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HIGHLIGHTS

e There is a need to bridge the gap between the semantic relationship between patterns.

e We propose an approach by leveraging a powerful deep learning algorithm named Deep Belief Network (DBN).

o The DBN learns on the semantic representation of documents formulated in the form of feature vectors.

o We performed a case study in the context of a text categorization based automated system.

o The experimental promising results suggest the significance of the proposed approach to construct a more representative feature set.
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tionship between design patterns (i.e. Documents) and the features which are used for the organization of
design patterns. In this study, we propose an approach by leveraging a powerful deep learning algorithm
named Deep Belief Network (DBN) which learns on the semantic representation of documents formulated
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g?;‘;;:‘;sa'ttems in the form of feature vectors. We performed a case study in the context of a text categorization based
Deep learning automated system used for the classification and selection of software design patterns. In the case study,
Feature set we focused on two main research objectives: 1) to empirically investigate the effect of feature sets
Performance constructed through the global filter-based feature selection methods besides the proposed approach,
Classifiers and 2) to evaluate the significant improvement in the classification decision (i.e. Pattern organization)

of classifiers using the proposed approach. The adjustment of DBN parameters such as a number of
hidden layers, nodes and iteration can aid a developer to construct a more illustrative feature set. The
experimental promising results suggest the significance of the proposed approach to construct a more
representative feature set and improve the classifier’s performance in terms of organization of design

patterns.
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The steady increase in the number of design patterns in the
literature and online repositories causes certain issues [2] such as
(1) deep knowledge to understand the classification scheme
used to organize the patterns [3], (2) the lack of classification
scheme [11], (3) formal specification of patterns [19,20], (4) the
heterogeneous description of design patterns [38], and (5) the
selections of right design patterns for inexperienced developer in
the existence of complex [3] and spoiled patterns [4]. In order to
address these issues, the text categorization approach has been
employed to automate the organization and selection of design
patterns [15,16]. In the text categorization based automated sys-
tem, it has been reported that the use of an extreme number of
features may have undesirable effects on the classification accu-
racy and computation time of the automated systems [8,14,37].
The wrapper, embedded, and filter are three common schemes
which are used to formulate the feature selection methods. The
wrapper and embedded based feature selection methods required
classifier interaction, while the filter-based methods do not need
such interaction to construct a feature set. Besides, the running
time of wrappers and embedded methods may be increased due
to the classifiers interaction [36,42]. The wrappers and embedded
methods are specific to the learning model as compared to filter-
based methods. Consequently, the use of filter-based methods are
recommended for the automatic systems implemented via text
categorization approach. Though in the context of text categoriza-
tion based automated systems for the organization and selection
of design pattern, the effect of global filter-based feature selection
methods have been reported [8,37]. However, the association of
semantic relationship between design patterns (i.e. Document)
and the constructed features (i.e. Attributes of feature space con-
structed through feature selection method) still need to be ad-
dressed.

Recently, researchers have adopted the use of deep learning
algorithms to improve certain research tasks such as to improve
fault localization [21], model the programming languages to sug-
gest the code [40], to retrieve program’s structural information,
and produce features from program source code for the prediction
of defects [39,41]. Subsequently, the applicability of unsupervised
feature learning and deep learning in certain areas have been re-
ported [1]. In this paper, we look the capacity of deep learning [ 13]
and propose an approach by leveraging a powerful representation
learning algorithm Deep Belief Network [ 12], to learn features from
feature vectors extracted from the problem domain of design pat-
tern collection [6,9,12]. The aim of the proposed approach is to fill
the gap between the semantic relationship between documents(or
Patterns) and the features which are used for the organization of
design patterns. The Deep Belief Network (DBN) is a generative
graphical model to learn a representation which can aid to recon-
struct the training data with a high probability. Before applying
DBN to learn features from patterns catalog, we perform some pre-
processing tasks such as remove stopwords and words stemming
to preserve the features (with their frequencies) in the feature
vector form [14]. Subsequently, these feature vectors are used as
input to the DBN algorithm. We performed certain experiments
to evaluate the effectiveness of the proposed approach. Our main
contributions in this paper are.

e We leverage the Deep Belief Network (DBN) algorithm and
extract the features which are learned from the semantic
relationship between design patterns of a collection in order
to improve the performance of classifiers employed for the
automation to organize the design patterns.

e We propose an evaluation model to evaluate the perfor-
mance of classifiers in the context of organization of design
patterns.

e We evaluate the capacity of the proposed approach in the
construction of more illustrative feature sets as compared
to existing filter-based feature selection methods, such as
Document Frequency (DF) [44], Improved Gini Index [31],
Correlation, Gain Ratio, Information Gain [22].

e We used three well-known classifiers [37] and three widely
used design pattern collections [6,9,12] which have been
used as a benchmark in different domains and evaluate the
effectiveness of the proposed approach.

