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Abstract 
 

The performance of text classification is highly related to the feature selection methods.  
Usually, two tasks are performed when a feature selection method is applied to construct a 
feature set; 1) assign score to each feature and 2) select the top-N features. The selection of 
top-N features in the existing filter-based feature selection methods is biased by their 
discriminative power and the empirical process which is followed to determine the value of N. 
In order to improve the text classification performance by presenting a more illustrative 
feature set, we present an approach via a potent representation learning technique, namely 
DBN (Deep Belief Network). This algorithm learns via the semantic illustration of documents 
and uses feature vectors for their formulation. The nodes, iteration, and a number of hidden 
layers are the main parameters of DBN, which can tune to improve the classifier’s 
performance.  The results of experiments indicate the effectiveness of the proposed method to 
increase the classification performance and aid developers to make effective decisions in 
certain domains. 
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1. Introduction 
 

Text classification approach has been deployed in certain domains to automate the systems in 
order to decrease the computational time and cost. The goal of such systems is to categorize 
the texts in to proper classes based on the content. For example, filtering of spam emails [1], 
classification of web page [2], analysis of sentiments [3], identification of authors [4], and 
design pattern classification and selection [5, 6]. In these domains, the use of a large number of 
features affects the classification decisions and computation time of the classifiers used in an 
automated system [7]. In order to reduce the adverse effect of inoperable features in text 
categorization, filter-based (rather than embedded and wrapper) feature selection techniques 
are applied. [8]. Though numerous filter-based methods such as DF(Document Frequency [9], 
IGI(Improved Gini Index) [10], Correlation, GR (Gain Ratio), IG (Information Gain) [11], and 
Distinguish Feature Selector (DFS) [12] have been introduced and applied in the text 
classification domains [7, 13]. However, due to variation in the discriminative power of 
filter-based feature selection techniques and their constructed feature set, we still required a 
systematic way to construct a more representative feature set. Researchers have successfully 
implemented deep learning algorithms in certain domains such as fault localization [14], 
organization of design patterns according to expert opinion [15], extraction of semantic 
features from the source code, digit recognition [16], code suggestion via modeling the 
programming languages [17], use of structural information of program, and use of source code 
of programs to extract features for defects prediction [18, 19]. Due to the successful 
implementation of deep learning algorithms in certain areas [20] and construction of a more 
demonstrative feature set, we leverage a powerful deep learning technique. Like Hussain et al. 
[15], we leverage an influential and representative algorithm, namely DBN [21] to cram 
features from the constructed VSM (Vector Space Model). The DBN algorithms aims to aid in 
reconstruction of highly likely training data. Deep Belief Network (DBN) is a multi-level 
neural network, which can aid to obtain the high level abstraction of input data by constructing 
a deep architecture. A Deep Belief Network (DBN) is consists of one visible and numerous 
hidden layers. Each layer is the combination of numerous stochastic neurons and is fully 
connected with adjacent layers. We accomplish few pre-processing tasks such as removal of 
stopwords and word stemming to realm the data in feature vector form with their frequency. 
The input of DBN algorithm is constructed through these feature vectors. 
In this paper, we accomplished several experiments. In each experiment, three widely used 
classifiers are used to assess the efficacy of the proposed method in terms of improving their 
classification decisions. The major contributions of the proposed work are. 
• We used the DBN algorithm to retrieve the influential features. The DBN learn these 

features from the document vocabulary in order to increase the classifier’s performance.  
• We appraise the capability of the proposed method by comparing with the state of the art 

filter-based feature selection techniques in terms of construction of more representative 
feature set.  . 

• We employed the proposed method with three well-known classifiers and three benchmark 
datasets in the context of text classification and measure the efficacy of the proposed 
method. 

