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Abstract: Since, electronic documents are dramatically increasing therefore document classification becomes
a very important task to organise inormation automatically. Text documents are a high dimensional data that
create difficulties in classification task. Consequently, various feature ranking techniques are used to reduce
the dimensionality of the text data. Features can be selected by using document frequency and term frequency
techniques. In term frequency, few researchers have worked on term frequency while keeping the property of
document frequency. Little attention has been paid to compare these techniques. In thus study, we describe
1ssues of feature ranking techniques and classification document labelling problem. This study also present
and discussed experimental result of feature ranking technique with presence or absence of term and term
frequency (term count) in document classification problem. The result shows that redesigning of term into term
countt with document frequency could lead to better classification accuracy than that of term frequency and

document frequency separately.
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INTRODUCTION

Printed and online data is the text document which is
mostly available free of cost for search and read Text can
be in many different formats such as word, phrase, term,
pattern, sentence, paragraph and document. In moderate
size text datasets, the number of words can be easily
grown in tens of thousands. Tn other words, documents
are represented high dimensional data (Tian ef al., 2016,
Yang et al., 2012). This huge amount of data 1s difficult to
manage and extract for mining purposes (Yang et al.,
2012). Li and Chen (2012) described that the higher
dimensionality of feature space impose weighty overhead
to mining techniques, e.g., classification because some
features can be redundant or irrelevant and misguide
classification process (Javed et al, 2012). Feature
selecion plays an important role to reduce the
dimensionality of text data. Text datasets have high
dimensional data (Forman, 2003) such as reuters 21578
(Javed et a., 2015), 20 newsgroup (Feng et al., 2015)
and Ohsumed (Siddiqum, 2016). Feature selection s a
pre-processing step to find minimum subset of features
from the large amount of data that use the relevant
features from dataset to make adequate classification
(Bachrach et al., 2004). There are three types of feature
selection techmiques: filters, wrapper and embedded
(Uysal, 2016). During the construction of feature set,

embedded and wrapper need frequent -classifiers

interaction n flow but filter does not Interaction with
classifier may increase computational time. Due to
interaction with classifier reason, filter based methods are
more preferred to use as compare to wrapper and
embedded (Uysal, 2016). Feature selection is divided
into feature subset selection and feature ranking. This
division is based on how the features are combined for
classification evaluation (Gnana et al., 2016). In feature
ranking method, individual features produce good result
by using filtering techmiques such as normation gain
(Forman, 2003), Chi-square (Manmng et al., 2008) and
distinguishing feature selector (Uysal and Gunal, 2012).
These filter techniques make the dataset small in size, less
computation, reduce over fitting and increase
generalization (Meenakshi, 2013). Karabulutetal (2012)
proved that feature selection techniques affect the
classification (Ting et al., 201 1) performance of algorithms
like Naive Bayes, SVM and decision tree. So, feature
selection and classifier inluence each other. Forman
(Forman, 2003) accomplished in feature
experimental study, feature vectors are used as Boolean

selection

(0, 1). But these feature selection techniques cannot
count the word frequency (repetition of word). Most of
the feature selection work on document frequency
(Lee and Lee, 2006; Azam and Yao, 2012). Document
frequency considers the presence/absence of term in
positive/negative classes. The number of times a term
appears not included in document frequency. So, Li and
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Fig. 1: Types of feature selection techniques

Chen, 2012; Uysal and Gunal, 2012) mtroduced the “lugh
term frequency and “weighted document frequency™,
called as “HTF-WDF) use the actual value of the word.
For text data, many feature ranking techniques are in
literature but 1t 1s still an ongoimng research area and need
new techmques to find the distinctive features to improve
the classifier accuracy. Features can be selected by
document frequency and term frequency techniques.
Based on the literature, few researchers have worked on
term with term count but based on literature, very little
work done on the comparison of these techniques. In this
study, we described issues of feature ranking techniques
experimental result of feature ranking techmique with
presence or absence of term, frequency of terms and its
term count in document classification problem. The
result shows 1n table V that use of new redesigned term
count by Rehman et al., (2015) gave better result.