The rest of the paper is organized into eight sections. In Section 2,
we summarized the related work regarding the classification of
design pattern, feature selection methods, and the application of
deep learning. In Section 3, we present the brief introduction of
text categorization approach. In Section 4, we describe the working
procedure of the proposed approach. In Section 5, we describe the
experimental procedure and present a case study in the domain
of classification of design patterns. In Section 6, we discussed the
results of the presented case study. Subsequently, in Section 7, we
summarized the evaluation results. Finally, in Sections 8 and 9, we
discuss some threats to the validity and the conclusion of our work
respectively.

2. Related work

We performed a case study to describe the effectiveness of the
proposed approach. Since the context of case study includes the
empirical investigation of existing filter-based feature selection
methods (such as Document Frequency, Improved Gini Index, Cor-
relation, Gain Ratio, Information Gain) and the proposed approach
with three widely known design pattern collections. Consequently,
we summarized the related work with respect to use of filter-based
feature selection methods, organization of design patterns, and
deep learning algorithms under certain circumstances.

2.1. Design patterns organizations/classification

The literature depicts that authors have accomplished different
classification schemes to categorize the design patterns on the base
of their interest and experience in different domains [6,9,27,30], for
example, Rising used the application domain as the category for the
classification of design patterns [28]. Usually, authors either use
the descriptions of problem’s intent or the link between solutions
of design patterns in order to divide the design patterns into
high-level categories. The problem-based classification schemes,
including their domain and high-level categories are summarized
in Table 1.

Zimmer considers different aspects of the link between the es-
tablished solutions of design patterns, for example, how solutions
of two patterns are similar and integrated to each other [44]. Kim
and Han analyzed the solution structures of design patterns and
consider dependencies to group patterns accordingly [18].

2.2. Feature selection methods

In order to decrease the undesirable effect of useless features,
feature selection methods are applied. The wrapper, embedded
and filter are three common schemes used to describe the fea-
ture selection methods. The wrappers and embedded methods
are specific to the learning model as compared to filter-based
methods [37].

Ogura et al. [24] categorized the filter-based feature selection
methods referred as one-sided and two-sided on the basis of their
characteristics. The one-sided feature selection methods assign
a score (i.e. Score > 0) to a feature of membership class while
assigning a score (i.e. Score < 0) for non-membership classes. For
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Table 1

Summary of approaches used for the problem-based classification of design patterns.

Author Domain

High-level categories

Gamma et al. [9] Object-oriented Design Problems

Pree [27] Object-oriented Design Problems
Coad et al. [5] Object-oriented Design Problems
Tichy [34] Software Design Problems

Rising [28] Application Type

Douglass [6] Real Time

Booch [3] Architectural Design

Creational, Structural and Behavioral

Pree’s classification scheme relies on Recursive Structures and Abstract
Coupling

Transaction, Aggregate, Plan and Interaction

Decoupling, Variant Management, State Handling, Control, Virtual
Machines, Convenience, Compound, Concurrency and Distribution
Accounting, Hypermedia, Trading, C++ Idioms, System Modeling, Air
Defense, Interactive, Database, Persistence and Trading
Architectural Design, Safety and Reliability, Memory, Concurrency
Resources and Distribution

45 categories

example, the odds ratio is referred as the one-sided feature selec-
tion method, and measure the membership and non-membership
normalized values via its nominator and denominator [24]. The
two-sided feature selection methods assign scores to a feature
based on the combination of membership and non-membership
to any class. For example, Document Frequency, Information Gain,
and improved Gini Index [8,37]. Subsequently, Tasci and Gungor
classified filter-based methods into two categories referred as local
and global, depend on unique or multi class-based score assign to
a feature respectively [33]. In the text classification approaches,
the class imbalances should be handled to improve the perfor-
mance of classifiers. Gunal [ 10] applied the genetic algorithm and
combined several filter methods and investigated the classification
performance. Subsequently, the authors reported that combined
filter methods outperform the performance of an individual filter
method. In a recent study, Uysal [3] introduces an Improved Global
Feature Selection Scheme (IGFSS) to improve the classification
performance of global feature selection methods by constructing
a more illustrative feature set which includes evenly class-wise
distributed features. Though, we found numerous approaches from
the literature, in the domain for text categorization based automa-
tion, the construction of more representative features set is still
an ongoing topic for researcher community, which motivates us
to introduce a new approach to derive the illustrative features
by enabling its association with semantic relationship of design
patterns.