Several weighting schemes are used to identify and assign weights to features and rank them 
accordingly. Such as, Binary, TF (Term Frequency), Entropy, TFIDF (Term Frequency 
Inverse Document Frequency), and LTC (Length Term Collection) are the well-known 
weighting schemes [22]. These weighting schemes are used to assign weights to each feature 
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and ordered them accordingly.   
The remaining article is categorized in eight units. In section 2, we concise the allied work in 
the context of feature selection techniques and implication of deep learning in the domain of 
software engineering. In section 3, we describe the working process of the proposed method. 
In section 4, we present a toy case study. In section 5, we present the experimental procedure. 
In section 6, we discussed the experimental results and discussed consequences. Moreover, in 
section 7, we concise the assessment results. In section 8 and section 9, we present the few 
threats of proposed method and the conclusion of proposed work respectively. 

2. Related Work 
We summarized the related work to highlight the use of existing filter-based techniques and 
implication of deep learning approach  (for feature set construction) in the context of increase 
in the performance of text classification based automated system. 
 

2.1. Feature Selection Methods 
The feature selection techniques are used to decrease the adverse effect of feature selection 
techniques. The existing feature selection techniques can be categorized in three schemes such 
as filter-based, wrapper, and embedded. The feature selection methods of last two schemes (i.e. 
wrapper and embedded) need a learning model [7]. In their study, Ogura et al. [23] describe 
the characteristics of filter-based methods and group them as one-sided or two-sided. In case 
of one-sided methods, each feature is assigned several scores depends on the number of class 
labels. However, these scores can be group with respect to the membership class score (i.e. 
Score ≥ 0) and non-membership classes (i.e. Score < 0). The Odd Ratio (OR) is the common 
example of one-sided method. The aim of OR is to compute the membership and 
non-membership scores of each feature by normalizing its nominator and denominator values. 
Moreover, in case of two-sided methods, a single score (based on the amalgamation of 
non-membership and membership) is associated to each feature. The IGI, DF, and IG are the 
common examples of two-sided feature selection methods [6, 13]. Similarly, in their study, 
Tasci and Gungor analysed certain filter-based techniques in terms of assigning single or multi 
class based score to each feature and group them as local and global [24]. The classifier’s 
performance in the context of text classification can be improved in terms of handling the class 
imbalances issue. In this regard, Gunal empirically investigate the progress in the 
classification performance of genetic algorithm and filter based methods [25]. Finally, the 
authors informed that combine filter methods outperform than a single filter method.  
Recently, Uysal present an IGFSS (Improved Global Feature Selection Scheme) scheme to 
construct more demonstrative feature set and reported the improvement in the classification 
decision of classifiers. The aim of IGFSS is construct a feature set by evenly class-wise 
distribution of features [7]. 
Though, we observed several methods from the literature, however, in the context of text 
classification, feature selection is still an enduring issue for research community. This thing 
motivates us to present a new method for the construction of a more demonstrative feature set 
to increase the classifier’s performance. 
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Table 1. Summary of existing related work  
Study Context Objective of Study 

S. Wang et al. 
[18] 

Prediction of Defects Authors used the DBN (Deep Belief Network) a deep 
learning algorithm to learn the semantic features. These 
features are extracted from the token vectors. These 
vectors are retrieved from the Abstract Syntax Tree of a 
program. The DBN is introducing with aim to build the 
correct prediction models. 

Yang et al. [19] Prediction of Defects Yang et al. used the deep learning to harvest the features 
from the list of features and employed them to predict 
the buggy commit. 

Lam et al. [14] Localization of Fault Lam et al. target the certain information retrieval 
methods and deep learning algorithms and investigate 
the improvement in fault localization.  

White et al. [17] Code relevant 
Suggestions 

White et al. employed the deep learning to exemplary 
the languages for code suggestion. 

Pascanu et al. 
[26]  

Classification  of 
Malware  

Pascanu et al. present a method similar to a  model of  
natural language.  The aim of propose method is to 
extract the features by learning the language malware 
via executing the instructions. 

