 0,945 0,963 0974 0,981 0,987 0,989 0,990/ 0,994
IG (1) 0,728 0,889 0,912 0,959 0974 0986 0,990 0,992 0,991|0,994
DF (I) 0,720 0,848 0,871 0,908 0,945 0964 0,973 0,973 0,978|0,994
Acc2 (I) 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 0986 0,991 0,992 0,991

Table 71. Micro- and macreaveraged-measures for Classic3 dataset
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In homogenouslatasetgienerallyCHI, IG andAcc2outperform other methods in bathe
global and local policies. In global policgHI achieves the besnicro- and macre
averaged--measure results witithigh number of keywogifrom 100 to 2000 and in local
policy it gets the highest scores wiifew number of keyworslfrom 30 to 200In global
policy A ¢ ¢ péfermance is slightly better tha@HI and IG with a few number of
keywords.In additionto this both in global andn local policy IG issuccessful and has
manyhighest scores with a high number of keywotdgher than 50 keywosdFigure 7.3
shows the eamparison of the average$ F-measures under feature number critethoith

in global and local poliesfor the Classic3 dataset

Althoughdocument classification witall words achieves the highest performaate
99.4%, CHI in global policy achievesa very close performance @9.3% with 1500
keyword. In global policyall the feature selection metrigserform almost similarlyvith
1500 and2000keywords exceplcc2.
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Figure 7.2. Comparison of the averages of micamd macreaveraged fmeasures for
Classic3dataset
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7.1.1.3.Analysis of Score and Rank Combinatios

In the previous section we compared and discussed the results of the fidenaeth

feature selection metrics @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 (9) 0,732 0,848 0,890 0,956 0,956 0,989 0,991 0,992 0,992
IG (9) 0,702 0,848 0,886 0,956 0,974 0,988 0,991 0,990 0,992
DF (9) 0,622 0,800 0,833 0,894 0,943 0,970 0,986 0,992 0,992
Acc2 (9) 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
|V|in0-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 0992
|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
IS| CHI&IG (g) 0,732 0,853 0,890 0,955 0.975 0,989 0991 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&Acc2g) 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
AVERAGI 0,732 0,849 0,903 0,946 0,964 0,985 0,989 0,991 0,992

Micro—FlRank Combination 10 30 50 100 200 500 1000 1500 2000

IR| tf -idf&CHI (g) 0,692 0,844 0,922 0,952 0,972 0,988 0,990 0,991 0,992
IR| tf -idf&IG (g) 0,694 0,844 0,923 0,950 0,969 0,988 0,990 0,991 0,992
IR| tf -idf&DF (g) 0736 0,823 0,871 0,928 0,950 0,977 0,986 0,989 0992
IR| tf -idf&Acc2 (g) 0760 0.879 0916 0,944 0,962 0,985 0991 0,991 0.992
IR| CHI&IG (g) 0,732 0,853 0,890 0,954 0.976 0,989 0991 0,991 0,992
IR] CHI&DF (g) 0,675 0,865 0,909 0,946 0,964 0,986 0,989 0,992 0,992
IR| CHI&ACC2 (g) 0,743 0,844 0,924 00956 0,971 0,988 0,989 0.992 0,993
IR| IG&DF (g) 0,676 0,862 0,915 0,943 0,964 0,987 0991 0,991 0,993
IR| IG&ACC2 (g) 0,743 0,836 0,920 0,950 0,971 0.989 0,989 0.992 0,992
IR| 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
AVERAGI 0,722 0,851 0,907 0,946 0,966 0,986 0,990 0,991 0.9

Table 72. In global policy, micro-averaged fneasuresf the score and rank combinatsfor

Classic3dataset
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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
Macr0F|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) 0745 0,847 0,896 0,941 0,961 0,985 0,989 0,991 0,992
S| CHI&ACC2 (g) 0,709 0,861 0919 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) 0745 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
AVERAGI 0,705 0,836 0,899 0,945 0,963 0,985 0,990 0,992 0,992

MaCf0F|Rank Combination 10 30 50 100 200 500 1000 1500 2000

IR| tf -idf&CHI (g) 0,550 0,801 0.920 0,950 0,971 0,989 0,990 0,991 0,992
IR| tf -idf&IG (g) 0,551 0,801 0,921 0,949 0,968 0,988 0,990 0,991 0.993
IR| tf -idf&DF (g) 0,737 0,821 0,870 0,927 0,949 0,976 0,987 0,990 0,992
IR| tf -idf&Acc2 (g) 0759 0,877 0.915 0,943 0,960 0,985 0992 0,991 0,993
IR] 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
IR| CHIgACC2 (g) 0,693 0,808 0.923 0.956 0,970 0,989 0,989 0,992 0.993
IR| IG&DF (g) 0,540 0,861 0,913 0,942 0,963 0,987 0991 0,992 0,993
IR IG&ACC2 (g) 0,693 0,795 0.918 0,949 0,971 0,989 0,990 0,992 0,992
IR] 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
AVERAGI 0,653 0,830 0,903 0,945 0,965 0,986 0,990 0,991 0,9

Table 73. In global policy, nacro-averaged fmeasures of the score and rank
combinatiors for Classic3 dataset

In this section we evaluate the performancéhefscore and rank combinati®son a
homogenous datas€tassic3 We perform all possible score and raioknbinations of two

feature selection metrics.
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Tables 7.2 and 7.3 showthe micre and macreaveraged Fmeasure resudtof the
combinationsin global policy for theClassic3dataset. In global policy among the 10
possiblecombinations of twdeature selection airics, tf-idf & Acc2, CHI & IG, CHI &
Acc2,lG & DF andIG & Acc2score and rank combinations are more successful than other
combinations based on the highestro- andmacreaveraged fmeasure values for each

keywordnumber

When we look at Tableg.2 and7.3, we can see that rank combination is slightly
moresuccessful than score combinatiortiehomogenous dataset in global policy. For all
keywordnumberdrom 10 to 2000micro- andmacreaveraged fvalues of score and rank
combinatiors are higher than or equal the highest score of the individual method$ie
highest values for each keywondmberare indicated as MAX rows on each table.

Improvement of the fneasure values more distinctive whethe keyword number
is low between 10 and 100he main reason fdhis result is thathe performancesf the
existing metrics are already high with large number of keys/betause of homogeity.
The Classic3dataset contains sufficient number of documents from threesegd#irated

classes.

In global policy Acc2 achieves the best-fReasure results with avienumber of
keywords in the homogenous dataset. When we look at the related tables, we can see that
boththe score andank combinatios of tf-idf & Acc2aremore successful than individual
Acc2.Moreover therank combination off-idf & Acc2is the mostsuccessful onamong
the combinationslG is anothersuccessful method with many highestsess ratewhen
the keyword number is higherthan &HI & IGr ank combi nati onds peil
than individuallG.

In global policy, among the individudature selection metrid& has the highest
average omicro- andmacreaveraged Fneasure value of82%. Only the score and rank
combinations ofcHI & IG achieve this success ratéigure3 shows the averages wiicro-
andmacrceaveraged fmeasuresalues for the Classic3 datasétll has the second highest
average ofmicro- and macreaveraged Fneasure valueof 97.9% and98.0% and many

combinations are better than the performance of the CHI as seen in above figure.
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As mentioned previously ltaoughdocument classification with all words achieves
the highest performance of 99.4%, oflil shows very close performance of 99.3% with
1500 keyword. On the other hand, among the 10 possible score combinations 3
combinations and among the 10 possible @rkbinations 5 combinations succeed 99.3%

accuracy with 2000 keywosd
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Figure 73. In global policy, comparisoaf score and rank combinati®on the Classic3

dataset

When we perform score and rank combinations onQGlessic3dataset in local
policy, score combinations are slightly better than rank combinaa®igen in Tables4
and 7.5. Table7.1 shows enong the individual feature selectiaretrics,|G has the highest
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valuesbetween 500 and 2000 keywords addition to this, among the score and rank
combinations, score combination && & 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 (1) 0,653 0,895 0,939 0,951 0,959 0,960 0,964 0,965 0,971
CHI (1) 0,638 0,915 0,947 0,963 0,974 0,981 0,987 0,989 0,990
IG (1) 0,735 0,896 0,918 0,958 0,973 0,986 0,989 0,992 0,991
DF (1) 0,745 0,865 0,883 0,917 0,949 0,964 0,973 0,973 0,978
Acc2 (1) 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 (I) 0,648 0,907 0,944 0,957 0,965 0,974 0,978 0,982 0,985
IS| tf -idf&IG (1) 0,833 0,908 0,944 0,961 0,973 0,977 0,983 0,987 0,988
|S| tf -idf&DF (I) 0.818 0,880 0,915 0,941 0,955 0,960 0,969 0,969 0,974
IS| tf -idf&Acc2 (1) 0,837 0,910 0,926 0,962 0,973 0,976 0,984 0,987 0,987
S| CHI&IG (1) 0.827 0,907 0,938 0,956 0.977 0,984 0,990 0,991 0,990
S| CHI&DF (I) 0,829 0,893 0,915 0,948 0,970 0,972 0,981 0,985 0,986
S| CHI&ACC2 (1) 0.839 0,899 0,934 0,961 0,973 0,983 0,990 0.992 0.991
S| IG&DF (I) 0,823 0,891 0,920 0,955 0,970 0,978 0,986 0,991 0,990
IS| 1G&ACc2 (1) 0,785 0,899 0,919 0,954 0.974 00986 0,989 0993 0.993
|S| DF&Acc2 (1) 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
AVERAGI 0,804 0,897 0,928 0,954 0,970 0,977 0,984 0,987 0,987

Micro-F | Rank Combination| 19 30 50 100 200 500 1000 1500 2000

IR| tf -idf&CHI (1) 0,647 0,903 0,939 0,950 0,963 0,968 0,969 0,970 0,982
IR| tf -idf&IG (1) 0,645 0,905 0,941 0,954 0,966 0,969 0,969 0,978 0,987
IR| tf -idf&DF (1) 0.823 0,887 0,910 0,938 0,958 0,958 0,966 0,968 0,973
IR| tf -idf&Acc2 (1) 0,837 0,899 0,935 0,949 0,965 0,963 0,973 0,970 0,981
IR| CHI&IG () 0,819 0,907 0,941 0,953 00974 0,984 0991 0,991 0,990
IR| CHI&DF (1) 0.844 0,906 0,937 0,950 0,964 0,969 0,974 0,976 0,983
IR|] CHI&ACC2 (I) 0.823 0,905 0,938 0964 00974 0,982 00991 0,991 0.991
IR| IG&DF (I) 0,842 0,907 0,940 0,950 0,966 0,971 0,975 0,982 0,986
IR| IG&ACC2 (1) 0,784 0,899 0,926 0,953 0,973 0,984 0,990 0,992 0,991
IR| DF&Acc2 (1) 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
AVERAGI 0,788 0,900 0,932 0,950 0,967 0,972 0,977 0,980 0,985

Table 74. In local policy,micro-averaged fneasuresf the score and rank combinatsfor

Classic3dataset
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Macro-F 10 30 50 100 200 500 1000 1500 2000
tf-idf (1) 0,720 0,880 0,935 0,950 0,957 0,959 0,964 0,964 0,970
CHI (I) 0,706 0,908 0,945 0,963 0,974 0,981 0,987 0,989 0,990
IG (1) 0,728 0,889 0,912 0,959 0,974 0,986 0,990 0,992 0,991
DF (I) 0,720 0,848 0,871 0,908 0,945 0,964 0,973 0,973 0,978
Acc2 (1) 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 (1) 0,713 0,896 0,942 0,956 0,965 0,974 0,978 0,982 0,985
S| tf -idf&IG (1) 0,815 0,898 0,942 0,960 0,973 0,978 0,983 0,988 0,988
|S| tf -idf&DF (1) 0796 0,864 0,903 0,937 0954 0,959 0,969 0,968 0,973
S| tf -idf&Acc2 (1) 0,824 0,900 0,917 0962 00973 0,976 0,984 0,988 0,988
|S| CHI&IG (1) 0,813 0,901 0,935 0,956 0977 0,985 00990 0,991 0,990
|S| CHI&DF (I) 0,813 0,885 0,908 0,946 0,969 0,972 0,981 0,984 0,986
|S| CHI&ACcc2 (1) 0,825 0,893 0,929 0961 0973 0,984 0,990 00992 0991
IS| IG&DF (I) 0,808 0,884 00914 0,955 0,970 0,979 0,986 0,991 0,991
IS| 1IG&Ace2 (1) 0769 0,890 0,917 0,953 0975 00987 0,990 0994 0.993
|S| DF&Acc2(l) 0781 0870 0,919 0942 00972 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
AVERAGI 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 (1) 0,712 0,894 0,936 0,948 0,963 0,968 0,968 0,969 0,981
IR| tf -idf&IG (1) 0,710 0,897 0,938 0,952 0,965 0,970 0,968 0,976 0,987
IR| tf -idf&DF (1) 0,806 0,878 0,899 0,935 0,957 0,957 0,965 0,967 0,972
|R| tf -idf&Acc2 (1) 0,824 0,890 0,932 0,947 0,965 0,962 0,972 0,969 0,981
|R| CHI&IG (1) 0,806 0,901 0,938 0,952 0,974 0,985 0,991 0,991 0,990
|R|] CHI&DF (1) 0.837 0,896 0,935 0,949 0,963 0,969 0,974 0,977 0,982
IR| CHI&Acc2 (1) 0.806 0,899 0,933 0964 0974 0,982 0991 0,991 0991
IR| IG&DF (1) 0,835 0,897 0,938 0,948 0,966 0,970 0,976 0,982 0,985
IR| 1G&Acc2 (1) 0,766 0,891 0,924 0,953 0,974 0,984 0,990 0992 0,991
|R| DF&Acc2 (1) 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
AVERAGI 0,791 0,891 0,927 0,949 0,967 0,971 0,977 0,979 0,984