2.3. Deep learning in software engineering (SE) domain

Numerous deep learning algorithms have been introduced and
adopted by the research community to perform certain tasks in
the domain of software engineering. The number of hidden layers
and characteristics of datasets are the two potential issues in
the training of a conventional deep learning algorithm. However,
researchers have started to use distributed processing in order to
build more extensive deep learning networks which can enable
the research community to manage the large datasets [7]. Due
to space limitation, we have summarized the work domain and
application of deep learning algorithms in Table 1, which presents
its significance. However, we recommend [42] for those readers
who have quested to know thoroughly regarding the application
of the deep learning approach.

3. Brief introduction of text categorization approach

In machine learning and text mining domains, automatic text
categorization is performed either through supervised or unsuper-
vised learning techniques. The former techniques use class labels
assigned to documents and latter techniques use attributes of the
data and dis (similarity) measures to automate their learning. Text
preprocessing is mandatory for the text categorization and should

be performed before the learning process [19,20]. The main steps
of text preprocessing are:

3.1. Preprocessing

In the preprocessing step, two activities are performed to trans-
form documents into strings. The first activity is to remove stop
words that are more frequent words and carry no information, such
as Preposition, Conjunction, and Pronouns. The second activity is
word stemming, which is performed to make a group of words
that have same conceptual meaning. Subsequently, the numbers of
words in the documents collection are reduced. Porter’s stemmer
is a well-recognized stemming algorithm [18], used to transform
English words into their stem iteratively through a set of rules.

3.2. Indexing

In the indexing step, Vector Space Model (VSM) is used as
well-known indexing method to describe the documents. The
term-document category of VSM is widely used as compared to
word-context and pair-pattern matrices categories [35]. In VSM,
each document is described by a vector of words. Commonly, a
document collection is described through a word-by-document
matrix D, where each entry refers to the word’s occurrence in the
document.

D = W,y,. (1)

In Eq. (1), W,,q4 is the weight of word w in document d. There are
many ways to determine the weight W,,4 of word w in document d.
For example, Binary, Term Frequency (TF), Term Frequency Inverse
Document Frequency (TFIDF), Term Frequency Collection (TFC),
Length Term Collection (LTC), and Entropy are commonly used
weighting methods in text categorization [ 14]. The term weighting
schemes are used to improve the performance and remove the
noise from the documents.

3.3. Feature selection

In feature selection step, different techniques are used to re-
move the features, however, computational time and classifica-
tion accuracy are the main issues related to the discriminative
power of each technique [37]. The wrappers, filters, and embedded
methods are the three main groups used to categorize the feature
selection techniques. The wrapper and embedded techniques are
not recommended for text categorization since these techniques
require a frequent interaction of classifiers in their flow, which may
increase the running time. Due to its simplicity, efficiency and low
running cost, filter-based techniques such as Document Frequency
(DF), Information Gain (IG), Mutual Information (MI), Correlation
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Pre-processing

I

Construction of
Feature Set

Text Classification <:

Fig. 1. Overview of the proposed approach.

Coefficient (CC) and Chi-Square (CHI) are commonly used in the
text categorization [8,14] approach.

4. Proposed approach

We consider the design pattern organization as an information
retrieval problem [15,16]. We look at the capacity of deep learning
algorithm to address the gap between the semantic relationship
between design patterns and the features which are used for the
organization of design patterns. The aim of the proposed approach
is to construct a more illustrative feature set to improve the per-
formance of classifiers employed in the text categorization based
automated system. The proposed approach is applied in three
phases named Pre-processing, Construction of Feature Set and text
classification. (See Fig. 1.)

4.1. Preprocessing

In the preprocessing phase, four activities (shown in Fig. 2)
are performed to transform documents into strings and formulate
them into feature vector form. The first activity is to remove stop
words that are more frequent words and carry no information, such
as Preposition, Conjunction, and Pronouns. The second activity is
word stemming, which is performed to make a group of words
that have same conceptual meaning. Subsequently, the numbers of
words in the documents collection are decreased. Porter’s stemmer
is a well-recognized stemming algorithm [26], used to transform
English words into their stem iteratively through a set of rules.
The third activity is related to present the feature vectors into
integer vector as prerequisite for DBN algorithm [12]. Though,
in the text classification numerous weighting methods such as
Term Frequency (TF), Binary, Term Frequency Inverse Document
Frequency (TFIDF), Term Frequency Collection (TFC), Length Term
Collection (LTC), and Entropy are recommended. However, in this
study, we use TF for representation of an integer vector. The size

Removing the

Words Stemming
Stopwords

)

)

of feature vectors is same as prerequisite inputs to DBN algorithm.
Finally, the feature selection methods besides the proposed ap-
proach are applied to construct the feature sets for training of
classifiers.

