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ABSTRACT commonly used terms, not specific to aayegory. These features

may hurt the accuracy of the classifier. Moreover, the time
gequired for induction increases as the number of features
i irrelevant features lead to an increase in

With the evetincreasing number of documents on the web, digital
libraries, news sources, etc., the need of a text classifier that ca .
classify massive amount of data is becoming more critical and Increases. That is,
difficult. The major problem in text classification is the high training time.

dimensionality of feature space. The Support Vector Machine Feature selection methods aredise achieve two objectives: to
(SVM classifier is shown to perform consistently better than other requce the size of the feature set to optimize the classification
text classification a|gOI’itth. HOWeVer, the time taken for training eﬁ:iciency; and to reduce noise found in the data to optimize the
a SVMmodel is more than other algorithms. We explore the use c|assification effectivenesslf]. Feature selection methods are
of theAmbiguity Measure (AMJeature selection method that uses ysed as a preprocessirtgsin the learning process. The selected
only the most unambiguous keywords to predict the category of afeatures from the training set are then used to classify new
document. Our analysis shows ti#dil reduces the training time  jncoming documentsAmong the welknown feature selection

by more than 50% than the scenario when no feature selection isnethods are information gain, expected cross entropy, the weight
used, while maintaining the accuracy of the text classifier of evidence of text, odds faf term frequency, mutual
equivalent to or better than using the whole feature set. Wejnformation and CHI.

empirically show the effectiveness of our approach in

outperforming seven different feature selection methods using two The Ambiguity MeasureAM) feature selection method is shown
standard benchmark dataset to perform better than the state of art feature selection algorithms
on statistical classifiers9]. The Ambiguity measurelgorithm

. . . selects themost unambiguous features, where unambiguous
Categones and SUbJeCt Descrlptors features are those features whose presence in a document indicate

H.3.3 [Information Systems and Retrieva): Information a high degree of confidence that the document belongs to one
filtering, Information Search and Retriexsgarch process specific category.

One of the widely used text classification algorithms is Suppor
Vector Machines VM [3][4][5][ 16]. Prior work [5] indicates

that SVM performs consistently better than Naive Bayes, kNN,
C4.5 and Rocchio text classifiers. However, one of the limitations

General Terms
Algorithms, Performance, Experimetitan

Keywords of SVMis its time complexity. 16] shows thatSVMhas a higher

Feature selectio,ext classification SVM time complexity for training a model than other text classification
algorithms. To overcome this limitation 8VM feature selection

1. INTRODUCTION methods are used as a preprocessing step before tr&iikg

[12][13][14]. Many weltknown feature selection algorithmsear

Text cla_ssn‘_|cat|on mvo_lves scanning through the text _documents, used orSVMto improve the accuracy and efficiency@¥M We
and assigning categories to documents to reflect their content. A

supervised learning algorithm induces decisioesuhat are used explpre the effects of thé‘M feature select!on methc_nd when
to categorize documents to different categories by learning from aappl!ed orSVMand evaluate its performance In comparison to the
L ; 0. “published state of the art feature selection algorithnS\tvi
set of training examples. One of the problems in text classification
is high dimensionality of the feature space. Some features aréWe use theAM feature selection method as a-precessing step
for the Support Vector Machine classifier. The features whdse
are below a given threshold, i.e., more ambiguous terms, are
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otherwise, orrepublish, to post on servers or to redistribute to lisi statistically significantly better than seven published state of the
requires prior specific permission and/or a fee. art feature seleah methods, reported inl[14], with 99%
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training time by more than 50% than the scenario when no featurethey have a low term frequency. Furthermore, some terms
selection is used, while maintaining the accuracy of the classifier. frequently appear in a few categories or documents (i.e., ddfigh
or idf) with a similar distribution of occurrence in all categories.

2. PRIOR WORK

To showthe effectiveness of our feature selection algorithm, we
compare our approach with the existing feature selection method

listed in Table 1.

