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Abstract. Feature selection is an important task in the high-dimensional problem of text classiﬁcation.
Nowadays most of the feature selection methods use the signiﬁcance of optimization algorithm to select an
optimal subset of feature from the high-dimensional feature space. Optimal feature subset reduces the computation cost and increases the text classiﬁer accuracy. In this paper, we have proposed a new hybrid feature
selection method based on normalized difference measure and binary Jaya optimization algorithm (NDM-BJO)
to obtain the appropriate subset of optimal features from the text corpus. We have used the error rate as a
minimizing objective function to measure the ﬁtness of a solution. The nominated optimal feature subsets are
evaluated using Naive Bayes and Support Vector Machine classiﬁer with various popular benchmark text corpus
datasets. The observed results have conﬁrmed that the proposed work NDM-BJO shows auspicious improvements compared with existing work.
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1. Introduction
In this information era, every user contributes a huge
amount of information in the form of unstructured text data:
online reviews, feedbacks, chat, e-mails, survey responses,
social media tweets, web pages, personal blogs and more in
the repository of World Wide Web. Text mining plays a
vital role in extracting the interesting pattern from the
unstructured text corpus. We need to focus on the problem
of organizing and managing the phenomenal growth of
unstructured text data. The text classiﬁcation system is used
to organize the text documents into a proper manner. Text
classiﬁcation is one of the supervised learning algorithms
that assigns the text document to the appropriate categories.
Text classiﬁcation systems are used in various ﬁelds like
spam e-mail ﬁltering [1, 2], e-mail classiﬁcation [3, 4], web
page classiﬁcation [5, 6], author gender identiﬁcation [7]
and topic identiﬁcation. The indivisible unit of the text
corpus is called a term or feature or word. In the text
classiﬁcation system, the unstructured text documents are
represented as the feature vector. The size of feature vector
of text corpus is very high. This high dimensionality of
feature size affects the text classiﬁer performance. The high
dimensionalities of feature space have irrelevant, redundant
and noise features. A noise feature has no facts about a
category. We cannot conclude anything from the noise
feature. For example, if a term/feature appears in every text
*For correspondence

document that term/feature is never useful for categorization. Feature selection method helps in reducing the high
dimensionality of the feature space. Feature selection
methods are used to reduce the error rate of classiﬁer and
reduce the computation time. Let T be the feature set tokenized from the text corpus denoted as T ¼
ft1 ; t2 ; t3 ; . . .; tf g having f number of distinct terms; then we
can derive 2f  1 (ignore the empty subset) numbers of
various feature subsets. It leads to the heavy computation
process for ﬁnding the optimal feature subset. Feature
selection is a process to select the optimal best feature
subset space from the original feature space [8, 9].
In [10, 11] the authors presented the signiﬁcance of feature
selection process in the high-dimensional feature space of
text classiﬁcation problem. In [12], the authors highlighted
the importance of the feature selection process. The feature
selection process is categorized into two types: (i) ﬁlter
based and (ii) wrapper based. The signiﬁcance of each
feature in the text corpus is computed by various scoring
techniques in the ﬁlter-based approach. After the scoring
process, based on the degree of importance score the top-N
features are selected. Filter-based approach does not
depend on classiﬁcation model and this is computationally
fast while comparing to the wrapper-based approach.
Attribute subset selection is the primary focus of wrapperbased approach. The main objective of wrapper method is
to obtain the best optimal feature subset from the original
high dimensionality of the feature space. The hybrid feature
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selection method [13] uses both ﬁlter-based and wrapperbased methods. In [14], the author used an ensemble feature selection method for classiﬁcation. The contribution of
this proposed system is to develop a new hybrid feature
selection method which combines wrapper-based binary
Jaya optimization algorithm (BJO) and ﬁlter-based normalized difference measure (NDM) to yield NDM-BJO.
Rest of the paper is organized as follows. Various feature
selection approaches and related work to this study are
brieﬂy described in section 2. Section 3 presents a detailed
description of the proposed feature selection method based
on NDM-BJO. The classiﬁers used in the experiments are
discussed in section 4. The dataset and the performance
evaluation measures used in this work are discussed in
section 5. Section 6 shows the experimental results, which
highlights the performance of the proposed feature selection method. Finally, the conclusions are then outlined in
section 7.