Hussain et al [15] Design Pattern 
Organization 

In this work, the authors have used the DBN to construct 
a more representative feature set in order to organize the 
design patterns with respect to domain expert opinions. 

Liu [27] Classification 
decisions 

In this work, the author has leverage the DBN algorithm 
to improve the classification decision of Support Vector 
Machine (SVM) for Chinese text. 

2.2. Deep learning in Software Engineering (SE) domain 
In the Software Engineering (SE) domain, research community has introduced and adopted 
several deep learning algorithms for certain tasks. In this regard, the related work has been 
summarized and shown in Table 1, which presents its importance. 
In a recent study Hussain et al. [15] have leveraged the DBN (Deep Belief Network), a deep 
learning algorithm for construction of a more demonstrative feature set. In their study, Hussain 
et al. [15] accomplished three case studies to describe the effectiveness of the proposed 
method for the organization of software design patterns in the perspective of different domains. 
The organization of software design patterns is evaluated with respect to classification 
schemes of domain experts. Liu [27] leverage the DBN algorithm and introduce a new text 
classification method to improve the classification decision of Support Vector Machine (SVM) 
for the Chinese text. The aim of Liu [27] proposed study is to improve the F1 measure by 
incorporating DBN to develop high-level abstraction of text for classification decision via 
SVM. The readers who are more interested to know about the applications of deep learning 
approach can study the Bengio et al. work[20]. 
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3. Proposed method 

In order to address the biasness of existing filter-based methods, we look out the capability of 
leveraged algorithm in the domain of construction of a more demonstrative feature set to 
increase the classifier’s performance. The study of proposed method is structured into three 
phases namely Pre-processing (Phase 1), Construction of Feature Set (Phase 2), and Text 
classification (Phase 3). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1. Layout of the proposed method 
 

3.1. Preprocessing 
In the pre-processing phase, three tasks are used to transform documents into strings. Further, 
these tasks aid to formulate strings into feature vector form. The aim of the first task is used to 
remove the more frequent stop words. Such words carry no information such as Pronouns, 
Conjunction, and Preposition. The aim of second task is to stem the group of related words 
which have same conceptual meaning. Through, through this task numerous words are 
removed. Porter’s stemmer1 is a widely used word stemming algorithm whose aim is 
transform English words into their stem using a set of rules. Finally, the aim of third task is 
describe the each feature vector into an integer vector form as a prerequisite for DBN 
algorithm. Though, research community has reported certain weighting methods such as 
Entropy, TF, TFIDF, Binary, LTC, and TFC. However, in this paper, we employ the TF for 
construction of integer vectors. The size of integer vectors is same with respect to prerequisite 
inputs of DBN algorithm. 

3.2. Feature Set Construction 
In this phase, a feature set is constructed for appropriate classification of documents using the 
DBN algorithm. The goal of DBN algorithm is to learn from given input (feature vectors) 
through a multi-level neural network. Further, it reconstructs the highly likely input data. The 
DBN has a three layer architecture, which are 1) one input, 2) N hidden, and 3) one output (i.e. 
Top) layer. Each layer is include a set of nodes. The data complexity can be tune by selecting 
the number of hidden layers and nodes in each layer. The joint distribution of input and hidden 
layers can be described through equation 1. 
 

Documents Pre-processing 

Construction of Feature 
Set 

 

