APPLICATION OF DEFUZZIFICATION-FREE
HIERARCHICAL FUZZY INFERENCE RULE
GENERATION METHOD TO SOFTWARE FAULT
PREDICTION PROBLEMS AND FUZZY RULE
DISCUSSION

DURULASTIRMASIZ HIYERARSIK BULANIK
CIKARSAMA KURAL URETME YONTEMININ YAZILIM
HATA KESTIRiMi PROBLEMLERINE UYGULANMASI
VE BULANIK KURAL TARTISMASI

NAZLI ECE UYKUR

PROF. DR. EBRU AKCAPINAR SEZER

Supervisor

Submitted to
Graduate School of Science and Engineering of Hacettepe University
as a Partial Fulfillment to the Requirements
for the Award of the Degree of Master of Science

in Computer Engineering

2019



To my family...



ABSTRACT
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Supervisor: Prof. Dr. Ebru AKCAPINAR SEZER

January 2020, 90 pages

Fuzzy inference systems, a sub-branch of artificial intelligence, are decision support
systems based on fuzzy set theory. The knowledge is transmitted to these systems through
linguistic fuzzy rules. In general, the rule base is determined by expert opinion. However,
the rules are generated by automatic rule generation methods when the problem domain
becomes complex and expert knowledge is insufficient. In the studies conducted so far,
the dataset used to produce the rules with automatic rule generation methods has not been
analyzed in detail. The dataset may mislead the model and the ruleset obtained from the
project may not always be the most accurate one. The most accurate and generalizable
ruleset may be produced from another project. Thus, the rules can be transferred to

another application for the same problem domain. The goal of this study is to solve new



problems more effectively and faster way by using the ruleset of a different project
without having to re-generate the rules when the dataset is changed. Therefore, unlike the
data-driven approaches, the knowledge is transferred from the source project to the target
project to make a predictive model in the current project. We investigate the portability
of the rules by generating them from five different projects for Software Fault Prediction
problem. The rulesets are generated by three automatic rule generation methods, namely
“Wang-Mendel”, “Interval-Valued Fuzzy Reasoning Method with Tuning and Rule
Selection” and rule production approach of “Defuzzification-free Hierarchical Fuzzy
System”. In addition, automatic rule generation methods were compared with Artificial
Neural Networks, which is a data-driven machine learning method to compare the success
of the model. The results of the experiments indicate that the rules generated from more
consistent datasets instead of own dataset of a project significantly improves the

performance of existing fuzzy inference systems.

Keywords: Fuzzy rule learning, Portability of fuzzy systems, Software fault prediction,

Fuzzy inference systems, Transfer learning



OZET

DURULASTIRMASIZ HIYERARSIK BULANIK CIKARSAMA
KURAL URETME YONTEMININ YAZILIM HATA KESTIRIMI
PROBLEMLERINE UYGULANMASI VE BULANIK KURAL
TARTISMASI

Nazh Ece UYKUR

Yiiksek Lisans, Bilgisayar Miihendisligi Boliimii
Tez Danismani: Prof. Dr. Ebru AKCAPINAR SEZER

Ocak 2020, 90 sayfa

Yapay zekanin bir alt dali olan bulanik ¢ikarim sistemleri, bulanik kiime teorisine
dayanan karar destek sistemleridir. Bilgi bu sistemlere dilsel bulanik kurallarla iletilir.
Genel olarak, kural taban1 uzman goriisii ile belirlenir. Ancak, problem alani1 karmasik
hale geldiginde ve uzman bilgisi yetersiz oldugunda kurallar otomatik kural iiretme
yontemleriyle iretilir. Simdiye kadar yapilan caligmalarda, otomatik kural tretme
yontemleri ile Uretilen kurallarda kullanilan veri seti ayrintili bir sekilde analiz
edilmemistir. Veri seti modeli yanlig yonlendirebilir ve projeden elde edilen kural kiimesi
her zaman en iyi kural kiimesi olmayabilir. En dogru ve genellenebilir kural kiimesi bagka
bir projeden liretilebilir. Boylece, kurallar ayni problem alani i¢in baska bir uygulamaya

aktarilabilir. Bu calismanin amaci, veri seti degistirildiginde kurallar1 yeniden olusturmak



zorunda kalmadan farkli bir projenin kural kiimesini kullanarak yeni sorunlar1 daha etkili
ve daha hizl bir sekilde ¢cozmektir. Bu nedenle, veri odakli yaklagimlarin aksine, bilgi,
mevcut projede Ongodriicii bir model olusturmak i¢cin kaynak alandan hedef alanina
aktartlir. Kurallari tagmnabilirligi, kurallar1 Yazilim Ariza Tahmin problemi igin bes
farkli projeden ireterek arastirildi. Kural kimeleri, Wang-Mendel, Ayarlama ve Kural
Secimi ile Aralikli Degerli Bulanik Muhakeme yOntemi ve Durulastirmasiz Hiyerarsik
Bulanik Cikarsama Sistemi’nin kural tiretim yaklasimi olan {i¢ otomatik kural Gretme
yontemi ile Uretildi. Ayrica, modelin basarisini karsilastirmak i¢in otomatik kural Gretme
yontemleri, veri odakli bir makine dgrenme yontemi olan Yapay Sinir Aglari ile
karsilastirildi. Deney sonuglari, bir projenin kendi veri kiimesi yerine daha tutarl veri
setlerinden olusturulan kurallarin, mevcut bulanik ¢ikarim sistemlerinin performansini

onemli Olciide gelistirdigini gostermektedir.

Anahtar Kelimeler: Bulanik kural 6grenme, Bulanik sistemlerin tagmabilirligi, Yazilim

hata tahmini, Bulanik ¢ikarim sistemleri, Transfer 6grenimi
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1. INTRODUCTION

Fuzzy logic is a mathematical approach that provides simple solutions to the control of
uncertain, time-varying, complex, not well-defined systems that cannot be solved by a
classical logic method. In this approach, the classical set theory is replaced by fuzzy sets.
Fuzzy inference systems (FISs) are the extension of rule-based inference by fuzzy set or
fuzzy logic approach. These systems are used in the design of artificial intelligence based
systems such as control systems, decision support systems, and expert systems, which are
created for various problems. Although the success of FIS inevitably depends on the
determination of membership function (MF) and the choice of fuzzy reasoning methods,

the selection of fuzzy rules is always crucial to the accuracy of inference.

One of the most significant advantages of using FISs is linguistically expressible fuzzy
rules, which are the main components of the system, are interpretable and portable. An
interpretable FIS allows a user to give each fuzzy set a linguistic value and express the
behavior of the system in an understandable manner by inspecting the fuzzy rules [1,2].
This strongly depends on model structure, such as the number of input variables and the
complexity of fuzzy rules and sets, the shape of MFs, etc. Decision trees and fuzzy
cognitive maps are also interpretable systems like FISs. These systems describe the model
in the context of a cause-effect relationship. The domain expert does not know these
relationships and it is not known whether a correct relationship is established or not.
Machine learning algorithms may associate unrelated features. Since the internal structure
of the model is unknown, it cannot be moved to another application field. In the field of
data mining and information discovery, it is essential for decision support systems to
extract knowledge from databases and represent it clearly or to make the process
transparent to the user. Thus, it is easier for the user to validate the knowledge obtained
from the FIS with the domain information, and to be convinced that the system behavior

is reliable. This knowledge is provided to FISs by fuzzy rules.

Rules can be determined by the expert or can be obtained by learning algorithms. It may

not always be possible to find experts in the field of study. In today's conditions, there are

not enough experts in every field, and even if they exist, they cannot allocate sufficient
1



time. As a result of different perspectives of experts on the same subject, the information
that the experts have adopted and presented correctly may be inconsistent. In order to
overcome such problems can only be achieved by generating rules with automatic rule
generation methods. Therefore, we have created rules with three automatic rule
generation methods namely “Wang-Mendel’s rule generation method” (WM) [3],
“Interval-Valued Fuzzy Reasoning Method with Tuning and Rule Selection” (IVTURS)
[4] and the expert-cooperated rule production scheme proposed in “Defuzzification-free
Hierarchical Fuzzy System” (DF-HFS) [5] on different datasets. In order to compare the
performance of FISs, widely used ANN is also implemented.

The rules do not always have to be generated from its data of the current project. We
investigated the rules that were created for several datasets, namely, CM1, JM1, KC1,
KC2, PC1 to discuss which dataset should be used to obtain the best set of rules for

software fault prediction (SFP) problem by performing several FISs.

1.1. Motivation

The quality of rules is related to the quality of the dataset. Therefore, when the rule is
generated from the data instead of expert knowledge, the dataset should be analyzed in
detail. In addition, there will be information loss when the dataset is divided, and it
directly affects the rule coverage of domain. In the literature, the rules are always
produced from the target dataset (the dataset of the project itself). More specifically, both
fuzzy applications [6-8] of SFP and the other studies [9-13] used the dataset of current
projects while generating rules. However, the rules should be produced from the highest

quality dataset to ensure that FIS has a better prediction on the problem domain.

Transfer learning focuses on solving a different but relevant problem in machine learning
by using the knowledge obtained from a previously solved problem. Based on this
approach, the best ruleset is determined from the source dataset, and it can be transferred
to other problems with respect to dataset characteristics of the target domain. The
portability property of FIS makes it possible to use pre-acquired knowledge to improve

the effectiveness and learning accuracy in another project similar to the source project

2



[14,15]. Unlike machine learning algorithms that learn from domain-specific data,
selected highest quality ruleset can be used on different domains for the same problem.
We criticize that the ruleset of an investigated problem should always be produced from
its dataset. In order to determine the best set of rules for a problem, we investigated
whether it is better to use the corresponding project's dataset or to use another dataset that

performs better for this problem domain.

The rule base, one of the main components of the FIS, is generally determined by domain
experts who have comprehensive knowledge of the problem. The established rule base
should bring a general solution to the problem and reflect the domain knowledge of the
FIS. However, expressing this knowledge is a challenging task for the expert in real-
world problems. In practice, the input space of the given data is usually high dimensional.
In these circumstances, the expert cannot create consistent and complementary rules
because s/he has difficulty relating expert system variables with the output. Because of
this bottleneck, researchers prefer using automatic rule generation methods that work with

previously acquired knowledge.

In the literature, there are several automatic rule generation algorithms were performed
based on evolutionary optimization algorithms [4,16], genetic algorithms [17,18],
clustering [19], linear solutions [3,12], data-driven machine learning algorithms such as
decision tree [20] and association rule mining [21]. Although data-driven rule learning
methods are widely used and produce reasonable rules, they are always domain-specific
and limited with the dataset boundaries. Furthermore, data-driven approaches are
insufficient to explain in a human-understandable manner since the decision is hidden
within the network. On the other hand, the rules obtained by automatic rule generation
methods are interpretable and represent the domain-related know-how with linguistic

fuzzy rules.

In order to investigate the best ruleset to be used in the project, some automatic rule
generation methods were used based on the SFP problem. The inter-module dependence

and increasing complexity of the software have made it difficult to deliver high-quality



and sustainable software at a low cost. Therefore, SFP is an essential activity to reduce
maintenance efforts and improve software quality by locating faults and making
improvements to the code before the software is released. In recent years, many studies
have been made on the SFP problem [6,8,22—27]. This problem has an advantage in terms
of the dataset since there are various datasets in this domain, and the selected datasets
contain the same input linguistic variables. The utilized datasets CM1, JM1, KC1, KC2,
PC1 [9,28,29] were obtained from PROMISE Software Engineering Repository [30]. We
generate the rules by performing several automatic rule generation methods on these
datasets, namely, WM, IVTURS, and rule generation scheme of DF-HFS. Several FISs
were generated by different combinations of selected rule generation methods and

datasets.

Misleading rules derived from the rule generation methods may be due to data corruption.
The main argument of this thesis is the rule learning data investigation should be
conducted according to its ability to provide a general solution that brings the subject to

portability of the generated rules.

The set of rules produced for a specific problem does not have to be generated from the
own dataset of the problem. FISs are created with a set of rules provided from a different
project that can give more accurate results. At this point, the vital issue is that the selected
dataset should be generalizable and reflects the problem domain in the most
comprehensive way. Therefore, the rules should be produced from the most appropriate

dataset by investigating the data of different projects.

1.2. Contributions

1. Inthe experiments conducted on SFP, the ruleset produced from each project was
transferred between projects based on the transfer learning approach. We
observed that the best ruleset is obtained from more consistent datasets instead of
their project. This demonstrates that the portability feature of the rules between

different projects.



2. We have observed that the FISs that we generate are more successful by
comparing them with the ANN algorithm, which is highly preferred in
classification problems.

3. Inthis study, the transfer learning approach was performed for the first time using
FISs on the SFP problem. This approach protects the confidentiality of the source
dataset since only fuzzy rules are transferred to other projects.

1.3. The Outline of the Thesis

Chapter 2 presents the background of fuzzy logic, FISs, rule generation algorithms, ANN,
and SFP. Chapter 3 presents related works on automatic rule generation methods, transfer
learning, and SFP. Chapter 4 presents comparisons of fuzzy rule generation algorithms
and ANN for SFP problem. Chapter 5 presents the experiments and results on FISs. The
last chapter, Chapter 6 presents the conclusion and future work.



2. BACKGROUND

2.1. Fuzzy Logic

Aristotle is the founder of the science of classical logic. Aristotle systematized the
previous studies (384-322 BC) about logic and made it a branch of science. Formal logic
is based on three main laws with respect to the law of identity, the law of non-
contradiction, the law of impossibility of the third state [31]. In these laws, he argues that
everything is identical to itself, that an object cannot be another object than itself, and
finally, there is no in-between situation. Aristotle's understanding of logic has been

recognized as an authority in all around the world for centuries.

In classical logic or Aristotle’s logic, when a question is asked to any proposition, the
answer depends only on two parameters, true or false. In computer science, the value of
the answer is “1” if it is true and “0” if it is false. Aristotle logic is not enough to explain
the real-world uncertainties. In 1965, Zadeh [32] expanded the classical Aristotle logic
and laid the foundations of fuzzy logic based on the fuzzy set theory. Fuzzy logic
transforms the human knowledge experience into rule bases and draws conclusions that
correspond to a specific mathematical function of each rule base. The basic idea behind
fuzzy logic is expressed in linguistic variables such as a proposition tall, short, very tall,
very short, very very short, very very tall, etc. Classical logic, which argues that an entity
is only an element of a set, leaves its place in the fuzzy logic that an entity can be more

than one element of the set according to the values that an asset takes.

The value that determines how much an input value belongs to a term of the linguistic
variable is called the MD, which varies from “0” to “1”. MFs are the changes of
membership degrees (MDs) within a subset. For example, let us define a subset of TALL
that will answer the question “Who is tall?”” according to both logic. As seen in Figure
2.1, according to the classical set logic, a person who is 160 cm is not in the tall people
set, and even 169 cm person is not in the tall people set. However, according to the fuzzy
logic, 160 cm person is not called as short. Because it is partly within the set of tall people.
In fuzzy logic, 160 cm one can be tall with 0.6 MDs, one 170 cm tall with 0.7 MDs, and
6



one 180 cm tall with 1.0 MDs. Larger MDs are considered less fuzzy, while smaller MDs

are considered fuzzier.

Tall 4 Tall
1 1
% 0.7 3
2 06 L
1.7 1.8 Height(m) 1.7 Height(m)
Fuzzy Set Classical Set

Figure 2.1 Comparison of the fuzzy set and the classical set

In Figure 2.2, the borders of the fuzzy set are shown by the Venn scheme. Here, the
element “a” is the absolute element of the fuzzy set of “A”. The MD of this element is
expressed as “1”. The MD is considered as “0” since element “b” does not belong to the
fuzzy set “A”. The element “c” is in the fuzzy set “A” at a certain level. This is indicated
by a MD in the range of [0, 1].

be

Figure 2.2 Borders of a fuzzy set

2.1.1. Membership Functions

The possible basic figures that MFs can take are shown in Figure 2.3. Each qualified
definition used in the spoken language is written as an MF. Membership classes are

determined at each point, and the boundaries applied.
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Figure 2.3 Several types of membership functions

In fuzzy logic, it is necessary to identify appropriate MFs to be used to specify the
boundaries of regions that facilitate linguistic expression and to determine the
membership weights of a real-world problem. MFs define system parameters. There is no
restriction on the number and form of MFs, and it depends entirely on the desire and

experience of the designer.