2. Related work
The primary objective of feature selection scheme is to pick
most signiﬁcant features from the high-dimensional feature
space and ignore the irrelevant, redundant and noise features. For text classiﬁcation system, many feature selection
algorithms are proposed and have been widely used. Document frequency (DF), information gain (IG), mutual
information (MI) and distinguishing feature selector (DFS)
are very familiar ﬁlter-based feature selection schemes. DF
simply counts the number of documents containing the term
t. DF ignores the categorical information and term frequency. The DF of the term ti is calculated as follows:
DFðti Þ ¼

N
X


Ij ðti Þ;

j¼1

Ij ðti Þ ¼

1

if dj contains ti

0

otherwise
ð1Þ

where N is the total number of documents in the training set
and Ij ðti Þ indicates the presence of term ti in document dj .
The authors of [15] developed the text classiﬁcation system
that used the feature selection based on extended document
frequency metric. IG [16] assigns higher weight to the term
that is commonly distributed in various categories and
assigns lower weight to the rare term. The IG of the term ti
is computed as follows:
IGðti Þ ¼ 

K
X

PðCk Þ log PðCk Þ þ Pðti Þ

k¼1

þ Pðti Þ

K
X

PðCk jti Þ log PðCk jti Þ

k¼1
K
X

PðCk jti Þ log PðCk jti Þ

k¼1

ð2Þ
where K is the number of classes and PðCk Þ is the probability of class Ck . Pðti Þ is the probabilities of the term ti .

PðCk jti Þ is the conditional probabilities of class Ck given
the presence of the term ti . Pðti Þ is the probabilities of
absence of the term ti . PðCk jti Þ is the conditional probabilities of class Ck given the absence of term ti . MI measures how much the term in the presence/absence scenario
contributes to make the correct classiﬁcation decision.
MI [17] is calculated to measure the dependences between
two random variables (eqs. (3) and (4)):
MIðt; Ck Þ ¼ log2
MIðtÞ ¼

K
X

PðtjCk Þ
PðtÞ

PðCk Þ  MIðt; Ck Þ

ð3Þ

ð4Þ

k¼1

where PðtjCk Þ is the conditional probability of presence of
term t given class Ck . In [18], the authors presented a
review of feature selection methods based on MI. In [19],
the authors proposed the new ﬁlter-based feature selection
method DFS, which is a probability-based feature selection
method. DFS assigns high score to the term that frequently
occurs in one of the categories and does not occur in the
other categories, and is distinctive; a term that frequently
occurs in all the classes is irrelevant; it must be assigned a
low score:
DFSðtÞ ¼

K
X

PðCk jtÞ
ð1
þ
PðtjC
k Þ þ PðtjCk ÞÞ
k¼1

ð5Þ

where K is number of classes, PðCk jtÞ is the conditional
probabilities of class Ck given the presence of term t,
PðtjCk Þ is the conditional probability of presence of term t
given a class other than Ck and PðtjCk Þ is the conditional
probability of absence of term t given class Ck . The deviation from feature selection method based on Poisson distribution is proposed in [20]. In [21], the authors carried
out the wrapper-based approach to select the optimal feature set for the text classiﬁcation task. They achieved signiﬁcant improvement in accuracy using the Decision Tree
and Naive Bayes (NB) classiﬁcation algorithms. In [22],
the author proposed the new feature selection algorithm
based on Binomial Hypothesis Testing for Spam Filtering.
A feature selection based on genetic algorithm (GA) and
parameters optimization for support vector machines
(SVMs) are proposed in [23]; they use the GA approach for
feature selection, applied on various benchmark datasets,
without degrading the SVM classiﬁcation accuracy. The
authors of [24] deploy the GA to select the proper subset of
features in pattern-classiﬁcation tasks such as medical
diagnosis. In [25], the authors applied ﬁreﬂy algorithm
(FFY) for selecting optimal feature subset to classify the
various Arabic text corpora. Ant colony optimization
(ACO)-based feature selection for the text classiﬁcation
was proposed in [26]. The authors used an SVM classiﬁer
in their work. They compared their work using the success
measures like precision, macro-averaging recall and macro-
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averaging F1 measures. In [27] the authors presented a
comparative study of feature selection methods (IG and
CHI) with various classiﬁers. They used the BBC dataset to
provide the comparative report. The authors of [28] proposed the FFY along with Rough Set Theory technique for
the feature selection problem. They compared their work to
bio-inspired methods using various datasets. In spite of
various feature selection approaches in the literature, still
the optimal feature selection is focused by most of the
researchers. In order to improve the classiﬁcation accuracy
and reduce the high-dimensionality feature space, the
researchers are constantly working towards new methodologies to select distinctive optimal feature sets. In this
work, we used the hybrid feature selection based on BJO
algorithm and NDM for selecting optimal feature set for
text classiﬁcation system.

