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ABSTRACT
Modern software evolution requires an effective regression testing process in order to keep
advancing through a series of high quality updated software versions. Each such updated
version accounts for an innumerable growth in the number of test cases. In such a situation,
the key idea to improve the effectiveness of software testing is test case prioritization. The
existing test case prioritization approaches determine the execution order of all test cases by
considering only the test case structural coverage information of the original version, without
considering the execution information of test cases for the modified version of program.
Recently, an adaptive test case prioritization approach has been proposed, which not
only considers the structural coverage information of the original version but also utilizes the
test case execution information of the current updated version. This work presents a genetic
optimization of the existing adaptive approach for test case prioritization with an aim to
improve the effectiveness of adaptive test case prioritization. An empirical study is conducted
using the test cases of an open source java software, Apache Ant 1.9.4, to evaluate the
effectiveness of the proposed and the existing approaches. The original Apache Ant 1.9.4
project is used as input to MUCLIPSE plugin in Eclipse tool, to generate mutants in order to
carry out the required experiment. The statement coverage information of the test cases of
original version of Ant is captured using ECLEMMA plugin in Eclipse. Experimental results
show that the proposed approach proves to be significantly more effective in terms of fault
detection and competitive in terms of statement coverage, when compared to the existing
adaptive approach. Also, an empirical evaluation is performed on the experimental results in
order to study the impact of more precise values of probabilistic parameters (used in adaptive
approach) on the effectiveness of the existing and the proposed approaches.
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CHAPTER 1
INTRODUCTION
During the evolution of any software, enhancements and code changes occur frequently. In
order to ensure that the changes made to the software have not adversely affected its existing
features, regression testing is performed. So regression testing [1] is the process to retest the
modified software in order to rebuild confidence in the correctness of the updated system. It is
a very important but expensive process [3,5], as it needs the execution of all test cases that are
originally developed for the first version of software, in addition to the test cases that are
developed to test enhancements and modifications. In this situation, the key idea to improve
the effectiveness of regression testing is Test Case Prioritization. This chapter describes the
context and the main contributions of this thesis.
The first part of this thesis is organized as follows: The concept of test case
prioritization is treated in Section 1.1. Section 1.2 provides a brief description of various test
case prioritization techniques. In Section 1.3, Code coverage based test case prioritization
approaches are explained. Section 1.4 provides an overview of adaptive test case prioritization
strategy. Section 1.5 provides a brief description of the proposed adaptive genetic approach.
Section 1.6 discusses the motivations which formed the basis of this work. The objectives of
research are stated in Section 1.7. This chapter ends with thesis organization in Section 1.8.

1.1 Test Case Prioritization
Test case prioritization [2-5, 16] is the process of prioritizing test cases, those are needed to be
reexecuted during regression testing, according to some criterion (e.g. code coverage, fitness
metric), so that the most beneficial test cases can be executed first.
The main objectives of test case prioritization are as follows:
i)

Testers may wish to increase the rate of fault detection – that is, the likelihood of
revealing faults earlier in a run of regression tests.

ii)

Testers may wish to increase the rate of detection of high-risk faults, locating those
faults earlier in the testing process.

iii)

Testers may wish to increase the likelihood of revealing regression errors related to
specific code changes earlier in the regression testing process. Testers may wish to
increase their coverage of coverable code in the system under test at a faster rate.
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iv)

Testers may wish to increase their confidence in the reliability of the system under test
at a faster rate.

1.2 Major Categories of Test Case Prioritization Approaches
Test case prioritization techniques prioritize test cases according to some criteria like code
coverage, fitness metric etc. and based on the criteria used by these techniques, test case
prioritization approaches are categorized as follows:


Code Coverage based approaches: These types of approaches are based on the fact
that more the coverage of code (e.g. statements, branches, blocks) achieved by the test
suite, more are the chances of revealing the faults earlier in the regression testing
process.



Modification based approaches: These approaches prioritize test cases based on the
modifications made to the program.



Fault based approaches: These approaches are based on the fact that the ability of a
fault to be exposed by a test case not only depends whether a test case executes a
particular statement but also on the probability that the fault in the statement will
cause failure for that test case.



History based approaches: The test case prioritization, in this type of techniques is
performed based on the historical execution data.