Literature review: A document is represented by
feature
dimension corresponds to a weighted value such as e.g.,
Chi-square, IG (Forman, 2003; Mamning ef al., 2008). Ina
text dataset, moderate number of text collection produce
result in hundreds and thousands number of features.
Therefore, the most important problem is to reduce the
high dimensionality feature space m document. So,
feature selection is very important in text classification to

multi-dimensional vectors in  which each

improve the accuracy, precision, recall and f-Measure.
There are three types of feature selection: filters, wrapper
and embedded (Uysal, 2016) as shown in Fig. 1.
According to a chosen weighting technique, filter
techniques evaluate every term independently. Filter rank
the features after evaluation and takes the subset with the
highest weights (Forman, 2003). Wrapper algorithms

depend on the chosen classifier. They evaluate subsets
of the initial term set and best performance subset is
selected. Tt is time consuming process. Heuristic
algorithms are used for selection in wrapper (Babu and
Vijayan, 2016). Embedded algorithms tried to choose
features during training process like artificial neural
networks (Joachims, 1998).

MATERIALS AND METHODS

Document frequency (binary) based feature ranking
methods: In text classification, many feature ranking
methods such as Chi-square (Forman, 2003) inormation
gain (Mamming et al., 2008) and odd ratio (Mlademc and
Grobelnik, 1999) can work with binary inormation
(presence/absence) of term.

Chi-square: Chi-square is the popular approach for
feature selection and is used to study independence of
two events like 3 Y as:

P(XY)=P(X)P(Y) (1

The event X and Y are assume independent and
belong to term and class, respectively in text classification
(Manning e al., 2008). Information Gain (IG) is used to
measure the presence and absence of term which
contribute for correct classification decision (Forman,
2003):

IG(t)=->"" P(C/log P(C, )P(t) > P(C|[t)log P{C/[t)+
P(t)>" (Clt)log P(CIt)

(2)
Where:
M = The number of classes
P(C) = Probability of class C,, P(t)

P(t)

The conditional probabilities of class given
presence, absence of term t

IG method select terms distibuted m many
categories but these terms have less discrimmating
power m text classification tasks.

Odd ratio 1s a way to find the membership and
non-membership of a class with its nominator and
denominator, respectively. By dividing of nominator with
denommator each other can normalized the nominator and
denomimator (Mladenic and Grobelnik, 1999). Denominator
should be mimmized and nominator should be maximized
to get the highest score. It 1s a one sided metric:

P(tC,)[1P(1C, |

OR({t,C;) =log=— oo 3

- g[l-P(t\Cl)JP(ﬂéi)
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P(t/C,) = Probability of term which tell the presence of
class C,

Conditional probability of the term t given
classes except C,

o
.
=3
!
Pl

Il

This method is applied to avoid from division by zero
error and prevent the nominator become zero.

Term frequency based filter methods: Most of the feature
ranking methods are document frequency based like
chi-square inormation gain, odd ratio etc. They just show
the presence and absence of term in document. These
methods do not use the actual value of a term but term
frequency based filter use the actual value of term.

Distinguishing feature selector (DFS): Yusal (Uysal and
Gunal, 2012) introduced a probabilistic feature ranking
method in which it assigns a high rank to the frequently
occurring term in one class irrespective of the class size.
To rank the term an initial framework of DFS is presented
as foloow:

DES(tj=>"

1=1 =~

“4)

M denotes number of classes and P(Cjt) 1s
conditional probability of C, given presence of
term. P(t|c;) is also conditional probability and tell the
absence of term t for class C,, respectively.

p-document based approach: Baccianella et af., 2013) claim
that existing feature ranking techniques do not deem the
term frequency (term count) to compute the rank of term.
By using term frequencies, they logically brealk the
document into “Micro-documents™ i which every
micro-document contains one word. The result has
mnproved by using the micro-document for ordmal text
classification.

New Feature Selection (NFS): Chang et al (2015)
described that imbalanced data in document classification
occurred because positive class 1s smaller than negative
class. Imbalanced data can cause poor result in
minority class. To avoid from poor result, improve the
minority class without disturbing overall classification
performance. In this study, NFS method selects class
inormation words. NFS method use data re-sampling for
umbalanced problem. So, data re-sampling technology
(SMOTE) improve the minority class issues . The result for
macro-F1 1s 0.7792 with more than 1000 features.