3. Proposed work
The optimization techniques are used in various domains of
research problem. In this proposed work, we have used
optimization techniques in text classiﬁcation system to
identify the optimal feature subset. The architecture of the
proposed work is shown in ﬁgure 1. The proposed work
uses the NDM and BJO to select the optimal subset of
feature space.

3.1 Filter-based feature selection

201

scenarios are described in contingency table 1. Let Ck and
Ck be two different categories k (positive class) and other
than k categories (negative class). Also let the terms ti and ti
represent the presence and absence of the given term,
respectively.
• tp: true positive count denotes the number of documents that contain the term ti and those documents that
belong to the category Ck (positive class)
• fn: false negative count denotes the number of
documents that do not contain the term ti and those
documents that belong to the category Ck (positive
class)
• fp: false positive count denotes the number of documents that contain the term ti and those documents that
do not belong to the category Ck (negative class)
• tn: true negative count denotes the number of documents that do not contain the term ti and those
documents that do not belong to the category Ck
(negative class)
NDM ranks the features based on the true positive rate (tpr)
and false positive rate (fpr). The tpr and fpr of the term t are
calculated as follows:
tprðtÞ ¼

tp
;
tp þ fn

ð6Þ

fprðtÞ ¼

fp
:
fp þ tn

ð7Þ

The NDM score of each term is calculated as

In [29], the authors proposed the new ﬁlter-based feature
selection method based on an NDM for text classiﬁcation.
The NDM is based on DF. The frequency depending on the
number of documents in the collection with various

NDMðtÞ ¼

Figure 1. Proposed work system design.

jtprðtÞ  fprðtÞj
:
minðtprðtÞ; fprðtÞÞ

ð8Þ
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Table 1. Contingency table.

Terms/category
CK (belongs to)
CK (does not belong
to)

ti (presence of the
term)
tp
fp

ti (absence of the
term)
fn
tn

Figure 2. NDM-based ﬁlter selection scheme.

documents that belong to CK (negative class) then
tprðti Þ ¼ 0. If minðtpr; fprÞ ¼ 0, then to avoid divide by
zero exception, it is replaced by a small value (0.01).

3.2 Jaya optimization algorithm
The Jaya optimization algorithm was proposed by the
author R V Rao in [30]. In order to ﬁnd the optimal solution, the Jaya optimization algorithm searching process
moves towards the best solution and moves away from the
worst solution. Jaya optimization algorithm is based on get
the victory by avoiding all failures principle, and has been
deployed successfully in various engineering problems [31, 32]. The working ﬂow of Jaya algorithm is shown
in ﬁgure 3. Let the objective function of our problem be
minimizing the error rate of classiﬁer. The best individual
ðWbest Þ obtains the lowest value of ﬁtness score (error rate)
and the worst individual ðWworst Þ obtains the highest value
of ﬁtness score (error rate) in the entire solutions from the
population. The new solution is generated using the best
and worst solutions.