Genetic based approaches: These approaches are developed based on the structure of
genetic algorithms with different fitness functions.

There are several other composite approaches based on the combinations of the above
described two or more approaches.

1.3 Focusing on Code Coverage Based Approaches
Several code coverage based approaches [4, 5, 15, 16] are defined in the research literature,
for

e.g.

total

statement/branch/function

coverage

approaches,

additional

statement/branch/function coverage approaches and many more. All of these techniques rely
only

on

the

information

relating

to

the

coverage

of

code

elements

(statements/branches/functions). Rothermel et al. [4] categorize these code coverage based
approaches into two categories:


General test case prioritization approaches



Version-Specific test case prioritization approaches
2
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This categorization is done based on the fact whether the generated prioritized test suite is
general for all the modified versions of software or specific for a particular modified version.

i) General test case prioritization approaches: These approaches [4, 5, 15, 16] perform the
ordering of test cases based only on the structural coverage (statement coverage or branch
coverage or function coverage) information of test cases for the first or original version of
software. Actually, these approaches record the structural coverage information of test cases
for the original version and use this coverage information as input for the test case
prioritization of every subsequent version of evolving software. So, general approaches
produce an ordering of test cases which is same for all the updated versions of software.
Shortcomings of General Test Case Prioritization Approaches are as follows:


As the general approaches produces a general ordering of test cases for all the
subsequent versions of the software, which can result into inaccurate ordering of test
cases for some or all the updated versions of software because there are non-trivial
differences between any two subsequent versions of software.



The general approaches only used the structural coverage information of test cases for
the original version of software, but this is not sufficient to prioritize the test cases for
each updated version of software because there may be inconsistency between the
coverage information of test cases for the original and the modified version of
software. So, the need of structural coverage and execution (output of test cases i.e.
whether a test case is passed or failed) information of test cases for the updated
versions is not fulfilled by general test case prioritization approaches.

ii) Version-Specific Test Case Prioritization approaches: These approaches overcome the
first shortcoming of general test case prioritization approaches, as they perform prioritization
of test cases for each updated version of software separately [3, 6, 26, 27]. Also, they not only
consider the structural coverage information of test cases for the original version of software,
but they produce an ordering of test cases for each updated version by considering also the
code based or model based modifications that are done in a particular updated version of
software. But these approaches also have some short comings, which are as follows:


The version-specific approaches do not consider the structural coverage and
execution information of test cases for a particular modified version of software in
order to prioritize the test cases like general approaches. So, these approaches can
also give us inaccurate ordering of test cases for some updated versions of software.
3
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Most of the existing version- specific approaches perform the prioritization of test
cases before executing them on a particular updated version of software.

Recently, a version-specific test case prioritization approach is developed, named as Adaptive
Approach. This is the first approach which combines the test case prioritization and test case
execution processes for a particular updated version. The main concept of adaptive test case
prioritization approach and how it is different from other existing code coverage based
approaches is described in the next section.

1.4 Overview of Adaptive Test Case Prioritization Approach
Adaptive approach of test case prioritization [7] is the first approach that performs the
prioritization of test cases during the execution of test cases on the current updated version.
According to this approach, the first test case is selected based on the structural coverage
information of test cases for the original version and based on the execution information of
the currently selected test case, the priorities of other unselected test cases are modified, after
that the test case, which has the maximum priority is selected for execution next. This process
continues until all the test cases are prioritized.
The adaptive approach is different from the existing general and version-specific test case
prioritization approaches, because of its some unique properties, that are:


Firstly, the adaptive approach performs the prioritization of test cases during the
execution of test cases.



Secondly, the adaptive approach considers the execution information (i.e. output of
test case whether it is passed or failed) of test cases for the current updated version
besides the structural coverage information of test cases for the original version of
software, in order to perform the prioritization of test cases.

Disadvantages:
The adaptive approach of test case prioritization does not consider the dynamic structural
coverage information of test cases for the updated version of software.


Why no use of dynamic coverage information of test cases: Rather the dynamic
coverage information can lead to more reliable and effective test case prioritization,
but to collect this information, there is a need to instrument a program under test and
execute this instrumented program, which is very costly and time consuming and
sometimes impossible, while the execution information of modified program is
4
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usually collected during regression testing without any extra cost. That’s why, the
adaptive test case prioritization approach does not consider the structural coverage
information of test cases during execution on the particular updated version of
software.