Text Classification 
 

1http://snowball.tartarus.org/algorithms/porter/stemmer.html 
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Where the terms v , l , and kh referred as feature vector of input layer, total number of hidden 
layers, feature vector of kth layer respectively. The 1( | )k kP h h +  is used to described the 
conditional distribution of two adjacent layers (for example k and k+1). This distribution is 
calculated from Restricted Boltzmann Machines (RBM). In case of node, DBN learns 
probabilities from any current node to the upper levels nodes. The backward validation is 
performed by DBN to reconstruct the input feature set by tuning the weights between nodes 
across the layers. The input visible node of (j+1)th RBM are retrieved from hidden node the jth 
RBM. The Energy E  for a visible layer v  and hidden layer h  is computed through equation 
2. 
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with nodes iv and jh  respectively. ijw is the weight between iv and jh . The relationship 
between Energy E and probability of generated data is proportional represented via equation 3 
and equation 4. 
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The output jh  of a visible unit v  for one RBM is represented via equation 5. 
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Where ( ) 1/ (1 )xx eσ −= + . The current state of the hidden node is used to derive a new 
visible node using equation 6 
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3.3. Text Classification 
Though, in text classification based automated system, several supervised learning techniques 
are used. However, no single outperformed classifier is reported for all problems [28]. So, it is 
endorsed to find the outperform classifier for any new problem. Moreover, in the text 
categorization domain, research community have reported the better performance of Naïve 
Bayes, Support Vector Machine (SVM), ad C4.5 Decision Tree [7]. In this paper, we 
considered these classifiers to assess the efficacy of the proposed method. 
 
 
 
 

(1) 

 

(2) 

(3) 

(4) 

(5) 

(6) 
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4. Toy Case Study 

The aim of toy case study is to present the analysis and working way of proposed method. The 
corpus of Toy case study consists of eight documents, 11 unique features and 3 classes. The 
description of documents is shown in Table 2. 
 

Table 2. Document’s description for Toy case study 
Documents Content Class 

Document 1 Rose Aconitum Sunflower Angelonia C1 

Document 2 Rose Aconitum Alchemilla Jasmine Alyssum C2 

Document 3 Jasmine Rose Sunflower Alyssum C2 

Document 4 Alchemilla Anemone Amaranthus Anthurium C3 

Document 5 Anemone Alchemilla Amaranthus Lily  C3 

Document 6 Aconitum Lily Alchemilla Amaranthus Sunflower C3 

Document 7 Anthurium Lily Anemone Sunflower C3 

Document 8 Aconitum Rose Alchemilla Anemone Amaranthus Alyssum 
Angelonia Anthurium Sunflower Jasmine Lily 

C2 

 

Though, selection of top-N feature remains an issue to build a more demonstrative feature set. 

However, the ranking of features with respect to discriminative power of feature selection can 

help to construct a feature set.  
Table 3. Document’s description for Toy case study 

Features Frequency Features Ranking with respect to feature selection methods 

DF IG GI GR Proposed method (DBN) 

Rose 4 2 1 2 1 5 

Aconitum 4 2 3 4 3 3 

Jasmine 3 3 1 1 1 2 

Alchemilla 5 1 2 1 2 6 

Sunflower 5 1 4 2 4 5 

Lily 4 2 2 2 2 7 

Alyssum 3 3 1 5 2 2 

Amaranthus 4 2 2 1 2 7 

Anemone 4 2 2 2 2 4 

Anthurium 3 3 4 3 4 4 

Angelonia 2 4 2 2 3 1 
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The pre-processing activities (i.e. Section 3.1) on corpus (i.e. Table 2) are applied. The list of 

unique features with their frequencies and ranking with respect to discriminative power of 

feature selection method is shown in Table 3.  

The result of ranking of unique features of Toy example can help to construct a feature set 

based on the top-N values (i.e. the value of N can be selected in range 1 to 11). Since 

Document Frequency (DF) feature selection method depends on the frequency of a unique 

feature in whole corpus. Consequently, the frequency of features can be used to rank the 

features. Such as, the features “Alchemilla” and “Sunflower” are ranked first based on their 

highest frequencies. Similarly, the features are ranked according to discriminative power of IG, 

GR, GI and proposed method (DBN). The feature set with N=5 for each selected method is 

shown in Table 4. 
 