2.2. Fuzzy Inference

2.2.1. Fuzzy Inference Systems

A set of fuzzy rules from an expert is required to establish an FIS. The MDs of several
fuzzy input and output sets are defined by a set of curves. Then, this relationship can be

plotted between the input and output sets. “If weather is cool then decrease the engine
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speed” rule is given, the temperature and the speed of the motor represent the input and
the output variables, respectively. These fuzzy sets will form a fuzzy region representing
the set of all associations of the inputs and outputs of the rule. The size of the fuzzy region
reflects the fuzziness of the rule. The area becomes smaller as the fuzzy set becomes

certain.

FIS is the process of obtaining outputs from inputs by using fuzzy rules generated by
using expert knowledge. In this sense, the fuzzy system approaches a mathematical cause-

effect function.

Fuzzy Rule Base
X ——»{ Fuzzifier Defuzzifier | —» Y
Fuzzy Inference ‘
Linguistic variables Engine Linguistic variables

Figure 2.4 Fuzzy Inference System

Figure 2.4 represents the configuration of a simple FIS. Here, in the “Fuzzifier* stage, the
real-world values are converted to membership values in fuzzy sets. Then, “Fuzzy
Inference Engine” (FIE) converts “IF-THEN” rules to a defined fuzzy relationship in the
input-output space. In the “Defuzzifier” stage, the fuzzy set is converted to real-world

values.

For example, let us consider a “fuzzy air conditioner” based on the four rules, hence four
fuzzy sets to match the air temperature to the engine speeds. The temperature sets “cold,
cool, warm and hot”” and the engine speed sets “very slow, slow, fast and very fast” cover
all fuzzy inputs and outputs. For example, the temperature of 20 degrees can be 30 percent
cool and 70 percent warm. In addition, the weather is zero percent cool, warm, and hot.

The “cool and warm” rules will activate both “slow and medium” engine speeds. Both
9



rules contribute the same to the final speed of the engine. The fuzzy relationships derived
from the defined rules form the fuzzy output set. This type of output cannot help
controllers running in a binary system when in fuzzy form. The last step is a “defuzzifier”
process that the fuzzy output value becomes a single numerical value. Thus, the system
can be operated by a quantitative temperature input with the help of the temperature and

engine speed sets to obtain a precise and convenient speed output.

Mostly, words are used to meet the variables that we use in our daily life. For example,
in the sentence “it is very cold today”, the linguistic variable is the air temperature of

today, and the output value is very cold.

In fuzzy systems, fuzzy sets represent words in the area in which they are defined. When
extracting a fuzzy model of the speed of a car, we first need to determine the area in which
it is defined. This range is between the maximum and minimum speed a car can reach.
After deciding this area, fuzzy sets are determined to represent linguistic variables such

as “very slow, slow, fast and very fast” (Figure 2.5).

L X

e Very slow === Slow Fast e YVery fast

Figure 2.5 Speed of the car with fuzzy sets

The control of the systems can be provided by rules established using human knowledge
and experience. The linguistic form of fuzzy rule is shown in Eq. (1) where | and O
represent input and output linguistic variables, respectively, m is the number of input and

f represents fuzzy sets.

IF Iy is fy AND/OR I, is f, AND/OR ... Ly, is f,, THEN O is f, (1)

10



2.2.2. Fuzzy Inference Models

The FIS combines the implications of each rule to determine how the entire system will
output under the inputs. The main components of inference differ in some cases, and it
leads to differentiation of consequent of fuzzy rules. Three main types of rule-based
inference models were created based on the result consequent of fuzzy rules that are
Mamdani, Takagi-Sugeno, and Tsukamoto models. The fuzzy systems used within the
scope of the thesis were performed through the Mamdani type inference model.

2.2.2.1. Mamdani Model

The Mamdani model is a rule-based inference method that requires expert knowledge and
can be applied to solve any problem. Therefore, it forms the baseline of other fuzzy
inference models and is still widely used. Firstly, it was used for the control of a steam
engine with the verbal rules produced with human experience by Mamdani and Assilian

in 1975 [33]. Mamdani type fuzzy model consists of following these steps;

e The MD of the input variables varying in the range of [0, 1] is determined using
fuzzy expressions in the fuzzification phase.

e The rules are determined using logical operators (“and”, “or”).

e The output fuzzy sets are aggregated for each rule.

e Fuzzy output sets are converted to crisp numbers in the defuzzification phase.

Mamdani has been proposed to express existing qualitative knowledge in the form of “IF-
THEN?” rules shown in Eq. 2.

Ki=IFxisA;THENyisB; ,i=123,..,1 )

The “x” is the linguistic input variable, and “A;* is the premise linguistic term. Likewise,
“y” is the linguistic output variable, and “Bi* is the consequent linguistic term. Ajand B;
linguistic terms are fuzzy sets determined in their value set. MFs of the premise and

consequent fuzzy sets are shown in Eq. 3.
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nx):X - [0,1] and p(y):Y - [0,1] 3)

Therule base R ={Ki|i=1, 2, 3...r} and “A” and “B” sets creates the information base

of linguistic model.

2.2.2.2. Takagi-Sugeno Kang Model

“Takagi-Sugeno” fuzzy logic was first used in 1985 [34]. The fuzzification of input
variables and the fuzzy logic operations are the same as for Mamdani fuzzy modeling.
Two models differ in terms of the output MFs. In Sugeno type fuzzy modeling, output
MFs are linear or constant, and for the input variable, it uses a mathematical function
instead of fuzzy sets. They are called zero-order when output MFs are constant, and when
they are in the form of linear equation, they are called first-order Sugeno fuzzy model.
The first-order Sugeno type fuzzy rule form is shown in Eqg. 4. The “a”, “b” and “c”
represent linguistic variables. The “X” and “Y” are fuzzy sets, and f(a,b) is a

mathematical function.

IF ais X AND b is Y THEN cis f(a, b) 4)

The widely used “zero-order Sugeno fuzzy model” rule form is shown in Eq. 5. In this

case, the output of each fuzzy rule is constant.

IF ais X AND b is Y THEN c is k, where K is constant. (5)

The Sugeno model works well with the optimization and adaptive techniques and
improves the results by optimizing the output parameters. It can use linear techniques to
control nonlinear systems. On the other hand, high dimensional input parameters and
subsets make it difficult to train the data and increase the number of output parameters

that must be determined to obtain results.
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2.2.2.3. Tsukamoto Model

In the “Tsukamoto model” [35], the consequent part of each “IF-THEN” fuzzy rule is
represented by a fuzzy set with a monotone MF. Only monotone incremental or
decreasing functions can be used for the output value. The “firing strength” of the rule
creates the output as a crisp value for each rule. The crisp output is calculated by the
“weighted average” in Tsukamoto FISs. The Tsukamoto rule form is represented in Eq.6.

IF xisA;THEN yisB; ,i=1,23,..,nB; (6)

The overall output is always crisp value, even if the inputs are fuzzy. The output is
calculated by the Eq. 7.

> BiA(x) (7)

Py ®

This model is not used frequently because it is not as transparent as the other inference

models. The differences between the inference models are represented in Table 2.1.

Table 2.1 Inference models for FIS

Inference Type Fuzzification Inference process Defuzzification
Mamdani Singleton Min-max Center of Gravity
Sugeno Singleton Min-product; Order 0 Weighted Average
Tsukamoto Singleton Min-max Weighted Average

13



2.2.3. Mamdani Type Fuzzy Inference System Components

The critical point of FIS is to establish the knowledge, experience, intuition, and control
strategy of a specialist system operator as a knowledge base in inference design.
Inferences are not performed by complex and classical algorithms but by linguistic rules
based on knowledge and experience. As shown in Figure 2.4, FIS contains four essential
components that are “fuzzifier”, “fuzzy rule base”, “fuzzy inference engine” and

“defuzzifier”.

2.2.3.1. Fuzzification

“Fuzzification” is the converting process of numeric input variables (crisp data) into their
corresponding fuzzy set. In other words, these variables, which are defined by fuzzy sets

via MFs, are given a label to provide linguistic quantity.

In many applications, the inputs and outputs of fuzzy systems are crisp numbers. The
inference mechanism models the thinking mechanism of human-based on fuzzy values
and cannot be applied to the system because its output is fuzzy values. Therefore, crisp
numbers are converted to linguistic variables, which is the name of one of the fuzzy sets,

as shown in Figure 2.5.

2.2.3.2. Fuzzy Rule Base

The “fuzzy rule base” is the database in which the control rules are stored. When
developing the rule base for a system, the input values that affect the output of the system
should be determined. Fuzzy rules are generally created from expert knowledge. The rules
are generated by automatic rule generation methods using dataset when expert knowledge

is not sufficient.

The rule-base includes control rules that determine the behavior of the FIS. It consists of
many parallel rules and audit variables used in decision-making. These rules explain the
logical relationships between the inputs-outputs of the system. The output of the FIE is

obtained by evaluating the rules describing the system. The rules are created with
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commands “IF” and “THEN” which are defined by system and control variables,
respectively. The fuzzy rule forms for a multiple-input single-output (MISO) system is
shown in Eq. 1. In a fuzzy rule “IF xis T THEN y is Z”, “x is T” and “y is Z” represent

premise and consequent parts, respectively.

2.2.3.3. Fuzzy Inference Engine

The FIE is the leading block where the control algorithm is executed, and the decision-
making stage takes place. The inputs of the defuzzification unit are the outputs of the FIE.
FIE accesses the knowledge base and processes fuzzy rules and linguistic variables from
the fuzzification interface. As a result of this process, it decides the control action. The
rules in the fuzzy rule base are applied to the linguistic variables, and the control action
is created by the chosen logical inference mechanism.

FIE architecture can be summarized as follows [33]:

e “Getting the fuzzy inputs.”

e “Applying the fuzzy operators.”

e “Applying the implication methods.”
e “Aggregating the output fuzzy sets.”

e “Creating the fuzzy outputs.”

In the fuzzy rule base, the premise part of a rule is interconnected by the AND (min, prod)
method or OR (max, probor) methods, and they reflect an MD to the output representing
the rule degree. Then, each fuzzy rule consequent is determined by implication methods.
Mamdani’s minimum operator MAX-MIN or Larsen’s product operator MAX-DOT

implication methods are used to reshape the consequent of each fuzzy rule [33].

The MFs of all pre-clipped or scaled rule consequents are considered and combined into

a single fuzzy set is called as an aggregation process (Figure 2.6).
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Figure 2.6 Aggregation of rule outputs

2.2.3.4. Defuzzification

The inference unit generates the fuzzy output values by evaluating the fuzzy inputs that
come from the fuzzification interface under the fuzzy rule base. “Fuzziness” helps in
evaluating rules, but the output of a system must be a “crisp” number. Fuzzy output values
are scaled in the defuzzification interface and converted to real numbers. Each fuzzy
output set of membership values for each rule used is determined in the output universal
set. Then, one of the defuzzification methods is used on the logical combination set
created by these sets and the defuzzification process is done by finding a single output

value.

The most common defuzzification methods are “center of sums (COS) method”, “center
of gravity (COG)” / “centroid of area (COA) method”, “bisector of area (BOA) method”,

“weighted average method” and “maxima methods”.

COS is the fastest defuzzification method that uses algebraic sums instead of combining
two output fuzzy sets. In COS, the overlapping areas are added twice. The defuzzified

value is calculated by Eq. 8.

*

Z

n
) [z Zk:1 ic, z dz
- n 8)
fzzk:1 ic, zdz
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COG or COA is one of the most widely used defuzzification techniques and evaluated by
the center of gravity. The MF values and the scalar weights of fuzzy outputs of rules are
multiplied, and their sums are calculated. The obtained value is divided by the sum of the

MF values as in EQ.9.

J2 ua(0x dx ©)
f: Ha (%) dx

BOA method divides under the curve into two equal areas. The value that partitions both

sides into equal regions is the output value by Eq. 10.

x* B (10)
X" =f Ha (%) dx = J.IJ—A(X) dx

In the weighted average method, all fuzzy values and MDs are used for defuzzification.
The output value is calculated by weighting each MF with its maximum value by Eq. 11.
Maxima method takes the element with the highest MD in the fuzzy set as the defuzzified

value.

o = Z n(x)x (1)
2 i)

2.3. Fuzzy Rule Generation Algorithms and Neural Network

2.3.1. Wang-Mendel Method

Wang and Mendel [3] proposed a common method to produce linguistic fuzzy rules from
numerical data by designing a control system to replace the human controller. We need a
human controller and input-output pairs to design the system. The human controller

expresses his/her knowledge as linguistic “IF-THEN” rules. The rules are not sufficient
17



for creating the system because the human controller will lose information when
transmitting it. In addition, the input and output pairs cannot cover all possible conditions
of the system and not sufficient to create a successful control system. Therefore, Wang

and Mendel produced rules from numerical data by combining both information.

WM method consists of five steps that are “dividing input-output spaces into fuzzy
regions, generation of the fuzzy rule, assigning degree to each rule, creating a combined
fuzzy rule base and determining a mapping based on the integrated rule base”. Let us
assume ai, az are inputs, and b is the output. Domain intervals of inputs, and outputs are
[a7,af],[az,a}]and [b~,b*] The domain interval of a variable represents the interval
between minimum and maximum value that a variable can take. Each domain interval is
divided into “2N + 1" regions (value of N differentiates with respect to a variable and
region length can be equal or not) and assigned a fuzzy MF. The shape of the MFs are

triangular.

In the second step, the degrees of input and output variables are determined and assigned
a region that has a maximum degree. As shown in Figure 2.7, agl) belongs to region S1,

similarly b belongs to region CE. By assigning regions to the variables,

e Rulel:IFa;isX1andb;isS1THEN cis CE
e Rule2:IFa;is X1 and b, is CE THEN cis X1

rules are determined from input-output pairs. Inputs of all rules are connected with logical
‘AND’ operator.

Since each data pair generates a rule, many rules are obtained. The resulting rules have
conflicting rules with the same “IF” (premise) and different “THEN” (consequent) part.
In the third step, the rule with the maximum degree is selected from the conflict group by
assigning degrees to each rule to solve this conflict. Thus, the number of rules is reduced.

The degree of a rule is calculated by Eq. 12.

D(rule) = () pp () pic (y) (12)
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For instance, Rule 1 a has degree;
D(rule) = upy (1) sy (x2)uce () (13)
= 05%0.6%0.7

= 0.21

In the presence of an expert, the data pairs are examined and assigned a degree according
to their usefulness. Therefore, the human controller determines the degree of the rules.

—7 —] CE Bl e==—=R3)

(%)

— 3 —2 S1 CE B1 B2 B3

uy)

v

—G e—_1 CE Bl ==——p2

(c)

Figure 2.7 Fuzzy regions of input and output variables [3]
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The rules derived from numerical data form a combined fuzzy rule basis. The rule with
the highest degree is used when there are several rules in the resulting rule base. Thus,

both numerical data and linguistic information are combined in the fourth step.

As a final step, Wang and Mendel determined the output for given x;, x, inputs and began
with identifying the output degree (uioi), using defuzzification by Eq. 14, where 0" and 1;'

represent the output and input regions of rule i respectively.
Mot = i Ce)pyg () (14)

They used “centroid defuzzification” to determine the output by Eg. 15, where y°
represents the center of a fuzzy region 0! and “K” is the number of rules of the obtained

fuzzy rule base.

Ko 15
z_ oyt (15)
=1

WM is a method that very simple and easy to construct. Unlike the neural approach, the
training process does not require time and effort. In addition, this approach can be
extended to multi-input and multi-output problems. WM is independent of the number of

inputs and outputs from the 1% step to the 4" step. For the last step, the only difference in

Eg. 15 is the output degree should be (u:) instead of (ugi), j denotes the j™ output
]

component.

If we consider the five-step procedure as a block, the input-output samples and the

linguistic rules are inputs, and mapping from input to output space is the output to the
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block. This approach is a general method that can adapt when examples and linguistic

rules change.

2.3.2. Interval-Valued Fuzzy Reasoning Method with Tuning and Rule Selection

The selection of MFs is one of the essential factors determining the success of fuzzy rule-
based classification systems. This is a complex problem resulting from the uncertainty
associated with definitions of linguistic terms. “Interval-valued fuzzy sets” (IVFSs) are
used to define fuzzy terms with system uncertainties. IVFS defines an interval rather than
a single number as the MD of each element. The IVTURS [4] is a new “interval-valued
fuzzy reasoning method” by extending the classical fuzzy reasoning method.