4.2. Construction of feature set

In the construction of Feature set phase, the DBN algorithm is
applied to generate the features for the classification of documents
into appropriate classes. The aim of DBN learns from given input
data (in our case feature vectors) via multi-level neural network
and reconstructs the content of input data with high probability.
The DBN includes one input, N hidden, and one output (i.e. Top)
layer with a set of several nodes. The number of hidden layers and
nodes can be tuned by user accordingly. Eq. (1) describes the joint
distribution of input and hidden layers.

l
P(v.h',.... k') =P (u]n) (HP (h"ih"“)) (2)
k=1

where the term v is referred as feature vector from input layer, |
is referred as total number of hidden layers and h* is referred as
a feature vector of k™ layer. The conditional distribution for two
adjacent layers (for example k and k + 1) is referred as P (h"|h"“)
and calculated through Restricted Boltzmann Machines (RBM). In
case of node, DBN learns probabilities from any current node to the
upper level’s nodes. The backward validation is performed by DBN
to reconstruct the input feature set by tuning the weights between
nodes across the layers.

4.3. Text classification

There are several supervised learning techniques that can be
used in the text classification based automated system, however, it
cannot be decided which one is better since no classifier can obtain
better results for all problems. Consequently, it is recommended to
find the best classifier for a new problem. In the text classification
domain, researchers have used and reported the classification per-
formance of C4.5 Decision Tree, Naive Bayes, and Support Vector
Machine (SVM) supervised learning techniques [37]. The details of
each supervised learning algorithm is given in the Appendix. In this
study, we used these classifiers to evaluate the effectiveness of the
proposed approach.

5. Experimental setup

We performed a set of experiments to investigate the effective-
ness of the proposed approach against the individual effect of four
global filter-based feature selection methods named Document
Frequency (DF) [42], Improved Gini Index [31], Gain Ratio and
Information Gain [22,37], on the performance of classifiers for
the organization of a target pattern catalog. We have summarized
the experimental procedure and presented through the following
pseudocode.

Construction of
Feature sets

Apply Weighting
Method

)

Fig. 2. Set of preprocessing activities.
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Pseudocode: Pattern_Organization (PC, SC, N, M)

Input:

PC = {The set of problem domain description of design patterns in the given Pattern Collection}

SL = {Set of Supervised Learners under study, such as Naive Bayes (NB), C4.5 Decision Tree, and

Support Vector Machine (SVM) )}

N = The number of design patterns in a collection, For example, in case of GoF and Douglass pattern

collection the value of of N is 23 and 34 respectively.

M = The number of unique words, For example, in case of GoF and Douglass pattern collection the

value of of M is 1465 and 1271 respectively.

Procedure Begin:

Step-1. Perform the first three activities of the preprocessing phase of the proposed approach to

present N feature vectors with M unique words.

Step-2. Apply a weighting method (such as Binary, TF, TFIDF, TFC, LTC, and Entropy)

Step-3. Apply a Supervised learning technique to organize the N design patterns.

Step-4. Apply the evaluation criteria (Section 5.2) to assess the performance of the supervised

learner with the corresponding weighting method.

Step-5. Repeat Steps 2, 3 and 4 until the all possible assessments (according to number of classifiers

and weighting methods used in the proposed study) have done.

Step-6. For each Supervised learner select the best weighting method, and classifies the patterns into

appropriate categories.

Step-7. Apply the evaluation criteria (Section 5.2) to assess the performance of the supervised

learner with the their best weighting methods.

Step-8. In order to evaluate the improvement in the effectiveness of supervised learner, apply

feature selection method (Such as Document Frequency (DF), Information Gain (IG),

Mutual Information (MI), Correlation Coefficient (CC) and Chi-Square (CHI)) and

proposed approach (Exploit through a deep learning algorithm DBN) to rank the top n

features.

Step-9. Apply the evaluation criteria (Section 5.2) to assess the performance of the supervised

learner with the their best weighting methods and top n ranked features (Step-8)

Procedure End

Output:

The outperform supervised learner with best weighting and feature selection method for the

organization of design patterns catalog (i.e. PC).

5.1. Dataset

In software engineering, some groups of experts from different
domains have categorized the design patterns on the basis of their
intent, motivation, and applicability. We consider three frequently
used design pattern collections named Gang-of-Four (GoF) [9],
Douglass [6], and Security [30] pattern collections. The brief intro-
duction and descriptive statistics of pattern collections [6,9,30] is
given in the following sections.