3.3 Solution encoding
In this work, every individual solution in the population is
represented as a binary string. The length of every individual solution (binary string) is equal to the number of
distinct features available in the unstructured text corpus.
The binary code 1 of the solution represents the selection of
features and the binary code 0 of the solution represents the
feature that was not selected. The solution W is represented
as W ¼ ½h1 ; h2 ; h3 ; . . .; hn  where n is the number of distinct
features in text corpus. Every position of the solution is
binary values, hj  {0,1}; For example, a solution deﬁned as
[1, 1, 0, 0, 1, 1, 0, 0, 0, 1] speciﬁes that the features with
index 1, 2, 5, 6 and 10 are selected while the others are not
selected. The ith solution of generation t is represented as
ðtÞ
Wi , and the jth position of ith solution of generation t is
ðtÞ

represented as Wi;j
Figure 3. Flowchart of the Jaya optimization algorithm.

3.4 Initial population
NDM assigns the importance score to each feature using
eqs. (6), (7) and (8) and top-f features are selected based on
the signiﬁcance score. Figure 2 illustrates the process of
ﬁlter-based NDM selection scheme. In the following scenario, the denominator value of eq. (8) becomes 0. If the
term ti appears in all the documents that belong to Ck
(positive class) and does not appear in all other documents
that belong to Ck (negative class) then fprðti Þ ¼ 0. Similarly, if the term ti does not appear in all the documents that
belong to Ck (positive class) and appears in all other

We have set the initial population size of this work as 50.
Randomly, we generate 50 solutions with random real
values between 0 and 1. After this, the digitization process
is applied to each position of individual solution for converting real values to binary values based on eq. (9):
(
ðtÞ
Wi;j

¼

ðtÞ

1;

Wi;j [ rand;

0;

otherwise :

ð9Þ
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Here rand is a uniformly distributed random number
between 0 and 1.

• maximum number of iterations/generations (Tmax )
• convergence rate of ﬁtness score and
• maximum running time limit of iterative process.
In this proposed work, the maximum number of iterations
(Tmax ) is used as the termination criterion.

3.5 Fitness function
Fitness function plays a vital role in the optimization
problems. A ﬁtness function computes a single positive
integer to represent how good the solution is. The ﬁtness of
each individual solution in the population is calculated with
the help of classiﬁer error rate, which is formulated in
eqs. (10) and (11).
ðtÞ

ðtÞ

fitnessðWi Þ ¼ ClassifierErrorRateðWi Þ:

ð10Þ

The classiﬁer error rate (solution) is the testing error rate:
ðtÞ

ClassifierErrorRateðWi Þ
number of misclassified documents
 100:
¼
Total number of documents

ð11Þ

3.6 Finding new solutions
The best and worst solutions in the generation t are used to
generate the new solution. The best solution has the lowest
ﬁtness score (error rate) and worst solution has the highest
ﬁtness score (error rate) in the generation t. The best
ðtÞ
solution of iteration t is represented as Wbest and the worst
ðtÞ

solution of iteration ‘t’ is represented as Wworst . Considering
the best and worst solutions of generation ‘t’, the jth posiðtÞ
tion of old solution Wi;j modiﬁed at generation ‘(t?1)’ is
ðtþ1Þ

Wi;j

201

as formulated in eq. (12):




 ðtÞ
 ðtÞ
ðtþ1Þ
ðtÞ
ðtÞ 
ðtÞ 
Wi;j ¼ Wi;j þ aWbest;j  Wi;j   bWworst;j  Wi;j 
ð12Þ

where a, b are two random numbers between 0 and 1. After
this, the digitization process is applied to each position of
new candidate solution at generation ‘t þ 1’ for converting
real values to binary values based on eq. (13):
(
ðtþ1Þ
1;
Wi;j [ rand;
ðtþ1Þ
Wi;j ¼
ð13Þ
0;
otherwise:
Here rand is a uniformly distributed random number
between 0 and 1.

3.7 Termination criteria
The proposed work is an iterative process. The termination
criteria of the iterative process can be decided by the following factors:

3.8 Text pre-processing
The text pre-processing can make the text classiﬁcation
process fast and effective. The pre-processing includes
lowercasing, removing numbers, punctuations, stop words
and ﬁnally stemming. The dataset is further pruned to
eliminate the terms with too low or high frequencies. The
high-frequency terms (terms present in most or all of the
documents) will not help us to discriminate texts; lowfrequency terms are rare terms and lead to overﬁtting of the
model. Hence, pruning of dataset should be done to remove
the terms that are present in less than 5% of the documents
or present in more than 95% of the documents.