Table 4. Feature sets with top N=5 
Feature Selection 

Method 
List of features in Feature set with top N=5 

DF Alchemilla, Sunflower, Rose, Aconitum, Lily 

IG Rose, Jasmine, Amaranthus, Alchemilla, Lily 

GI Jasmine, Alchemilla, Amaranthus, Rose, Sunflower 

GR Rose, Jasmine, Alchemilla, Lily, Alyssum 

Proposed Method Angelonia, Jasmine, Alyssum, Alyssum, Aconitum 
 

There are two main observations from the result of Table 4 are; 1) the feature set varies with 

respect to included features and 2) the number of orders of features in a constructed feature set. 

5. Experiment Setup 
In this section, we performed several experiments to examine the efficacy of the proposed 
method against the performance of four global filter-based methods namely DF [9], IGI [10], 
GR and IG [7, 11]. 

5.1. Dataset 
We used three widely-used dataset with varying characteristics named Reuters-21578 
ModApte Split2, WebKB3, and Classic34. The number of classes of documents and the sample 
size of each dataset is shown in Table 5. 
 
 
 
 
 

2https://kdd.ics.uci.edu/databases/reuters21578/reuters21578.html 
3http://www.cs.cmu.edu/~webkb/ 
4http://www.dataminingresearch.com/index.php/2010/09/classic3-classic4-datasets/ 
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Table 5. Summary of Datasets  

Dataset Total Class Labels Sample Size 

Reuters 12 7193 

Classic3 3 2722 

WebKB 4 2937 
 

5.2. Evaluation Criteria 
In case of text classification, Micro-F1 and Macro-F1 are two well-known measures used to 
assess the performance of classifiers without or with class discrimination [7]. As, in this paper, 
our aim to formulate a more illustrative feature set without class discrimination, consequently, 
we used micro-F1 (shown in equation 9, which incorporate two widely used performance 
measure precision (equation 7) and recall (equation 8) for the classification decisions.  
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5.3. Experiment Procedure for Construction of Feature Set 
In the proposed method, we used DBN algorithm to build a demonstrative feature set to 
improve the classifier’s performance. We used Darch-CRAN package of R (for statistical 
computing) to perform experiments. We used DBN algorithm with default parameters (i.e. 
Nodes in each layer, Number of hidden layers, and iteration) for each dataset. But, the 
parameter’s values can be tune with respect to data complexity in order to obtain more 
effective outcomes. Certain optimization techniques are required to find settings that clue to 
high predictive accuracy and the selection of best tuning technique depends on the 
hyperparameter configurations, and their complex interactions [29, 30]. We used 10-fold cross 
validation [31] in each experiment and compare the classifier’s performance on the 
constructed feature set of the proposed method and existing filter-based techniques. We keep 
the number of filtered features is same as we obtain from the proposed method to preserve 
consistency. 

6. Results and Discussion 
In order to assess the efficacy of the proposed method, we performed three experiments. In 
each experiment, we equate the efficacy of the proposed method with existing global 
filter-based methods in term of improvement in classifier’s performance. We coined the term 
classifier instance5 to present an association between classifier and constructed feature via a 
feature selection method. For example, five instances (e.g. NB+IG describe the association 
between NB and feature set constructed through IG) of Naïve Bayes are created with five 

(7) 

(8) 

(9) 

5One instance of a classifier is referred to its use with one feature set. For example, in case of SVM, five instances of SVM 
are created with five feature sets constructed through applied feature selection methods under study 
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feature sets constructed in the experiment. We consider top 100 ranked features to construct a 
feature set in each experiment. We used the evaluation criterion describe in the section 5.2 and 
summarized the results in Table 6 and Fig. 2. 

 
 

 
 

 
 

Fig. 2. Classifier’s Performance on a) Reuters b) Classic3 and c) Web KB datasets with feature sets 

a) Reuters Dataset 

 
 

b) Classic3 Dataset 

 
 

c) Web KB Dataset 
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The main consequences of the experimental results are:  
• The performance of classifiers (in term of micro F-measure) on the constructed feature set 

via the proposed method indicates its applicability and effectiveness. 
• In all experiments, on the constructed feature set via the proposed method, the performance 

of SVM remains better as compared to Naïve Bayes and Decision Tree with a minor 
difference. For example, in Fig. 2-a, the SVM (88%) outperform than NB (77%) and DT 
(87%). 