[2][13][15][17], thus we forgo their mathematicalstification

and provide a brief explanation on the differences. The feature
selection methods likedds ratig information gainand CHI use

the knowledge about the presence of the terms in the relevanipitially, we describe the intuitive motivation behind our approach
and then provide a formal definition of our method. We carsid
our approach,AM feature selection method only uses the the human perception of identifying the topic of a document by a

categories ¢) as well as in the an-relevant categoriesal). In

Such terms are ambiguous, as they do not point strongly to only a
single category. However, as the term frequency of such terms is
high, these terms may be selected as good featlifes AM

Yeature selection method avoids such situations by only

considering the ratio between the numbers of occurrences of a
The description of these feature selection methods is given interm in a given category to the total number of occurrences of the
term in training set. Thus, both these situations are avoided.

3. METHODOLOGY

knowledge about the presence of the terms in the relevantglance at the document and capturingkéeypwords Normally one
categories to calculate how confidently a keyword points to a bases his/her decision about the topic of a document based on the
most unambiguous words that the eye captuiés.explain his

given category. Our objectivie to choose only the features that

confidently point to only one category.

In the Improved Gini Index and cross entropymethod, the
probabilities of a term with respect to all categories are
considered.Thus, if the termt, appears many times in the
documents of category, or if t, appears in every document of
categoryc;, t is assigned a higher weight. In a situation whgre
appears in both the categormsndc, an equal number of times,
and moreover, it appears in every document of the both has sold more than 90 million records worldwide, including 57
categories, them, is assigned a lower weight. In this cages
ambiguous, as it does not point to a single category. Our proposedr h e
AM feature selection avoids such situatiand assigns a lower

weight to such features.

For tfidf method, tf refers to term frequency with respect to a
given category anddf indicates the ratio of documents in the
collection that have a given term. In ttfief method,icf indicates

the ratio ofcategorieghat havea given term Some terms may
appear only in one category for a small number of times.
Although these terms appear in only a single category or
document, they are purged during the feature selection process if

Table 1. Different feature selection algorithms

Method Formula Ref.
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using a hypothetical exampleConsider the short paragraph

(below) that is extracted from www.wikipedia.com [6].

fiMetallica is a Grammy Awardvinning American heavy

metal/thrash metal band formed in 1984d has become one of
the most commercially soessful musical acts of recent decades.
They are considered one of the "Big Four" pioneers of thrash

metal, along with Anthrax, Slayer, and Medeath. Metallica

million albums in the United Sies aloned

various subjects. Thus, if one is familiar with the famous rock

met al band
confidently claim that the text belongs tdusic rather than

Medicineor Sports.Thus, if a feature points to only one category,
then we assiga higher ambiguity measure to such a feature and if

paragraph seems t

iMet al |l i caod,, one haan

0]

b

e about 7
is based on our knowledge of the domain or what we hear daily on

a feature is vague and does not point to any goargory in
particular, then we assign a lower ambiguity measure to such a

feature.

Formally, Ambiguity measure (AM} defined as the probability

wi t

that a term falls into a particular category and is calculated using
the following formula. The closer th&M value is to 1 then the
term is considered less ambiguous. ConverseAMifis closer to

0, the term is considered more ambiguous with respect to a given
category. The formula for calculatifgM is given as follows.

AM(tkici):[

AM(t,) = maxAM(t,, C))

tf(t.c)

tf (t,) j

Wheretf(t,c) is the term fregency of a ternt in categoryc and
tf(t) is the term frequency of a tertnn the entire collection

The result of the calculation @mbiguitymeasure (AMYor the
i Mwert ia Table 2; indicatiniyfusicgategory
for the term. TheAMv al ue for t he
ndi cates that

feature

whi ch i
feature

and

shoul d be

t

kept

feature f
feature

he

is related to theMedicine category with anAM value of 0.80.

i Ant hr axthe nane ofalfasnous music band in 1980s.