3.9 Normalized-difference-measure-based
Adaptive Strategy (NDMAS)
In the proposed work, the number of features to be selected
is ﬁxed as ‘f’. In order to maintain the number of features
selected in the binary string of solution, mutation is applied
based on NDM importance score. Let the number of
selected features in the candidate solution be k. If k is less
than f then f  k number of remaining features are mutated
(from 0 to 1) in the solution based on NDM-based significant score of top-ranked unselected features. If k is greater
than f then k  f numbers of features are mutated (from 1 to
0) in the solution based on lowest-ranked (based on NDM
Score) selected features. We refer to this strategy as normalized-difference-measure-based
Adaptive
Strategy
(NDMAS).

3.10 Pseudo-procedure of proposed work
Algorithm 1 describes the iterative process of proposed
work. Line 1 pre-processes the text corpus dataset. Line 2
tokenizes the text corpus to ﬁnd the feature space. Line 3
splits the dataset into training set and testing set. Line 4
indicates the number of unique feature in the feature space.
Lines 5–10 show the initial population process. Line 8
represents the binary code representation of each position
of solution. Line 10 computes the ﬁtness value of solution
using the algorithm 2 procedure. Lines 12–13 ﬁnd the best
and worst solution based on the ﬁtness value. Lines 14–28
describe the iteration process. Lines 15–24 use the best and
worst solutions to update the solution movements towards
the best solution. Lines 29–34 compute the best optimal
feature set from the best solution.
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Algorithm 2 computes the ﬁtness value of individual
solution. Line 1 of algorithm 2 indicates the input for the
computeFitness function. Lines 2–4 ensure that the number
of selected features in the solution is equal to required
number of features ‘f’ to be selected. If the number of
selected features is not equal to f then the mutation process
is applied to the solution based on NDM-based adaptive
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strategy, which is shown in Line 3. Line 5 create the new
training (D0train ) and testing set (D0test ) from the base training
and testing set. Using the new training set D0train , Line 6
builds the new classiﬁer model. Line 7 computes the classiﬁer error rate using the new testing set D0test . Line 8
returns the classiﬁer error rate as the ﬁtness score of given
solution Wi .

Sådhanå (2020)45:201
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The following three types of feature selection strategies
are applied in the proposed work:
• F1 – subset of ‘f’ signiﬁcant features selected by the
ﬁlter-based NDM feature selection scheme.
• F2 – subset of ‘f’ optimal features selected by the
wrapper-based NDM-BJO using NB classiﬁer.
• F3 – subset of ‘f’ optimal features selected by the
wrapper-based NDM-BJO using SVM classiﬁer.
Finally in the proposed work, voting-based feature selection
is used from these three different feature sets (one feature is
selected from these three sets if and only if it is available in
minimum two sets) as in eq. (14). The ﬁnal resulting feature
set F is used as input to the classiﬁer:
F ¼ ff : f ðF1 \ F2 Þ [ ðF1 \ F3 Þ [ ðF2 \ F3 Þg:

ð14Þ

201

4. Classiﬁer used
In this work, we have used two classiﬁers. The ﬁrst classiﬁer is multinomial NB classiﬁcation algorithm and the
second one is linear SVM classiﬁer. The multinomial NB
classiﬁer [33, 34] works with discrete features like word
count. NB follows the probabilistic approach based on the
Bayes theorem. It assigns the class label of unknown document as per the following process. Let the document be

Table 4. BBC dataset.
Sl. no.
1
2
3
4
5

Category

Training docs

Testing docs

Total docs

281
223
219
292
210
1225

229
163
198
219
191
1000

510
386
417
511
401
2225

Business
Entertainment
Politics
Sport
Tech
Total

Table 2. WebKB dataset.
Sl. no

Category

1
2
3
4

project
course
faculty
student
Total

Training docs

Testing docs

Total docs

336
620
750
1097
2803

168
310
374
544
1396

504
930
1124
1641
4199

Training docs

Testing docs

Total docs

436
2838
3274

311
1989
2300

747
4827
5574

Table 3. SMS dataset.
Sl. no.