• From the comparative assessment, we concluded some outcomes. Firstly, we observed 
improvement in classifier’s performance with a minor difference on feature sets 
constructed via the proposed method and existing filter-based methods. For example, in Fig. 
2-a, the performance of SVM on the feature set of Gini Index and proposed method is 
reported with minor differences. Secondly, we cannot observe difference in classifier’s 
performance on the feature set of Gini Index and the proposed method. For example, in the 
Fig. 2-a, the performance of Naïve Bayes is same on both feature sets.  

• In some cases, we cannot observe the better performance of classifiers on the feature set of 
the proposed method. For example, in the Fig. 2-a, the performance of Naïve Bayes on the 
constructed feature set via the proposed method is not significant (i.e. F-measure =77). 
 

Table 6. Performance evaluation of classifiers in terms of Recall(R), Precision (P), and F-measure 
Dataset Outperformed 

Classifier 
Feature Selection Method  Recall (R) 

% 
Precision (P) 

% 
F-Measure 

% 

 
 
 

Reuters 

 
 
 

SVM 

Document Frequency 78 82 80 

Information Gain 79 85 82 

Gini Index 84 90 87 

Gain Ratio 82 86 84 

Proposed method (DBN) 82 94 88 

 
 

Classic3 
 

 
 

SVM 
 

Document Frequency 75 79 77 

Information Gain 74 86 80 

Gini Index 79 87 83 

Gain Ratio 77 85 81 

Proposed method (DBN) 75 91 83 

 
 
 

Web KB 

 
 
 

SVM 

Document Frequency 74 82 78 

Information Gain 78 84 81 

Gini Index 80 84 82 

Gain Ratio 78 88 83 

Proposed method (DBN) 79 93 86 
 

The implications of experimental work indicate that there is not a significant difference in the 
mean F-measure value (or F1 score) of a classifier (with each constructed feature set) across 
the datasets. For example, there is no significant difference in performance of SVM (Fig. 
2.a-c). Consequently, we applied non-parametric tests 1) Friedman’s Test, and 2) post-hoc 
Nemenyi tests on the F-measure values to determine the significant difference and rank the 
outperform classifier with the feature set constructed through the DF, IG, GI, and GR. Firstly, 
Friedman’s Test is applied on instances of a cleassifiers5 with three datasets to achieve the 



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 13, NO. 4, Apr. 2019                              2173 

chi-square and p-value shown in Table 7. 
The Friedman’s Test chi-square value for five instances of each classifier NB, DT, and SVM is 
greater than the critical value 8.53 with the degree of freedom (df) as 3. Consequently, there is 
a significant difference between F-measure values. We apply post-hoc Nemenyi and ANOM 
(Analysis of Means) tests to describe the significantly difference between classifier’s instances 
with with 0.05α =  to reject the null hypothesis (H0= All instances of a classifier evenly 
perform). The results of the Fig. 3 described the ranking of an outperform classifier instance of 
NB, DT and SVM respectively. From the results of the Table 4 and Fig. 3, we can conclude 
the significant improvement in the classification performance when proposed method is used 
to construct the feature set.  

 
Fig. 3. ANOM Tests Results for Ranking of Instances of a) NB b) DT and c) SVM Classifiers 
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Table 7. Friedman’s Test Results (with F-value) For All Instances of DT (Decision Tree), NB (Naïve 
Bayes), and SVM(Support Vector Machine) Classifiers 
Dataset Chi-Square P-Value 

DT 9.82 0.04 

NB 11.32 0.00 

SVM 11.76 0.02 

 
Subsequently, experiments are performed to look for running time of classifier’s training and 
testing. Since 10-fold cross validation is applied so time is recorded from the start to end of its 
execution. For each dataset, we evaluate the running time of each classifier to present its 
performance. Since only three datasets are used a benchmark of this study, consequently, we 
present the running time via bar charts shown in Fig. 4.  
 