This method called as IVTURS-FARC [4] since IVTURS is combined with FARC-HD
[21] (““fuzzy association rule-based classification model for high dimensional problems”)
algorithm which is used for rule learning process. IVTURS is composed of three steps:

1) “Interval-valued fuzzy rule-based classification system” (IV-FRBCS) is
generated by the FARC-HD method, and linguistic labels are determined by
IVFSs. Then interval-valued restricted equivalence functions (IV-REFs), that
measure the equivalence between intervals, are generated for each variable.

2) The fuzzy reasoning method is extended on IVFSs.

3) Optimization is applied for genetic tuning and the rule selection process.

In order to learn the FRBCS, association rules are extracted by using a search tree, and
rules, are selected using subgroup discovery that reduces the computational cost. After
creating the initial FRBCS, linguistic labels are determined by generating the upper and

lower bounds of each MF. Then, initial I\V-REFs are generated for each variable.

A rule learning algorithm is used to generate a knowledge base. Fuzzy rule form is
represented in Eq. 16, where an algorithm uses a set of patterns (x, ...., x,), and R; is the

j" rule, Ajn is the fuzzy set that represents a linguistic term.
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Rule Rj = If x; is Aj; ...and x, is Aj, then Class = C; with RW; (16)

Certainty factor is applied to compute rule weights, as shown in Eq. 17, where Ma, (Xp)

is the matching degree of pattern x,,.

> fa, G5p) an

Xp € Class Cj

P
DITHCS

RW; = CF; =

IV-REFs compute how similar the interval MDs of each variable is to the ideal MD
([1,1]). Although initial IV-REF (a) is an interval MD, it varies according to the values

of the parameters (b, c).

a) 0,(x) =xand @,(x) = x:

IV-REF ([0.6, 0.7], [1, 1]) = [0.6, 0.7]
b) @,(x) = x% and 0,(x) = x:

[V-REF ([0.6, 0.7], [1, 1]) = [0.77, 0.84]
c) 0,(x) = x% and @,(x) = x:

IV-REF ([0.6, 0.7], [1, 1]) = [0.36, 0.49]

In the final step, the genetic algorithm is used to set the values of the parameters used in
the construction of the IV-REFs and to perform the selection process between obtained

rules.

2.3.3. Rule Production Approach of Defuzzification-Free Hierarchical Fuzzy

System

Increasing the number of input parameters makes the single fuzzy system inapplicable
since it increases the computational cost and complexity of the rules. In this case,
hierarchical fuzzy systems are highly preferred. Mutlu et al. [5] proposed a new strategy

called as DF-HFS that preserves the fuzziness of data while transferring it between layers.

22



Data may not always be consistent, complete, or even exist. In the DF-HFS algorithm,
Mutlu et al. [5] proposed a straightforward approach as a solution to these problems. The
rule scheme of the DF-HFS algorithm does not need expert knowledge to produce rules.
The DF-HFS generates the complete ruleset by using tiny information of data. In our

study, we used only the rule production scheme of DF-HFS.

First, MFs are determined as whose boundaries of fuzzy sets equally partitioned. Each
input-output variable has five fuzzy sets. The complete ruleset is determined as R = [R®™
R"] where “R®™” is rule antecedent, and “R®™ " is rule consequent. R*" is [n"™ by m]
matrix that stores all variations of fuzzy sets for each input variable, where “n” is the
number of fuzzy sets and “m” is the number of input variables. R*™ is a [n™ by 1] matrix
that contains the consequent fuzzy set of each rule. Score adjustment of these MFs
determined by expert opinion in case of no data available or according to the rate of
predetermined fuzzy sets. The rating factor (RF) is specified for each fuzzy set (f) of each
input variable (i) and represented as RTi+. All RFs are normalized by dividing summation
of the maximum RFs of each input variable, as shown in Eq. 18. The consequent of rule

r is calculated by the summation of normalized RFs RT; f)_for i"input, and f ™" fuzzy set

as shown in Eq. 19.

RT; s (18)

m
REons = Z._ RT(l,f)r (19)

Finally, the fuzzy set of the rule consequents is determined by equation Eq. 19. The R®"
determines the rule consequent belong to which fuzzy set. For example, it is 0,82. The
output space is divided into 5 equal intervals as K;= [0.8-1.0], Ko=[0.6-0.8), Ks= [0.4—
0.6), Ks= [0.2-0.4), Ks= [0-0.2). Then the output belongs to 1% fuzzy set since it is in
interval Ki=[0.8-1.0].

23



2.3.4. Artificial Neural Network

ANN is inspired by the human brain through the mathematical modeling of the learning
process. ANNs are composed of many neurons, and these neurons work simultaneously
to perform complex functions. In other words, complex functions are created by the

simultaneous operation of many neurons.

The task of the ANN is to produce an output in response to the information given as an
input set [36]. A 3-layer (or layered) feedforward neural network model consists of input,
hidden, and output layers are shown in Figure 2.8.

Input layer Hidden layer Output layer

Outputs

Figure 2.8 The ANN modeling

There are different types of ANN architectures, but the most popular ones are “feed-

forward neural network” and “back-propagation neural network”.

e “Feed-Forward Neural Network”: There is a one-way flow of information, as
shown in Figure 2.9. The information on the input layer is transmitted to the
hidden layer. The output value is obtained by processing from the hidden layer

and transmitting it to the output layer and then processing in the output layer.
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Flow of Information

Layer 0 Layer 1 Layer 2 Layer 3
nput Layer Hidden Layer 1 Hidden Layer 2 Cutput Layer

Figure 2.9 Feed-forward Neural Networks

o “Feedback Neural Network”: It is a network structure that the outputs in the
output and hidden layers are fed back to the input layer or to the previous hidden
layers, as shown in Figure 2.10. Thus, the inputs are transmitted both in the
forward direction and in the reverse direction. This type of neural network has a
dynamic memory that the current output reflects the current and previous inputs.

They are especially suitable for prediction applications.

Feedback

 — —

Input l Output
—-@<

Feedback
Figure 2.10 Feedback Neural Networks

Competition
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In the process of developing ANNS, data is divided into two; one part trains the network
and called as the training set and the other part measures the performance of the network
other than the training data and is called the test set. ANN training is the process of
optimizing the weights of the network. There are two conditions for changing the weights
of the network. These are changing weights between the hidden layer and the output layer
and changing the weights between the hidden layer and the input layer. The aim is to find
the weight values that will produce the correct outputs for the training set. The process is
repeated until the calculated error rate falls to the predefined threshold. As a result of the
training process, the error calculated on the ANN is expected to decrease to an acceptable
error rate. However, the decrease of the mean error does not always indicate that the ANN
has reached generalization. The inputs in the test set are given to the ANN model, and the
output value is compared with the desired output. The real purpose of the ANN reaches

the generalization for the input-output samples.

2.4. Software Fault Prediction

The increasing size and complexity of the software make it difficult to offer high-quality
software at a low cost. SFP plays a crucial role in improving software quality and reducing
maintenance efforts. Early detection of failures enables early correction of these failures,
cost reduction, and maintainable software delivery. In the literature, various software
metrics are available. These metrics can be used to predict faulty modules in the early

stages of the software development life-cycle.

SFP classifies modules or classes as faulty or non-faulty. Software metrics from similar
projects or previous versions of the project can be used to generate a model that predicts
fault. This model can be applied to the new project to find faulty modules or classes.
Software practitioners can then find and correct existing faults in the fault-prone areas of
the software at an early stage of software development. Therefore, higher quality and

easy-to-maintain software can be produced at the given time and budget.

SFP metrics are classified as “method-level”, “class-level”, “component-level”, “file-

level”, “process-level” and “quantitative-level” [37]. Halstead and McCabe method-level
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metrics are the most popular metrics for SFP problem. These metrics are included in
public datasets that available in the PROMISE repository. There are several datasets for
SFP problem classified as “public”, “private”, “partial” and “unknown”. The PROMISE
and the NASA MDP repositories are commonly preferred to have public datasets.

In order to identify faults, there are several approaches, which we can group them as
“statistical methods”, “machine learning-based methods”, “statistical methods combined
with an expert opinion”, “statistical methods combined with machine learning-based
methods”. Naive Bayes, Random Forests, and J48 [37] machine learning algorithms are
mostly used for SFP problems. According to reviews of Catal and Diri [37], distribution
of methods is presented in Figure 2.11.

Machine Learning
= Statistics + Machime Learning
= Statistics

66% = Statistics + Expert Opinion

Figure 2.11 Distribution of Methods
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3. RELATED WORKS

3.1. Fuzzy Rule Generation Algorithms

Fuzzy logic utilizes human knowledge, processing them as rule bases, and resulting in
the conclusion of each rule base corresponding to a specific mathematical function. It
requires expert knowledge to determine the rules accurately. Expert opinions may not be
consistent when data complexity increases. In addition, to find an expert is usually a
costly and time-consuming task. In order to overcome these challenges, several automatic
fuzzy rule generation approaches have been proposed to generate human-understandable
rules in recent decades [19,38-41]. Michalski and Chilausky [42] have done one of the
first studies of creating IF-THEN rules from given data inductively instead of expert
knowledge. They realized that inductively derived decision rules were performed better
than the rules derived from the expert knowledge. Inductively derived rules diagnosed
the 100% of diseases, while expert derived rules diagnosed 96.2%.

Fuzzy rules have an essential role in determining the robustness of fuzzy systems. There
are various methods to extract rule base, such as genetic algorithms [6, 21], association
rule mining [21,43,44], fuzzy clustering [19,45], linear solutions [3,12,46] and

evolutionary rule learning methods [4,16,47].

Neural networks are widely preferred while dealing with prediction and classification
problems. However, the main drawback is the rules produced by neuro-fuzzy systems are
not human-understandable, that makes these systems lack interpretability [39,48].

Therefore, neuro-fuzzy systems were excluded from this study.

The selection of a ruleset is one of the main problems when the number of rules increases.
Genetic algorithms [17] are used to maximize the number of accurately classified patterns
and reduce the redundant fuzzy if-then rules. The ruleset represented as a string and
treated individually. The rules are classified as dummy rules, relevant and irrelevant rules.

The genetic algorithm assigns a degree to each rule, “0” to dummy rules, “1” to relevant,
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and “-1” to irrelevant rules randomly. After n (pre-defined stopping value) generations,
the final ruleset is determined. The determined ruleset was tested with Iris data and

obtained a 94.67% classification rate.

In high-dimensional problems, one of the main challenges is knowledge extraction. The
fuzzy association rule-based classification method [21] is proposed to reduce the
computational cost. Association rules extract interesting relations between values in a
database. Rule interestingness measured with two factors, which are support and
confidence. Different algorithms [44] are offered for the generation of association rules.

In fuzzy systems, the complexity of the model is essential in terms of the number of fuzzy
rules. Fuzzy clustering methods [19,45] establishes a balance between model accuracy
and complexity. During the clustering process, redundant and less critical clusters are
removed with the orthogonal least-squares method [45]. “Fuzzy c-means clustering
algorithm” [19] clusters the samples effectively by reducing the scale of samples. Then,

the resulting samples are used to generate fuzzy rules.

For complex systems, the human controller is the most essential part of decision-making
that expresses his knowledge by defining linguistic IF-THEN rules. In most of the cases,
linguistic rules which represented by the human controller cannot describe all system.
Numerical input-output data pairs and linguistic rules are together is sufficient for a
successful design. In this circumstance, Wang and Mendel [3] propose a linear approach
that generates fuzzy rules from numerical data by learning from examples. This method

combines both numerical data and linguistic information then suggests a fuzzy rule base.

As an evolutionary rule learning method, IVTURS-FARC [4] is a trendy method based
on the “interval-valued fuzzy reasoning method”. Computational cost is higher according

to linear approaches because of tuning matching degrees and rule selection steps.
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3.2. Transfer Learning

Data science analyzes massive amounts of data and extracts knowledge from them. Data-
driven methods cannot produce meaningful information when data is corrupted or in cases
of data deficiency. On the other hand, people adapt to changing environmental conditions
by transferring information from one situation to another in the learning process [15].
They produce a solution based on previous information instead of learning from scratch

when they encounter new tasks.

Transfer learning discusses how to exploit the pre-acquired knowledge in another project
related to the original project to improve the accuracy of learning [49]. Several studies
have been conducted in the field of transfer learning, and related studies can be divided
into various categories based on problem identification: “multitasking learning” [50],
“domain adaptation” [51], “‘cross-domain adaptation” [52] and “heterogeneous learning”
[53]. The main research flows include “the transferring knowledge of samples [54,55],
transferring knowledge of feature representations [56], transferring knowledge of model
parameters [57] and transferring relational knowledge” [58] when categorized by the
transferring approach. Existing studies are classified from the application point of view

as classification [59,60], unsupervised learning [61,62] and regression [63,64].

Do and Ng [65] proposed an algorithm that finds a good parameter function to solve novel
classifications tasks. The learning algorithm learned from 450 classification problems and
outperforms the well-known naive Bayes, softmax regression, and SVM algorithms. The

proposed algorithm performed 0.459 accuracy while softmax achieved 0.376.

Quattoni et al. developed a new method by leveraging previous knowledge from the
unlabeled data to learn a new visual category. They collected 10382 images that belong
to 108 topics from “Reuters news web-site” and built a representation of image prototype.
Experiments to estimate whether the image belongs to a news topic indicate that when
only a few examples are available to train a target subject, the use of information learned

from other subjects can significantly improve performance.
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Zuo et al. [15] proposed a Takagi-Sugeno fuzzy regression model for transferring
knowledge. The rules were constructed using source data and modified to reuse them in
target data. In the experiments, they used syntactic and real-world datasets. They used the
same feature dimensionality for both the source domain and target domain. The
experiment results showed that the introduced fuzzy regression model effectively

estimates the values of the target domain.

Shell and Coupland [14] combined the transfer learning and fuzzy logic in a novel
framework. This framework learns from labeled data generates fuzzy rules, sets, and
transferable FIS. It transfers the knowledge to unlabeled data using FIS. The framework
was compared with K-Nearest Neighbour and Support Vector Machine and outperformed
with a lower Root Mean Squared Error in 54.5% and 67.9%, respectively.

3.3. Software Fault Prediction

People work directly or indirectly in software-related jobs. This situation increases the
dependence on software day by day. The software is used in several applications, so its
quality and reliability are vital. Failures in software can lead to loss of labor, money, and

even life. That is why software quality and reliability is a significant area of research.

The software is developed by the human beings and measured in man-month. This
measure is the nature of the fuzzy approach. Software quality is measured by determining
the defects/faults in the software. Several studies have been proposed in the field of SFP
and estimation [6,8,66,67,9,22-27,37]. Catal and Diri [9,37] provided a comprehensive

review of several SFP that is categorized as metrics, methods, and datasets.

In order to deliver reliable software, fault prediction is desirable in each phase of the
software development life cycle [26,66]. The fault estimate made in the testing phase of
the development can be quite costly, as it will cause changes in all previous phases.
Therefore, SFP was performed in requirement analyses, design, coding, and testing

phases. FIS was employed to develop the model.
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Better design decisions can be made using object-oriented metrics for SFP, and more
appropriate design alternatives can be easily selected. Ertirk and Sezer [23] were
predicted the faults by using Mamdani FIS with class-level metrics that correspond to
object-oriented metrics. In addition, they [6] made another study using both class-level
and method-level metrics. FISs with method-level metrics were as successful as class-

level metrics.

Marian et al. [25] proposed a new approach for SFP problem using fuzzy decision trees.
They used JEdit and Ant datasets and reduced the software metric size to three as WMC,
CBO, RFC. They compared their study with Weka — Decision Tree, Orange — Decision
Tree, Logistic Regression, Bayesian networks and it outperforms all of them with the
accuracy of 0.735 and 0.707 for JEdit and Ant datasets respectively.

Kaur et al. [68] investigated whether early lifecycle metrics (requirement metrics) and
late lifecycle metrics (code metrics) can be used to identify faulty modules. They used
JM1, PC1, and CM1 NASA software projects to test faultiness by using the “K-means
clustering algorithm”. The experiment results show that the best prediction model is

identified by the combination of requirement and code metrics.