Category

1
2

Spam
Ham
Total

Table 5. 10Newsgroup dataset.
Sl.
no.
1
2
3
4
5
6
7
8
9
10

Category
rec.autos
rec.motorcycles
rec.sport.baseball
rec.sport.hockey
sci.crypt
sci.electronics
sci.med
sci.space
soc.religion.christian
talk.politics.guns
Total

Training
docs

Testing
docs

Total
docs

594
598
597
600
595
591
594
593
598
545
5905

395
398
397
399
396
393
396
394
398
364
3930

989
996
994
999
991
984
990
987
996
909
9835
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d ¼ ft1 ; t2 ; t3 ; . . .; tn g. The class label prediction of
document d is
class labelðdÞ ¼ max PðCi Þ
i¼1;2;...c

n
Y

Pðtj jCi Þ

ð15Þ

j¼1

where PðCi Þ is the probability of class Ci ; Pðtj jCi Þ is the
probability of the term tj for a given class Ci .
SVM is one of the best supervised learning algorithms
used for classiﬁcation and regression [1, 26, 35–37]. SVM
ﬁnds a hyper-plane or set of hyper-planes to separate the
classes in the high-dimensional space. The main objective
of SVM is to ﬁnd the decision boundary that is maximally
away from any data point. SVM classiﬁer ﬁnds the maximum-margin hyper-plane that separates the two classes,
and the border of hyper-plane is deﬁned by support
vectors.

5. Experimental work
The proposed work performance was analysed with various
benchmark datasets. Section 5.1 describes the dataset and
the performance evaluation measures used for our
experiments.

Figure 4. Accuracy comparison for WebKB dataset using
(a) NB classiﬁer and (b) SVM classiﬁer.

5.1 Dataset
In this work, we have experimented with four distinct
datasets (WebKB, SMS, BBC News and 10Newsgroups)
used for the assessment of our proposed feature selection
method. WebKB is a collection of web pages collected by
the World Wide Knowledge Base. These pages were
collected from computer science departments of various
universities in 1997. The web pages are classiﬁed as
various classes: student, faculty, staff, department, course,
project and other. For the experimental works we have
chosen the class label (project, course, faculty and student) documents. Table 2 describes the properties of
WebKB dataset.
SMS dataset is a collection of SMSs, labelled as Spam or
Ham. It contains 5574 labelled SMS messages. Description
of the SMS dataset is shown in table 3.
BBC dataset contains 2225 text documents from the
BBC News website, which are classiﬁed into 5 categories
(business, entertainment, politics, sport and tech). Table 4
shows the document distribution of the BBC dataset.
Newsgroups dataset contains approximately 15000 news
documents, which are manually classiﬁed into 20 groups. In
this work we have experimented with 10 categories. News
document distribution among the selected categories is
shown in table 5.

Figure 5. F1Macro comparison for WebKB dataset using (a) NB
classiﬁer and (b) SVM classiﬁer.
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Figure 6. Accuracy comparison for SMS dataset using (a) NB
classiﬁer and (b) SVM classiﬁer.
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Figure 7. F1Macro comparison for SMS dataset using (a) NB
classiﬁer and (b) SVM classiﬁer.

5.2 Performance evaluation measures
Two standard evaluation measures, accuracy and F1Macro ,
are used to evaluate the proposed feature selection model.
The accuracy of a classiﬁcation model is calculated as
percentage of testing dataset documents that are correctly
classiﬁed. The computation of accuracy can be formulated
as
accuracy ¼

number of correctly classified documents
 100:
total number of documents
ð16Þ

F1Macro is calculated for each category within the dataset and
the average of all classes is computed. The computation of
F1Macro is formulated as
F1Macro ¼

m
1X
2  precisioni  recalli
m i¼1 precisioni þ recalli

ð17Þ

where m is number of classes, precisioni is precision values
of class Ci and recalli is recall values of class Ci .