Hence, it also appears in the categiiysic Thus, the ambiguity

measur e

of

AAnt hr axo
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t han



ambiguity measure ofome features is low as they appear to compare the accuracy of the classification teslhe top 10
consistently in different categories. Example of such is the termc at egor i es of Reuters 21-6%X8, ar e
ifRecor dso, which may appear i Mmgalali nadi, f fiig r eardte 0G a tiecg aurdieeds, . fiTihnutse,r
AM value of such term is low (0.33) and it is desirable to filter out We use MoédApte traintest split for Reuters 21578 dataset. There

such features. T& reduction in dimensionality of the feature set are 7,053 documents in training set and 2,726uhents in

increases the accuracy by avoiding the terms that have lMer  testing set. The total number of unique features in Reuters 21578
values. We empirically determine a threshold and filter out all the dataset is 19,249.

features whosAM measure is below that given threshold.

Table 2. Ambiguity Measure (AM) example 4.2 Evaluation Measures
To evaluate the accuracy of our approach and coniddro the

Term Metallica Anthrax Records )

results of the state of the art feature selection methods we use
Category Count | AM | Count | AM | Count | AM micro-F1 measre. F1 measure is a common measure in text
Medicine 0 0 800 0.80 | 150 0.15 classification that combines recall and precision into a single
IS 990 599 | 150 o151 =20 024 scorewith equal importanceaccording to the formula:
Sports 10 0.0L [00 [ 000|330 |[0.33 F1measure 2P+ R
Politics 0 0 50 0.05 | 280 0.28 (P+ R)

where P is precision and R is recall.

Furthermorewe also useAM value of a feature as its weight. In

the SVM classifier, a weight of importance is assigned to each 5. RESULTS & ANALYSIS

feature. Thus, if theAM value of a feature is higher, then the We organize the results into two subsections. In section 5.1, the
feature has more weight and if tA# value is lower, that feature  effectiveness of our approach on two standard benchmark datasets

has less weight. is presented. We compare our results with the publisteté of
the art results and show thaAM performs statistically
4. EXPERIMEN TAL SETUP significantly better than the seven existing feature selection

In all our experiments, we use a single computer, with AMD &lgorithms that are summarized and published 8j[ [L4]. To our
Athlon 2.16Ghz processor and 1 GB of RAWe use the linear knowledge, the classification results f&VM algorithm using
SVM kernel in our experiments, as the Aorear versions gain odds ratio, tfidfandtficf are not reported in any prior works on
very little in terms of performance [11]. For training and testing Reuters 21578 and 20 Newsgroups datasets, thus, we
the SVM model, we use LibSVM 2.84 [1], a software that is implemented these feature selection method$dh and report

commonly used for classifying the documents into binary or the results in Figure 1 and Figure 2. In section 5.2, we
multi-labeled categories. demonstrate howAM feature selection reduces the training time

while optimizing the F1 measure. We also explain the effects of
the threshold value on the classification results.

4.1 Datasets
To demonstrate the effectiveness &M feature selection 5.1 Accuracy Comparison
algorithm, we perform experiments on two standard benchmark '

datasets: 20 Newsgroup and Reuters 21578. The comparison of classification performance Aifl feature

selection method wh various feature selection methods that are
e 20 News Group reported in [13] on Reuters 21578 dataset is summarized in Figure
20 Newsgroup (20NG) [7] consists of a total of 19,997 documents 1- [13] proposed an improved versiongdfii indexthat performs

that are categorized into twenty different news groups. Each better than the other reported feature selection algorithms. Our
catgory contains one thousand documents. Some of the proposedAM feature selection method statistically significantly
categories are very closely related to each other (e_g_outperforms thédmproved Gini indeand other feature selection
comp.sys.ibm.pc.hardware and comp.sys.mac.hardware), whilemethods depicted in figure 1 with a confidence level of 99% on
others are highly unrelated (e.g. misc.forsale and Reuters 21578 using a tviailed paired-test.