Menzies et al. [69] performed several data mining algorithms for SFP problem on NASA
datasets by using method-level metrics. They showed that the Naive Bayes algorithm
outperformed the J48 algorithm, but changing dataset characteristics changed the best-
performed algorithm. SFP problem should be examined with several datasets by using

several learning algorithms.
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4. COMPARISONS OF FUZZY RULE GENERATION
ALGORITHMS AND ANN FOR SOFTWARE FAULT
PREDICTION PROBLEM

FIS is arule-based system that uses knowledge and experience to solve complex problems
based on fuzzy IF-THEN rules. These rules play an essential role in determining the
performance of fuzzy systems and the capabilities of the fuzzy system. The main
approach of creating a fuzzy system is to extract fuzzy rules from samples. These rules
are derived from several algorithms, such as heuristic and genetic algorithms, neural
networks, fuzzy clustering, etc. However, these methods require continuous repetitive
learning and are difficult to implement due to their complex mechanisms. In our study,
three automatic rule generation algorithms are implemented, namely “Wang-Mendel”,
“Interval-Valued Fuzzy Reasoning Method with Tuning and Rule Selection”, rule
production approach of “Defuzzification-free Hierarchical Fuzzy System”. As seen in the
study [38], these algorithms have been preferred in rule generation since they have an
outstanding performance, and they all have some individual differences.

The WM [3] method can effectively produce fuzzy rules from sample data. The method
uses a lookup table to extract the rules for each fuzzy subspace by dividing the input into
equal fuzzy sets. The WM method is simple and practical because it does not require

repeated learning steps.

A better fuzzy rule base produced from sample data can improve the success of the fuzzy
system. As a result, the WM method provides the rules based entirely on the input-output
relationships, so the dependence on samples is quite high. The fuzzy rule base extracted
by the WM method will also not be consistent if the sample set is corrupted. Accordingly,
the accuracy of the generated fuzzy system with the wrong set of rules will be poor. At

this point, each method may have drawbacks in terms of applicability or accuracy.

Unlike the WM method, DF-HFS [5] combines some of the features that are gathered
from expert knowledge and data. This allows DF-HFS to be applicable when there is not

enough data or expert opinion, allowing existing information to replace the missing.
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Because, unlike data-driven machine learning algorithms, this approach underlines that

the fuzzy systems are also robust in the absence of data.

The rule production scheme of DF-HFS is based on the score values of each fuzzy input
variable that is a measure of the effect of each fuzzy set. Unlike the original method, we
determined three fuzzy sets for input and two fuzzy sets for the output variable. The score
adjustment can be made by the expert in the absence of any data or can be calculated
automatically, taking into account the regression between the input and output variable.
Finally, after the scores have been set, the rule matrix is created to cover each possible
input and output variations. In addition, since the DF-HFS method generates a complete
set of rules, the system can be interpreted more easily, considering all metrics.

The IVTURS-FARC [4] algorithm optimizes and tunes the fuzzy rules based on MF
definition with an evolutionary approach. This approach provides a fuzzy rule base,
covering substantially the corresponding data. Nevertheless, this method is more
expensive than linear approaches since they require extensive calculations during the
learning and optimization processes. Since the algorithm may not include all metrics in
the rule base it provides, the interpretation of the system will be difficult. On the other
hand, the algorithm achieves very high classification success as it combines the

equivalence setting with the rule selection to reduce the complexity of the system.

On the other hand, the ANN method was examined to compare the success of the
classification of fuzzy systems with machine learning algorithms, which are preferred
frequently. ANN algorithm is completely dependent on data and hides the learning
mechanism in the inner layers of the network. Therefore, accurate results may not be
obtained when the model is learned from a project and tested with a different project.
Considering that “loc” is used as an input in a model established with ANN, only the
relation of “loc” metric with the data format and output parameter is considered in this
model. However, if the prediction model is FIS, as mentioned above, the classification

process can be performed without being dependent on the data.
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The rule base was created by learning from the source dataset with different rule
generation algorithms for each project. A transferable FIS was created with the obtained
rules. The generated FISs were tested with target projects, and the knowledge learned
from the source project was transferred to the target project, and fault prediction was
made, as shown in Figure 4.1.

Source Project
Software Fault Data

Learning

e

Fuzzy Rules Fuzzy Sets

\/

Transferable FIS

Source Project

Target Project

Sttt [ Context Adaptation
Software Fault Data Processing p
Predictive
Value

Figure 4.1 Overview of the Fuzzy Transfer Learning framework
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4.1. Implementation Details

WM and the rule generation scheme of the DF-HFS algorithm were implemented with
Java programming language on IntelliJ IDEA 2017.2.5. The IVTURS-FARC is included
algorithm in open-source Java software tool “Knowledge Extraction based on
Evolutionary Learning” (KEEL) [70]. KEEL provides a simple frontend that allows
designing experiments with different datasets.

For all rule generation algorithms, triangular MFs are used, and fuzzy sets are divided
equally. The generated rules were included in the FISs since the fuzzy rules define how

the FIS can decide to classify an input and control an output. FIS properties are as follows:

e Type of inference model: Mamdani

e Type of rules: AND

e Type of MF: Triangular

e Fuzzy reasoning method: COA

e Implication method: Minimum

e Aggregation method: Maximum

e Environment: MATLAB 9.5.0 (R2018b)

e Toolbox: Fuzzy logic

FISs were created by using the Fuzzy Logic Toolbox provided by MATLAB. Here are

several editors and viewers provided by the toolbox:

e FIS editor: represents the general information about the FIS

e MF editor: allows displaying and editing the MFs associated with the input and
output variables

e Rule editor: allows viewing and editing the fuzzy rules

e Rule viewer: views detailed behavior of a FIS

The main parameters and implementation details of utilized ANN are as follows:

e Type of architecture: Feed-forward neural network

e Train size: 80% of data
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Test size: 20% of data

Number of epocs: 100

Number of hidden layers: 3

Number of neurons: 48 in the first layer, 24 in the second layer, 1 in the third
layer

Activation function: Sigmoid

Training algorithm: Gradient descent

Evaluation: 5-fold cross-validation

Environment: Python/Keras library [71]
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5. EXPERIMENTS AND RESULTS

In this section, WM, IVTURS-FARC, rule production scheme of DF-HFS and ANN
algorithms are compared based on their classification performance. FISs were created for

different rulesets derived from these algorithms on several datasets.

5.1. Datasets

CM1, JM1, KC1, KC2, and PC1 publicly available SFP datasets obtained from
PROMISE Software Engineering Repository [30]. These datasets are preferred since they
are the most popular datasets in the SFP research area [6,9,28,29,38,72,73] and all contain
the same metrics. Each dataset consists of 21 features that have 5 different lines of code
measure, 4 McCabe metrics [20], 11 Halstead measures [16], 1 branch-count, and 1 class
variable, which defines the instance whether defected or not. The specifications of the
datasets are shown in Table 5.1.

Table 5.1 Dataset Specifications

Data Language # Modules # Faulty Modules Faulty Modules %

CM1 C 498 49 9.83 %
JM1 C 10885 8779 80.65 %
KC1 C++ 2109 326 15.45 %
KC2 C++ 522 105 20.5%
PC1 C 1109 1032 93.05 %

During the data-preprocessing step, we transformed the class variables into a binary
attribute, to denote whether defected or not. The value “1” represents defective entities,
and the “0” is for non-defective ones. The number of inputs to be studied was reduced to
nine that consist of McCabe and Halstead metrics. Although McCabe and Halstead’s
metrics were introduced in the 1970s for fault prediction activities, they are still the most
common metrics. According to Catal and Diri [37], predictive fault-prone modules may
have faults during system testing or field testing. McCabe metrics used in the fault

prediction are explained as follows:
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Line of code (loc): It measures the physical count of LOC.

Cyclomatic complexity (v(g)): It measures the number of linearly independent
paths in a program module. It is one of the most common and accepted software
metrics, independent of programming language and writing. The v(g) is the
number of conditional branches. Increased v(g) leads to increasing processing
paths in the function, and makes it hard to understand the program.

Essential complexity (ev(g)): It used to determine the amount of unstructured
code and the quality of a program construct. Program is qualified as unstructured
if an ev(g) is greater than “1” and far away from the well-structured programming.

Design complexity (iv(g)): It is proportional to the number of calls the method
makes to other methods. The complexity of the code that occurs when the not-
called code is eliminated.

Halstead metrics are explained as follows:

Volume (Vv): It represents the size of the space required to store the program in bits
that proportional to the program size. This parameter depends on the specific

algorithm implementation.

Difficulty (d): It measures the difficulty level of a program. It is a metric that
shows faults due to the overuse of the unique operands. Therefore, programming
applications such as overuse of operands or wrong usage of higher-level control

structures will be prone to increase difficulty.

Intelligence (i): It provides a measurement of a particular algorithm complexity

regardless of the implemented programming language.

Length (n): It measures the total number of operators and operands that occurred

in the module.

Effort (e): It measures the mental activity amount required to convert the current

algorithm into implementation in the specified program language.
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5.2. Case Study: Software Fault Prediction

In order to perform our experiments, three fuzzy rule generation algorithms, namely WM,
IVTURS-FARC, rule production scheme of DF-HFS methods, and ANN algorithm were
implemented. First, we produced the rules in order to apply to FISs by using the
aforementioned automatic rule generation algorithms. The experiments were performed
separately for Halstead metrics and McCabe metrics for each of the five datasets. In the
rule generation process, three and two fuzzy sets are used that are Low (L), Moderate (M),
High (H) for corresponding input linguistic variable and Low-Fault-Proneness (L), High-
Fault-Proneness (H) for corresponding output linguistic variables. Input and output fuzzy
sets were divided into equal intervals. MF values were represented as seen in Table 5.2,
Table 5.3, Table 5.4, Table 5.5, and Table 5.6 for each dataset.

Table 5.2 The MF values of Cm1 dataset

Metric Low Moderate High

a b c a b c a b c
loc -210 1 212 0 211 422 212 423 634
v(g) -46.5 1 48.5 1 48.5 96 48.5 96 143.5
ev(g) -13.5 1 15.5 1 15.5 30 15.5 30 44.5
1v(g) -30 1 32 1 32 63 32 63 94
n -1036 1 1038 1 1038 2075 1038 2075 3112
v -8562 0 8562 0 8562 17124 8562 17124 34248
d -62.88 0 6288 0  62.88 125.8 62.88 125.8 188.7
1 -146.8 0 146.8 0 146.8 293.7 146.8 293.7 440.5
e -108*10* 0 108*10* 0 108*10* 215*10* 108*10* 215*10* 323*10*
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Table 5.3 The MF values of Jm1 dataset

Metric Low Moderate High

a b c a b c a b c
loc -1720 1 1722 | 1722 3442 1722 3442 5163
v(g) -233.5 | 235.5 l 235.5 470 235.5 470 704.5
ev(g) -81 1 83 1 83 165 83 165 247
iv(g) 1995 1 2015 1 2015 402 201.5 402 602.5
n 4221 0 4221 0 4221 8441 4221 8441 12662
v -404%105 0 404%10° 0 404¥10° 808¥105 404*105 808%105 121%10

2091 0 2091 0 2091 4182  209.1 4182 6273
i 2849 0 2849 0 2849  569.8 2849  569.8  854.7
e -155%10% 0 155%105 0 155%10% 311%10° 155%10% 311*108 466%10°

Table 5.4 The MF values of Kcl dataset

Metric Low Moderate High

a b ¢ a b ¢ a b ¢
loc -142.5 l 144.5 1 144.5 288 144.5 288 431.5
v(g) -21 l 23 | 23 45 23 45 67
ev(g) -11.5 l 13.5 1 13.5 26 13.5 26 38.5
iv(g) -21 1 23 | 23 45 23 45 67
n -553 0 553 0 553 1106 553 1106 1659
v -3959 0 3959 0 3959 7919 3959 7919 1188*10%
d -26.88 0 2688 0  26.88 53.75 26.88 53.75 80.63
1 -96.53 0 9653 0 96.53 193.1 96.53 193.1 289.6
e -162*10° 0 162%10° 0 162*%10% 325%105 162*10° 325%10° 487*10°
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Table 5.5 The MF values of Kc2 dataset

Metric Low Moderate High
a b c a b c a b c

loc -636 1 638 1 638 1275 638 1275 1912
v(g) -88.5 1 90.5 | 90.5 180 90.5 180 270
ev(g) -61 1 63 1 63 125 63 125 187
iv(g) -70 | 72 | 72 143 72 143 214
n -1990 | 1992 | 1992 3982 1992 3982 5973
v -169%10° 0 169*10° 0 169*10° 338*10° 169%10° 338*%10° 507*10°

5177 0 5177 0  51.77 103.5 51.77 103.5 155.3
i 2075 0 2075 0 2075 415.1 207.5 415.1 622.6
e -107*107 0 107*107 0 107*107 215*%107 107%*107 215*%107 322*107

Table 5.6 The MF values of Pc1 dataset

Metric Low Moderate High
a b c a b c a b c

loc -301 0 301 0 301 602 301 602 903
v(g) -66.5 1 68.5 1 68.5 136 68.5 136 203.5
ev(g) -60 1 62 | 62 123 62 123 184
iv(g) -60 1 62 1 62 123 62 123 184
n -1391 1 1393 1 1393 2785 1393 2785 4177
v -129%10° 0 129*10° 0 129*10° 259*10° 129%10° 259*10° 389*10°

-1353 0 1353 0 135.3 270.7 135.3 270.7 406
1 -299.2 0 2992 0 299.2 598.3 299.2 598.3 897.5
e S214%10% 0 214%10° 0 214*10° 428%105 214*10° 428*10° 642*107

Rule weights are determined as “1” for all algorithms to make a fair comparison.
Generated rule numbers are shown in Table 5.7 and Table 5.8, that varies depending on

the algorithm.
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Table 5.7 Generated rule numbers derived from McCabe metrics by Wang-Mendel,
IVTURS-FARC, DF-HFS algorithms

Ruleset Wang-Mendel 1IVTURS-FARC DF-HFS

Cml’s Rules 16 7 81
Jm1’s Rules 13 4 81
Kc1’s Rules 18 6 81
Kc2’s Rules 4 4 81
Pcl’s Rules 9 7 81
Frequent Rules 5 7 81

Table 5.8 Generated rule numbers derived from Halstead metrics by Wang-Mendel,
IVTURS-FARC, DF-HFS algorithms

Ruleset Wang-Mendel IVTURS-FARC DF-HFS

Cml’s Rules 15 4 243
Jml1’s Rules 17 3 243
Kc1’s Rules 14 8 243
Kc2’s Rules 8 6 243
Pc1’s Rules 11 6 243
Frequent Rules 10 6 243

In addition to generating rules for each dataset, a customized ruleset called as frequent
rules (FR) was created. The rules generated from each dataset were combined, and the
repeated rules in the resulting ruleset form the frequent ruleset. For example, regarding
the WM algorithm, the rules derived from Cm1, Jml, Kcl, Kc2, and Pcl with McCabe
metrics were combined (16+13+18+4+9) and obtained a total of 60 rules. The repetitive
5 rules in the combined ruleset, which consists of 60 rules, form the FR. FR set of WM
and IVTURS-FARC algorithms are represented in Table 5.9 and Table 5.10, respectively.