6. Results and discussion
In this section, a deep analysis is carried out to compare the
NDM-BJO feature selection scheme against various ﬁlterbased feature selection methods (DF, IG, MI, DFS and
NDM) and wrapper-based approaches such as GA and FFY
in terms of classiﬁer accuracy and F1Macro . We have taken
the measurement of experiments using a computer equipped with 2.30 GHz Intel Core i5 processor and 8-GB RAM
memory. The experiments are conducted with features of
varying sizes such as 10, 50, 100, 200, 300 and 500. We
have used Python 3.7.3 for programming and matplotlib
library to plot the performance graph. The performance of
the proposed work NDM-BJO is shown in ﬁgures 4–11 on
the afore-mentioned datasets. In all the graphs, the X-axis
represents the number of selected features and the Y-axis
represents the corresponding classiﬁer performance in
terms of accuracy or F1Macro . In most experimental results,
the proposed method shows better accuracy and F1Macro than
other contrasted ones.
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Figure 8. Accuracy comparison for BBC News dataset using
(a) NB classiﬁer and (b) SVM classiﬁer.

6.1 Performance comparisons on the WebKB
dataset
The experimental results of text classiﬁcation on the
WebKB dataset using NB and SVM classiﬁers are shown
in ﬁgures 4 and 5. Each curve in the ﬁgures represents a
different feature selection scheme. For the classiﬁer
accuracy it can be seen from ﬁgure 4a and b that, in the
text classiﬁcation using NB classiﬁer and linear SVM
classiﬁer on the WebKB corpus, the performances of
NDM-BJO are better than those of other term weighting
schemes.
Figure 5a and b shows the F1Macro curve of all 8 feature
selection schemes and it shows that the proposed NDMBJO produces better F1Macro value for both NB and SVM
classiﬁers.

6.2 Performance comparisons on the SMS dataset
Figures 6 and 7 show the experimental results of text
classiﬁcation on the SMS dataset using NB and SVM
classiﬁers. The curves in the ﬁgures indicate 8 feature
selection schemes. It can be seen from ﬁgure 6a that the
performance of NDM-BJO using the NB classiﬁer is better
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Figure 9. F1Macro comparison for BBC dataset using (a) NB
classiﬁer and (b) SVM classiﬁer.

than those of all other feature selection schemes. Also,
ﬁgure 6b shows that the performance of the proposed work
using the SVM classiﬁer has the highest accuracy compared
with other feature selection schemes.
Figure 7a and b shows the F1Macro curve of all 8 feature
selection schemes and it shows that the proposed NDMBJO produces better F1Macro value for both NB and SVM
classiﬁers.

6.3 Performance comparisons on the BBC News
dataset
The experimental results of text classiﬁcation on the
BBC News corpus using NB and SVM classiﬁers are
shown in ﬁgures 8 and 9. Each curve in the ﬁgures represents a different feature selection scheme. As shown in
ﬁgure 8a and b, for the accuracy of the classiﬁer using
the NB and SVM classiﬁers for text classiﬁcation on the
BBC News corpus, the performance of the proposed
work is better than those of other feature selection
schemes.
Figure 9a and b shows the F1Macro curve of all 8 feature
selection schemes and it shows that the proposed NDM-
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Figure 10. Accuracy comparison for 10Newsgroup dataset using
(a) NB classiﬁer and (b) SVM classiﬁer.

Figure 11. F1Macro comparison for 10Newsgroup dataset using
(a) NB classiﬁer and (b) SVM classiﬁer.