Table 75. In local policy,macrcaveraged fneasuresf the £ore andankcombinatiors

for Classic3dataset

In Table7.5, we sedhatthe macreaveraged Fmeasure results dG & Acc2score
combinationfor 500, 1500 and 2000 keyworatslocal policy lavethe best results (98.7%,
99.4% and 99.3% respectivelyhs we analyzed previouslydocument classification

without any featureselectionachieves the highest performamfe99.4%and neither the
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existing metrics nor the score and rank combinatiorgdobal pdicy improved this result
and thenearestvalue to this result among all methods is 99i8%he Classic3datasetIn
the @ase of local policylG & Acc2score combinatiocan reach at 99.4%hacrecaveraged

F-measure with 1500 keywasd

In global policytf-idf & Acc2, CHI & IG, CHI & Acc2,lG & DF andIG & Acc2
combinationswere more successful than otheirs homogenous dataset®n the other
hand,CHI & IG, CHI & Acc2 andIG & Acc2 combinationshavethe best Fmeasure
valuesin local policy Rank combination of CHI & IG in global policy and score
combination oG & Acc2in local policy with large numberf &keywords betweer200and
2000 are notably better tharthe existing metricsin homogenous datasetdloreover the
rank combination oftf-idf & Acc2 in global policy improves the performance thie
existing metrics with a few number of keywords.

As wementioned, ie performancgap between the existing metrics dahdscore or
rank combinations enlarges as the number of keywords decreases on homogenous datasets.
In global policy, amongdhe existing metrics Acc2 can achieve at most ¥@réicro- and
70.9% macrcaveraged Fmeasures with 10 keywords whereas rank combinati@Fo&
Acc2reaches’6.4% micro and macreaveraged Fneasures. Andh local policy, among
the existing metrics agaiAcc2can only achieve 78.7%icro- and 76.1%macrcaveraged
F-measure while rank combination of CHI &F reaches84.4% micro- and 83.7%
macreaveraged Fneasures with 10 keywordBeside this result, another apparent result
is that theF-measure valuigewith 10 keywordsareimproved byalmost allscore and rank

combinations

In local policy, among the individual feature selection meth@gshas the highest
average ofmicro- andmacreaveraged fmeasure value of82% Only CHI & Acc2and
IG & Acc2 combinations reach this accuragygure4 shows the averages oficro- and
macroeaveraged fmeasure values for the Classic3 dataset.

Score and rank combinations improve the accuracy in both policies. When we look at
Tables7.4 and75, we sedhat score combination is slightly more successful than rank

combination in homogenoudataset in local policy whereas the performance of rank
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combination is better than score combination in global policy as we observed in7kable
and 3. This is an important resus a result rank combination outperforms score
combination in case of gbal policy and rank combination is outperformed by score
combination in case of local policy on homogenous datasets. In Fgueesee that score

combinationsn local policy is the best method for classification on homogenous dataset
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Figure 74. In local policy, comparison of score and rank combinationtheglassic3

dataset

In addition, one othe striking resultan these experiments the similar behavior of

the two combinations both in global and local policiétsshould be noted thaf any

feature selection pair is successful by combining their scorés,aillso successful by

combining heir ranks.
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Average Microfneasure

TF&| TF&| TF& | TF& | CHI&| CHI&| CHI&| IG& | IG& | DF &
CHI IG DF | Acc2| IG DF | Acc2| DF | Acc2| Acc2

------ Score Com. (QP: 0,979| 0,978 | 0,972 | 0,977| 0,982 | 0,976 | 0,981 | 0,976 | 0,981| 0,976
—o— Rank Com. (dJ 0,981 0,980| 0,970 | 0,977 0,982| 0,978 | 0,981 | 0,978 | 0,981| 0,975

Score Com. (I} 0,973 | 0,978 | 0,961 | 0,978 | 0,981 | 0,973 | 0,982 | 0,979 | 0,982 | 0,977
—&— Rank Com. (] 0,967 | 0,971 | 0,960 | 0,967 | 0,981 | 0,969 | 0,982 | 0,972 | 0,981 | 0,969

Average Macro#measure
o
©
(2]
[eoe]
N

TF& | TF& | TF&| TF& | CHI&| CHI&| CHI&| IG& | IG& | DF &
CHI IG DF | Acc2 IG DF | Acc2 DF | Acc2 | Acc2

---4-- Score Com. (q;: 0,979| 0,978| 0,972 | 0,977| 0,982 0,977 | 0,981 | 0,976| 0,981| 0,976
—o— Rank Com. (d} 0,981 0,980| 0,970 | 0,977| 0,982| 0,978 | 0,981 | 0,978 | 0,980| 0,975

Score Com. (I} 0,973 | 0,978 | 0,960 | 0,978| 0,981 | 0,973 | 0,982| 0,979 | 0,982 | 0,976
—&— Rank Com. (] 0,966 | 0,970 | 0,959 | 0,966 | 0,981 | 0,969 | 0,982 | 0,971| 0,981 | 0,969

Figure 75: Comparisorof score and rank combinati®sm global and local policy on the

Classic3dataset

7.1.1.4 Analysis of theProposed Combinations

The success of the combinations motivated us to progdferent combination
methods in order to improve the performance of the classifier. In this section we analyze
our seven proposed combinatimethod for theClassic3datasetin Figure 7.6 and 7.5 we

can see the average of thenéasure values of the cbmation methods in global policy.
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m|S| ®m|R| =|Cl| ®|C2| ®|C3| ®|C4| =|C5| m|C6| =|CT7|

0,990
0,988
0,986
0,984
0,982
0,980 -
0,978 -
0,976 -
0,974
0,972
0,970 -
0,968 -
0,966 -
0,964 -
0,962 -
0,960 -
0,958 -
0,956 -
0,954 -
0,952 -

0950 7 TF&CHI CHI&Acc? IG&Acc2| DF&Acc2
=S| 0.979 0,981 0,982 0,976
u|R| 0,981 0,982 0,981 0,975
m|C1|| 0,981 0,981 0,981 0,975
miC2]| 0976 0,980 0,980 0,975
m|C3|| 0,980 0,981 0,981 0,975
= [C4] 0.979 0,981 0,980 0,974
=|C5] | 0,981 0,981 0,980 0,975
=1C6l | 0.9081 0,981 0,981 0,975
IC7]| 0,981 0,981 0,981 0,975

Figure 76. In global policy, averages of the mieaweraged fmeasures of all combinatiofsr
Classic3dataset

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 76. In global policy, maximum micraveraged Fmeasures of all combinations for Classic3
dataset

We begin with theexperiments in global policy and then we analyze these
combinations in the case of local poli@ne of themain observationss thatthe successes
of the proposed combinations are very close to each athire homogenous datagbtis
it is hard to say Wich one outperformtheothers.
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m|S| ®m|R| =|Cl| ®|C2| ®|C3| ®|C4| =|C5| m|C6| =|CT7|

SOOO0000O0000CO000OCOO0000
(OO OOOO(OOODDODDDOOOOOOOOOOO©O
DA DNOI0IUITITIO O ~I~I~I~I~I0000000000©O
ONROOONI AR NCOON RO NAOYONROI0O

TF&CHI

CHI&Acc? IG&Acc2| DF&Acc2
u|S| 0,979 0,981 | 0976 | 0,981 | 0,976
=|R| 0,981 0,981 0,978 0,980 0,975
m|C1|| 0,981 0,982 | 0,978 | 0981 | 0,975
m|C2| | 0,976 0,980 | 0,975 | 0,980 | 0,975
m|C3| | 0,980 0,981 | 0,977 | 0981 | 0,975
m|C4]| 0,979 0,981 0,977 0,980 0,974
m|C5] | 0,980 0,981 | 0,978 | 0,980 | 0,975
m|C6| | 0,981 0,981 0,977 0,981 0,975
IC7I| 0,981 0,981 | 0978 | 0981 | 0,975

Figure 77. In global policy, averages of the ma@aweraged fmeasures of all
combinationdor Classic3dataset

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
NewMethod 30,764 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 77. In global policy, maximum macraveraged fneasures of all combinations for

Classic3dataset

Tables 7.8 and 7.9 show themicro- and macreaveraged fmeasures, respectively,
for all the proposed methodsr the Classic3datasetBefore comparinghe performance of
eachproposed methodwe determine which combinations are the best.aBpf 10
possible 2combinations, it seesthattf-idf & CHI, tf-idf & Acc2, CHI & IG, CHI & Acc2
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and|IG & Acc2 2-combinations are more successful thleother combinationsDuring
the test phase, we obtain the best results from these combinations imibath and

macreaveraged fneasure othehomogenous dataset.

In the previous section, we concluded that using rank combination for feature
selection is the best method for classificationthe case of global policy. mong the
proposed method<C2 improves the performance of the rank conalion with a high
number of keyword. As we knew that among the individual metrics thepbefstmances
(99.2% micre and 99.3% macraveraged Fmeasure)were achievedCHI with 1500
keywords. This performance was improved by several score and rank coomsinaith
99.3% and 99.3% Furthermore that performang®9.3% micre and 99.4% macro
averaged Fmeasure)s also improved by £ of tf-idf & CHI with 2000 keywordsC3, C5
and C7 are alsoslightly better tharthe score andank combinatiosin generalwhen we

compare their highest values and average wiegasures.