Although the number of rules generated from different datasets differs in WM and
IVTURS-FARC algorithms, it is constant for the DF-HFS algorithm since DF-HFS’s rule
generation algorithm produces a complete ruleset that covers all input-output interactions.
Therefore, the ruleset is the same for each dataset. The number of rules was calculated as
3% for 3 fuzzy sets and 4 McCabe metrics and 3° for 5 Halstead metrics. In the DF-HFS
algorithm, the consequent part of the rules is updated according to the distribution of rules

in the entire ruleset, whether the rules are defective or not.
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Table 5.9 The Frequent Ruleset of WM algorithm

Metrics

Rules

McCabe

If (loc is L) and (v(g) is L) and (ev(g) is L) and (iv(g) is L then (faultiness is L)
If (loc is M) and (v(g) is L) and (ev(g) is L) and (iv(g) is L then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is M then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is M then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is L then (faultiness is L)

Halstead

If (nis L) and (v is L) and (d is L) and (i is M) and (e is L) then (faultiness is L)
If (nis M) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)
If (n is M) and (v is M) and (d is L) and (i is H) and (e is L) then (faultiness is L)
If (nis L) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)
If (n is M) and (v is L) and (d is M) and (i is M) and (e is L) then (faultiness is L)
If(nis L) and (vis L) and (d is L) and (i is L) and (e is L) then (faultiness is L)
If (n is M) and (v is M) and (d is L) and (i is M) and (e is L) then (faultiness is H)
If (nis L) and (v is L) and (d is M) and (i is M) and (e is L) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is L) then (faultiness is H)
If(nis L) and (vis L) and (d is L) and (i is H) and (e is L) then (faultiness is L)

Table 5.10 The Frequent Ruleset of IVTURS-FARC algorithm

Metrics

Rules

McCabe

If (iv(g) is M) then (faultiness is H)
If (iv(g) is L) then (faultiness is L)
If (ev(g) is M) then (faultiness is H)
If (ev(g) is L) then (faultiness is L)
If (v(g) is L) then (faultiness is L)
If (loc is M) then (faultiness is H)
If (loc is L) then (faultiness is L)

Halstead

If (i is M) then (faultiness is L)
If (i is L) then (faultiness is L)
If (v is L) then (faultiness is L)
If (d is L) then (faultiness is L)
If (n is M) and (v is M) then (faultiness is H)
If (n is L) then (faultiness is L)

The complete ruleset is represented in Table 5.11. All rules were different because they

contained each possible state for this algorithm. Thus, the entire rules created the FR set
(Table 5.11).
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Table 5.11 The ruleset derived from DF-HFS algorithm with McCabe metrics
Rules

If (loc is L) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is L) and (ev(g) is L) and (iv(g) is M) then (faultiness is L)
If (loc is L) and (v(g) is L) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc 1s L) and (v(g) is L) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is L) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is L) and (ev(g) is M) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is L) and (ev(g) is H) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is L) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is L) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is M) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is H) and (iv(g) is L) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is H) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is H) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is H) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is H) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc is L) and (v(g) is H) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is H) and (ev(g) is M) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is H) and (ev(g) is H) and (iv(g) is L) then (faultiness is H)
If (loc is L) and (v(g) is H) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is H) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is M) and (v(g) is L) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is M) and (v(g) is L) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is M) and (iv(g) is H) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is H) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is H) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is H) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)
If (loc is M) and (v(g) is H) and (ev(g) is L) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is H) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is H) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc is M) and (v(g) is H) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc i1s M) and (v(g) 1s H) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is H) and (ev(g) is M) and (iv(g) is H) then (faultiness is H)
If (loc is M) and (v(g) is H) and (ev(g) is H) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is H) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
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If (loc is M) and (v(g) is H) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)
If (loc is H) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is H) and (v(g) is L) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is L) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc is H) and (v(g) is L) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc is H) and (v(g) is L) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is L) and (ev(g) is M) and (iv(g) is H) then (faultiness is H)
If (loc is H) and (v(g) is L) and (ev(g) is H) and (iv(g) is L) then (faultiness is H)
If (loc is H) and (v(g) is L) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is L) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is M) and (iv(g) is H) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is H) and (iv(g) is L) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is L) and (iv(g) is L) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is M) and (iv(g) is H) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is H) and (iv(g) is L) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)

Automatic rule generation algorithms have differences in certain aspects. The WM and
DF-HFS algorithms produce complete rulesets, but the rules that IVTURS-FARC
generates may not include all input variables. The rules generated by each algorithm for
both McCabe and Halstead metrics. The rulesets that are generated from the WM
algorithm are shown in Table 5.12 and Table 5.13. In addition, the IVTURS-FARC

algorithm generates rules, as shown in Table 5.14 and Table 5.15.
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Table 5.12 The ruleset derived from WM algorithm with McCabe metrics

Dataset

Rules

Cml

If (loc is L) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is L)
If (loc is H) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is M) and (v(g) is L) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is L) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is M) and (v(g) is L) and (ev(g) is M) and (iv(g) is M) then (faultiness is L)
If (loc is H) and (v(g) is H) and (ev(g) is H) and (iv(g) is H) then (faultiness is L)
If (loc is L) and (v(g) is M) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is L)
If (loc is M) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is L) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)

Jml

If (loc is M) and (v(g) is H) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is L) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is H) and (ev(g) is L) and (iv(g) is L) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is M) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is L)
If (loc is L) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is L) and (ev(g) is M) and (iv(g) is M) then (faultiness is L)

Kcl

If (loc is L) and (v(g) is M) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is L) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is L) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is M) and (iv(g) is L) then (faultiness is H)
If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is H) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is L)
If (loc is L) and (v(g) is L) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is L)
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Kc2

If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is L) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is H) and (v(g) is H) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is H)

Pcl

If (loc is H) and (v(g) is H) and (ev(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (v(g) is H) and (ev(g) is H) and (iv(g) is H) then (faultiness is H)
If (loc is M) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is H)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is L)
If (loc is L) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is L)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)

Table 5.13 The ruleset derived from WM algorithm with Halstead metrics

Dataset Rules

If (n is H) and (v is H) and (d is H) and (i is M) and (e is M) then (faultiness is L)
If (nis L) and (vis L) and (d is L) and (i is M) and (e is L) then (faultiness is L)
If (n is M) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is L) then (faultiness is L)
If (n is M) and (v is M) and (d is L) and (i is H) and (e is L) then (faultiness is L)
If (n is M) and (v is L) and (d is H) and (i is L) and (e is L) then (faultiness is L)
If (nis L) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)

Cml If(nis H) and (v is H) and (d is H) and (i is M) and (e is H) then (faultiness is L)

If (n is M) and (v is L) and (d is M) and (i is M) and (e is L) then (faultiness is L)
If (nis L) and (v is L) and (d is M) and (i is M) and (e is L) then (faultiness is L)
If(nis L) and (vis L) and (d is L) and (i is L) and (e is L) then (faultiness is L)
If (n is M) and (v is M) and (d is L) and (i is M) and (e is L) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is M) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is H) and (e is M) then (faultiness is H)
If (nis M) and (v is L) and (d is L) and (i is M) and (e is L) then (faultiness is H)

Jml

If (n is M) and (v is M) and (d is M) and (i is L) and (e is L) then (faultiness is H)
If (n is M) and (v is M) and (d is H) and (i is L) and (e is M) then (faultiness is H)
If(nis L) and (vis L) and (d is L) and (i is M) and (e is L) then (faultiness is H)
If (nis L) and (v is L) and (d is M) and (i is M) and (e is L) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is L) then (faultiness is H)
If (n is M) and (v is M) and (d is L) and (i is H) and (e is L) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is M) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is L) and (e is M) then (faultiness is H)
If (nis L) and (v is M) and (d is M) and (i is L) and (e is L) then (faultiness is H)
If (n is H) and (v is H) and (d is H) and (i is M) and (e is H) then (faultiness is H)
If (nis M) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)
If (nis L) and (v is L) and (d is L) and (i is H) and (e is L) then (faultiness is L)
If (n is M) and (v is L) and (d is L) and (i is M) and (e is L) then (faultiness is L)
If (nis L) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)
If (n is M) and (v is L) and (d is M) and (i is M) and (e is L) then (faultiness is L)
If (nis M) and (v is L) and (d is H) and (i is L) and (e is M) then (faultiness is L)
If (nis L) and (v is L) and (d is L) and (i is L) and (e is L) then (faultiness is L)
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Kcl

If (n is M) and (v is L) and (d is H) and (i is L) and (e is L) then (faultiness is H)
If (nis L) and (v is L) and (d is M) and (i is M) and (e is L) then (faultiness is H)
If (n is M) and (v is L) and (d is M) and (i is M) and (e is L) then (faultiness is H)
If (n is M) and (v is L) and (d is L) and (i is H) and (e is L) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is L) then (faultiness is H)
If (n is M) and (v is M) and (d is H) and (i is M) and (e is M) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is M) then (faultiness is L)
If(nis L) and (vis L) and (d is L) and (i is H) and (e is L) then (faultiness is L)
If (n is H) and (v is H) and (d is H) and (i is H) and (e is H) then (faultiness is L)
If (n is M) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)
If(nis L) and (vis L) and (d is H) and (i is L) and (e is L) then (faultiness is L)
If (nis L) and (vis L) and (d is L) and (i is M) and (e is L) then (faultiness is L)
If(nis L) and (vis L) and (d is L) and (i is L) and (e is L) then (faultiness is L)
If(nisL)and (vis L) and (d is M) and (i is L) and (e is L) then (faultiness is L)

Kc2

If (n is M) and (v is L) and (d is H) and (i is L) and (e is M) then (faultiness is H)
If(nis L) and (vis L) and (d is L) and (i is M) and (e is L) then (faultiness is L)
If (n is H) and (v is H) and (d is H) and (i is H) and (e is H) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is L) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is M) then (faultiness is H)
If(nis L) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is H)
If (nis L) and (v is L) and (d is M) and (i is M) and (e is L) then (faultiness is H)
If(nisL)and (vis L) and (d is L) and (i is L) and (e is L) then (faultiness is H)

Pcl

If (n is H) and (v is H) and (d is M) and (i is M) and (e is M) then (faultiness is H)
If (nis M) and (vis L) and (d is L) and (i is L) and (e is L) then (faultiness is H)
If (n is M) and (v is M) and (d is M) and (i is L) and (e is L) then (faultiness is L)
If (n is M) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)
If (n is H) and (v is M) and (d is H) and (i is L) and (e is H) then (faultiness is L)
If (n is M) and (v is M) and (d is L) and (i is M) and (e is L) then (faultiness is L)
If (n is M) and (v is M) and (d is L) and (i is L) and (e is L) then (faultiness is L)
If (nis L) and (v is L) and (d is L) and (i is M) and (e is L) then (faultiness is L)
If (n is M) and (v is M) and (d is L) and (i is H) and (e is L) then (faultiness is L)
If(nis L) and (vis L) and (d is L) and (i is L) and (e is L) then (faultiness is L)
If (nis L) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)

Table 5.14 The ruleset derived from IVTURS-FARC algorithm for McCabe metrics

Dataset Rules

If (iv(g) is M) then (faultiness is H)
If (iv(g) is L) then (faultiness is L)
If (ev(g) is M) then (faultiness is H)

Cml If (ev(g) is L) then (faultiness is L)
If (v(g) is L) then (faultiness is L)
If (loc is M) then (faultiness is H)
If (loc is L) then (faultiness is L)

Iml If (iv(g) is L) then (faultiness is L)

If (ev(g) is L) then (faultiness is L)
If (v(g) is L) then (faultiness is L)
If (loc is L) then (faultiness is L)
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Kcl

If (loc is M) and (v(g) is M) and (iv(g) is M) then (faultiness is H)
If (loc is H) and (iv(g) is M) then (faultiness is H)

If (v(g) is M) and (iv(g) is M) then (faultiness is H)

If (ev(g) is M) then (faultiness is L)

If (ev(g) is L) then (faultiness is L)

If (loc is M) then (faultiness is L)

Kc2

If (v(g) is M) then (faultiness is H)

If (loc is M) then (faultiness is H)

If (loc is L) then (faultiness is L)

If (loc is M) and (v(g) is L) and (iv(g) is L) then (faultiness is H)

Pcl

If (iv(g) is M) then (faultiness is H)
If (iv(g) is L) then (faultiness is L)
If (ev(g) is L) then (faultiness is L)
If (ev(g) is M) then (faultiness is H)
If (v(g) is L) then (faultiness is L)
If (loc is M) then (faultiness is H)
If (loc is L) then (faultiness is L)

Table 5.15 The ruleset derived from IVTURS-FARC algorithm for Halstead metrics

Dataset

Rules

Cml

If (i is M) then (faultiness is L)
If (i is L) then (faultiness is L)
If (v is L) then (faultiness is L)
If (i is H) then (faultiness is H)

Jml

If (i is L) then (faultiness is L)
If (d is M) then (faultiness is H)
If (d is L) then (faultiness is L)

Kcl

If (d is H) then (faultiness is H)

If (d is M) then (faultiness is H)

If (n is L) and (v is L) then (faultiness is H)

If (nis L) and (v is L) and (e is L) then (faultiness is H)
If (d is M) and (e is L) then (faultiness is H)

If (e is L) then (faultiness is L)

If (v is L) and (i is L) then (faultiness is L)

If (d is L) and (i is L) then (faultiness is L)

Kc2

If (i is L) then (faultiness is L)

If (n is L) then (faultiness is L)

If (v is M) then (faultiness is H)

If (n is M) and (v is M) then (faultiness is H)

If (d is M) and (i is M) then (faultiness is H)

If (d is M) and (i is M) and (e is L) then (faultiness is H)

Pcl

If (i is M) then (faultiness is L)
If (i is L) then (faultiness is L)

If (v is M) then (faultiness is L)
If (v is L) then (faultiness is L)
If (d is L) then (faultiness is L)
If (n is L) then (faultiness is L)

50



In the rule generation process, we also combine all datasets and generate the rules with
each algorithm. The generated ruleset is called as a union ruleset. The union rulesets are
shown in Table 5.16, Table 5.17, and Table 5.18. The union ruleset is the same as the
ruleset in Table 5.11 for DF-HFS algorithm since it does not show any differences for
different datasets.

Table 5.16 The union ruleset derived from WM algorithm for McCabe metrics

Rule set

If (loc is L) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is M) and (v(g) is L) and (ev(g) is L) and (iv(g) is L) then (faultiness is M)
If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is M)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is M) then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is H) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is L)
If (loc is M) and (v(g) is M) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is L) and (ev(g) is M) and (iv(g) is L) then (faultiness is L)
If (loc is L) and (v(g) is M) and (ev(g) is M) and (iv(g) is L) then (faultiness is M)
If (loc is M) and (v(g) is M) and (ev(g) is H) and (iv(g) is M) then (faultiness is M)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is M)
If (loc is L) and (v(g) is M) and (ev(g) is M) and (iv(g) is M) then (faultiness is L)
If (loc is L) and (v(g) is M) and (ev(g) is L) and (iv(g) is L) then (faultiness is L)
If (loc is H) and (v(g) is H) and (ev(g) is H) and (iv(g) is H) then (faultiness is M)

w

w wn

Table 5.17 The union ruleset derived from WM algorithm for Halstead metrics

Rule set

If (mis L) and (vis L) and (d is L) and (i is M) and (e is L) then (faultiness is M)
If (nis M) and (v is M) and (d is M) and (i is L) and (e is L) then (faultiness is M)
If (n is M) and (v is M) and (d is H) and (i is L) and (e is M) then (faultiness is M)
If (nis L) and (v is L) and (d is M) and (i is M) and (e is L) then (faultiness is M)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is L) then (faultiness is M)
If (n is M) and (v is M) and (d is L) and (i is H) and (e is L) then (faultiness is M)
If (n is M) and (v is M) and (d is M) and (i is M) and (e is M) then (faultiness is M)
If (nis M) and (v is M) and (d is M) and (i is L) and (e is M) then (faultiness is M)
If (nis L) and (v is M) and (d is M) and (i is L) and (e is L) then (faultiness is M)
If (nis H) and (v is H) and (d is H) and (i is M) and (e is H) then (faultiness is M)
If nis L) and (v is L) and (d is L) and (i is H) and (e is L) then (faultiness is L)
If (nis M) and (v is L) and (d is L) and (i is M) and (e is L) then (faultiness is L)
If (nis L) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)
If (nis M) and (v is L) and (d is M) and (i is L) and (e is L) then (faultiness is L)
If (n is M) and (v is L) and (d is H) and (i is L) and (e is M) then (faultiness is L)
If (nis L) and (v is L) and (d is L) and (i is L) and (e is L) then (faultiness is L)
If (n is M) and (v is M) and (d is L) and (i is M) and (e is L) then (faultiness is M)
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Table 5.18 The union ruleset derived from IVTURS algorithm

Metric Rules
If (ev(g) is L) then (faultiness is L)
McCabe If (v(g) is L) then (faultiness is L)
If (loc is L) then (faultiness is L)

If (v is L) then (faultiness is L)

Halstead If (d is M) then (faultiness is L)
If (d is L) then (faultiness is L)
If (iis L) then (faultiness is L)

In order to evaluate the performance of FISs, “Area Under Receiver Operating
Characteristic Curve” (ROC-AUC) was used. ROC-AUC is one of the most frequently
used performance evaluation criteria for classification problems at all classification
thresholds. ROC curve plots two parameters, which are true positive rate (TPR as seen
Eq.20) and false positive rate (FPR as seen in Eg.21). The AUC is the area under the ROC

curve, as shown in Figure 5.1.

True Positive rate (Sensitivity)

(1] = S I P T P
0 20 40 60 80 100
False Positive rate (100-Specificity)

Figure 5.1 Area under the ROC Curve (AUC)

. TP (20)
True positive rate (TPR) = =——
TP + FP

False positive rate (FPR) = ——— (21)
FP+TN
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In order to make experiments on differently modeled FISs, seven FISs were generated for
each software project in different scenarios. Each experiment was performed separately
for the McCabe and Halstead metrics.