BJO produces better F1Macro value for both NB and SVM
classiﬁers.

feature space and NDM-BJO selected feature subset of
afore-mentioned dataset are presented in table 7. For
the WebKB dataset, the proposed NDM-BJO feature
selection method accurately classiﬁed 1242 documents
out of 1396 test documents and achieved 88.96%
accuracy. The proposed NDM-BJO method accurately
classiﬁed 2251 documents out of 2300 test documents
(97.86% classiﬁcation accuracy) of SMS dataset. For
the BBC news corpus, the proposed NDM-BJO feature
selection method accurately classiﬁed 967 documents
out of 1000 test documents and achieved 96.7% accuracy. The proposed NDM-BJO method accurately
classiﬁed 3558 documents out of 3930 test documents
(90.53% classiﬁcation accuracy) of 10Newsgroup
dataset. It shows that the optimal feature subset
selected by the proposed NDM-BJO is sufﬁcient for the
text classiﬁcation task.
The experimental results depicted in ﬁgures 4–11 clearly
show that the proposed NDM-BJO feature selection
scheme is better than other feature selection schemes. In
summary a feature selection scheme based on NDM-BJO is
proposed, which produces the optimal feature subset to
reduce the high-dimensional feature space and improves the
classiﬁer accuracy.

6.4 Performance comparisons
on the 10Newsgroup dataset
The performance of the NDM-BJO-based feature selection
scheme on the 10Newsgroup dataset is shown in ﬁgures 10 and 11. Figure 10a and b shows the performance
curve in terms of the accuracy of NB and SVM classiﬁers,
respectively. As regards the accuracy of the classiﬁer, it
can be seen from ﬁgure 10a and b that NDM-BJO produces the highest accuracy compared with other feature
selection schemes.
Figure 11a and b shows the F1Macro curve of all 8 feature
selection schemes and it shows that the proposed NDMBJO produces better F1Macro value for both NB and SVM
classiﬁers on the 10Newsgroup text corpus.
Table 6 shows the optimal feature subset of 10 features
selected by the proposed NDM-BJO-based feature selection
method using NB classiﬁer on each benchmark dataset.
The performance comparison results of NB classiﬁer
in terms of classiﬁcation accuracy with the original

201

Page 12 of 13

Sådhanå (2020)45:201

Table 6. Optimal feature subset of 10 features selected by proposed work NDM-BJO.
Dataset

t1

WebKB
SMS
BBC News
10Newsgroup

assign
award
coach
atheist

t2
exam
bonus
ﬁlm
earth

t3
grade
claim
ﬂanker
god

t4
instructor
code
govern
graphic

t5

t6

midterm
freemsg
labour
os

professor
guarantee
music
pogo

t7
quiz
prize
people
religi

t8
syllabu
servic
player
solar

t9
student
tone
sprinter
space

t10
textbook
urgent
winger
sport

Table 7. Dimensionality reduction.
Original feature space After pruning
No. of
features

Dataset
WebKB
SMS
BBC News
10Newsgroup

7830
4533
5648
8957

Optimal feature subset selection NDM-BJO

Accuracy in % (correctly classiﬁed docs
over total testing docs)
80.5
94.3
92.5
78.9

No. of features
selected

(1124 over 1396)
(2169 over 2300)
(925 over 1000)
(3102 over 3930)

7. Conclusion

200
300
200
200

Wi;j
ðtÞ

In this work a new hybrid feature selection method that
combines the NDM and BJO, namely NDM-BJO, was
introduced for reducing the high-dimensional feature space
of text classiﬁcation problem. The performance of NDMBJO was investigated using four well-known benchmark
text corpora, two popular classiﬁcation algorithms and two
well-known performance evaluation measures. The results
of a thorough experimental analysis clearly indicate that
NDM-BJO-based feature selection scheme is better than
various well-known ﬁlter techniques and wrapper
techniques.
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Nomenclature
i
j
t
f
Tmax
Wi

solution index
position index
iteration/generation index
number of features to be selected
maximum number of iterations/generations
ith solution

Wi
Wfitness
i
Wbest
Wfitness
best
Wworst
Wfitness
worst
a; b

Accuracy in % (correctly classiﬁed docs
over total testing docs)
88.9
97.8
96.7
90.5

(1242 over 1396)
(2251 over 2300)
(967 over 1000)
(3558 over 3930)

jth position of solution Wi
ith solution Wi of iteration/generation t
ﬁtness value of solution Wi
best solution
ﬁtness value of best solution
worst solution
ﬁtness value of worst solution
random numbers in [0,1]
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