In addition to this, when we compare thenéasure values with a large number of
keywords, the performance of egamtoposed method is almotte same.The siccess of
classification with a f@ number of keywords is slightly different from each others.
Therefore, this criterion helps us to determine which methods are more successtu than
others. But we need to see the behavior of each combination on the other datasets in order

to indicatethe best one.
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Table 78. Micro F-measure results of the proposed combinations in global poli€§ldssic3dataset

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 (9) 0,702 0,848 0,886 0,956 0,974 0,988 0,991 0,990 0,992
DF () 0,622 0,800 0,833 0,894 0,943 0,970 0,986 0,992 0,992
Acc2 () 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

MAX
AVERAG| 0,732 0,849 0,903 0946 0,964 0,985 0,989 0,991 0,992

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

|C1] tf -idf&CHI (g) 0,721 0,844 00928 0,952 0,972 0989 0,989 0,991 0.992
|C1] tf -idf&IG (g) 0,699 0,837 00925 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 0992
|C1]| tf -idf&Acc2 (g) 0,760 0,875 0917 0,945 0,962 0,984 0990 0,991 0992
|C1| CHI&IG (g) 0,732 0,853 0,890 0,955 0,976 0.989 0991 0,991 0,991
|C1| CHI&DF (g) 0,763 0,866 0,909 0,946 0,967 0,985 0,989 00992 0992
|C1| CHI&AcC2 (Q) 0,732 0,840 0919 0,955 0,972 0,988 0,989 00992 0992
|C1| IG&DF (g) 0,658 0,868 0,912 0,944 0,964 0,985 0,990 0,991 0992
|C1| IG&Acc2 (g) 0,702 0,840 0922 0,950 0,971 0,988 0,990 00992 0992
|C1| DF&Acc2 (g) 0.764 0,859 0,879 0,937 0,960 0,982 0,989 0,989 0,992

8
MAX 0,764 0,875 0,928 0,955 0976 0,989 0,991 0,992 0,992
AVERAGI 0,725 0,849 0,907 0,945 0,966 0,985 0,989 0,991 0,992

|C2| tf -idf&CHI (g) 0759 0.878 0916 0,940 0,959 0,985 0,989 0,991 0.993
|C2| tf-idf&IG (g) 0,699 0.878 0916 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 0875 0,909 0,944 0,961 0,984 0,989 0,991 0,992
|C2| CHI&IG (g) 0732 0,853 0,890 0,955 0,974 00989 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&Acc? () 0732 0,870 0922 0,951 0,968 0989 0,989 0992 0,992
|C2| IG&DF (g) 0,723 0,841 0,897 0,935 0,958 0,981 0991 0,991 0,992
|C2| 1IG&AcC2 (g) 0,702 0876 0921 0,949 0,971 0987 0,990 0992 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 0989 0991 0,992 0,993
AVERAGI 0,728 0,857 0,900 0,942 0,962 0,984 0,989 0,991 0,992

|C3| tf-idf&CHI (g) 0,694 0,844 0922 0,951 0,969 00988 0,990 0992 0,992
|C3| tf-idf&IG (g) 0,693 0,843 0923 0,951 0,969 0989 0991 0,990 0,992
|C3| tf -idf&DF (g) 0736 0,822 0,872 0,925 0,950 0,977 0,986 0,989 0,992
|C3| tf -idf&Acc2 (g) 0760 0882 0916 00944 0,963 0,985 0991 0,991 0,992
|C3| CHI&IG (g) 0,732 0,853 0,890 0,954 0976 0989 0991 0,991 0,992
|C3| CHI&DF (g) 0,675 0,861 0,910 0,946 0,963 00986 0,989 0992 0,992
|C3| CHI&Acc? (g) 0,732 0,844 0924 0956 0,971 0,987 0,989 0992 0.993
|C3| IG&DF (g) 0,676 0,862 0,914 0,940 0,962 00988 0,991 0,991 0,992
|C3| IG&ACC2 (g) 0,732 0,836 0920 0,950 0,971 00989 0,989 0992 0,992
|C3| DF&Acc2 (g) 0,764 0,853 0,876 0,938 0,960 0,983 0,988 0,990 0,992

8
MAX 0,764 0,882 0,924 0,956 0976 0,989 0,991 0,992 0,993
AVERAGI 0,719 0,850 0,907 0,946 0,965 0,986 0,990 0,991 0,992
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|C4| tf -idf&CHI (g) 0,699 0,844 0920 0,949 0,968 0,985 0,989 0992 0.992
|C4| tf -idf&IG (g) 0,699 0,837 00924 0,947 0,965 0,983 0,989 0992 0.992
|C4| tf -idf&DF (g) 0736 0,823 0,871 0,927 0,954 0,977 0,987 0,991 0,991
|C4| tf -idf&Acc2 (g) 0760 0.891 0917 0,944 0,960 0,984 0,989 0,991 0.992
|C4| CHI&IG () 0,732 0,853 0,890 0,954 0976 00989 0991 0991 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&Acc? (g) 0,732 0,840 0919 0,953 0,972 00989 0,989 0992 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 0922 0,951 0,971 0,987 0,989 0992 0.992
|C4| DF&AcC2 (g) 0.764 0,856 0,880 0,936 0,959 0,981 0,989 0,989 0992
MAX 0764 0891 00924 0,954 0976 00989 0991 00992 0,992

AVERAGI 0,720 0,851 0,906 0,944 0965 0,984 0,989 0,991 0,992

H

|C5] tf -idf&CHI (g) 0,694 0,844 0930 0,950 0,969 00990 0,990 0992 0,992
|C5| tf -idf&IG (g) 0,684 0,844 0925 0,948 0,968 00989 0,989 0,991 0,992
|C5| tf -idf&DF (g) 0736 0,822 0,873 0,925 0,950 0,977 0,986 0,990 0.992
|C5] tf -idf&Acc? () 0760 0.891 0916 0,944 0,961 00985 0,990 0,991 0,992
|C5| CHI&IG (g) 0,732 0,853 0,890 0,954 0976 00989 0,991 0,991 0,992
|C5| CHI&DF (g) 0,676 0,865 0911 0,946 0,969 0,984 0,990 0992 0.992
|C5| CHI&Acc2 (g) 0,732 0,844 0919 0,955 0,971 0,987 0,989 0992 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&ACC?2 (g) 0,732 0,836 0922 0,950 0,971 0,988 0,989 0992 0.992
|C5| DF&Acc2 (g) 0.764 0,854 0,882 0,936 0,960 0,983 0,989 0,989 0992
MAX 0764 0891 00930 0,955 0976 00990 0991 00992 0,992

AVERAGI 0,719 0,851 0,908 0,945 0,966 0,986 0,989 0,991 0,992

|C6| tf -idf&CHI (g) 0,699 0,844 0922 0,950 0,973 0,988 0,990 0992 0,992
|C6| tf -idf&IG (g) 0,699 0,837 00923 0,946 0,972 00988 0,989 0,991 0,992
|C6| tf -idf&DF (g) 0736 0,823 0,873 0,922 0,950 0,973 0,988 0,991 0,992
|C8| tf -idf&Acc? () 0760 0.891 0917 0,943 00962 0,984 0,990 0,991 0,992
|C6| CHI&IG (g) 0,732 0,853 0,890 0,954 0,976 00989 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&Acc? (g) 0,732 0,840 0919 0,955 0,971 0,988 0,989 0992 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&ACC? (g) 0,732 0,836 0922 0,950 0,971 0989 0,990 0992 0,992
|C6| DF&ACC2 (g) 0.764 0,846 0,880 0,936 0,960 0984 0,989 0,989 0.993
MAX 0764 0891 0923 0955 0976 00989 0991 0992 0,993

AVERAGI 0,720 0,850 0,907 0,944 0967 0,985 0,990 0,991 0,992

|C7] tf -idf&CHI (g) 0,694 0,844 00930 0,952 0,973 0,987 0,990 0,991 0,992
|C7| tf -idf&IG (g) 0,699 0844 0924 0,947 00971 0989 0,990 0,991 0,992
|C7] tf -idf&DF (g) 0736 0,822 0,873 0,921 0,950 0,974 0,987 0,991 0,992
|C7| tf -idf&Acc2 (g) 0760 0.891 0916 0,943 0,962 0,983 0992 00991 0,992
|C7| CHI&IG (g) 0,732 0,853 0,890 0,954 0,976 0989 0991 0992 0,992
|C7| CHI&DF (g) 0,676 0,865 0913 0,948 0,964 00986 0,990 0,991 0,992
|C7| CHI&Acc? () 0,732 0,844 0919 0,955 0,971 0987 0,939 0992 0,992
|C7| IG&DF (g) 0,676 0,859 0915 0,943 0,964 0,986 0991 0,990 0.993
|C7| 1IG&Acc2 (g) 0,732 0,836 0922 0,950 0,972 0989 0,989 0992 0,992
|C7| DF&Acc2 () 0.764 0,854 0,882 0,938 0,960 0,983 0,990 0,990 0,992

AVERAGI 0,720 0,851 0,908 0,945 0,966 0,985 0,990 0,991 0,992
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Table 79. Macro Fmeasure results of the proposed combinations in global policjldssic3dataset

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 (9) 0,665 0,811 0,863 0,955 0,975 0,988 0,991 0,990 0,992
DF () 0,623 0,798 0,831 0,893 0,941 0,970 0,987 0,992 0,992
Acc2 () 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

MAX
AVERAG| 0,705

0,992

0,992

MAX]| 0,764
AVERAG|

0,992

0,993

|C1] tf -idf&CHI (g) 0,551 0,801 00926 0951 0,972 0,989 0,990 0,991 0,992
|C1] tf -idf&IG (g) 0,556 0,795 0923 0,945 0,969 0,989 0,990 0,991 0.993
|C1] tf -idf&DF (g) 0724 0811 0,872 0,919 0,949 0,973 0,988 0,991 0992
|C1] tf -idf&Acc? () 0759 0.873 0915 0944 0,960 0,985 0,990 0,991 0,992
|C1| CHI&IG (g) 0709 0825 0870 0954 0976 0,990 0,991 0,991 0,991
|C1| CHI&DF (g) 0762 0,865 0,907 0945 0,967 0,986 0,989 0,992 0,992
|C1| CHI&Acc2 (g) 0.709 0,805 00915 0,955 0,972 0,988 0,989 0,992 0,992
|C1| IG&DF (g) 0,527 0,866 0,910 0944 0,963 0,985 0,991 0,991 0,992
|C1| IG&AcC2 (g) 0,665 0,798 0920 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 0764 0,873 00926 0,955 0976 00990 0,991 0,992 0,993

AVERAG| 0,673 0,830 0,904 0,944 0,966 0,986 0,990 0,991 0,992

|C2] tf -idf&CHI (g) 0710 0873 0914 0940 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) 0724 0822 0877 0,926 0955 0,978 0,990 0,991 0992
|C2] tf-idf&Acc? () 0.759 0.873 0,907 0,943 0,960 0,984 0,990 0,992 0,992
|C2| CHI&IG (g) 0709 0825 0,870 0954 0,975 0,990 0,990 0,991 0,992
|C2| CHI&DF (g) 0725 0,836 0,874 0,938 0,960 0,981 0,991 0,991 0.992
|C2| CHI&Acc? (g) 0709 0,861 00921 0950 0,968 0.990 0,989 0,993 0,992
|C2| IG&DF (g) 0725 0,839 0,896 0,935 0,958 0,981 0.991 0,991 0.993
|C2| IG&ACC2 (g) 0,665 0871 0920 0,948 0,970 0,987 0,990 0993 0,992
|C2| DF&Acc2 (g) 0725 0,834 0,879 0,936 0,960 0,981 0990 0,991 0,994
MAX 0,759 0,873 0921 0,954 0975 00990 0,991 0993 0,994

AVERAGI 0,701 0,851 0,897 0,941 0962 0,984 0,990 0,992 0,992

|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 0921 0949 0,968 0,990 0,991 0,991 0,992
|C3| tf -idf&DF (g) 0737 0821 0,870 0,924 0,949 0,976 0,987 0,990 0,992
|C3| tf -idf&Acc? (g) 0759 0.879 0914 0,943 0962 0985 0992 0,991 0,993
|C3| CHI&IG (g) 0709 0,825 0,870 0,954 0976 0,989 0991 0991 0992
|C3| CHI&DF (g) 0,538 0,860 0,908 0,945 0,962 0,987 0,990 0,992 0,992
|C3| CHI&Acc? (g) 0,709 0,808 0.923 00956 0,970 0,988 0,989 0,992 0.993
|C3| IG&DF (g) 0,540 0,861 0913 0,939 0,961 0,988 0,991 0,992 0,993
|C3| 1IG&AcC2 (g) 0,709 0,795 0918 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 0764 0879 0,923 00956 0976 0,990 00992 0,992 0,993

AVERAGI 0,657 0,830 0,903 0,944 0965 0,986 0,990 0,991 0,992
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|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 00923 0,945 0,964 0,984 0,990 0,992 0.993
|C4] tf -idf&DF (g) 0737 0,821 0,870 0,926 0,952 0,977 0,988 0,991 0,991
|C4| tf -idf&Acc2 (g) 0759 0.889 0915 0,943 0,959 0,984 0,990 0,991 0,992
|C4| CHI&IG (g) 0,709 0,825 0,870 0,954 0976 0,989 0991 0991 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&Acc? (g) 0709 0,805 0915 0,953 0,972 0990 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) 0709 0,795 0920 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 0992
MAX 0764 0889 0923 0,954 0976 00990 0,991 0,992 0,993

AVERAGI 0,657 0,831 0,902 0,943 0,965 0,985 0,990 0,991 0,992

ﬁ

|C5] tf -idf&CHI (g) 0,551 0,801 0928 0,948 0,969 00990 0,990 0,992 0.993
|C5| tf -idf&IG (g) 0543 0,801 0923 0,946 0968 0990 0,989 0,991 0,993
|C5] tf -idf&DF (g) 0737 0,821 0,871 0,924 0,948 0976 0,986 0,991 0,992
|C5| tf -idf&Acc? () 0759 0889 0914 0,943 0,959 0,986 0,990 0,991 0,993
|C5| CHI&IG (g) 0,709 0,825 0,870 0,954 0976 0,989 0,991 0991 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) 0709 0,808 00915 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 00987 0,990 0,991 0.993
|C5| IG&ACC?2 (g) 0709 0,795 0920 0,949 0,971 00989 0,989 0993 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 0764 0889 00928 0,955 0976 00990 0,991 00993 0,993