 

 
 

a) Reuters Dataset 
  

b) Classic3 Dataset 
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Fig. 4. Runtime analysis of classifiers on a) Reuters b) Classic3 and c) WebKB datasets with feature sets 

7. Evaluation Summary 
The main aim of the proposed method is to use a widely used deep learning algorithm namely 
DBN to construct a more demonstrative feature set and assess its influence on the classifier’s 
performance used in the proposed study. In each experiment, three supervised learning 
techniques are applied to assess the efficacy of the proposed method. The proposed method is 
employed within the context of three widely used datasets. We observe significant 
performance of SVM as compared to other classifiers. The main implications of the proposed 
study are: 
• On Reuters Dataset, classification decisions of outperformed classifier SVM with proposed 
method (i.e. F-measure=80) are 10% improve in terms of F-measure as compared to the 
classification decision of SVM with Document Frequency feature selection method 
(F-measure=76). However, we observe 1.2% improvement when SVM is used with 
Information Gain feature selection method. 
• On Classic3 Dataset, classification decisions of outperformed classifier SVM with 
proposed method (i.e. F-measure=83) are 7.79% improve in terms of F-measure as compared 
to the classification decision of SVM with Document Frequency feature selection method 
(F-measure=77). However, we observe very little improvement when SVM is used with Gini 
Index feature selection method. 
• On Web KB Dataset, classification decisions of outperformed classifier SVM with 
proposed method (i.e. F-measure=86) are 10.25% improve in terms of F-measure as compared 
to the classification decision of SVM with Document Frequency feature selection method 
(F-measure=78). However, we observe 3.61% improvement when SVM is used with 
Information Gain feature selection method. 
• We observed the variations in the effect of feature selection techniques on the performance 
of learners which might be depend on the dataset characteristics. For example, the increase in 
the performance of outperforms classifier SVM is 10%, 7.79%, and 13.42% for Reuters, 
Classic3, and Web KB datasets.     
 

c) Web KB Dataset 
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8. Threats to Validity 

There are few threats in our study. The first threat is to make the generalization of results 
reported from the experiments. Since, we used a a limited number of datasets and classifiers. 
Consequently, we cannot generalize the experimental results. The proposed study can be 
replicated with a large number of classifiers and datasets to generalize the results. The second 
threat is related to the adjustment of effectiveness of DBN algorithm through tuning its default 
set parameters. Selection of better optimization technique may help to present the best 
hyperparameter configurations to improve the predictive accuracy. The third threat is related 
to the usage of performance measure to evaluate the efficacy of the proposed method. The 
macro-F1 (rather than micro-F1) measure can be used to assess the efficacy of the proposed 
method for class discrimination. The forth threat is related to selection of top-N (i.e. N=100) 
features. The results of all experiments are reported with top-N features. Consequently, the 
reported results may be altered for any other value of N.  

9. Conclusion 
The proposed method yields promising results which indicate its efficacy in terms of 
construction of a demonstrative feature set using DBN (Deep Belief Network)algorithm.  
The construction of feature sets on the base of semantic of words across the documents can aid 
to increase the classifier’s performance in an automated system. We used DBN algorithm for 
construction of a feature set to present an increase in the classifier’s performance. We assess 
the efficacy of the proposed method with three benchmark datasets and three widely used 
classifiers DT, NB and SVM. The results of experiments depict the efficacy of the proposed 
method to improve the classification decisions in an automated system. However, the efficacy 
of proposed method can be improved by tuning the DBN algorithm’s parameters. In the future 
work, we will analyse the applicability of the proposed method to knob the multi-class 
problem via tuning parameters. 
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