1.5 Proposed Genetic Optimization of Adaptive Approach
The concept of adaptive approach is very interesting and beneficial for the accurate
prioritization of test cases during the execution of test cases for the particular updated version
of software on which, regression testing is to be performed. Keeping in mind the concept of
adaptive approach, we proposed here an adaptive genetic approach of test case prioritization,
which is a genetic optimization of the statement level adaptive approach of test case
prioritization. This adaptive genetic approach uses the concept of adaptive approach for the
test cases until all modified statements are covered at least once. The main motive behind the
coverage of modified statements first is based on the fact that the coverage of modification
gives us better and earlier detection of faults [26]. After the coverage of modified statements,
the probability of faults decreases. So, the next main motive should be the coverage of
existing statements, so that the remaining faults can be revealed at faster rate and for the better
and faster coverage of existing statements, we used genetic algorithm for the prioritization of
remaining test cases in the proposed adaptive genetic approach, because according to Mark
Harman, genetic algorithm gives the better code coverage and better fault detection rate in
maximum cases than all other static coverage information based test case prioritization
approaches.
The empirical assessment of the proposed approach and its comparison with the
adaptive approach of test case prioritization is done on data sets, which is prepared from an
open source java project Apache Ant 1.9.4 and its updated versions, which are produced using
mutation faults.
The evaluation of the proposed strategy and its comparison with the adaptive approach
is done in terms of effectiveness, which is measured through average percentage faults
detected (APFD) [2, 16] and average percentage statement coverage (APSC) [2]. The
experimental results show that the adaptive genetic technique is significantly better than the
adaptive approach in terms of APFD measure and give competitive results in terms of APSC
measure.

5
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The main contributions of this research are as follows:


An optimized version of adaptive approach using genetic algorithm is presented with
the empirical assessment of basic adaptive and the adaptive genetic test case
prioritization approach using mutation faults.



The comparative analysis of the mutation faults based adaptive and adaptive genetic
approach is done in terms of effectiveness measures i.e. APFD and APSC.



An empirical evaluation of the influence of more precise values of probabilistic
parameters p and q on the effectiveness of both adaptive and adaptive genetic
approaches.

1.5.1 Mutation vs. Hand-Seeded Faults
Empirical evaluations of test case prioritization techniques mainly focused on assessing a
prioritized test suite’s rate of fault detection, mainly regression faults. Regression faults are
the faults created in a system version as a result of code modifications and enhancements. So,
for the empirical assessment of test case prioritization techniques in terms of fault detection
measure, there is a need for the faulty or modified versions of an original version of software.
These faulty versions can be created by injecting two types of faults in the original version of
software and these are:
 Hand-Seeded Faults
 Mutation Faults

i) Hand-Seeded Faults
Researchers have typically used hand-seeded faults for generating faulty versions, despite the
fact that the hand-seeding is costly, they have been seen as more realistic as naturally
occurring faults. But a recent study by Andrews et al. [17] presents some disadvantages of
using hand-seeded faults, these are:


The use of hand-seeded faults can be problematic for the validity of empirical results
focusing on fault detection.



The assessments of prioritization studies can be biased by using hand-seeded faulty
versions.



Also, the hand-seeded faults cannot be used in large numbers because, it will be very
costly.

6
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ii) Mutation faults
Mutation faults are those faults which can be automatically generated in a program through
the mutation process. According to Andrews et al. [17], mutation faults can be representative
of real faults. The advantages of mutation faults over the hand-seeded faults are as follows:


The mutation faults can be generated in very large numbers with very low cost and
with the large number of faults in data sets, the statistically significant conclusions can
be obtained [8].



There can be no biasing in results generated from data sets using mutation faults
because these are automatically generated.