AVERAGI 0,656 0,831 0,904 0,944 0,965 0,986 0,990 0,991 0,992

|C6| tf -idf&CHI (g) 0,556 0,801 0920 0,948 0,973 0,989 0,990 0,992 0,993
|C6| tf -idf&IG (g) 0,556 0,795 0922 0,944 0971 0,989 0,989 0,991 0.993
|C6| tf -idf&DF (g) 0737 0821 0,872 0,920 0,949 0,972 0,988 0,991 0,992
|C8| tf -idf&Acc? () 0759 0889 0915 0,941 0,960 0,984 0,991 0,991 0,992
|C6| CHI&IG (g) 0709 0825 0,870 0954 0976 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&Acc? (g) 0,709 0,805 0915 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&ACC? (g) 0709 0,795 0920 0,949 0,971 00989 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 0764 0889 0922 0955 0976 00990 0,991 0,992 0,993

AVERAGI 0,657 0,830 0,904 0,943 0,966 0,986 0,990 0,991 0,992

|C7] tf -idf&CHI (g) 0551 0,801 0928 0,950 0,973 0,988 0,990 0,991 0,992
|C7| tf-idf&IG (g) 0,556 0,801 0923 0,945 0,970 0,989 0,990 0,991 0.993
|C7] tf -idf&DF (g) 0737 0,821 0,871 0,920 0,949 0,973 0,988 0,991 0,992
|C7| tf -idf&Acc? (g) 0759 0.889 0914 0,942 0,960 0,983 0992 0,991 0.993
|C7| CHI&IG () 0709 0,825 0,870 0,954 0976 0,989 0991 0992 0992
|C7| CHI&DF (g) 0,540 0,863 00911 0,947 0,964 00987 0,990 0,992 0,992
|C7| CHI&Acc2 (g) 0,709 0,808 00915 0,955 0,971 0,988 0,989 0,992 0.993
|C7| IG&DF (g) 0,540 0,858 0913 0,942 0,963 0,986 0992 0,991 0.993
|C7| IG&AcC2 (g) 0709 0,795 0920 0,949 0,971 0989 0,989 0993 0,992
|C7| DF&Acc2 (g) 0.764 0,852 0,881 0,938 0,959 0,983 0,991 0,990 0,992

AVERAGI

0,657 0,831 0,905 0,944 0,966 0,986 0,990 0,991 0,992
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When wecomparedscore and rank combinations Classic3dataset in local poligy
we stated that the score combination improves the performance of the individual metrics
andoutperforns the rank combinationf two features selection metrics. Wn evaluating
the performance ahe proposed methodae see that none of the proposed combination

outperforms the success of the score combination.

m|S| ®m|R| =|Cl| ®|C2| =|C3| m|C4| =|C5| =|C6| =|C7|

OOOO00000000O00000000
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TF&CHI TF&Acc2
0,973 0,978 0,961 0,978 0,981 0,973 0,982 0,979 0,982 0,977
u|R| 0,967 0,971 0,960 0,967 0,981 0,969 0,982 0,972 0,981 0,969

u
12}

u|C1l]| 0,967 0,969 0,961 0,968 0,980 0,969 0,982 0,970 0,981 0,969
m|C2[| 0,974 0,979 0,961 0,979 0,981 0,974 0,981 0,978 0,982 0,978
m|C3|| 0,967 0,970 0,961 0,967 0,981 0,969 0,982 0,971 0,981 0,969
m|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
m|C6| | 0,968 0,969 0,961 0,968 0,980 0,969 0,982 0,970 0,981 0,969

IC7]| 0,966 0,968 0,960 0,966 0,980 0,969 0,982 0,970 0,981 0,969

Figure 78. In local policy, averages of the mieaveraged fneasures of all combinations

for Classic3dataset

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
CombinationC1| = 0.837 0,909 0.943 0965 0.975 0,984 0,990 0.992 0.992
CombinationC2| = 0,835 0,907 0,939 0,961 0.975 0.990 0,990 0,993 0,992
CombinationC3| = 0.844 0,908 0942 00964 0,974 0,984 0,991 0,992 0991
CombinationC4| = 0.844 0,914 00942 0,963 0,975 0.985 0,990 0,993 0,992
CombinationC5| = 0.844 0,914 00943 00964 0974 0,984 0,991 0,992 0,992
CombinationC6| | 0.844 0,915 0.943| 0964 0.974| 0,984| 0,991 0.992| 0,992
CombinationC7| | 0.844 0916 0942 0.964 0,975 0.985 0,990 0.992| 0,992

Table 710. In local policy, maximum micr@veraged Fmeasures of all combinations for

Classic3dataset
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m|S| ®m|R| =|Cl| ®|C2| ®|C3| ®|C4| =|C5| m|C6| =|CT7|

SOOO0000O0000CO000OCOO0000
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TF&CHI CHI&Acc? IG&Acc2| DF&Acc2

u|S| 0,973 0,982 | 0,979 | 0,982 | 0,976
=|R| 0,966 0,982 0,971 0,981 0,969
m|C1|| 0,967 0,982 | 0,970 | 0,981 | 0,969
m|C2|| 0,974 0,982 | 0,977 | 0982 | 0,978
m|C3|| 0,966 0,982 | 0,971 | 0981 | 0,969
m|C4]| 0,973 0,982 0,978 0,981 0,974
m|C5] | 0,968 0,982 | 0974 | 0981 | 0,971
m|C6| | 0,967 0,982 0,970 0,981 0,969

IC7I| 0,965 0,982 | 0,970 | 0,981 | 0,968

Figure 79. In local policy, averages of the maeweraged fmeasures of all

combinationdor Classic3dataset

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
CombinationC1| = 0.824 0,903 0,940 0.965 0.975 0.985 0,990 0.993 0.993
CombinationC2| = 0,816 0,898 0,935 0,960 0.975 0.990 0,990 0,993 0,992
CombinationC3| = 0.837 0,903 0,939 0.964 0.975 0,985 0,991 00992 0,991
CombinationC4| = 0.837 0,909 0,940 0,963 0.975 0.985 0,990 0,993 0,992
Combination|C5| | 0,837 0,909 00941 0.964 0.974| 0.985| 0,991 0,993/ 0,993
Combination|C6| | 0.837 0910 0.941| 0.964 0.974| 0.985| 0,991 0.993 0,992
CombinationC7| | 0.837 0911 0,939 0.964 0,975 0.985 0,990 0.993 0,992

Table 711. In local policy, maximum macraveraged Fneasures of all combinations for

Classic3dataset

Tables 7.12 and 7.13 show themicro- and macrocaveraged fmeasure results,
respectively, for all seven proposed combination methods in local policy f@lalssi®
dataset.
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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 combinati@isl are

& IG, CHI & Acc2andIG & Acc2

Although none of the proposed combinatioutperforms the success of the score
combination in general, 52 Cs and & 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 highber of keyword.
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Table 712. Micro F-measure results of the proposed combinations in local polic§léasic3dataset

tf-idf (1) 0,653 0,895 0,939 0,951 0,959 0,960 0,964 0,965 0,971
CHI (1) 0,638 0,915 0,947 0,963 0,974 0,981 0,987 0,989 0,990
IG () 0,735 0,896 0,918 0,958 0,973 0,986 0,989 0,992 0,991
DF (1) 0,745 0,865 0,883 0,917 0,949 0,964 0,973 0,973 0,978
Acc?2 (1) 0,787 0,880 0,926 0,958 0,972 0,985 0,991 0,991 0,991

MAX
AVERAG

0,787

0,804

0,915

0,897

0,947

0,928

0,963

0,954

0,974

0,970

0,986

0,977

0,991

0,984

0,992

0,987

0,991

0,987

MAX
AVERAG

0,844

0,907

0,941

0,964

0,974

0,984

0,991

0,992

0,991

|C1] tf -idf&CHI (1) 0,648 0,903 0,940 0,952 0,967 0,968 0,971 0,970 0,978
|C1] tf -idf&IG (1) 0,652 0,901 0,943 0,954 0,967 0970 0,972 0,973 0,979
|C1] tf -idf&DF () 0,827 0,888 0,915 0,938 0955 00960 00969 0,969 0,973
|C1] tf -idf&Acc2 (1) 0.837 0,903 0,933 0,952 0,963 0,968 0,973 0,977 0,977
|C1| CHI&IG (I) 0,832 0,906 0,942 0,954 00974 0,984 0,988 0,991 0,990
|C1| CHI&DF (1) 0.832 0,909 0,938 0,951 0,968 0,969 0,977 0,974 0,976
|C1| CHI&Acc2 (1) 0,828 0,909 0942 0965 0975 0,981 0,990 0,991 0992
|C1| IG&DF (1) 0.834 0,901 0,929 0,953 0,966 0,972 0,974 0,976 0,979
|C1] IG&Acc2 (1) 0,785 0,900 0,919 0,954 0,973 0,984 0,989 00992 0,992
|C1| DF&Acc?2 (I) 0817 0,877 0910 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

AVERAGI 0,789 0,900 0,931 0,952 0,967 0,973 0,978 0,979 0,981

|C2] tf -idf&CHI (1) 0,645 0,906 0,939 00957 0,967 0974 0,980 0,983 0,984
|C2| tf -idf&IG (1) 0.833 0,907 0,933 0,961 0,974 0980 0,986 0,988 0,988
|C2| tf-idf&DF () 0.809 0,877 0,911 0,940 0,954 0,959 0,969 0,968 0,975
|C2| tf -idf&Acc2 (1) 0.835 0,893 0,935 0,958 0,973 0,978 0,986 0,988 0,989
|C2| CHI&IG (I) 0.807 0,904 0,934 0,958 0975 0984 0,990 00991 0,991
|C2| CHI&DF (1) 0,810 0,884 0,907 0,946 0,967 0,973 0,982 00988 0,988
|C2| CHI&Acc2 (1) 0,824 0,899 0,935 0,960 00974 0,982 0,990 0,992 0991
|C2| IG&DF (1) 0.798 0,887 0,920 0,950 0,967 0,981 0,986 0,991 0,990
|C2] IG&Acc2 (1) 0,785 0,896 0,920 0,955 00974 0990 0,990 00993 0,992
|C2| DF&Acc2 () 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 0990 0,990 0993 0,992

AVERAGI 0,792 0,893 0,926 0,953 0,969 0,978 0,985 0,987 0,988

|C3| tf-idf&CHI (1) 0,647 0,908 0,939 0,950 0,963 0,968 0,969 0,970 0,982
|C3| tf-idf&IG (1) 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 (1) 0.837 0,899 0,935 0,950 0,965 0,962 0,973 0,970 0,981
|C3| CHI&IG (1) 0.822 0,905 0941 0,953 00974 0,984 0991 00991 0,990
|C3| CHI&DF (1) 0.842 0,907 0,937 0,950 0,965 0,969 0,974 0,976 0,983
|C3| CHI&Acc2 (1) 0.834 0907 0940 0964 0,973 0,982 0991 0,991 0,991
|C3| IG&DF (1) 0.844 0,905 0,940 0,949 0,965 0,971 0,975 0,983 0,986
|C3| IG&Acc2 (1) 0,785 0,899 0,925 0,953 00974 0,984 0,990 0992 0,991
|C3| DF&Acc?2 () 0.816 0,883 0,909 0,944 0,966 0,967 0,978 0,977 0,982
MAX 0844 0,908 0,942 0964 0,974 0,984 0991 0,992 0,991

AVERAGI 0,789 0,900 0,932 0,951 0,967 0,972 0,978 0,980 0,984



56

|C4| tf -idf&CHI (1) 0,648 0,902 0,939 0,955 0,967 0,972 0,980 0,981 0,985
|C4| tf -idf&IG (1) 0,647 0,899 0,942 0,958 0,972 0,980 0,983 0,988 0,989
|C4| tf -idf&DF () 0,823 0888 0,914 0,940 0,954 0,959 0,968 0,968 0,973
|C4| tf -idf&Acc2 (1) 0.837 0,899 0,934 0,955 0,964 0,974 0,981 0,983 0,986
|C4| CHI&IG (1) 0,824 0,906 00942 0955 0975 00984 0,989 0,991 0,991
|C4| CHI&DF (1) 0.844 0910 0,940 0,951 0,967 0,974 0,981 0,985 0,985
|C4| CHI&Acc2 (1) 0,839 0914 0,940 00963 0,973 0,984 0,990 0,991 0,992
|C4| IG&DF (1) 0.844 0,901 0,927 0,955 0,973 0,976 0,986 0,989 0,991
|C4| IG&Acc2 (1) 0,785 0,900 0,919 0,954 0,973 0,985 0,990 0,993 0,992
|C4| DF&Acc?2 () 0816 0,877 0911 00949 0,967 0,975 0,982 0,986 0,989
MAX 0844 0914 0942 0963 0975 0,985 0,990 00993 0,992