5.1.1. Gang-of-Four (GoF) design pattern collection

The GoF collection includes 23 object-oriented design patterns
which are divided into three groups named Creational, Structural,
and Behavioral. This case study includes 1465 non-repeated words
of all 23 design patterns after removing the stop words and words
stemming [9].

5.1.2. Douglass design pattern collection
The Douglass collection includes 34 real time systems rele-
vant design patterns which are divided into five categories named
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Table 2
Implication of Deep learning in different domains.
Study Domain Study objective
Wang et al. [39] Defect Prediction Authors leveraged the deep learning algorithm (i.e. Deep Belief
Network (DBN)) to learn semantic features from the token vectors
which are extracted from programs’ Abstract Syntax Tree in order to
build accurate prediction models.
Yang et al. [42] Defect Prediction Authors leverage the deep learning to produce the features from the
existing set of features and used them to predict buggy commit.
Lametal. [21] Fault Localization In this work, the authors combined the information retrieval
techniques and deep learning algorithms in order to enhance the fault
localization.
White et al. [40] Code Suggestion In this work, the authors used deep learning to model the

Pascanu et al. [25] Malware Classification

programming languages to suggest the code.

In this work, the authors present an approach similar to natural
language modeling, which learn the language of malware spoken
through the executed instructions and extract the features.

Concurrency, Safety, and Reliability, Distribution, Memory, and
Resource. This case study includes 1271 non-repeated words of
all 34 design patterns after removing the stop words and words
stemming [6].

5.1.3. Security design pattern collection

The Security collection includes 46 security systems relevant
design patterns which are divided into eight categories named
SACA (System Access and Control Architecture), ACM (Access Con-
trol Model), IA (Identification and Authentication), OSAC (Oper-
ating System Access Control), SIA (Security Internet Application),
FA (Firewall Architecture), ESRM (Enterprise Security and Risk
Management) and Accounting [30]. This case study includes 1230
non-repeated words of all 34 design patterns after removing the
stop words and words stemming.

5.2. Evaluation criteria

In the text categorization approach, Precision and Recall
for learners can be estimated using micro-averaging or macro-
averaging equations, however, the precision of micro-averaging
(used in this study) is better than macro-averaging [8,37]. In order
to select the best weighting method for each unsupervised learning
technique, the effect of each method such as Binary, TFIDF, TF, TFC
and Entropy on respective learning technique is computed in terms
of F-measure. Subsequently, weighting method with highest F-
measure value is chosen as the best for the corresponding learning
technique.

N
TP
P= NZC;C Micro-Averaging (3)
ZC:] (TP, + FP;)
N
TP
R = NZC;C Micro-Averaging (4)
Zc:l (TP, + FN,)
2xP xR
Fo 2XTXE (5)
(P+R)

In Egs. (2)-(4), N is the number of design pattern classes decided
to evaluate the performance of learning techniques. For example,
in the case of GoF design pattern collection N is 3 (Section 6.3).
The term TP is the number of design problems which are correctly
identified for each design pattern class, FP is the number of design
problems which are incorrectly identified for each design pattern
class, and FN is the number of design problems which are missing
from each corresponding design pattern class. The values of P, R,
and F are computed using Egs. (2)-(4) respectively. Subsequently,
Eq. (4) can be used to evaluate the outperform supervised learner
with their best weighting methods.

5.3. Experiment design for construction of feature set

In the proposed approach, we leverage DBN to construct a more
illustrative feature set by considering the semantic relationship
between patterns, and assess the improvement in the performance
of supervised learners (under study) for the organization of de-
sign patterns. We performed all experiments using darch-CRAN
package implemented in R tool as software environment for sta-
tistical computing. In each experiment, we used DBN with default
parameters (i.e. the number of hidden layers, and the nodes in
each layer and iteration) for each dataset. However, the values of
these parameters can be tuned by the user to obtain more effective
results. Subsequently, in each experiment, we performed widely
used 10-fold cross validation [32], and comparatively assess the
performance of classifiers on the feature set constructed through
the proposed approach and existing filter-based feature selection
methods. In order to maintain consistency, the number of features
filtered from the feature set of each filter-based method is same as
retrieved via tuning the DBN employed in the proposed approach.