1.6 Motivation
The approach proposed in this thesis work, is motivated by a recently developed statement
level adaptive test case prioritization strategy [7], which is the first technique that combines
the test case prioritization and test case execution processes. According to this approach, at
any point during the prioritization process, the priorities of ‘not yet executed’ test cases are
updated based on: i) the output of the last executed test case for the particular modified
version of software, and ii) statement coverage information of the test cases for original
version. One drawback of this approach is that it considers all the statements, whether newly
added, modified or already existing, of the updated version at the same significance level.
Instead the test case coverage of modified statements should be considered more important
and hence performed earlier as compared to the existing statements, so that faults can be
revealed quickly and inexpensively [26]. Here, the earlier test case coverage of the modified
portion of an updated software version is mainly vital because the probability of change in the
outputs of the test cases covering at least a few modified statements is higher than those
covering only existing statements.
From the above mentioned facts, it can be learnt that the adaptive approach is well suited
for the circumstances, where the probability of test cases covering the modified program
elements is high. Therefore, in our proposed approach, the adaptive strategy is used for the
prioritization of test cases until all the modified statements are covered at least once. Once the
full coverage of modified statements is attained, a better overall statement coverage along
with the prioritization of the remaining test cases can then be achieved without requiring the
current test case execution information, which can effectively be performed by using genetic
algorithm [2, 14, 19]. Hence we present a unified approach, for improved test case
7
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prioritization.

1.7 Thesis Objectives
Under the lights of the above mentioned facts and descriptions, the research objectives of this
thesis work are:
 Improvement of the statement level Adaptive test case prioritization approach using
more precise values of probabilistic parameters and data sets prepared with mutation
faults.
 Optimization of the Adaptive approach of test case prioritization using Genetic
Algorithm.
 Comparative analysis of Adaptive and Adaptive Genetic approach on the basis of
APFD and APSC measures of effectiveness.

1.8 Thesis Organization
Rest of the thesis is organized as follows:


Chapter 2 presents literature surveyed on test case prioritization strategies.



Chapter 3 explains the concepts and the algorithms of the proposed adaptive genetic
approach



Chapter 4 of thesis discusses the research methodology and tools used.



Chapter 5 presents the results of the experiments along with a brief description,
wherever necessary.



Chapter 6 concludes thesis with some important future recommendations.
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CHAPTER 2
LITERATURE REVIEW
This chapter reviews on basic test case prioritization problem and different approaches
developed to solve this problem in the research literature. Section 2.1 discusses the problems
in developing the test case prioritization techniques. Section 2.2 provides a survey on various
categories of test case prioritization approaches. Section 2.3 discusses the literature survey on
code coverage based test case prioritization approaches with its categorization. Section 2.4
presents an analysis on the use of different types of faults in test case prioritization
approaches. Section 2.5 presents the literature surveyed on different effectiveness metrics for
evaluating the test case prioritization techniques.

2.1 Problems in Developing Test Case Prioritization Approaches
Test case prioritization has been found to be an effective solution to the regression testing
problem. Various techniques for prioritization of test cases are developed in the research
literature based on different criterion. Different types of questions arise regarding the
development of test case prioritization techniques:


Which is the most effective technique in terms of fault detection?



What should be the best criteria to be used for developing an effective test case
prioritization technique?



Which technique gives us optimized execution order of test cases in terms of time and
cost?



In order to get more accurate and reliable ordering, is it beneficial to use the dynamic
coverage information of test cases for a particular updated version of software?



Out of the mutation faults and hand-seeded faults, which is more beneficial in the
empirical assessment of test case prioritization techniques?

There are different solutions developed in order to answer the above questions and various
test case prioritization approaches have been developed in the research literature.

2.2 Different Categorizations of Test Case Prioritization Approaches
Test case prioritization problem is formally defined by Rothermel et al. [4], which is as
9
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follows:
Given: T, a test suite; PT, the set of permutations of T; f, a function from PT to the
real numbers.
Problem: Find T‟ PT such that

Here, PT represents the set of all possible prioritizations (orderings) of T and f is a function
that, applied to any such ordering, yields an award value for that ordering.
Different authors categorized various test case prioritization approaches in different ways.
Siripong et al. [29] organizes the existing test case prioritization approaches researched in
1998-2008, in a new “4C” classification and this classification is done based on the
prioritization algorithm‟s characteristics followed by different test case prioritization
techniques:


Customer Requirement based techniques
These techniques prioritize test cases based on requirement documents. Also, many
weight factors have been used in these techniques, including custom priority,
requirement complexity and requirement volatility [16, 30].



Coverage based techniques
These techniques prioritize test cases based on coverage criteria, such as requirement
coverage, statement or branch or method coverage [31, 32].