S(_)c_.religion.christian_). _This characsic contributes to the Similarly, the classificatin performance on 20 ewsyroups
difficulty of categorization of documents that belong to very gaiaset is summarized in Figure 2. We compare our results to
similar categories. We use al9raintest split for 20 Newsgroup  grthogonal centroideature selection (OCFS) method reported in
dataset. Thus we have 18,000 documents for training and 1,99714] "To keep our results presentation consistent with that
documents for testmg. The total numbémaique features in 20 reported in [14], we too, report theiaro F1 measures of OCFS
Newsgroup dataset is 62,061. by applying ceiling function to the results and rounding to the
e Reuters 21578 next highest integerAs shown AM feature selection method

The Reuters 21578 corpus [8] contains Reuters news articles fromglezirlynic#i tgr?trfc?m]icglce:;inrpetvo?gonvg%I'\\Iﬂevgfsggogg ?igt?g:ﬁet with
1987. The documents range from being mialtieled, single Si nif?cantl out grforms thé accurac i(;formation ain CH)I/
labeled, or not labeled. Reuters dataset consists of a totddan 9 y P y gain, ’

of 135 categories (labels). However, ten of these categories havig_?dus‘réatllo'zlr?; a:?tgféfezatlsgi sgllec:;oenagertehogﬁs Sgg'tgtgd (Ijnataset
significantly more documents than the rest of the categories. Thus, 8% 14%) is sigr?ificantly higher than F1 measure @@

commonly the top 10 categories are used for experimentations an ewsgroups dataset (78.74%). The difference between the F1



Figure 1: Comparison of AM with other feature selection methods in Figure 2: Comparison of AM with other feature selection methods in

terms of F1 measure on Reuters 21578 dataset terms of F1 measure on 20 Newsgroup dataset
Reuters 21578 20 Newsgroups dataset
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results of Reuters 21578 and 20NG datasets is due to thevalue indicates that all the features whose weights are above that
percentage of positive and negative examples in the training setvalue are selected and the remaining features are filtered%The
of each. That is, we only consider the top 10 categories for of keywordsvalue (figures 3 & 4) indicates the corresponding
Reuers 21578 dataset. The training set consists of 10% of everypercentage of keywords selected whenttiresholdwas set to a
category on average. ASVMis a binary classifier and we use given value. As shown in Figure 3, when we apfM feature
oneagainstrest approach for multabelled datasets, the number selection method, micr61 measure increases as we filter out the
of positive examples (actual category) in training set is 10% and features with lowelAM value. We obtain the best mieFd value
number of negative examples is 90%. In the 20NG dataset, wewhen the threshold is set to 0.3. Only 70.16% of the features are
have 20 categories with 5% of documents of each category in theretained when the threshold is 0.3. As the threshold is increased,
training set. Thus, during classification, we have 5% positive the microF1 measure starts dropping. This indicates thatnwhe
examples and 95% negative examples. Hence, there are lesthe threshold is less than 0.3, most of the features that are filtered
positive examples to learn from in 20NG dataset as compared to are ambiguous and lead to a higher accuracy of the classifier.
the Reuters dataset, resulting to a better accuracy for Reuter®hen the threshold is above 0.3, most of the features that are
21578 dataset. filtered contain information relevant to text classifioat Thus,
when these features are filtered, the accuracy of the classifier

5.2 Tradeoff of accuracy and time with  decreases.

respect to threshold values Thetraining timeincludes the feature selection time and the time
In this section, we report the effects of thls! thresholdsn the taken to train th&§VMmodel using LibSVM. Theesting timeis
process of feature selection on the values of F1 measure and théhe time taken by LIbSVM to classify éhtesting data. Figure 3
corresponding time taken to train the model and classify the demonstra_tes that when no _feature selectlon_ls_ ap_phed, i.e. when
documents usin@VM classifier. Figure 3 and figure 4 show the threshold is equal to zero, time taken for training is 33 seconds.
results for Reuters 21578 and 20 Newsgroups datasetshen we reduce the dimensionality of feature set by setting the
respedvely. The xaxis represents different threshold values and threshold to 0.3, the trainingnie also reduces to 21 seconds. This
the y-axis represents miciB1 measure and time. The threshold demonstrates the effect of feature selection in reducing the
training time forSVMwhile optimizing the results.