6. Results and discussion

For each design pattern collection under study, we called
the pseudocode (Section 5) to determine the (1) best weighting
method for each supervised learner, (2) outperform classifiers with
their best weighting method, (3) effect of the constructed feature
set (via proposed approach and global filter-based feature selec-
tion method under study) on the performance of classifiers, and
(4) improvement in the performance of classifiers by applying the
proposed approach. Subsequently, in each experiment, we con-
sider the pattern category as dependent variable while extracted
features as independent variables. Subsequently, we performed
widely used 10-fold cross validation [32] to improve the classifi-
cation.

6.1. Organization of GoF design patterns

The patterns in the GoF pattern collection are divided into
three categories. The preprocessing activities of the proposed
approach (Section 3.1) are applied to construct the dataset.
We follow the procedure described in pseudocode and use the
F-measure criterion (Section 5.2) to find the best weighting
method for each supervised learner. According to the F-measure
criterion, the evaluation result in the selection of best weighting
method for each supervised learner is shown in Fig. 3. Subse-
quently, the results regarding the best weighting for each classifier
are shown in Table 2. The main consequences of the results of Fig. 3
and Table 2 are as follows.

e We observe the better performance of NB, SVM, and DT with
TFC, TFC and TDIDF weighting methods respectively.
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F1 Criterian

NB SVM DT

Classifiers

Fig. 3. Performance evaluation of classifiers for the weighting methods on the GoF
Design pattern collection.

e We observe the DT (F-measure = 0.80) with its best weight-
ing method TDIDF as outperform classifiers as compared to
NB (F-measure = 0.76) and SVM (F-measure = 0.78).

Subsequently, in order to evaluate the effectiveness and improve-
ment (in terms of the F-measure criterion) in the performance of
supervised learners used in the proposed framework, we applied
the feature selection methods and the proposed approach to con-
struct a more representative feature set. Though, we performed
experiments with all supervised learners, we depict the effects
of feature selection methods on the performance of outperform
supervised learner, that is the Decision Tree (with TDIDF) in Fig. 4.
The x-axis of Fig. 4 (labeled with Number of Rank Features) refers
to top n features ranked by each feature selection method and
the proposed approach. The y-axis refers to the corresponding
F-measure values. The main consequences of the result of Fig. 4
are as follows.

e We observed the significant impact of the feature set con-
structed through the employed feature selection methods
and proposed approach on the performance of classifiers.

e The average improvement in the classification performance
of outperform supervised learner (i.e. Decision Tree) ranges
from 2.5% to 11.25% (in terms of F-measure) with top 10
features ranked by each feature selection method under
study.

e The highest increase in the performance (i.e. 12.5%) of Deci-
sion Tree with top 10 features ranked through the proposed
approach, which aid us to describe the significance of the
proposed approach in order to construct a more representa-
tive feature set.

6.2. Organization of Douglass design patterns

The patterns in the Douglass pattern collection are divided
into five categories. The preprocessing activities of the pro-
posed approach (Section 3.1) are applied to generate the dataset.
We follow the procedure described in pseudocode and use the
F-measure criterion (Section 5.2) to find the best weighting
method for each supervised learner. According to the F-measure
criterion, the evaluation result in the selection of best weighting
method for each supervised learner is shown in Fig. 5. Subse-
quently, the results regarding the best weighting for each classifier
are shown in Table 3. The main consequences of the results of Fig. 5
and Table 3 are as follows.
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Fig. 4. Performance evaluation of classifiers with feature sets constructed through
feature selection method and proposed approach GoF pattern collection.

F1 Criterian
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Classifiers

Fig. 5. Performance evaluation of classifiers for the weighting methods on the
Douglass Design pattern collection.

e We observe the better performance of NB, SVM, and DT with
TFC, TDIDF and TDIDF weighting methods respectively.

e We observe the SVM (F-measure = 0.83) with its best
weighting method TDIDF as outperform classifiers as com-
pared to NB (F-measure = 0.79) and DT (F-measure = 0.80).

Subsequently, in order to evaluate the effectiveness and improve-
ment (in terms of the F-measure criterion) in the performance
of supervised learners, we applied all feature selection methods
and the proposed approach to construct a more representative
feature set. Though, we performed experiments with all supervised
learners, we depict the effect of feature selection methods on the
performance of outperform supervised learner that is SVM (with
TDIDF) in Fig. 6. The x-axis of Fig. 6 (labeled with Number of
Rank Features) refers to top N features ranked by each feature
selection method and the proposed approach. The y-axis refers to
the corresponding F-measure values. The main consequences of
the result of Fig. 6 are given below.

e We observed the significant impact of the feature set con-
structed through the employed feature selection methods
and proposed approach on the performance of classifiers.

e The average improvement in the classification performance
of outperform supervised learner (i.e. SVM) is ranges from
2.40% to 10.84% (in terms of F-measure) with top 10 features
ranked by each feature selection method under study.

e The highest increase in the performance (i.e. 10.84%) of SVM
with top 10 features ranked through the proposed approach,
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Table 3

Performance evaluation of classifiers on different design pattern catalogs.