AVERAGI 0,791 0,900 0,931 0,953 0,968 0,976 0,983 0,986 0,987

|C5| tf -idf&CHI (1) 0,648 0,03 0,939 0,951 0,964 0,968 0,973 0,976 0,983
|C5| tf -idf&IG (1) 0,647 0,902 0,943 0,951 0,966 0,970 0,978 0,981 0,988
|C5] tf -idf&DF (1) 0.829 0,886 0,910 0,940 0,955 0,958 0,968 0,968 0,972
|C5 tf -idf&Acc2 (I) 0.837 0,898 0,936 0,948 0,963 0,966 0,973 0,978 0,982
|C5| CHI&IG (1) 0,822 00905 0,942 0,954 0974 0,984 0,989 0,990 0,990
|C5| CHI&DF (1) 0.844 0910 0,938 0,949 0,966 0,971 0,975 0,983 0,982
|C5| CHI&Acc2 (1) 0,838 00914 0,940 00964 0,973 0,982 00991 0,992 0,992
|C5| IG&DF (1) 0.844 00908 0,926 0,954 0,965 0,973 0,980 0,984 0,988
|C5] IG&Acc2 (1) 0,785 0,899 0,926 0,955 0,973 0,984 0,989 0,992 0,992
|C5| DF&Acc2 () 0.816 0,883 0,910 00946 0,965 0,972 0,978 0,982 0,983
MAX 0,844 0914 0943 0964 0974 0984 00991 0,992 0,992

AVERAGI 0,791 0,901 0931 0951 0,966 0,973 0,979 0,983 0,985

|C6| tf -idf&CHI (1) 0,648 0,903 0,939 0,953 0,966 0,968 0,970 0,972 0,978
|C6| tf -idf&IG (1) 0,647 0,902 0,943 0,953 0,966 0,970 0,971 0,976 0,978
|C6| tf -idf&DF (1) 0.823 0,887 0912 0,939 0,955 0,960 0,970 0,968 0,972
|C6| tf -idf&Acc? (1) 0.837 0,899 0,936 0,948 0,963 0,966 0,975 0,976 0,977
|C6| CHI&IG (1) 0822 0912 00942 0954 0974 0,984 0,988 0,991 0,991
|C6| CHI&DF (1) 0844 0910 0,940 0953 0,967 0,969 0,973 0,974 0,976
|C6| CHI&Acc2 (1) 0839 0915 0,939 00964 0974 0981 0991 0,991 0,992
|C6| IG&DF (1) 0.844 0,907 0,926 0,953 0,965 0,973 0,976 0,976 0,979
|C6| IG&ACcc2 (1) 0,785 0,900 0,919 0,954 0,973 0,984 0,989 00992 0,992
|C6| DF&Acc?2 () 0,817 0,884 0,908 0,946 0,965 0,970 0,980 0,976 0,979
MAX 0844 0915 0943 0964 0974 0984 0991 0,992 0,992

AVERAGI 0,791 0,902 0930 0952 0,967 0,973 0,978 0,979 0,981

|C7| tf -idf&CHI (1) 0,648 0,905 0,939 0,950 0,962 0,969 0,969 0,970 0,977
|C7| tf -idf&IG (1) 0,647 0,904 0,942 0,954 0,964 0,970 0,970 0,973 0,979
|C7| tf -idf&DF (1) 0823 0,886 0,910 0,938 0,956 0,960 0,969 0,968 0,972
|C7| tf -idf&Acc?2 (I) 0,837 0,898 0,937 0,947 0964 0,966 0,972 0971 0,977
|C7| CHI&IG (1) 0,822 0,905 0942 0,953 0974 0,985 0,990 0,991 0,991
|C7| CHI&DF (1) 0.844 0,908 0,938 0,952 0,967 0,969 0,975 0976 0,977
|C7] CHI&Acc? (1) 0.838 00916 0,942 0964 0975 0,981 0,990 0,991 0,992
|C7| IG&DF () 0.844 0,907 0,930 0,950 0,967 0,973 0,975 0,977 0,979
|C7| 1G&Acc2 (1) 0,785 0,899 0,926 0,954 0974 0,984 0,990 0992 0,991
|C7| DF&Acc?2 (1) 0,816 0,883 0,908 0,946 0,966 0,968 0,977 0,978 0,978

AVERAGI

0,790 0,901 0,931 0,951 0,967 0973 0,978 0,979 0,981
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Table 713 Macro Fmeasure results of the proposed combinations in local policyléssic3dataset

tf-idf (1) 0,720 0,880 0,935 0,950 0,957 0,959 0,964 0,964 0,970
CHI (I) 0,706 0,908 0,945 0,963 0,974 0,981 0,987 0,989 0,990
IG (I) 0,728 0,889 0,912 0,959 0,974 0,986 0,990 0,992 0,991
DF (1) 0,720 0,848 0,871 0,908 0,945 0,964 0,973 0,973 0,978
Acc2 (I) 0,761 0,867 0,923 0,958 0,972 0,985 0,991 0,991 0,991

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

MAX
AVERAGI 0,796 0,888 0,923 0,953 0,970 0,977 0,984 0,987 0,987

MAX| 0,837 0,901 0,938 0,964 0,974 0,985 0,991 0,992 0,991
AVERAG

|C1] tf -idf&CHI (1) 0,713 0,892 0,937 0,950 0,966 0,968 0,970 0,969 0,979
|C1] tf -idf&IG (I) 0,717 0,891 0,940 0,952 0,967 0,970 0,972 0,974 0,979
|C1] tf -idf&DF () 0,810 0,880 00903 0,935 0,953 0,958 0,969 0,968 0,972
|C1] tf -idf&Acc2 (1) 0,824 0,892 0929 00951 0,963 0,967 0,973 0,977 0,977
|C1| CHI&IG (1) 0,820 0,901 0,939 0,955 00974 0,984 0,988 0,991 0,990
|C1| CHI&DF (1) 0,820 0,899 00936 00950 0,968 0,968 0,977 0,974 0,976
|C1| CHI&Ace2 (1) 0,817 0903 00938 00965 00975 0,982 0,990 0,991 0,993
|C1| IG&DF (1) 0,821 0,891 0923 00952 0,966 0,972 0,974 0,977 0,980
|C1| IG&Acc2 (1) 0769 0891 0,918 0,954 0974 0,985 0,990 0,993 0,992
|C1| DF&Acc?2 (I) 0,801 0,868 0,898 00947 0964 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
AVERAGI 0,791 0,891 0,926 0,951 0,967 0,972 0,978 0,979 0,982

|C2] tf -idf&CHI (1) 0,714 0,894 0,935 0,955 0,967 00974 0,980 0,983 0,984
|C2| tf -idf&IG (1) 0,815 0,898 0,924 0,959 0,974 0,980 0,985 0,989 0,989
|C2| tf -idf&DF () 0782 0,859 0,899 0,935 0952 0,958 0,968 0,967 0,975
|C2| tf-idf&Acc2 (1) 0,816 0,877 0,930 0957 0973 0978 00987 0,988 0,990
|C2| CHI&IG (I) 0795 0,896 0,931 00958 0975 0,985 0,990 0,991 0,991
|C2| CHI&DF (1) 0789 0,874 0,896 0945 0967 00974 00981 0,988 0,988
|C2] CHI&Acc2 (1) 0,807 0,891 0,930 0960 0974 0,982 0,990 00992 0,991
|C2| IG&DF (1) 0779 0879 0916 0947 0968 00982 00986 0,991 0,990
|C2] IG&Acc2 (1) 0768 0,888 0,919 00955 0975 0990 0,990 0993 0,992
|C2| DF&Acc2 (1) 0,749 0,867 0,923 00949 0970 00978 0988 0,991 0,990

MAX 0,816 0,898 0,935 0,960 0,975 0,990 0,990 0,993 0,992
AVERAGI 0,782 0,882 0,920 0,952 0,969 0,978 0,985 0,987 0,988

|C3| tf -idf&CHI (1) 0,712 0,898 0,936 0,948 0,962 0,968 0,968 0,969 0,981
|C3| tf-idf&IG (1) 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 00938 00957 0,957 0,966 0,968 0,972
|C3| tf -idf&Acc2 (1) 0,824 0,890 0,932 0,948 0,965 0,961 0,972 0,969 0,981
|C3| CHI&IG (1) 0,812 0,899 0938 0,952 0974 0,985 00991 0,991 0,990
|C3| CHI&DF (1) 0,835 0,897 0,935 0,949 0,965 0,969 0,974 0,977 0,982
|C3| CHI&Acc2 (1) 0,818 00903 0935 0964 0973 0,982 0991 0,991 0,991
|C3| IG&DF (1) 0.837 0,896 00938 0,947 0,964 0,971 0,976 0,982 0,985
|C3| IG&Acc? (1) 0768 0,891 00924 0,953 00975 0,984 0,990 0,992 0,991
|C3| DF&Acc?2 () 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 0964 0,975 0,985 0991 0,992 0,991
AVERAGI 0,792 0,892 0,928 0,949 0,966 0,971 0,977 0,979 0,984
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|C4| tf -idf&CHI (1) 0,713 0,892 0,936 0,952 0,966 0,972 0,980 0,981 0,985
|C4| tf-idf&IG (I) 0,712 0,889 0,940 0,957 0,972 0,980 0,982 0,988 0,989
|C4 tf -idf&DF () 0,806 0,879 0,902 0,937 0,953 0,958 0,967 0,968 0,972
|C4| tf -idf&Acc2 (I) 0,824 0,889 0,931 0,953 0,964 0,974 0,980 0,984 0,987
|C4| CHI&IG (1) 0,813 0,901 0939 0,955 00975 0,984 0,989 0,991 0,991
|C4| CHI&DF (1) 0.837 0,901 0,938 0,950 0,966 0,974 0,981 0,985 0,985
|C4| CHI&Acc2 (1) 0,825 0909 00936 00963 0,972 0,984 0,990 0,991 0,992
|C4| IG&DF (1) 0.837 0,892 0,920 0,954 0,973 0,976 0,986 0,989 0,991
|C4| 1IG&Ace2 (1) 0769 0,891 0,918 0,954 0,973 0,985 0,990 0,993 0,992
|C4| DF&Acc2 () 0,800 0,868 0,900 0,948 0,965 0,976 0,982 0,986 0,989
MAX 0837 0,909 0,940 0,963 0,975 0,985 0,990 0,993 0,992

AVERAGI 0,794 0,891 0,926 0,952 0,968 0,976 0,983 0,986 0,987

|C5| tf -idf&CHI (1) 0,713 0,894 0,936 0,949 0,963 0,968 0,972 0,974 0,982
|C5| tf -idf&IG (1) 0,712 0,892 0,941 0,949 0,965 0,970 0,976 0,980 0,988
|C5] tf -idf&DF (1) 0812 0,876 0,899 0,937 0954 0,957 0,967 0,968 0,971
|C5| tf -idf&Acc2 (1) 0,824 0,888 00933 0947 0,963 0,966 0,972 0,977 0,982
|C5| CHI&IG (1) 0,812 0,899 00939 0954 0974 0,985 0,990 0,991 0,990
|C5| CHI&DF (1) 0.837 00901 0,937 0,948 0,965 0,971 0,975 0,982 0,982
|C5| CHI&Acc2 (1) 0,825 0909 00937 00964 0,973 0,982 00991 00992 0,993
|C5| IG&DF (1) 0.837 0,898 0,920 0,953 0,964 0,973 0,980 0,984 0,988
|C5] IG&Acc2 (1) 0768 0,891 0,924 0,955 0974 0,985 0,989 0,993 0,992
|C5| DF&Acc?2 () 0,800 0,872 0,899 00945 0,964 0,972 0,978 0,982 0,983
MAX 0,837 0909 0941 00964 0974 0,985 00991 0,993 0,993