High Term Frequency, Weighted Term Frequency:
(HTF-WDF) 1s the simplest method but it has some
drawbacks. Term 1s mmportant and appears few times in

Table 1: Features ranking techniques with classitiers
Research Techniques  Classifier
Forman (2003) 1G SVM

Results

F-measure 0.25
Precision 0.41%%
Recall 0.34
Fmeasure 0.48%
Precision 0.44%
Recall 0.800%

Micro F1, 85.79
Macro F1, 64.93.4
MicroF183.28,
Macro-F1 61.25
Micro-F1 85.92,
Macro-F1 64.32
Recall 97.41%%
Rang 2.48% (SVOR
on TripAdvisor-15763)
to 6.29%

Mladenic (1999) (OR) MNB
Uysal (2012) DFS SVM DT

Li{2012)
Baccianella (2013)

HTF-WDF  8VM
ndocument.  8WVM

Chang (2015)and  NFS SVM Macro-F1 77 %

Wang et al. (2015)

Rehman (2015) RDC MNB SVM  Micro-F1 59%%
Micro-F1 63%

Wang (2015) NRDC K-ELM Accuracy 70%

Paul (2014)

single category. Due to low requency, it will be eject
through feature selection. Some terms appeared
frequently in some categories sinilarly. These terms are
difficult to find which category they actually belong to.
Seo, HTF-WDF 1s measured terms with occurrences and
high occurrences. This techmque gave result recall
97.41% >

WDE—DE{IH/ e DF’] (5)

I<j<n 71

Total number of categories 1s defined by n, Terms are
placed by WDF and term with low WDF discarded.

Relative Discriminative Criterion (RDC): Rehman et al.
(2015): Rehman redesigned the document frequency of
term into each term count. They give the high score to
frequently occurring terms in one class but absent in
other classes. They also used the frequency graphs to
avold the same score of different terms. They did
experiment and produced Micro-F1 55% on reuter 21578:

RDC = — (| tpr,, -fpr, ) (6)
min(tpr, , fpr, )*te

Normalized Relative Discriminative Criterion (NRDC):
Wang el al. (2015) introduce NRDC feature ranking
technique and claimed that terms in long documents are
big but 1 short documents are small. Wang ef al. (2015)
tried to normalise the term count and removes the
biasness n the long documents. These techniques are
presented in Table 1.

Classification techniques: Due to the increasing number
of documents from different sources, text classification
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becomes important task. Classification is used to assign
data mto predefined categories.
techniques available to classify documents such as Naive
Bayes, SVM, k-NN etc.

There are many

Naive Bayes (NB): Naive Bayes 1s mostly used due
to its ease of use and simplicity for text classification
(Kulkarni et al, 2012). In terms of accuracy and
computational efficiency, Naive Bayes is considered best
classifier (Paul, 2014) among other classifiers like decision
tree, neural network and svm. Two types of NB are
Bernoulli model and multinomial model. Multinomial
modelis best for large datasets but there are two problems,
rough parameter estimation and handling rare categories
which contain few traimng documents (Korde and
Mahender, 2012):

p (Cj|d) - M @)
p(d)

pig) is the prior probability of class ¢, p(d) is the

inormation of observations which is the knowledge from

the text itself to be classified and p(d|c;) is the distribution

probability of document d in Suppose

components d; 15 independent with each other,

conditional probability cannot be computed directly.
So:

classes.

p(dic,)=11p(d|C;) ®)

Ting et al. (2011) described that Naive Bayes is
effective in text classification. MINB is also used with map
reduce framework to remove redundant and irrelevant
feature. They achieved good result as 88% f-measure
(Wang et al., 2015).

Support Vector Machine (SVM): SVM 1s a supervised
learning approach that 18 used to classify linear and
non-linear data (Cortes and Vapmk, 1995). SVM 1s used to
define the optimal decision boundary to classify different
classes:

¢ Tt is best for binary classification but can be used for
multi ¢lassification problems

¢ If suitable pre-processing is used for numerical
vectors and sparse distribution, SVM can produce
good result

SVM provide consistently better result than Naive
Bayes but it 15 very time comsuming and take more
computation time, especially i training model
(Mlademe and Grobelnik, 1999).

Decision Tree (DT): In text classification, DT is a tree
with node that 1s labelled by term branches. It can also be
specified that each mternal node represents a test and
each branch represent an outcome of the test. Hach leaf
node holds a class label. Tt is a top-down method (Nidhi
and Gupta, 2011). DT works like ‘divide and conquer”
approach for classification. It 1s simple to understand and
easy to interpret. Modifications and addition of new
possible scenario can also be easily done but if a level of
a tree increases the complexity of calculations also
Inereases.