Pattern catalog (i.e. Dataset) Classifiers Best weighting method F1-criterion
GoF Pattern Catalog DT TDIDF 0.80
NB TFC 0.76
SVM TFC 0.78
Douglass Pattern Catalog DT TDIDF 0.80
NB TFC 0.79
SVM TFIDF 0.83
Security Pattern Catalog DT TFC 0.75
NB LTC 0.79
SVM TFC 0.82
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Fig. 6. Performance evaluation of classifiers with the feature sets constructed
through feature selection method and proposed approach on Douglass pattern
collection.

which aid us to describe the significance of the proposed
approachin order to construct a more representative feature
set.

6.3. Organization of security design patterns

The patterns in the Security pattern collection are divided
into eight categories. The preprocessing activities of the pro-
posed approach (Section 3.1) are applied to generate the dataset.
We follow the procedure described in pseudocode and use the
F-measure criterion (Section 5.2) to find the best weighting
method for each supervised learner. According to the F-measure
criterion, the evaluation result in the selection of best weighting
method for each supervised learner is shown in Fig. 7. Subse-
quently, the results regarding the best weighting for each classifier
are shown in Table 2. The main consequences of the results of Fig. 7
and Table 2 are given below.

e We observe the better performance of NB, SVM, and DT with
TFC, TDIDF and TDIDF weighting methods respectively.

e We observe the SVM (F-measure = 0.82) with its best
weighting method TFC as outperform classifiers as com-
pared to NB (F-measure = 0.79) and DT (F-measure = 0.75).

Subsequently, in order to evaluate the effectiveness and im-
provement (in terms of the F-measure criterion) in the perfor-
mance of supervised learners, we applied all feature selection
methods and the proposed approach to construct a more repre-
sentative feature set. Though, we performed experiments with all
supervised learners, we depict the effect of feature selection meth-
ods on the performance of outperform supervised learner that is
SVM (with TFC) in Fig. 8. The x-axis of Fig. 8 (labeled with Number
of Rank Features) refers to top N features ranked by each feature
selection method and the proposed approach. The y-axis refers to

Classifiers

Fig. 7. Performance evaluation of classifiers for the weighting methods on the
Security Design pattern collection.
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Fig. 8. Performance evaluation of classifiers with the feature sets constructed
through feature selection method and proposed approach on Security pattern
collection.

the corresponding F-measure values. The main consequences of
the result of Fig. 8 are as follows.

e We observed the significant impact of the feature set con-
structed through the employed feature selection methods
and proposed approach on the performance of classifiers.

e The average improvement in the classification performance
of outperform supervised learner (i.e. SVM) ranges from
4.80% to 31.41% (in terms of F-measure) with top 10 features
ranked by each feature selection method under study.

e The highest increase in the performance (i.e. 13.41%) of SVM
with top 10 features ranked through the proposed approach,
aid us to describe the significance of the proposed approach
in order to construct a more representative feature set.
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7. Evaluation summary

The main objective of the proposed framework is to employ a
well-known deep learning algorithm to construct a more represen-
tative feature set and evaluate its impact on the organization of
design patterns. We employed the proposed approach within the
context of three widely used design pattern collections. The main
consequences of our proposed study are as follows.

e We applied three supervised learning techniques to eval-
uate the effectiveness of the proposed approach. In the
evaluation results, we observe a significant increase in the
performance of classifiers for the organization of design
patterns. For example, for the organization of Security de-
sign patterns, we observe 13.41% (in terms of F-measure)
improvement in the actual performance (F-measure = 0.82)
of SVM.

e The proposed approach is employed through supervised
learning techniques. Consequently, before performing com-
parative investigations, we used different weighting meth-
ods (such as TFIDF, TFC, LTC, Binary, and Entropy) to increase
the efficacy of learning techniques. The evaluation results
indicate that no single weighting method can be suggested
for all supervised learners. For example, in the case of the
organization of Douglass and Security design patterns, SVM
outperform with different weighting methods, such as TFC
for security patterns and TFIDF for the Douglass patterns.

e From the experimental results, we observed the effect of
feature selection methods on the performance of supervised
learners. However, it depends on the target pattern catalog.
For example, the improvement in the performance of out-
perform classifier SVM is 10.84% and 13.41% for Douglass
and Security pattern collection respectively.

e We observed the significant increase in the performance
of classifiers with feature set constructed through the pro-
posed approach as compared to feature sets constructed
through other feature selection methods. For example, in
case of Security patterns, the performance of SVM increases
up to 13.41% with feature set constructed through the pro-
posed approach.