AVERAGI 0,794 0,892 0,927 0,950 0,966 0,973 0,979 0,982 0,985

|C6| tf -idf&CHI (1) 0,713 0,892 0,936 0,951 0,965 0,968 0,969 0,971 0,978
|C6| tf -idf&IG (1) 0,712 0,891 0,941 0,951 0,965 0,969 0,970 0,977 0,978
|C6| tf -idf&DF (1) 0.806 0,878 0,901 0,936 0,953 0,958 0,969 0,968 0,972
|C6| tf -idf&Acc? (1) 0,824 0,889 00933 0,947 0,963 0,965 0,975 0,976 0,978
|C6| CHI&IG (1) 0,812 0905 00939 0954 0974 0,984 0,988 0,991 0,991
|C6| CHI&DF (1) 0837 0901 00938 0952 0,967 0,969 0,973 0,974 0,977
|C6| CHI&Acc? (1) 0825 0910 0935 00964 0974 0981 00991 0,991 0,992
|C6| IG&DF (1) 0837 0,898 0,920 0,952 0,965 0,973 0,976 0,976 0,979
|C6| IG&ACcc2 (1) 0769 0891 0,918 00954 0,974 0,985 0,989 0,993 0,992
|C6| DF&Acc?2 () 0,801 0873 0,898 00945 0,965 0,970 0,980 0,976 0,979
MAX 0,837 0910 0941 0964 0974 0,985 0991 00993 0,992

AVERAGI 0,794 0,893 0,926 0,951 0,966 0,972 0978 0,979 0,982

|C7| tf -idf&CHI (1) 0,713 0,895 0,936 0,948 0,961 0,968 0,969 0,969 0,977
|C7| tf-idf&IG (1) 0,712 0,896 0,939 0,952 0,964 0,970 0,970 0,972 0,979
|C7| tf -idf&DF () 0,806 0,876 0,899 0,936 0,954 00959 0,968 0,967 0,971
|C7| tf -idf&Acc2 (1) 0,824 0,888 0,934 0,945 0,964 0,966 0,971 0,970 0,977
|C7| CHI&IG (1) 0,812 0,899 0,939 0,952 0,975 0,985 0,990 0,991 0,991
|C7| CHI&DF (1) 0837 0,899 0937 0950 0,967 0,970 0976 0,976 0,978
|C7| CHI&Acc2 (1) 0825 00911 0938 0964 0975 0,981 0,990 0,991 0,992
|C7| IG&DF (1) 0837 0,897 0924 0,949 0,966 0,972 0976 0,977 0,979
|C7] IG&Acc2 (1) 0768 0,891 0,924 0,953 0975 0,985 0,990 0993 0,991
|C7| DF&Acc?2 () 0,800 0,872 0,898 0,945 0,965 0,967 0,977 0,978 0,978

AVERAGI

0,794 0,892 0,927 0,949 0,967 0972 0,978 0,979 0,981
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7.2.Skew Datases

The Hitech and LA1 datasets are neither highkew as theWap and Reuters
datasets nor homogenous as tlassic3dataset and thewere categorizedas skew
datasets in our studyrhere are two main reasons why tdgech and LAl datasets are
labeled as skewdataset

In thefirst place, besid¢he Hitechand LAl datasets have similar class distributions
and consist of same number of clasgee mgor difference of thesetwo datasets is
dimensionality of the term space compared to other datasets. When we |ooK abline
6.1, we can see that the difference between the number of document and the elumber
terms is more explicit than othetdigh dimensionality of the term space is also the main
hardnessor 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 categorihedClassic3datasetas a homogenous dataset
becaus@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 dathsgemeans thatach class is
disjoint from each other clearlyHowever in he Hitechand LA1 dataset similar topics
overlap with each other. For examplée tHitech datasetcontains documents about
electronics, technology, medical, health, research and comp@tamg these topics, the
medical and health topics overlap with each other and the other three topicddetie
electronics, technologgnd computeralso overlap with each other. In additiam]y about
15% of terms in théditech datasetand 20% of ¢rms in theLA1l datasetbelong 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 tathset

Thus we categorizéhe Hitech and LA1 document corpora askew datasetsn our
study. Firstly, we begin with thiditech dataset and then we continue to our analysis on the
LAl dataset.
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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 distributd as part of the TREC collectioRPSTER Vol. 3 It was constructed by
selecting documents that are part of certain topics in which the various articles were

categorized3§].
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Figure 710. Property of théditechdataset

The Hitech dataset is one of the document corpora that many researchers used in
their studies , 7, 8, 45, 4p Figure 7.10 shows the property dhe Hitech dataset that
includes 2300 documents about16 Hectronics, 186 Technology,429 Medical, 603
Health,491 Research and95 Gmputers irsix categories. In the studywo thirds of each

class is selected for the training set and the remaining one third is used for testing.

In addtion, as we can see in Figure 7.10, the last éatiegories constitui@most 90
percent of theHitech dataset. The other two topicke&ronicsand tchnologyconstitute
only about 10 percent of all documents. Thus the performance of the classifigcasigy

decreases while classifying the documents in these categories.
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7.2.1.2. Analysis of the Existing Metrics

In this section w& compare both the local and global version of the feature selection
metrics on théditechdatasetTable7.14 shows thanicro- andmacreaveraged Fnmeasure
results forthe global and local policies of 5 well known feature selection metridhen
Hitech datasetas a function of the number of keywordEhe highest score among the

metrics for each keyword number is shown infietd as we mentioned

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 0621 0,637 0,633 0,651 0,670 0,667/ 0,649
IG (9) 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 (9) 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

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 (9) 0,301 0,433 0,461 0,538 0,558 0,572 0,597 0,601 0,602 0,558
DF (9) 0,141 0,389 0,383 0,461 0,527 0,510 0,524 0,526 0,532/ 0,558
Acc? (9) 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
MicoF 10 % 0 100 20 50 1000 1500 2000 Al
tf-idf (1) 0,551 0,596 0,613 0,627 0,624 0,644 0,621 0,618 0,627 0,649
CHI (1) 0,557 0,590 0,620 0,631 0,636 0,636 0,619 0,630 0,632 0,649
IG () 0,510 0,610 0,617 0,638 0,630 0,654 0,644 0,634 0,638/ 0,649
DF (1) 0,501 0,550 0,578 0,624 0,613 0,622 0,644 0,664 0,661 0,649
Acc2 () 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
tf-idf (1) 0,486 0,555 0,571 0,571 0,564 0,589 0,567 0,549 0,561 0,558
CHI (1) 0,477 0,495 0,536 0,572 0,567 0,551 0,545 0,552 0,567 0,558
IG () 0,456 0,529 0,539 0,577 0,571 0,591 0,573 0,555 0,557|0,558
DF (1) 0,397 0,485 0,507 0,549 0,540 0,549 0,592 0,611 0,603/ 0,558
Acc?2 (1) 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 0571 0,596 0,600 0,611 0,603

Table 714. Micro- andmacrcaveraged—-measures for Hitech dataset



62

Micro- and macreaveraged fneasure results of tHeélassic3dataset are similar to
each other. The average of the difference between micro and mateadtre is less than
%1 (about 0.4%). However maeaveraged fneasure results amoticeablyless than
micro-averaged fmeasure results for thditech dataset. In this dataset, the average of the
difference between -Feasures increases by abou8%. As we mentioned above, the
Hitech dataset consists of six categories that four of thenstitutealmost 90 prcent of
the dataset and the other two categac@sstituteonly about 10 percent of all documents.
Moreover, we know that micraveraged fneasure gives equal weight to each document
whereas macraveraged fmeasure gives equal weight to each categeggandless 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 resultseofrticrec and macreaveraged F
measures are not close to each other likethesic3dataset.

Other observatiorover the Hitech dataset is the local policgchievesbettermicro-
and macreaveraged Fmeasureperformancethan the global policy when the kegrd
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 merfmetter
than the local policy in thélitech dataset As we mentioned,he global poly 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 increasesThe highest scores are achieved by the global policy wifh0 15

keywords, 67% microand 61.1% macraveraged fneasure performance.

When the test documents are classified without applying any feature selection
method, the classifianly achieve$4.9% micro- and 55.86 macrcaveraged—-measures.
On the othehand, 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 mieneeraged Fmeasure and with 200 and more
keywords achieves higher results than the all word approach in raseraged fmeasure.
In addition, this range drops to 100 and 50 keywords in the local policy with-naicdo

macrceaveraged feasure respectively.
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In Table 7.14, we see that mierand macreaveraged Fmeasures reach their peak
values of 67% and 61.1% at 1500 keywords inHiitech dataset. Furthermore we knew
thatthe classifieronly achieves64.9% micro- and 55.86 macrcaveraged--measures by
all words approach. This implies that the perfonoceof the classifier drops after the peak
values. In Figure 7.1Wve tested the two metric€KI andIG), that have the highesalues
with a high number of keyword&lO00 to 2000keywordg, also with 3000, 5000 and
10000keywords in global policyin orde to verify thisassumption

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 overfiftimg.rationale fothis
descents the training set may not be enough fotrasting many relevant features for
classification. Since we know th#te Hgh dimensionality of the term space is one of the
main hardness for classification and in thidech datasethe difference between the number

of document and the number of terimsery explicit.
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Figure 711. Analysis ofmicro- andmacrcaveraged Fneasures with a high number of

keywords in global policy for Hitech dataset
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In Hitech dataset generallZHI, IG and Acc2 outperform other methods global
policy. When we compare to average of thenEasure result$SHI is the most successful
metric among themCHI achieves the best micrand macreaveraged fmeasure results
especially with a high number of keywords frdfd00 to 2000vhile the performance of
Acc? is better thantherswith a few number of keyworda global policy

On the other handcc2is significantly outperforms other metrics in local policy,
especially with a few number of keywordEf-idf and DF also get successful results in
local policy. DF metric has the highest results when the number of keywords is hitfh and
idf performs much better than all metrics in term of mareraged results when the
number of keywords is low. One of tlegceptionhobservations is tha@Hl 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.

M Keywords= 50 M100<=Keywords= 500 M Keywordsz 1000

Micro-averaged F-measure

H-idf (g) 0,476 | 0,611 | 0,850
CHI (g) 0,547 | o530 | 0,883
IG (g) 0,504 | 0,635 | 0,558
DOF (g) 0,433 | 0,603 | 0,525
Acc2 (g 0,550 | 0,624 | 0,847
t-idf (1) 0,567 | 0632 | 0,622
CHI (1) 0,569 | 0,635 | 0,627
IG (1) 0,579 | 0,641 | 0,830
DF(l) 0,543 | 0,620 | 0,555
Acc2 () 0,602 | 0,645 | 0,651
Macro-averaged F-measure
tf-idf (g) 0,355 | 0,514 | 0,573
CHI ig) 0,428 | 0,548 | 0,509
IG (g) 0,396 | 0,556 | 0,500
DF (g) 0,304 | pago | 0,527
Acc2 (g) 0478 | 0537 | 0,584
H-idf (1) 0,538 | 0,575 | 0,559
CHI (1) 0,503 | 0,583 | 0,555
IG (1) 0,508 | 0,580 | 0,562
DF(l) 0463 | 0,546 | 0,502
Acc2(l) 0,510 | 0,577 | 0,582

0,000 0,100 0,200 0,300 0,400 0,500 0,600 0,700 0,800 0,900 1,000

Figure 712. Comparisorof the averagesf F-measures foHitech dataset



65

7.2.1.3Analysis of Score and Rank Combinations

Tables 7.15 and 7.16 show, respectively, the miammd macreaveraged fmeasure

results of the score combination and rank combination in global policy fétitéeh dataset.