5.2.1. Ruleset of the current (target) project

In the first scenario, the FIS in a certain project was generated by using the data of the
current project to determine the parameters of MFs and create the rule base. In order to
explain in more detail, five FISs were produced for this scenario. The FIS generated with
Cml data was tested with Cml rules, and the other four projects (Jml, Kcl, Kc2, and
Pcl) were tested with their own rulesets. Experiment results are shown in Table 5.19 and
Table 5.20. Here, scenarios for each project are represented by presenting the name of the
current project and the source project, that the rules were generated from, concatenated
by “W” symbol. For this experiment, each case is denoted as CM1 W CM1, IM1 W JM1,
KC1 W KC1, KC2 W KC2, and PC1 W PC1.

Table 5.19 Experiment results of projects tested with the ruleset of the current project

regarding McCabe metrics

Ruleset Wang-Mendel IVTURS-FARC DF-HFS ANN

Dataset

CM1 W CM1 0,7003 0,7239 0,7247 0,676
JM1 W JM1 0,6888 0,6116 0,6909 0,60
KC1 W KC1 0,7897 0,7212 0,7903 0,793
KC2 W KC2 0,8416 0,8422 0,8416 0,823
PC1 W PC1 0,6957 0,6876 0,6704 0,614
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Table 5.20 Experiment results of projects tested with the ruleset of the current project

regarding Halstead metrics

Rule set Wang-Mendel IVTURS-FARC DF-HFS ANN

Dataset

CM1WCM1 0,7236 0,7113 0,7056 0,824
JM1 W JM1 0,6202 0,6087 0,6192 0,733
KC1 W KC1 0,7865 0,7951 0,7932 0,783
KC2 W KC2 0,8249 0,8446 0,8254 0,815
PC1 W PC1 0,6849 0,6742 0,6709 0,614

5.2.2. Ruleset of the source project

In the second to fifth scenarios, MFs and FISs are determined by using the data of the
current project the same as in the first scenario. On the other hand, the rule base of their
FISs was generated from other data of projects instead of its own data. In this case, four
separate FISs were created using the ruleset of the other four projects while each project
was tested. For example, regarding the Cml project, the Cml dataset was used to
determine MFs and FIS. The datasets of Jm1, Kcl, Kc2, and Pcl were utilized for the
rule generation. AUC values for these experiments are shown in Table 5.21, and Table
5.22 denoted as CM1 W JM1, CM1 W KC1, CM1 W KC2, and CM1 W PC1.

Table 5.21 Experiment results of projects tested with the ruleset of the source project

regarding McCabe metrics

Ruleset Wang-Mendel IVTURS-FARC DF-HFS ANN

Dataset

CM1 wJM1 0,7202 0,5863 0,7247 0,485
CM1 W KC1 0,7183 0,6973 0,7247 0,279
CM1 W KC2 0,7118 0,7514 0,7247 0,298
CM1 W PC1 0,7415 0,7239 0,7247 0,483
JM1 W CM1 0,6817 0,6897 0,6909 0,485
JM1 W KC1 0,6889 0,6603 0,6909 0,463
JM1 W KC2 0,6882 0,7087 0,6909 0,484
JM1 W PC1 0,7010 0,6897 0,6909 0,487
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KC1wCM1 0,7891 0,7914 0,7903 0,689

KC1 W JM1 0,7920 0,6111 0,7903 0,608
KC1 W KC2 0,7907 0,7904 0,7903 0,749
KC1 W PC1 0,7908 0,7914 0,7903 0,632
KC2 W CM1 0,8438 0,8441 0,8416 0,651
KC2 W JM1 0,8417 0,7073 0,8416 0,581
KC2 W KC1 0,8398 0,8184 0,8416 0,440
KC2 W PC1 0,8430 0,8441 0,8416 0,486
PC1W CM1 0,6660 0,6885 0,6704 0,653
PC1 W JM1 0,6797 0,5828 0,6704 0,621
PC1 W KC1 0,6648 0,6292 0,6704 0,759
PC1 W KC2 0,6591 0,6872 0,6704 0,711

Table 5.22 Experiment results of projects tested with the ruleset of the source project

regarding Halstead metrics

Ruleset Wang-Mendel IVTURS-FARC DF-HFS ANN

Dataset

CM1 W JM1 0,7274 0,7064 0,7056 0,292
CM1 W KC1 0,7283 0,7345 0,7056 0,212
CM1 W KC2 0,7180 0,7491 0,7056 0,164
CM1 W PC1 0,6998 0,7360 0,7056 0,294
JM1 W CM1 0,6210 0,6254 0,6192 0,7071
JM1 W KC1 0,6252 0,6277 0,6192 0,783
JM1 W KC2 0,6198 0,6203 0,6192 0,847
JM1 W PC1 0,6208 0,6271 0,6192 0,719
KC1wCM1 0,7916 0,7737 0,7932 0,704
KC1 W JM1 0,7847 0,7829 0,7932 0,690
KC1 W KC2 0,7499 0,7799 0,7932 0,835
KC1 W PC1 0,7840 0,7899 0,7932 0,660
KC2 W CM1 0,8287 0,8269 0,8254 0,772
KC2 W JM1 0,8355 0,8311 0,8254 0,697
KC2 W KC1 0,8371 0,8414 0,8254 0,753
KC2 W PC1 0,8301 0,8413 0,8254 0,834
PC1 W CM1 0,6867 0,6852 0,6709 0,653
PC1 W JM1 0,7126 0,6323 0,6709 0,621
PC1 W KC1 0,6888 0,6914 0,6709 0,759

PC1 W KC2 0,7134 0,6986 0,6709 0,711
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5.2.3. Ruleset of the frequent rules

In the sixth scenario, the rules produced in the first five scenarios were combined, and the
rules that were included in more than one ruleset constituted the frequent ruleset. As in
other scenarios, MFs and FISs were created using the data of the current project. Five
different FISs were created since the FR set was tested with each project. Experiments
are represented as CM1 W FR, IM1 W FR, KC1 W FR, KC2 W FR, PC1 W FR in Table
5.23, and Table 5.24.

Table 5.23 Experiment results of projects tested with the frequent ruleset regarding
McCabe metrics

uleset Wang-Mendel IVTURS-FARC DF-HFS ANN
Datase

CM1W FR 0,7383 0,7221 0,7247 NA
JM1 W FR 0,7010 0,6899 0,6909 NA
KC1 W FR 0,7905 0,7897 0,7903 NA
KC2 W FR 0,8431 0,8445 0,8416 NA
PC1WEFR 0,6944 0,6876 0,6704 NA

Table 5.24 Experiment results of projects tested with the frequent ruleset regarding

Halstead metrics

uleset Wang-Mendel IVTURS-FARC DF-HFS ANN
Datase

CM1W FR 0,7295 0,7379 0,7056  NA
JM1 W FR 0,6252 0,6276 0,6192 NA
KC1WFR 0,7856 0,7933 0,7932 NA
KC2 W FR 0,8395 0,8410 0,8254 NA
PC1WFR 0,6890 0,6929 0,6709 NA

5.2.4. Ruleset of the union data

In the last experiment on FIS, a new dataset is created called “union” by combining the
data of five projects. For the union dataset, new MFs and FIS are determined. The rules
produced from this dataset are tested with FIS. Experiment results are shown in Table
5.25.
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Table 5.25 Experiment results of projects tested with the union of datasets

Metric Wang-Mendel IVTURS-FARC DF-HFS ANN

McCabe 0,7076 0,6136 0,7092 0,737
Halstead 0,6483 0,6526 0,6458 0,641

5.2.5. Portability of the rules

In order to investigate the portability of the rulesets obtained from rule generation
algorithms, we assign weights between 0-6 to the rulesets. The most accurate ruleset gets
“6”, and the least accurate one gets “1” for the corresponding project. If the AUC value
of the ruleset tested with a project is less than the AUC value received when tested with
the project's own ruleset, it takes the “0”. For example, since the CM1 project receives
the highest AUC value when it is tested with the ruleset of PC1 project, the weight of the
PC1 ruleset is given as “6”, as seen in Table 5.26. On the other hand, when JM1 project
is tested with CM1 and KC2 rulesets, it gets “0” since AUC values of CM1 (0,6817) and
KC2 (0,6882) is lower with respect to tested with its own data (0,6888). Total weights of
rules are shown in Table 5.26, Table 5.27, Table 5.28, Table 5.29, and Table 5.30.

Table 5.26 Total rule weights obtained from the Wang-Mendel method regarding

McCabe metrics

Ruleset CM1 JM1 KCl1 KC2 PC1l Total Rule Weights
CM1’s Rule 1 0 0 6 5 12
JM1’s Rule 4 4 6 3 0 17
KC1’s Rule 3 5 2 0 0 10
KC2’s Rule 2 0 4 2 0 8
PC1’s Rule 6 6 5 4 0 21
Frequent Rules 5 6 3 5 0 19
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Table

5.27 Total rule weights obtained from the Wang-Mendel method regarding

Halstead metrics

Rule Set CM1 JM1 KC1 KC2 PC1 Total Rule Weights
CM1’s Rule 3 5 6 2 2 18
JM1’s Rule 4 3 0 4 5 16
KC1’s Rule 5 6 5 5 3 24
KC2’s Rule 0 0 0 1 6 7
PC1’s Rule 0 4 0 3 1 8
Frequent Rules 6 6 0 6 4 22

Table 5.28 Total rule weights obtained from the IVTURS-FARC method regarding

McCabe metrics

Ruleset CM1 JM1 KC1 KC2 PC1l Total Rule Weights
CM1’s Rule 5 4 6 5 6 26
JM1’s Rule 0 2 0 0 5 7
KC1’s Rule 0 3 3 0 0 6
KC2’s Rule 6 6 5 3 0 20
PC1’s Rule 5 4 6 5 0 20
Frequent Rules 0 5 4 6 5 20

Table 5.29 Total rule weights obtained from the IVTURS-FARC method regarding

Table

Halstead metrics

Ruleset CM1 JM1 KCl1 KC2 PC1l Total Rule Weights
CM1’s Rule 2 3 0 0 3 8
JM1’s Rule 0 1 0 0 0 1
KC1’s Rule 3 6 6 0 4 19
KC2’s Rule 6 2 0 6 6 20
PC1’s Rule 4 4 0 0 2 10
Frequent Rules 5 5 0 0 5 15

5.30 Total rule weights obtained from the DF-HFS method regarding
McCabe/Halstead metrics

Ruleset CM1 JM1 KCl1 KC2 PC1l Total Rule Weights
CM1’s Rule 6 6 6 6 6 30

JM1’s Rule 6 6 6 6 6 30

KC1’s Rule 6 6 6 6 6 30

KC2’s Rule 6 6 6 6 6 30

PC1’s Rule 6 6 6 6 6 30

Frequent Rules 6 6 6 6 6 30
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5.2.6. Experiments with the ANN algorithm

Regarding ANN, experiments were performed differently from fuzzy rule generation
algorithms. Five different scenarios were defined for ANN. In the first scenario, ANN
was trained with 80% of data and tested with 20% of data for each project as a regular
machine learning evaluation process. These experiments are shown as CM1 W CM1, JM1
W JM1, KC1 W KC1, KC2 W KC2, PC1 W PC1 in Table 5.31 and Table 5.32 since the

train and test data belong to the same project.

In the other four experiments, ANN was trained with 100% data of the current project
and tested with 100% data of source project. For the CM1 project, ANN was trained with
the CM1 project and tested with four other projects. Four different experiments were
performed for each project called as CM1 W JM1, CM1 W KC1, CM1 W KC2, and CM1
W PC1 in Table 5.31 and Table 5.32.

Table 5.31 AUC values of FISs and ANN regarding McCabe metrics

Ruleset Wang-Mendel IVTURS-FARC DF-HFS ANN

Dataset

CM1 W CM1 0,7003 0,7239 0,7247 0,676
CM1 W JIM1 0,7202 0,5863 0,7247 0,485
CM1 W KC1 0,7183 0,6973 0,7247 0,279
CM1 W KC2 0,7118 0,7514 0,7247 0,298
CM1 W PC1 0,7415 0,7239 0,7247 0,483
CM1WFR 0,7383 0,7221 0,7247 NA

JM1 W JIM1 0,6888 0,6116 0,6909 0,60
JM1 W CM1 0,6817 0,6897 0,6909 0,485
JM1 W KC1 0,6889 0,6603 0,6909 0,463
JM1 W KC2 0,6882 0,7087 0,6909 0,484
JM1 W PC1 0,7010 0,6897 0,6909 0,487
JM1W FR 0,7010 0,6899 0,6909 NA

KC1 W KC1 0,7897 0,7212 0,7903 0,793
KC1 W CM1 0,7891 0,7914 0,7903 0,689
KC1WwWJIM1 0,7920 0,6111 0,7903 0,608
KC1 W KC2 0,7907 0,7904 0,7903 0,749
KC1 W PC1 0,7908 0,7914 0,7903 0,632
KC1WFR 0,7905 0,7897 0,7903 NA
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KC2 W KC2 0,8416 0,8422 0,8416 0,823

KC2 W CM1 0,8438 0,8441 0,8416 0,651
KC2 W JM1 0,8417 0,7073 0,8416 0,581
KC2 W KC1 0,8398 0,8184 0,8416 0,440
KC2 W PC1 0,8430 0,8441 0,8416 0,486
KC2 W FR 0,8431 0,8445 0,8416  NA

PC1 W PC1 0,6957 0,6876 0,6704 0,614
PC1 W CM1 0,6660 0,6885 0,6704 0,653
PC1 W JM1 0,6797 0,5828 0,6704 0,621
PC1 W KC1 0,6648 0,6292 0,6704 0,759
PC1 W KC2 0,6591 0,6872 0,6704 0,711
PC1WFR 0,6944 0,6876 0,6704 NA

UNION 0,7076 0,6136 0,7092 0,737

Table 5.32 AUC values of FISs and ANN regarding Halstead metrics

Ruleset Wang-Mendel IVTURS-FARC DF-HFS ANN

Dataset

CM1 W CM1 0,7236 0,7113 0,7056 0,824
CM1 W JM1 0,7274 0,7064 0,7056 0,292
CM1 W KC1 0,7283 0,7345 0,7056 0,212
CM1 W KC2 0,7180 0,7491 0,7056 0,164
CM1 W PC1 0,6998 0,7360 0,7056 0,294
CM1WFR 0,7295 0,7379 0,7056 NA
JM1 W JM1 0,6202 0,6087 0,6192 0,733
JM1 W CM1 0,6210 0,6254 0,6192 0,7071
JM1 W KC1 0,6252 0,6277 0,6192 0,783
JM1 W KC2 0,6198 0,6203 0,6192 0,847
JM1 W PC1 0,6208 0,6271 0,6192 0,719
JM1 W EFR 0,6252 0,6276 0,6192 NA
KC1 W KC1 0,7865 0,7951 0,7932 0,783
KC1wCM1 0,7916 0,7737 0,7932 0,704
KC1 W JM1 0,7847 0,7829 0,7932 0,690
KC1 W KC2 0,7499 0,7799 0,7932 0,835
KC1 W PC1 0,7840 0,7899 0,7932 0,660
KC1WFR 0,7856 0,7933 0,7932 NA
KC2 W KC2 0,8249 0,8446 0,8254 0,815
KC2 W CM1 0,8287 0,8269 0,8254 0,772
KC2 W JM1 0,8355 0,8311 0,8254 0,697
KC2 W KC1 0,8371 0,8414 0,8254 0,753
KC2 W PC1 0,8301 0,8413 0,8254 0,834

KC2 W FR 0,8395 0,8410 0,8254 NA
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PC1 W PC1 0,6849 0,6742 0,6709 0,614

PC1 W CM1 0,6867 0,6852 0,6709 0,653
PC1 W JM1 0,7126 0,6323 0,6709 0,621
PC1 W KC1 0,6888 0,6914 0,6709 0,759
PC1 W KC2 0,7134 0,6986 0,6709 0,711
PC1WFR 0,6890 0,6929 0,6709 NA

UNION 0,6483 0,6526 0,6458 0,641

5.3. Experimental Results

The experimental results are:

1) Although the Kc2 dataset commonly studied with machine learning algorithms,

2)

3)

4)

5)

the fuzzy approach used in our study is also quite successful and competitive with
other approaches. Indeed, our study outperforms all other algorithms except the
study of Kalsoom et al. [74].