8. Threats to validity

In our study, we also find some threats. The first threat is related
to the generalization of experimental results. We performed exper-
iments and concluded the results with a limited number of pattern
collection and classifiers. In order to generalize the applicability
of proposed approach, we need to extend our work with a large
number of datasets and classifiers. The second threat is related to
use of the default values adjusted for the parameter of DBN. The
effectiveness of proposed approach can be improved by tuning the
parameters of DBN, such as a number of hidden layers, nodes and
iterations. The third threat is related to the use of performance
measure in order to assess the effectiveness of the proposed ap-
proach. We used only micro-F1 measure, while macro-F1 measure
can be used to evaluate the effectiveness of the proposed approach
in terms of class discrimination.

9. Conclusion

The experimental results illustrate that the proposed approach
can be applied to construct a more illustrative feature set via a deep
learning named Deep Belief Network (DBN) and aid to improve
the classification performance. We leveraged a DBN algorithm to
construct a more illustrative feature set on the basis of semantic
relationship between pattern across the collection. The aim of the

proposed approach is to improve the classifier’s performance in or-
der to organize the design patterns. We evaluate the effectiveness
of the proposed approach with three widely-used design pattern
collections and three well-known classifiers Decision Tree (DT),
Naive Bayes (NB) and Support Vector Machine (SVM). The experi-
mental results indicate the applicability of the proposed approach
in order to improve the performance of classifiers to organize the
design patterns. However, the effectiveness of proposed approach
can be increased by tuning the parameters of the leveraged DBN
algorithm. In the future work, we will empirically investigate the
applicability of the proposed approach to handle the multi-class
problem by tuning the DBN parameters.

Acknowledgments

This work is supported in part by the General Research Fund
of the Research Grants Council of Hong Kong (No. 11208017 and
11214116), the research funds of City University of Hong Kong (No.
7004683 and 7004474), and the NRF of Korea Grant funded by the
Korean Government (2015R1D1A1A01058171).

Appendix
A.1. Naive Bayes (NB)

The Naive Bayes (NB) is a probabilistic classifier which is based
on Bayes theorem. Naive Bayes works on an assumption that all
features are independent of each other and calculate a probability
score by multiplying the conditional probabilities with each other.
It is supposed that the pattern class L(p;) of pattern p;, has some
relation to words appearing in the description of Problem Defini-
tion of design patterns and design problems. The Bayesian formula
describes in Eq. (5) yields the probability of a pattern class given
the words used in the description of patterns and design problem.

_ p (t1s cee tmi|Lk) p(Ly)
PP (tie-tmll)p O}

The prior probability p(I) depicts the probability that design prob-
lem belongs to a class label I € L before its known words. The
conditional probability of words (includes in the description of
patterns and design problem) given a class Ly is described in Eq. (5).

p(Liltr, ..., tm) (6)

p(tr,. o tmlle) = [ [p (61Lk) - (7)
j=1

The estimation of the probabilities of words p(t;|Ly) is required to
make the learning of Naive Bayes classifier which depends on their
frequencies in documents (i.e. Design patterns) of the training set.

A.2. C4.5 decision tree

The decision tree based algorithms generate a set of rules in
order to make the classification decisions. The C4.5 algorithm used
the concept of information entropy and makes the decision from
the training set. In order to predict the document’s class, the
word t; is selected from a training set T of labeled documents.
Subsequently, training set T is partitioned into two subsets T+
(documents with word t;) and T— (documents without the word t;).
The same step is repeated and applied to T+ and T —. The recursive
procedure is stopped when all documents belong to the same class
L.
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A.3. Support Vector Machines (SVM)

A Support Vector Machine (SVM) is considered as one of the
most effective text categorization algorithms, which looks for a
decision surface and determines a margin through its closest data
points. Usually, an SVM algorithm can separate documents of a
training set into two classes, y = +1 for the positive andy = —1
for the negative class. Subsequently, Eq. (8)is used to define a hyper
plane at y = O for the set of input vectors. Each input vector for
the document d is represented as a count of words as depicted

in Eq. (7).

tqg = tg1, ..., tam- (8)
N M

y=f(ta)=bo+ ) _ bjta;. 9)

j=1

N

The SVM algorithm classifies a new document with t; into a posi-
—

tive class if f(ty) > O otherwise into negative class.
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