Micro-F 10 30 50 100 200 500 1000 1500 2000
tf-idf () 0,372 0,518 0,538 0,603 0,606 0,623 0,643 0,647 0,659
CHI (9) 0,485 0,559 0,597 0,621 0,637 0,633 0,651 0,670 0,667
IG (9) 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 (9) 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 (@) 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 0521 0562 0,577 0,606 0,618 0,626 0,646 0,655
|S] tf -idf&Acc?2 (g) 0,535 0,565 0,575 0,605 0,619 0,634 0,644 0,651 0,658
|S| CHI&IG () 0,499 0,561 0597 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 () 0,511 0,580 0611 0623 0,625 0,642 0,642 0,642 0,666
|S| IG&DF (g) 0,527 0571 0608 0,591 0,615 0,626 0,627 0,641 0,645
|S| IG&AcC2 (g) 0521 0,563 0,577 0,614 0,626 0,635 0,650 0,655 0673
|S| DF&Acc2 () 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

AVERAGI 0,506 0564 0,588 0,603 0,618 0,632 0,640 0,646 0,653

Micro-F |RankCombinati0n 10 30 50 100 200 500 1000 1500 2000
IR| tf -idf&CHI (@) 0,526 0,559 0,594 0,605 0,625 0,655 0,662 0,660 0,660
|R| tf -idf&IG (@) 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 (Q) 0,527 0,570 0,580 0,608 0,629 0,634 0,645 0,660 0,663
|IR| CHI&IG () 0,499 0,560 0,604 0,616 0,623 0,646 0,661 0,665 0,655
|IR| 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 0607 0,620 0,628 0,645 0663 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) 0521 0,561 0,578 0626 0,626 0,638 0,657 0,665 0677
|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
AVERAGI 0512 0,561 0,590 0,611 0,622 0,640 0,650 0,657 0,660

Table 715. In global policy micro-averaged fmeasures of thecore andankcombinations

for Hitechdataset
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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 (9) 0,340 0,437 0,509 0,528 0,550 0,570 0,610 0,611 0,605
IG (9) 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 0517 0516 0524 0541 0,592
S| tf -idf&Acc2 (g) 0,424 0,470 0475 0,529 0523 0543 0,545 0595 0,597
IS| CHI&IG (g) 0351 0469 0503 05527 0541 0579 0,610 0596 0,596
|S| CHI&DF (g) 0,355 0,402 0513 0511 0506 0,529 0,519 0,537 0,570
|S| CHI&ACC2 (g) 0,403 0,506 0518 0541 0,537 0,552 0,580 0,584 0,604
|S| IG&DF (g) 0,373 0438 0513 0,508 0,514 0,533 0,519 0,535 0,568
IS| IG&AcC2 (g) 0433 0,468 0497 0525 0,538 0549 0,585 0,597 0.610
|S| DF&Acc2 (g) 0,405 0,491 0514 0516 0528 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
AVERAGI 0375 0,454 0491 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 0471 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 05515 0536 0,543 0,565 0,609 0,594
|IR| CHI&IG () 0,351 0,468 0513 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
|IR| CHI&Acc? (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 0512 0531 0534 0,542 0,567 0,608
|R| IG&AcC2 (g) 0433 0,462 0,498 0,531 0544 0551 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
AVERAGI| 0,371 0455 0496 0,518 0,534 0,559 0,575 0,588 0,589

Table 716. In global policy macroaveraged fmeasures of thecore andank

combinations foHitechdataset

In addition, Table/.17 and 7.18 show the micre and macreaveraged Fneasure
results of the combination experiments in local policy for Hitech datasetln the first

place, the Fmeasure results of the score and rank combinaao@asompared with the



67

existing metrics in the case of global polit¥hen we look at Tableg.15 and7.16, we

can see that rank combination is more successful than cmotgnation in global policy.
This di
rows at tablesimprovement of the ¥neasure values by combinatis more apparent

fference is clearer in theVERAGERT age

when the keyword number is low between 10 and 100.

In global policy among the 10 possibb®mbinations of twofeature selection
metrics,CHI & IG, CHI & Acc2andIG & Acc2 score and rank combinations are more
successful than other combinations based on the highiest- and macrcaveraged ¥

measure value®er each keyword number.
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Figure 713. In global policy,comparison oécoreand rank combinatia@on theHitech

dataset
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In global policy, among the individual feature selection metdel has the highest
average ofmicro- andmacrc-averaged Fneasure valueof 0.639 and 0.569The success
of the CHI metric is improved bjR| CHI & Acc2and|R| CHI & IG combinationsFigure
7.13shows the averages wiicro- andmacroaveraged fneasure valuefsom 50 to 2000
keywordsfor theHitech dataset t@ompare between score combination and rank combination of

feature selection metrics.

In global policythe performance oAcc?2 is better thaotherswith a few number of
keywords.When we look at the related tables, we can see that both the score and rank
combinations ofCHI & Acc2, IG & DF and DF & Acc2 are more successful than
individual Acc2whenthe keyord number is lowOn theother hand the other individual
metricCHI achieves the besticro- andmacrcaveraged fmeasure resulsspeciallywith
a high number of keywords from 1@ 2000 Only the rank combination ¢6 & Acc2
outperforns its successAlthough the success of individual metrics cannot be improved at
some number of keywords, we can say thatrank combination df5 & Acc2is the most
successfutombinationamong thescore and rankombinationsn global policy when the

number of keywats is high.

Finally, among the existing metrics the best performance ofr@k¥e-averaged and
61.1% macreaveraged fmeasureis achieved by CHI with 1500 keywords in global
policy. This performance is outperformed by the rank combinatiolGo& Acc2 with
value of 67.7% micr@averaged and 61.5% maeaweraged fmeasure 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 lditehble
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 ta$8een iTables7.17 and
7.18 and Figure 7.13Furthermore the success of the combinations compare to the
individual metrics is more explicit in local policy and among the 10 possdstéinations
of two feature selection metri¢sidf & I1G, tf-idf & Acc2, CHI & Acc2, IG & DFandIG &

Acc2 score and rank combinations are more successful than other combinatites in

experiments.
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In Table 7.14, we summarize that among the individual feature selection metrics,
Acc2is significantly outperform other metrics in thease of local policy. One of the
interesting results of the experiments is all possible binary combinatidoc@fvith other
metrics {f-idf & Acc2, CHI & Acc2, IG & Acc2 and DF & Acghas successful-Feasure

results in local policy.

Micro-F 10 30 50 100 200 500 1000 1500 2000
tf-idf (1) 0,551 0,596 0,613 0,627 0,624 0,644 0,621 0,618 0,627
CHI (I) 0,557 0,590 0,620 0,631 0,636 0,636 0,619 0,630 0,632
IG () 0,510 0,610 0,617 0,638 0,630 0,654 0,644 0,634 0,638
DF (1) 0,501 0,550 0,578 0,624 0,613 0,622 0,644 0,664 0,661
Acc2 (I) 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 (1) 0,542 0,604 0,607 0,646 0,635 0,642 0,638 0,627 0,634
S| tf -idf&IG (1) 0,540 0,611 0,624 0,647 0,654 0,648 0,650 0,625 0,637
|S| tf -idf&DF (1) 0,537 0,576 0,595 0,629 0,632 0,646 0,647 0,649 0,635
|S| tf -idf&Acc? (1) 0,530 0,608 0,640 0,644 0,660 0.662 0,657 0,639 0,639
IS| CHI&IG (I) 0,539 0,610 0,609 0,641 0,637 0,649 0,629 0,639 0,635
|S| CHI&DF (I) 0,550 0,584 0,601 0,633 0,648 0,649 0.661 0,661 0,651
S| CHI&ACC2 (1) 0.560 0.621 0,639 0,647 0,644 0,656 0.659 0,646 0,634
S| IG&DF () 0,533 0,605 0,618 0,643 0,632 0,652 0.660 0,659 0,646
S| IG&ACC2 (1) 0,553 0,609 0,637 0,639 0,647 0,653 0.665 0,652 0,645
|S| DF&ACcce2 (1) 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
AVERAGI 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 (1) 0,554 0,622 0,622 0,623 0,625 0,620 0,622 0,608 0,619
|R| tf -idf&IG (1) 0,547 0,617 0,616 0,628 0,641 0,628 0,636 0,634 0,618
|R| tf-idf&DF (1) 0,517 0,567 0,599 0,624 0,638 0.654 0,651 0,646 0,638
|R| tf -idf&Acc2 (1) 0,541 0,592 0,612 0,631 0.654 0,655 0,658 0,633 0,644
|IR| CHI&IG (1) 0,557 0,608 0,623 0,646 0,639 0,643 0,632 0,637 0,631
|[R| CHI&DF (1) 0,529 0,614 0,636 0,637 0,633 0,651 0,643 0,637 0,635
|IR| CHI&Acc?2 (I) 0,568 0,617 0,647 0,637 0,629 0,659 0,643 0,637 0,643
|IR| IG&DF (I) 0,529 0,620 0,637 0,625 0,647 0,661 0,656 0,646 0,632
|IR| IG&Acc2 (1) 0,553 0,605 0,638 0,639 0,641 0,655 0,652 0,644 0,640
|IR| DF&Acc() 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
AVERAGI 0,542 0,607 0,626 0,633 0,639 0,648 0,645 0,638 0,636

Table 717. In local policy, nicro-averaged feasures of the score and rank combinations for

Hitechdataset
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Macro-F 10 30 50 100 200 500 1000 1500 2000
tf-idf (1) 0,486 0,555 0,571 0,571 0,564 0,589 0,567 0,549 0,561
CHI (1) 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 (1) 0,397 0,485 0,507 0,549 0,540 0,549 0,592 0,611 0,603
Acc?2 (1) 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 (1) 0,473 0,550 0,552 0.595 0,569 0,565 0,576 0,580 0,579
S| tf -idf&IG (1) 0,457 0.565 0,582 0593 0,594 0,585 0,595 0,571 0,572
|S| tf -idf&DF (1) 0,456 0,502 0,530 0,578 0,573 0,590 0,592 0,589 0,573
S| tf -idf&Acc2 (I) 0,456 0,542 0579 0591 0610 0601 0603 0,583 0,573
S| CHI&IG (I) 0,438 0,523 0,529 0,567 0,575 0,570 0,549 0,563 0,555
S| CHI&DF (1) 0,475 0,512 0,525 0,559 0,578 0,595 0,591 0,595 0,583
S| CHI&ACC2 (1) 0,472 0,541 0,560 0594 0,583 0,597 0,589 0,579 0,565
S| IG&DF (1) 0,450 0,528 0,535 0,564 0,553 0,596 0,599 0,593 0,579
S| IG&Acc2 () 0,452 0,521 0,548 0,568 0,593 0,596 0.604 0,581 0,590
|S| DF&ACcC2 (1) 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
AVERAGI 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 (1) 0,479 0,566 0,559 0,556 0,540 0,552 0,554 0,552 0,556
[R| tf -idf&IG (1) 0,476 0,565 0,569 0,570 0.589 0,558 0,566 0,575 0,562
|R| tf -idf&DF (I) 0,447 0,499 0,528 0,561 0,573 0.605 0.603 0,582 0,575
|R] tf -idf&Acc2 (1) 0,454 0,519 0,540 0,565 0.606 0,596 0,597 0,576 0,586
|R| CHI&IG (I) 0,478 0,520 0,571 0,585 0,579 0,564 0,553 0,560 0,564
|R| CHI&DF (1) 0,441 0,534 0,555 0,594 0,579 0,589 0,571 0,560 0,573
|R| CHI&Acc2 (I) 0,484 0,546 0,588 0,590 0,565 0,599 0,576 0,554 0,584
|R| IG&DF (I) 0,433 0,541 0,558 0,540 0,597 0,597 0,585 0,576 0,573
|R| IG&Acc2 (1) 0,452 0,514 0,556 0,572 0,584 0,593 0,588 0,567 0,562
|R| DF&Acc2 (1) 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
AVERAGI 0,459 0,533 0,557 0,570 0,578 0,585 0,579 0,570 0,573

Table 718. In local policy, macreaveraged fneasures of the score and rank combinations

for Hitechdataset

In local policy, DF has the highest 66.4% mierand 61.1% macraveraged F
measure value with 1500 keywords. The score combinatid® & Acc2increases the
micro-averaged Fmeasure to 66.5% with 1000 keywords and the score combination of
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tf-idf & Acc2approaches the dinest macraveraged Fneasure with the 61% success rate
by using only 200 keywords.

As we mentionedamong the individual feature selection metridsc2is 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 combinatio@Hbi& Acc2 and
tf-idf & Acc2 excel the success of the individuatc2 Thus we can say &l their score
combinations are better than all individual metrics when the keyword numbers are lower
than 1500.
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Figure 714. In global policy,comparison of scorand rank combinatiaon theHitech

dataset
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In Figure 7.14, we can see the success of the combination approach more clearly. We
knew thatAcc2has the highest average ehteasure in loal policy andCHI is the second
best metric that has the second highest averagenoddsure in global policy. Almost all
score and rank combinations in local policy are better than the second best.aueuage

we can say that combining individual metnss good approach for thtitechdataset.