In the experiments with the WM algorithm, FISs achieve better AUC values when
tested with rules created using datasets of other projects instead of their project.
The FIS for Pcl is the only project that disrupts this conclusion by giving the most
successful AUC value with the ruleset generated from its data. This emphasizes

that the Pc1 project is the most consistent dataset.

In the experiments with the IVTURS-FARC algorithm, FISs are more accurate
when tested with the rules generated from other projects that consist of McCabe
metrics. In contrast, Kc1 and Kc2 projects consisting of Halstead metrics are more

accurate with their own ruleset.

In the experiments conducted with the DF-HFS algorithm, the same AUC value
is taken in different scenarios created for a project since the algorithm generates

the same set of rules for each project.

In projects that consist of McCabe metrics, ANN usually performs better when
tested with its dataset. On the other hand, for the projects that include Halstead
metrics, ANN is more accurate when tested with the dataset of other projects
except for the Cml and Kc2 projects. It concludes that the minimum and
maximum values of the dataset used to train the model covers the dataset used for
the test.
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6) In the experiments performed on the Cm1 project with the ANN algorithm, there
are huge differences in performance values. AUC values decrease dramatically
when the Cm1 project is trained with its data and tested with the data of other
projects. Since Cm1 is a small dataset, it cannot exhibit a general behavior when
it is learned from its data. However, FISs tested with rules generated by Cm1 data

gives highly accurate results.

7) In experiments with the union dataset, a dataset consisting of McCabe metrics
gives the most accurate performance result with the ANN algorithm. In contrast,
the dataset consisting of Halstead metrics gives the best AUC value with the WM

algorithm.

8) The most vital result of our study, FIS does not have to provide the most accurate
performance results while tested with its own ruleset. As shown in the
experiments, FIS presents the best AUC values with the rulesets produced from

the more consistent datasets.

In addition to the experiments performed, the results of AUC values in our study were

compared with other studies in Table 5.33.

Table 5.33 Comparison of the performance results with other studies

Study Year Method Dataset AUC
Catal and Diri [9] 2008 Random Forest Kc2 0,79
Riquelme et al. [72] 2008 Naive Bayes Kc2 0,83
Mende et al. [29] 2009 Random Forest Kc2 0,84
De Carvalho et al. [28] 2010 SVM Kc2 0,6460
Erturk and Sezer [6] 2016 FRBS Kc2 0,7304

Yohannese et al. [73] 2017 Ensemble Learning Algorithms Kc2 0,801
Information Gain

Kalsoom et al. [74] 2018 SMOTE + Random Forest Kc2 0,93
Mutlu et al. [38] 2018 FRBS Kc2 0,8272
This Study 2020 FRBS Kc2 0,8446
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6. CONCLUSION AND FUTURE WORK

6.1. Conclusion

FISs are based on two main components, “the inference system” and “the fuzzy rule
base”. The inference system that implements the fuzzy inference process necessary to
obtain an output from the FIS when an input is specified. The fuzzy rule base, a collection
of fuzzy rules that represents knowledge about the problem. The linguistic fuzzy rule base
is determined by domain experts. Setting the rules is a very time consuming and difficult
task for the experts. The problem domain may not always be simple and straightforward,
and when the problem is complicated, it may not be possible to determine the rule base
for the expert. In such cases, the rule base is generated using automatic rule generation

methods.

In literature, researchers have always been produced the rules using their own project
data. In order to solve similar problems more quickly and effectively, the previously
acquired information should be transferred to the new problem domain. In this study, the
knowledge acquired from previous studies is transferred through the interpretable rules
to the new problem domains. The investigated project is tested with FISs created with the
rules produced from its own project and the datasets of other projects. We drew attention
to the rules that are produced by using datasets other than their own dataset, and we

proved that better performance could be achieved with these rulesets.

In the rule generation process, three automatic rule generation approaches are employed,
namely WM, IVTURS-FARC, and the rule generation scheme of DF-HFS. In order to
demonstrate that the portability of the rules is not only related to rule generation
algorithms but also the dataset used, we perform experiments on the five different projects
(CM1, JM1, KC1, KC2, and PC1) in which each process corresponded to metrics of a

software module on the scope of SFP.
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The rules are created for both McCabe and Halstead’s metrics of each project. In the
experiments with McCabe metrics, the ruleset obtained from the Pcl project is more
accurate than the ruleset of the corresponding project. On the other hand, for Halstead
metrics, we realized that the ruleset produced from the Kcl project is more consistent
instead of the ruleset of the corresponding project in most of the circumstances.

We also investigate ANN for validation purposes. From the point of view of ANN, it is
quite unsuccessful when it cannot generalize the knowledge it learns from its own dataset
and is tested with the dataset of other projects. However, it is successful when training
with the most comprehensive dataset and tested with other projects. Furthermore, it is
difficult to understand and interpret information learned from neural networks. The
information cannot be transferred to another project since the internal structure of the

neural networks is unknown.

On the other hand, fuzzy rule-based models are easy to understand since they use
linguistic variables and interpretable rulesets. Although neural models are frequently used
in prediction problems, the results show that FRBSs are highly acceptable and
competitive with ANN. In ANN, reasonable accuracy can only be achieved by a complete
dataset of a project, which is not possible in the early phases of the software development
life cycle. On the contrary, FISs can be used at any stage of the development, because as
we see in this study, having a complete dataset for the corresponding project is not vital

for the reasonable behavior of the inference system.

Experiment results conclude that the dataset of a project may not provide the best-
performed rules. In fact, the most accurate rules can be derived from another dataset
corresponding to the project in SFP. This proves that the portability of the rulesets

between different projects.

6.2. Future Work

As we pointed out in the experiments and results section, we have only considered the

cases where the input metrics of the source project and the target project have the same
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dimensions. In future studies, it will be useful to address the more challenging problem
where the two projects have different feature sizes.

The Halstead and McCabe features were defined in the 1970s, and since then, technology
has considerably improved. In addition to the Halstead and McCabe metrics, which are
intramodule metrics, it should be possible to define new intermodule metrics that give
better predictors of the defect.
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Abstract. Interpretability is one of the most essential reasons for the common use of fuzzy
rule-based systems, compared with the black-box machine learning models. This
interpretability comes from the linguistically expressible fuzzy sets and fuzzy rules. In
general approach, the rules are generated by human experts; however, in case of non-
existence of expert opinion, or investigated problem is getting complex to be handled by
a human, existing datasets can be used to provide fuzzy rules by automatic rule generation
approaches. The existing studies have been focused on rule generation methods to provide
more accurate rules. However, they have not deeply analyzed the utilized datasets for this
purpose. The dataset for a real-world problem may mislead the model. Perhaps a more
consistent dataset exists to generate rules that can be easily applied to new datasets with
the same characteristics, without having to re-generate rules every time when the dataset
is changed. However, the standard process of train-test set partitioning makes this
situation stay latent. This study was empirically addressed this issue for the software fault
prediction problem. We investigated the portability of the ruleset by generating rules from
different datasets for a specific project. The datasets of five projects were acquired and
fuzzy systems obtained from using several combinations of these datasets were evaluated
by their accuracy. The results show that more accurate rules can be obtained from other
projects instead of their own projects. In addition, it emphasizes that the resulting ruleset
can be transferred to other projects by the portability property of the rules.

Keywords: Fuzzy rule learning ° Portability of fuzzy systems ° Software fault
prediction.

71



INTRODUCTION

Fuzzy rule-based systems (FRBSSs) have been successfully employed in numerous studies
on several research fields [1,8,15,32,41]. Even though the success of the applications
inevitably depend on the membership function (MF) modeling and choice of fuzzy
reasoning methods, the selection of the fuzzy ruleset has always been vital in inference
accuracy. One of the most important advantages of using FRBSs is the interpretability
and portability of these rules. Interpretability is an understanding of the real system
behavior by human beings by inspecting the fuzzy rules [15,26]. It depends on the model
structure such as the number of input variables, the number of fuzzy rules, the complexity
of each individual rule and the shape of MFs. There are other interpretable systems such
as decision trees and fuzzy cognitive maps just like FRBSs. In these systems, the model
establishes a cause-effect relationship within itself. Since these relationships are not
known in classical machine learning algorithms, it is not known whether the correct
causes are associated with the correct effects. Machine learning algorithms can also
establish a natural relationship with unrelated features. Since the established relationships
are not known by the domain expert, it is not clear how to move the model to another
application field. Interpretable models are transparent to the domain expert. On the other
hand, non-interpretable models must be retrained when investigating a new domain.
Thus, new relationships are established in the new domain. It is not known whether the
new cause-effect relationships are the same as those in the old domain. In FRBSs, these

relations are obtained through rules.

The quality of the rules depends on the quality of the dataset used to produce the rule. If
the rules are obtained from data rather than the expert, certain information is discarded
and the quality of the data should be investigated. In addition, when the dataset is divided,
in fact, more information is lost. It is clear that the quality of the data space affects the
quality of the generated rules. In the literature, the rules have been produced from the
source dataset so far. More specifically, both the fuzzy applications of software fault
prediction (SFP) [14,31,37] and the other studies [9,19,28,39] produced the rules using
their own datasets. However, rules should be produced using the highest quality dataset
as much as possible. Thus, we obtain the best ruleset and make the resulting FRBS have

a better insight about the corresponding problem. By portability property of FRBSs, the
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information is transferred from an existing similar but not identical source project to the
target project to improve the learning [36,41]. Subsequently, once the ruleset is
transferred to another domain, it becomes possible to use it as a rule template, and apply
it according to the characteristics (MFs) of different target domains. This means that the
best performing fuzzy ruleset can be used in different domains for the same research
problem, contrary to machine learning approaches that are strictly dependent on domain-
specific data. In this study, we criticize that the set of rules to be used in the investigated
problem is always produced from its own dataset. In order to determine the best ruleset
of a problem, we investigated whether it would be better to use the dataset of the
corresponding project itself or to use another dataset that performs better for this problem

domain.

Ideally, the rules should be provided from a domain expert who can comprehensively
consider the problem and the influencing factors of it. The resulting system provides a
general solution in situations where human perspective and domain knowledge are
reflected to the fuzzy rules. However, this knowledge is difficult to obtain from most of
the real-world problems. Because the problems usually influenced by several factors. The
use of several factors as independent variables of an inference problem makes the targeted
rule base high dimensional. The increase in the number of these variables causes both a
linear increase in the complexity of each rule and an exponential increase in the total
number of fuzzy rules to be determined. In these circumstances, the domain expert may
be inadequate to define the relationship of all system variables to the output and generate
rules over these relationships. Therefore, rule production becomes very challenging for
the expert in such a high dimensional variable set, since rules present the know-how of
the domain. Because of this bottleneck in human-based rule determination, the
researchers have transferred their effort in another direction, automatic rule generation

from historical knowledge, i.e. existing datasets.

The automatic generation of rules can be performed by data-driven methods [4,16,30,35]
or expert-cooperated procedures [28,29]. The model produced from data-driven

approaches consists entirely of input-output relationships in the data, while expert-
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cooperated procedures use some general information obtained from data or expert during
the rule generation procedure.

The majority of recent researches on automatic rule generation has been focused on
evolutionary optimization algorithms [10,34], clustering [16,35], genetic algorithms
[6,18], linear solutions [28,38], machine learning approaches such as decision tree [2]
and association rule mining [4,30]. Although data-driven rule learning methods are
widely used and serve reasonable rules to FRBSs, these systems are always domain-
specific and restricted with the limits of the dataset. This is the natural outcome of data-
dependent machine learning models. An obstacle to the more widespread acceptance of
data-driven methods (such as artificial neural networks) is incapable of explaining how
the network has reached a particular decision in a human-understandable manner. On the

other hand, FRBSs are easy to understand since they use linguistic fuzzy IF-THEN rules.

In order to perform this investigation, some automatic rule learning methods were
performed on the SFP problem. The error rate increases as the size of the software grow.
In order to improve software quality, the error rate should be decreased. Fault prediction
activities also serve to this purpose, it aims to detect faults in the software automatically.
In recent years, there are many studies for SFP problem [5,13,14,22,23,29]. The SFP
problem has an advantage based on the dataset since there are a lot of datasets from
various projects on the scope of SFP. CM1, JM1, KC1, KC2, PC1 datasets, which are
commonly used in SFP [7,12,25], were obtained from PROMISE Software Engineering
Repository [11]. The rules are generated using these datasets by automatic rule generation
methods, which are Wang-Mendel’s rule generation method (WM) [38], Interval Valued
Fuzzy Reasoning Method with Tuning and Rule Selection (IVTURS) [34] and the expert-
cooperated rule production scheme proposed in Defuzzification-free Hierarchical Fuzzy
System (DF-HFS) [29]. Subsequently, several FRBSs were generated and the
performance evaluation of each resulting FRBS was employed based on the accuracy of

the inference tendency of system.
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The misleading rules obtained from the rule learning methods may be caused by
misleading situations of data. The main argument of the paper is that the dataset of rule
learning should be investigated according to its ability of providing a general solution,
which brings the subject into portability capability. The most leading dataset should be
used during the rule generation process. The best ruleset may be obtained from different
datasets since there is no strict rule that the ruleset can only be produced by using its own
dataset. In this paper, the experiments on SFP presented that the automatically generated
rules obtained from the datasets from other projects can be more accurate since they
contain more consistent data for that project. Through this empirical study, it was also

presented that the rules are portable if the underlying dataset can be selected accurately.

1 FUZZY RULE GENERATION ALGORITHMS

1.1 Wang-Mendel

Being one of the most pioneering rule generation methods in this domain, WM is a widely
used solution since it is not a problem-dependent but a general solution and it does not
contain exhaustive learning/optimization iterations. By these properties it is being
straightforward and easy to understand [38]. It combines both linguistic and numerical
information by producing fuzzy rules from numerical data. The rule learning process of
WM consists of three steps. First, it divides the input and output spaces into fuzzy
regions. Second, fuzzy rules are generated from given each transaction of data. Since the
number of transactions will be very high, the number of rules produced is also high. This
strategy may cause conflicting rules, which consist of the same antecedent but different
consequent. This conflict is solved in the third step by determining a degree to each
candidate rule and selecting the rule with the greatest degree as the rule in the final
ruleset. The final linguistic rule form is shown in Eq.(1) where I and O represent input
and output linguistic variables respectively, m is the number of input and f corresponds
fuzzy sets. By WM, each rule contains all input variables which are connected with

logical AND operator.

IF Liis fi AND I is f; AND ... I is fx THEN O'is f; (1)
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1.2 IVTURS-FARC

IVTURS is an interval-valued fuzzy rule learning classification method [34]. The method
is called IVTURS-FARC, because FARC-HD [9] algorithm is based in the rule learning
process. IVTURS built with three steps. Firstly, the algorithm initializes the interval-
valued FRBSs by using FARC-HD algorithm [9] and generates an interval-valued
equivalence function for every single variable. The second step creates the new fuzzy
reasoning method by extending it which is based on interval-valued fuzzy sets. The final
step is composed of optimization tasks, which corresponds tuning of the MFs and
selecting the rule base to reduce computational cost.

1.3 Rule Generation Scheme of DF-HFS

In decision-making mechanisms, data may not always be complete, consistent, or be even
exist. Mutlu et al. [29] propose a very simple but effective method to overcome these
issues. DF-HFS generates a complete ruleset that contains every possible situation of
inputs and outputs. The method does not require expert knowledge, but small information
that how much the input MFs affect the output. The researchers proposed a simple
procedure to measure this effect by using little information of data without implementing
a whole learning process. This effect called as rating factor. The degree of a consequent
rule (Reons) is formed by a simple summation operation based on the rating factors (see
Eq.(2)). In this study, the output divided into two equal intervals as K1 = [0-0.5), Kz =
[0.5-1]. The fuzzy set which is triggered by (R<«ns) at the highest level is selected as the
consequent fuzzy set of corresponding rule. For instance, if it is calculated as 0.32, then
output belongs to Kywhich is in the first fuzzy set. The complete ruleset is rearranged by
determining the output fuzzy sets for each rule.

Reons = Z Rating Factor; g

i )

At the end of the rule generation procedure of DF-HFS, (n™) rules obtained in resulting

ruleset, where n is the number of fuzzy sets and m is the number of inputs.
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2 EXPERIMENTS

2.1 Datasets

CM1, JM1, KC1, KC2, PC1 software defect prediction datasets were obtained from
PROMISE software engineering repository [11]. These datasets commonly preferred in
the software engineering research area [7,12,27,33] and also they all have the same
software metrics. Each dataset contains total 22 metrics belongs to the software modules
which has 5 different lines of code measure, 3 McCabe metrics [24], 4 base Halstead
measures [17], 8 derived Halstead measures [17], 1 branch-count and 1 output variable
which defines the instance whether has defects or not. Table 1 shows the characteristics
of the selected datasets.