Measuring criteria: In text classification, measure
exactness of classifier is:

Precision = — ()
TP+
Where:
TP = Ture positive rate
FP = False positive
Recall = = (10)
TPHN
Where:
TP = True positive rate

FN = False negative

TR+IN
Accuracy=——————— (1)
TRTMHIFPHEN

RESULTS AND DISCUSSION

Experimental setup, result and analysis: Feature ranking
becomes critical part because text data has large number
of attributes. So, it is necessary to reduce the irrelevant
features. Different feature ranking techniques are
investigated and some of them are tested with supervised
learning techniques like multinomial Naive Bayes, SVM
and decision tree on reuter dataset. Dataset has 65
different categories in which 8293 documents present.
18933 terms are present. Top 10 classes are selected for
experiments. Implementation of feature selection algorithm
is done on Java platform and for implementation of
machine leaming algorithm WEKA tool 1s used. 10 fold
cross validation 1s used for experimental analysis. Dataset
is divided into 10 parts randomly. Process repeated 10
times for training and testing phases and shows the
average result in table V.

It 18 proved m Table 2, that without feature ranking,
multinomial Naive Bayes gave 40%, JT48 gave 20% and
SVM gave 25% accuracy with reuter 21578. So, result is
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Table 2: Results of experiment on reuters 21578

Table 3: Results of experiment on 20 newsgroups

Feature ranking/Classifier Accuracy (%) Feature ranking/Classifier Accuracy (%4
Without feature rnking Without feature ranking
Mul.til.‘lomial Naive Bayes 40 Multinomial Naive Bayes 20
Decision tree (J48) 20 Decision tree (J48) 22
Support vector machine 25 Support vector machine 18
Information gain Information gain
Multinomial Naive Bayes 45 Multinomial Naive Bayes 30
Decision tree (J48) . 20 Decision tree (J48) 35
Suppaort vector machine 26 Support vector machine 22
Relative discriminative criterion Relative discriminative criterion
Mul.tn.‘lomlal Naive Bayes 16.66 Multinomial Naive Bayes 40
Decision tree (J48) . 33 Decision tree (J48) 52
Suppoit vector machine 29 :
. . Support vector machine 40
Nomnalized relative . . [T -
P i Normalized relative discriminative criterion

Discriminative criterion Multi ial Naive B 38
Multinomial Naive Bayes 66.66 Wihinormat tarve Lay es

o, Decision tree (J48) 68
Decision tree (J48) 70 g ot vech hi 32
Support vector machine 40 Upp oft vector machine

80 1
70
60 1
50

40
30
20
10

-

Accuracy (%)

0

] O ——

AZEY
SVM[—
MNB[—————]

AZTJ |
SVM [/

ALY —
SVM[]
MNB——— ]
SVM——1

Classifier

MNB 1]

Without FR 1G RDC
Feature ranking

NRDC

Fig. 2: Result of Reuter21578

807
704 —

(>N}
(=3
1

Classifier

Accuracy (%)
W B W
<S9S
J48 ]
SVM| :I
MNB| :I
J48 I
148 |

il
e §§

Without FR
Feature rankmg
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not good without feature ranking technique because
classifier used irrelevant features that are burden for
classifier. IG gave lower result than RDC or NRDC. Term
frequency and document frequency are used combine in
NRDC and RDC. With MNB, NRDC gave 66.66% and
SVM gave 40% accuracy. Results are shown in Table 2
and Fig. 2. Researchers (Yang et al., 2012; Forman, 2003)
consider the presence/absence of term but they ignore the
actual value of the term that is important to know the
actual size of dataset. We can also know by term count,

that dataset is skew or not. For 20 newsgroup dataset,
RDC perform better result than IG, NRDC. NRDC perform
better and gave 68% result with DT. With SVM, RDC
perform better than other feature ranking techniques
present in Table 3 and Fig. 3. Rehman et al. (2015),
Kulkarni et al. (2012) gave value to the frequently
occurring terms m one class. They did not used for nghly
skew dataset. Wang et al. (2015), Paul (2014) proposed
NRDC for long and short documents to normalize the term
count but mcrease the complexity of the algorithm.
Experimental result can be seen in Fig. 2. By using reuter
21578 dataset, RDC and NRDC provide better result than
IG with MNB, SVM and DT because RDC, NRDC used
actual value of term.

CONCLUSION

Various feature ranking techmques have been used
in document classification to improve the performance of
classifier. RDC proved that the impact of term and its term
count with graphs enhance the performance of filters
techmques. Nommalized relative discriminative criterion 1s
used to handle the skew problems in text data. Nine
feature ranking techmques are reviewed. Experiment 1s
conducted on IG, RDC and NRDC with SVM, decision tree
(J48), multnomial Naive Bayes in document classification.
There 1s need to explore more feature ranking techniques
and suitable classifier to label the documents.
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