Finally, the performance of rank combination is better than score combination in
global policywhereasscore combination is more successful than rank combination in local
policy in the Hitechdatasets seen irFigure7.15. ore combination in local policy is the

best method for classificatiamn this dataset like homogenous datasets
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Figure 715. Comparison of scorand rank combinatianin global and local policgn the
Hitechdataset
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7.2.1.4 Analysis of the Proposed Combinations

In the previous sections firstly we analyzed the existing metrics foHitexh
dataset. According to #tanalyss, the global policywas more successful than the local
policy when the keyword numbevas hgh but it was outperformed by the local policy
when the keyword numbevas low and we concluded th@HI was the best metric with a
high number of keywords in global policy whideec2was significantly outperforms other
metrics with a few number of keywds in local policy. Then we evaluated the
performance of the score and rank combinations on this dataset. The performance of rank
combinationwas better than score combination in global policy whereas score combination
was more successful than rank condtiaon in local policy. In global policy among the 10
possiblecombinations of twdeature selection metric§HI & IG, CHI & Acc2andIG &
Acc2rank combinationsvere more successful than other combinations and in local policy
tf-idf & Acc2, CHI & Acc2andIG & Acc2score combinationgere more successful than
others in these experiments. As a result we can say that combining individual metrics is a

good approach for thditechdataset.

After testingthe score and rank combinatiopmg now test the preosed methaoglon
the Hitech datasetWe begin with the experiments in global policy and then we analyze
these combinations in the case of local politgbles7.21 and7.22 show themicro- and
macroaveraged Hneasure results, respectively, for all sevewppsed combination

method in global policyfor theHitechdataset.

Before comparing the performance of each proposed method, we determine which

combinations of twdeature selection metrics are the béstFigures 7.6 and 7.7, we

can see thdG & Acc, tf-idf & CHI, CHI & IG andCHI & Acc2 combinationsare more
successful than the otheombinations but we can also see tifiédf &DF, DF & Acc2,tf-

idf & Acc2 and IG & DFcombinations are unsuccessful. Especittigf & DF andDF &
Acc2are theworst combinations among the 10 possible combinationfielsetfigures we

can see that all possible combinations of the feature selection rGéttihave better
performance than other combinations. We should not forgetCHatis the best metric

with a hgh number of keywords in global policWe also knew, the performance of the

individual metricsCHI, IG andAcc2outperformed other metrics in global policy.



74

In Figures 7.6 and 7.7, we can also see that combinations of these successful
individual metrcs show the best performance during test phase.

m|S| m|R| ®|Cl| ®™|C2| m=|C3| m|C4] =|C5| =|C6| =|C7|

OOOOOO00000000000000000
[e2]e2]er]er]er]e)]er]er]er]er]er]er]er]er]er]er]0)l0)l0)l0pl0plople))
OOORRFFNINNNWWWA D RNUICITITIO OO
NI A NOWOHONUI0R A NOWHONUI0

TF&CHI TF&DF

m|S| 0,635 0,622 0,640
u|R| 0,644 0,622 , , , 0,647
m|C1|| 0,647 0,623 , , , 0,645
m[C2|| 0,630 0,622 , , , 0,639
m|C3|| 0,649 0,623 , , , 0,646
m|C4| | 0,644 0,623 , , , 0,642
= |C5| | 0,648 0,624 , , , 0,644
=|C6| | 0,648 0,622 0,646

IC7|| 0,649 0,622 , , , 0,647

Figure 716. In global policy, averages of the mieaveraged fmeasures of all

combinationdor Hitechdataset

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
CombinationC1| | 0,538 0,593 0,602 0,629 0,637 0,649 0,659 0,668 0,673
CombinationC2| = 0,525/ 0,580 0,603 0,619 0,632 0,641 0,662 0,663 0,673
CombinationC3| | 0,535 0,571 0,607/ 0,626 0,632 0,654 0,663 0,668 0,677
CombinationC4| | 0,538 0,589 0,606/ 0,622 0,637 0,644 0,661 0671 0,677
CombinationC5| | 0,543 0,578 0,607/ 0,629 0,632 0,658 0,663 0,667 0,675
CombinationC6| | 0,543 0,587 0,609/ 0,633 0,634 0,657 0664 0669 0,675
CombinationC7| | 0,543 0,582 0,609/ 0,634 0,638 0,654 0.665 0,667 0,677

Table 719. In global policy, naximum micreaveraged fneasuref all combinations for
Hitechdataset
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m|S| ®m|R| =|Cl| ®|C2| ®|C3| ®|C4| =|C5| m|C6| =|CT7|

OOOOO0000000000000000
Q11O10101010101UTUTOTOTO1Q10101J1J1UT101O)
OORFRNNWWARNJITIOONIN0000OVOO
QU0 01O U100 UIOUTIOUTIOU1IOU1IOUTIOUTIO

TF&CHI TF&DF IG&Acc2| DF&Acc2

u[S| 0,557 0,530 0,566 0,567 0,538
u|R| 0,572 0,523 0,580 0,576 0,533
m|C1|| 0,574 0,524 0,577 0,577 0,532

m|C2|| 0,543 0,533 0,565 0,569 0,533

m|C3|| 0,578 0,524 0,580 0,578 0,532
m|C4]| 0,570 0,527 0,577 0,578 | 0,540
=|C5]| 0,574 0,525 0,577 0,579 0,534
m|C6| | 0,575 0,523 0,579 0,577 | 0,534

IC7]| 0,579 0,523 0,579 0,576 0,531

Figure 717. In global policy, averages of the maeweeraged Fneasures of all

combinationdor Hitechdataset

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 0503 0,510 0,536 0,547 0,579 0,609 0,603 0,613
Combination/C3| | 0.433 0,488 0524 0,533 0.553 0,599 0,608 0,611 0,615
CombinationC4| = 0.433 0.493 0,514 0547 0,547 0,594 0,610 0613 0617
Combination|C5| = 0.433 0.493 0524 0,541 0.554 0,598 0,607 0.612 0616

CombinationC6| 0,492 0,523 0,542 0,548 0,599 0,606 0,613 0,616
CombinationC7| | 0,433 0,492 0,523/ 0,549 0,548 0,603 0,608 0,611 0.616

o
I
[08]
w

Table 720. In global policy, maximum macraveraged fmeasure of all combinations for

Hitechdataset

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 £are better than score combination. Among these proposed méeWods
Cs, Ce and C7 also outperform the success of the rank combination when we look at the

micro- and macreaveraged fmeasure values. The most successful combinations are
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obtained from these proposed combination methodsCa&andC7 apparently improve the
performance othe rank combination from 10 to 2000 keywords and the worst proposed

method is @. Its performanceés even worse than thgerformanceof the score combination.

As we said before, the performance of the combinati@r& Acc2, tfidf & CHI, CHI
& IG andCHI & Acc2 outperforms others. Among theifadf & CHI andCHI & Acc2, CHI
& IG are especially successful when the keyword numbers less than 1000 and combination
of IG & Acc2has the highest results when the keyword number is higher than 50.

One of the nportant results of this experiment is that all proposed combination
methods improve the highestnreasure values of the individual metrics as seen in Tables
7.19 and 7.20. From the previous experiments we found out that the highest sgeres
achieved byCHI in global policy with 1500 keywords, 67%icro- and 61.1%macrc
averaged Fmeasure performance. This performance was outperformed by the rank
combination ofIG & Acc2 with value of 67.7%micro-averaged and 61.5%nacro
averaged fmeasure inglobal policy when we performed rank combination on Hitech
dataset. Furthermore the success of the rank combinatmhisvedoy C3 ofIG & Acc2
with value of 67.7%micro-averaged and 61.5%nacrcaveraged fmeasureand is
improved by C7of IG & Acc2with value of 67.7% and 63% and by C4of IG & Acc2
with value of 67.7% micro-averaged and 62% macrcaveraged fmeasure The
performance of th&€4 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 proged combination methods. For instance performance of the
combinationdG & Acc2 CHI & IG andCHI & Acc2 are more successful than the other
in the case of rank combination and these three combinations also give the best results with
our proposed methodsub it should be noted that the performance of the some
combinations is improved by only the proposed methods. For example the performance of
the combinationsf-idf & CHI, CHI & IG andtf-idf & IG is significantly enhanced by the
methods @ and C.
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Table7.21 Micro F-measure results of the proposed combinations in global polityitiech dataset

tf-idf (Q) 0,518 0,538 0,603 0,606 0,623 0,643 0,647 0,659
CHI (g) 0,559 0,597 0,621 0,637 0,633 0,651 0,670 0,667
IG (9) 0,523 0,559 0,621 0,641 0,645 0,649 0,658 0,666
DF () 0,546 0,538 0,583 0,616 0,609 0,624 0,624 0,629
Acc2 (9) 0,581 0,575 0,606 0,607 0,657 0,642 0,637 0,661

0,581

0,564

0,597

0,588

0,621

0,641

0,657

0,632

0,651

0,640

0,670

0,646

0,667

0,653

0,570

0,607

0,656

0,663

0,669

0,677

|C1] tf -idf&CHI (g) 0,558 0,601 0.629 0.637 0,646 0,649 0,663 0,659
|C1] tf-idf&IG (g) 0,567 0,592 0624 0,625 0,635 0,657 0,658 0,662
|C1] tf -idf&DF (g) 0,550 0,565 0,587 0,606 0,627 0,628 0,644 0,646
|C1] tf -idf&Acc2 (g) 0,564 0580 0,618 0,625 0,631 0,640 0,658 0,661
|C1| CHI&IG (g) 0,560 0,590 0,618 0,629 0,649 0.659 0,658 0,666
|C1| CHI&DF (g) 0577 0573 0623 0634 0,641 0,641 0,646 0,667
|C1| CHI&Acc2 (g) 0,570 0602 0,616 0,630 0,636 0,658 0,660 0,669
|C1| IG&DF (g) 0,576 0587 0,611 0,622 0638 0,639 0,642 0,656
|C1| IG&Acc2 (g) 0,561 0,578 0,620 0633 0,636 0.659 0,668 0,673
|C1| DF&Acc? (g) 0593 0595 0,601 0,612 0,625 0,633 0,636 0,633
0593 0,602 0629 0637 0649 0,659 0,668 0,673

0,568 0,586 0,615 0,625 0,636 0,646 0,653 0,659

|C2| tf -idf&CHI (g) 0,535 0,564 0,596 0,606 0,618 0,646 0,654 0,656
|C2] tf -idf&IG (g) 0,556 0,559 0,595 0,610 0,620 0,648 0,653 0,654
|C2| tf -idf&DF (g) 0,528 0,567 0,578 0,604 0,621 0,638 0,638 0,656
|C2| tf -idf&Acc2 (g) 0,567 0,571 0,592 0,618 0,619 0,644 0,645 0,658
|C2| CHI&IG (g) 0561 0594 0,614 0632 0,640 00662 0,663 0,655
|C2| CHI&DF (g) 0,568 0,570 0,593 0,619 0,627 0,634 0,637 0,633
|C2| CHI&Acc2 (g) 0,568 0,575 0,610 0,622 0,641 0,646 0,642 0,673
|C2| IG&DF (g) 0,564 0587 0591 0,611 0,621 0,626 0,635 0,634
|C2| IG&Acc2 (g) 0,580 0,576 0,619 0,622 0,639 0,649 0,644 0,666
|C2| DF&ACC2 (g) 0,578 0.603 0,593 0,611 0,627 0,621 0,629 0,636
0,580 0,603 0,619 0632 0,641 0,662 0,663 0,673

0,561 0,577 0,598 0,616 0,627 0,641 0,644 0,652

|C3| tf -idf&CHI (g) 0526 0568 0594 0621 0.632 0,653 0,661 0,665 0,661
|C3| tf-idf&IG (g) 0,453 05554 0601 0,618 0,627 0,642 0,655 0,666 0,663
|C3| tf -idf&DF (g) 0,504 0543 0,567 0,595 0,605 0,627 0,624 0,641 0,648
|C3| tf -idf&Acc2 (g) 0527 0571 0578 0,608 0632 0,634 0,645 0,660 0,663
|C3| CHI&IG (g) 0,499 05560 0604 0,616 0,623 0,646 0,661 0,665 0,655
|C3| CHI&DF (g) 0526 0565 0595 0,614 0,628 0,654 0,647 0,668 0,669
|C3| CHI&Acc2 (g) 0511 0,565 0607 0,620 0,628 0644 0663 0662 0,660
|C3| IG&DF (g) 0532 05557 0,584 0,607 0,623 0,635 0,640 0,654 0,662
|C3| IG&ACC? (g) 0521 0561 0578 0626 0631 0,638 0657 0,666 0,677
|C3| DF&ACC2 (g) 0.535 0,565 0589 0,603 0,611 0,629 0,641 0,633 0,640
0535 0,571 0,607 0626 0632 0654 0,663 0,668 0,677

0,513 0,561 0,590 0,613 0,624 0,640 0,649 0,658 0,660





































































































































































































































































































