Input metrics were reduced to 9 that consists of 4 McCabe (loc, v(g), ev(g), iv(g)) and 5

Halstead metrics (v, d, i, n, e) and explained as follows:

- Line count of code (loc) : Measures the line count of code.

- Cyclomatic complexity (v(g)) : Measures the number of linearly independent paths.
- Essential complexity (ev(g)) : Measures the degree of unstructured constructs.

- Design complexity (iv(g)) : Measures the amount of integration between modules.
- Volume (v) : The number of bits required for storing the program.

- Difficulty (d) : Measures the ability of a program to be written or understood.

- Intelligence (i) : Measures the complexity of a particular algorithm, regardless of the

language used.
- Length (n) : The total number of operator and operand appearances.

- Effort (e) : The estimated time required to implement the program.
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Table 1. Dataset specifications

Data Language# Modules|# Faulty Modules Faulty Modules %
CM1| C 498 49 9.83%

JM1| C 10885 8779 80.65%

KC1| C++ 2109 326 15.45%

KC2| C++ 522 105 20.5%

PC1| C 1109 1032 93.05%

2.2 Case Study: Software Fault Prediction

In the experiments, three fuzzy rule generation algorithms (WM, IVTURSFARC, and
DF-HFS) and an artificial neural network (ANN) were implemented which make a
difference in certain aspects. WM and IVTURS-FARC methods are based on the
relations of all input-output data, while DF-HFS approach generates rules based on few
information of data. On the other hand, ANN is a data-driven approach that requires data

to learn and completely dependent on data.

WM and DF-HFS rule generation methods were implemented with Java programming
language. Knowledge Extraction based on Evolutionary Learning (KEEL) open source
Java software tool [3] was used for IVTURS-FARC algorithm. Regarding ANN,

implementation details are as follows:

Number of neurons: 48 in the first layer, 24 in the second layer, 1 in the third layer

Number of epochs: 100

Activation function: Sigmoid

Training algorithm: Gradient descent

Environment: Python/Keras library [21]

5-fold cross validation: 80%-20% of data for training and evaluation

In the rule generation process, three and two fuzzy sets are used for each input and output

linguistic variables respectively. These fuzzy sets were divided into equal intervals. In

the implementation of rule generation approaches, rules were generated from McCabe

and Halstead metrics of each dataset with all algorithms. Rule weights were set to 1 for
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each algorithm to make a fair comparison. Table 2 presents the number of fuzzy rules

generated by using McCabe and Halstead metrics.

Table 2. The number of rules generated by WM, IVTURS-FARC, DF-HFS.

Metric McCabe Halstead

Ruleset Cm1|Iml Kcl|Kc2|Pcl/FR|Cml|dml|Kcl|Kc2|Pcl|FR
WM 16 (13 |18 4 |9 |5 |15 |17 |14 |8 |11 |10
IVTURS-FARC|7 4 6 |4 |7 |7 |4 3 8 |6 |6 |6
DF-HFS 81 (81 (81 |81 |81 (81 (243 (243 |243|243 (243|243

Rule generation algorithm of DF-HFS produces a complete ruleset, the number of
resulting rules was constant (34and 35 for McCabe and Halstead metrics respectively) in
these tables. The rules generated from each dataset were combined and the repeated ones
form a customized ruleset called as frequent rules (FR). For example, the total number
of rules generated by the WM algorithm using McCabe metrics were 60 (rule numbers
of Cml +Jml + Kcl + Kc2 + Pcl projects). A total of 5 rules out of 60 rules form a set
of FR since they are generated from more than one project. The FR contains all the rules
generated by DF-HFS rule generation scheme since the rules generated for each dataset

were the same.

The ruleset was presented in Table 3 that was generated from Pcl and Kcl projects by

IVTURS-FARC algorithm.

Table 3. Rules belong to Pcl and Kcl datasets which consist of McCabe and Halstead

metrics respectively

Metrics |Dataset Rules

If (iv(g) is M) then (faultiness is H)
If (iv(g) is L) then (faultiness is L)
If (ev(g) is L) then (faultiness is L)
McCabe Pcl If (ev(g) is M) then (faultiness is H)
If (v(g) is L) then (faultiness is L)
If (loc is M) then (faultiness is H)
If (loc is L) then (faultiness is L)
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If (d is H) then (faultiness is H)

If (d is M) then (faultiness is H)

If (nis L) and (v is L) then (faultiness is H)

If (nis L) and (vis L) and (e is L) then (faultiness is H)
If (dis M) and (e is L) then (faultiness is H)

If (e is L) then (faultiness is L)

If (vis L) and (i is L) then (faultiness is L)

If (dis L) and (i is L) then (faultiness is L)

Halstead|Kc1l

After the rule evaluation phase, the resulting rulesets were included in FRBSs. The
common properties of FRBSs are as follows:

- Type of inference: Mamdani
- Implication-aggregation-defuzzification: minimum-maximum-centroid

- Environment: MATLAB 9.5.0 (R2018b)

In order to test the modeled FRBSs, several scenarios were defined that led to the creation
of six FRBSs for each software project. In the first scenario, the FRBS in a certain project
was generated by using the data of the current project to determine the MF parameters
and generate the rules. In the other four scenarios, the MFs of an FRBS created for a
specific project were determined by using the data of current project similar to the first
scenario. On the other hand, the ruleset was generated from other projects instead of its
own dataset. In the example, the FRBSs of CM1 were modeled by using its own project
for the determination of MF parameters. On the other hand, the datasets of JM1, KC1,
KC2, and PC1 projects were utilized for rule generation which led to four FRBSs to be
obtained. Unlike other scenarios, in the sixth scenario, FR is used as a ruleset. In the last
scenario, all acquired datasets were combined to create a union dataset, the rules and the

MF parameters of an FRBS were generated from this dataset.

Only five scenarios were defined for ANN and they performed differently from fuzzy
rule generation algorithms. As a regular machine learning evaluation process, in the first
scenario, the ANNSs were trained with 80% and tested with 20% of the data respectively

for each project. In the other four scenarios, the ANNSs were trained with the data (100%)
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of current projects and tested with the data (100%) of source projects. In the example,
CM1 was trained with the CM1 and tested with the other four datasets. Here, each
aforementioned scenario corresponds to an experiment that is performed for both
McCabe and Halstead metrics respectively. The performance results of FRBSs and ANNs

were presented in Table 4 and Table 5.

Area Under Receiver Operating Characteristic Curve (ROC-AUC) values were measured
to evaluate the resulting experiments. Here the scenarios for each project were addressed
by presenting the name of the current project and the source project concatenated by W
to generate fuzzy rules together. For example, CM1 W JM1 means, the FRBS was created
for CM1, while its rules were generated by using /M1 dataset. The results obtained from

the experiments based on several scenarios are as follows:

- Regarding the FRBSs whose rules were obtained from WM, FRBSs which were

evaluated with the rulesets of other projects achieved better AUC values. The only
exception is the Pcl dataset which has performed better with its own ruleset. This
means that the best ruleset belongs to the Pc1 dataset.
Regarding the FRBSs whose rules were obtained from IVTURS-FARC, for the
projects that are composed of Halstead metrics, better AUC values were obtained
with datasets of other projects, while Kcl and Kc2 were given the most successful
performance results with their own set of rules.

- The same AUC values were taken since DF-HFS rule generation algorithm produced
the same complete ruleset for each project.

- ANN performed mostly better when tested with their own projects which are
composed of McCabe metrics. On the other hand, projects that consist of Halstead
metrics achieved better AUC values when tested with other projects except Cm1 and
Kc2 projects. This means that the minimum and maximum values of the dataset used
to train the model cover the dataset used in the test.

- Regarding Cm1 project, experiments on ANN showed that a considerable difference
appeared between the evaluation results of models. Specifically, basing the AUC
values obtained from CM1 W CM1, these values decreased dramatically when the model
was tested with other projects. This situation can be explained by the fact that Cml is a

small dataset, and ANN can not provide a general solution when it learned from CmL1.
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Table 4. ROC-AUC values of FRBSs and

ANN regarding McCabe metrics.

Table 5. ROC-AUC values of FRBSs and ANN
regarding Halstead metrics.

Dataset W/
Ruleset

WM

IVTURS
FARC

DF-
HFS

ANN

Dataset W/
Ruleset

WM

IVTURS
FARC

DF-
HFS

ANN

CM1 W CM1
CM1 W JM1
CM1 W KC1
CM1 W KC2
CM1 W PC1
CM1WFR

0,7003
0,7202
0,7183
0,7118
0,7415
0,7383

0,7239
0,5863
0,6973
0,7514
0,7239
0,7221

0,7247
0,7247
0,7247
0,7247
0,7247
0,7247

0,676
0,485
0,279
0,298
0,483
NA

CM1WCM1
CM1WJM1
CM1 W KC1
CM1 W KC2
CM1 W PC1
CM1WFR

0,7236
0,7274
0,7283
0,7180
0,6998
0,7295

0,7113
0,7064
0,7345
0,7491
0,7360
0,7379

0,7056
0,7056
0,7056
0,7056
0,7056
0,7056

0,824
0,292
0,212
0,164
0,294
NA

JM1 W JM1
JM1W CM1
JM1 W KC1
JM1 W KC2
JM1 W PC1
JM1W FR

0,6888
0,6817
0,6889
0,6882
0,7010
0,7010

0,6116
0,6897
0,6603
0,7087
0,6897
0,6899

0,6909
0,6909
0,6909
0,6909
0,6909
0,6909

0,60
0,485
0,463
0,484
0,487

NA

JM1 W JIM1
JM1WCM1
JM1 W KC1
JM1 W KC2
JM1 W PC1
JM1 W FR

0,6202
0,6210
0,6252
0,6198
0,6208
0,6252

0,6087
0,6254
0,6277
0,6203
0,6271
0,6276

0,6192
0,6192
0,6192
0,6192
0,6192
0,6192

0,733
0,7071
0,783
0,847
0,719
NA

KC1 W KC1
KC1wCM1
KC1wJM1
KC1 W KC2
KC1WPC1
KC1WFR

0,7897
0,7891
0,7920
0,7907
0,7908
0,7905

0,7212
0,7914
0,6111
0,7904
0,7914
0,7897

0,7903
0,7903
0,7903
0,7903
0,7903
0,7903

0,793
0,689
0,608
0,749
0,632
NA

KC1 W KC1
KC1WCM1
KC1WJM1
KC1 W KC2
KC1 W PC1
KC1WFR

0,7865
0,7916
0,7847
0,7499
0,7840
0,7856

0,7951
0,7737
0,7829
0,7799
0,7899
0,7933

0,7932
0,7932
0,7932
0,7932
0,7932
0,7932

0,783
0,704
0,690
0,835
0,660
NA

KC2 W KC2
KC2 W CM1
KC2 W JM1
KC2 W KC1
KC2 W PC1
KC2 W FR

0,8416
0,8438
0,8417
0,8398
0,8430
0,8431

0,8422
0,8441
0,7073
0,8184
0,8441
0,8445

0,8416
0,8416
0,8416
0,8416
0,8416
0,8416

0,823
0,651
0,581
0,440
0,486
NA

KC2 W KC2
KC2 W CM1
KC2 W JM1
KC2 W KC1
KC2 W PC1
KC2 W FR

0,8249
0,8287
0,8355
0,8371
0,8301
0,8395

0,8446
0,8269
0,8311
0,8414
0,8413
0,8410

0,8254
0,8254
0,8254
0,8254
0,8254
0,8254

0,827
0,751
0,698
0,539
0,710
NA

PC1W PC1
PC1 W CM1
PC1WJM1
PC1 W KC1
PC1 W KC2
PC1W FR

0,6957
0,6660
0,6797
0,6648
0,6591
0,6944

0,6876
0,6885
0,5828
0,6292
0,6872
0,6876

0,6704
0,6704
0,6704
0,6704
0,6704
0,6704

0,614
0,653
0,621
0,759
0,711
NA

PC1WPC1
PC1 W CM1
PC1 W JM1
PC1W KC1
PC1 W KC2
PC1WFR

0,6849
0,6867
0,7126
0,6888
0,7134
0,6890

0,6742
0,6852
0,6323
0,6914
0,6986
0,6929

0,6709
0,6709
0,6709
0,6709
0,6709
0,6709

0,815
0,772
0,697
0,753
0,834
NA

UNION

0,7076

0,6136

0,7092

0,737

UNION

0,6483

0,6526

0,6458

0,641

a NA represents not applicable.
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However, FRBSs can present more reasonable behaviors even if the fuzzy rules were

generated by Cml.

- In the experiment conducted with a union of datasets, the dataset consisting of
McCabe metrics achieved the best AUC values with the ANN algorithm. On the other

hand, for the experiment with Halstead metrics, FRBS with WM rules provided the

best AUC value.

In addition to these experiments, a comparison of the performance results of our study

and some previous studies on fuzzy logic was listed in Table 6. It is clearly seen

according to the table, the performance result obtained in this study is quite competitive

compared to other studies.

Table 6. Comparison of the results with other studies

Study Year|Method Dataset AUC
Catal and Diri [7] 2008 |Random Forest Kec2 10,79
Riquelme et al. [33] |2008 |Naive Bayes Kc2 10,83
Mende et al. [25] 2009 |Random Forest Kc2 10,84
De Carvalho et al. [12]|2010|SVM Kc2 |0,6460
Erturk and Sezer 14] (2016 |FRBS Kc2 |0,7304
Yohannese et al.[40] |2017 |Ensemble Learning Algorithms + Information/Kc2 0,801
Gain

Kalsoom et al. [20] 2018 |SMOTE + Random Forest Kc2 10,93
Mutlu et al. [27] 2018|FRBS Kc2 ]0,8272
This Study 2019 |FRBS Kc2 0,8446

As a result, an FRBS does not have to give the most accurate results when tested with its

own set of rules. The rulesets from other projects provide very successful results.

3 CONCLUSION

The most essential problem of FRBS modeling has been determining the FRBS rules

accurately. Ideally, domain experts have been expected to be the main contributor of rule

generation. On the other hand, obtaining knowledge may be very challenging in some
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complex problems. Therefore, automatic rule generation methods have been
recommended in numerous studies in the existence of data rather than expert knowledge.
In the literature, rules are always generated by using the dataset of the corresponding
project. On the other hand, more accurate rules can be produced by using other datasets
that belong to different projects. Thus, we emphasized the portability of the rules by using

the most accurate ruleset in different projects.

In order to present that the portability is not strongly related with the rule generation
algorithm, but the utilized dataset, three different rule generation approaches (WM,
IVTURS-FARC and rule generation scheme of DF-HFS) were employed. Experiments
were performed on the dataset of five different projects on the scope of SFP. For each
project, the rules were both generated by using its own dataset, as usual, and by using
other projects’ datasets. In order to evaluate these rule bases, FRBS implementation was
performed for each project. Provided results show that when working with McCabe
metrics, in most of the circumstances more successful performance results were obtained
when FRBSs were evaluated with the rules that were generated from Pcl dataset instead
of its own dataset. Regarding the use of Halstead metrics, the rules that were generated

from Kcl dataset were more accurate with respect to the own dataset of a project.

Furthermore, ANN was investigated for validation purposes. Regarding the neural
network point of view, they provide higher accuracy results for datasets composed of
Halstead metrics. However, it is difficult to understand and interpret the knowledge
learned from neural networks. In contrast, fuzzy rule-based models are easy to understand
since they use linguistic variables and interpretable rulesets. Though neural models have
a great advantage in having several iterations to perform better on corresponding data,
provided results show that FRBSs have performed quite acceptable and competitive with
ANN. On the other hand, there is a serious trade-off between the accuracy and
applicability of ANNs for fault prediction. Because a good accuracy can only be achieved
by a complete dataset of its own project, which is highly difficult to obtain in the early
stages of the software development life-cycle. Contrary, fuzzy systems can be utilized at
any stage of a life-cycle because as shown in this study having a dataset for the
corresponding project is not vital for fuzzy reasoning to behave plausibly. The results of

experiments conclude that the dataset of a project may not lead to the most accurate rules
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to be generated. Indeed, the best ruleset may be obtained from other data acquired from

a different project.
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