Cost Effective based techniques
Cost effective based techniques prioritize test cases based on costs, such as cost of
analysis and cost of prioritization [15, 26].



Chronographic history-based techniques
Chronographic history-based techniques used methods to prioritize test cases based on
test case execution history [14, 19].

Later, Yogesh Singh et al. [10] classified the test case prioritization techniques into 6 broad
categories and some other composite approaches by different combinations of these
categories, on the basis of the approach used by these techniques for prioritization of test
cases, the 6 broad categories are represented in Table 2.1:

10
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Name of the Approach

Description

Coverage based approach

approach

More the coverage achieved by the test
suite, more are the chances of
revealing the faults earlier in the
testing.
Prioritize test cases based on the
modifications done to the program.

Fault based approach

Prioritize test cases based on the fault

Modification based

exposing potential of test cases.
Requirement based

Test case prioritization is done based

approach

on the requirements.

History based approach

Based on the fact that the historical
information may be useful in reducing
costs and increasing the effectiveness
of regression testing

Genetic based approach

Prioritization is done based on the
genetic algorithm.

Table 2.1: Categories of Test Case Prioritization Approaches

2.3 Code Coverage based Approaches
Our research mainly focuses on code coverage based approaches. So, we are discussing here
the literature reviewed on code coverage based test case prioritization approaches developed
by different researchers. Rothermel et al. [4] divided the existing test case prioritization
techniques into 2 categories:


General Test Case Prioritization strategies



Version-Specific Test Case Prioritization Strategies

This categorization is done based on the fact that the generated prioritized test suite is general
for all the updated versions of the particular software or it is specific for a particular modified
version.
2.3.1 General Test Case Prioritization Approaches
Most general test case prioritization approaches prioritize the test cases based on the structural
coverage (e.g. statement coverage or branch or method coverage) information of test cases for
11
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the first or original version of software. There is a lot of work done in the research literature,
which focuses on general test case prioritization approaches.
Rothermel et al. [16] present a research and survey on nine approaches for prioritizing
the test cases and report results measuring the effectiveness of those approaches to improve
the capability of revealing faults. They propose the 9 techniques (shown by Table 2.2).The
results of all these techniques are measured using APFD measure. On comparing these
techniques, Rothermel find that the total coverage prioritization outperforms the additional
coverage prioritization approaches and the approaches using fault-exposing potential are very
costly.
Jones and Harrold [15] also proposed a modified condition/decision coverage based
approach. They presented 2 new algorithms for test suite reduction and prioritization that
incorporate aspects of MC/DC effectively like complexities of MC/DC and also the
effectiveness of test suite reduction algorithm is evaluated on a Space program which is

Test Case Prioritization

Description

Approaches
No Prioritization

Considers the ordering of test cases without
following any prioritization technique

Random approaches

Randomized ordering

Optimal prioritization

Ordered to optimize rate of fault detection

Total Branch Coverage

Prioritize in order of coverage of branches

Prioritization
Additional Branch Coverage

Prioritize in order of coverage of branches not

Prioritization

yet covered

Total Statement Coverage

Prioritize in order of coverage of statements

Prioritization
Additional Statement coverage

Prioritize in order of coverage of statements not

Prioritization

yet covered

Total Fault-Exposing-Potential

Prioritize in order of total probability of

Prioritization

exposing faults

Table 2.2: A Catalog of Test Case Prioritization Techniques
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implemented in C language. The proposed approach has been proven to be more effective in
terms of fault detection.
Additional Greedy, 2-Optimal, and Genetic algorithms overall and the data study and
analysis suggests that Additional Greedy Algorithm is cheaper to implement and execute. If
the general results are considered, then it is found that the Genetic Algorithms perform so
well in maximum cases and is the cause of encouragement for test case prioritization
approaches.
In recent studies, Zhang et al. [24] present a unified model of total and additional test
case prioritization approaches and provide an empirical evidence that the spectrum of test case
prioritization approaches lying in between purely total and additional techniques are more
effective than the pure total and additional approaches of test case prioritization. The unified
approach updates the priorities of unselected test cases based on the coverage of latest
selected test case for the original version of software. Zhang also presents an empirical
evaluation of the influence of three internal (model type, fp value, and coverage type) and
three external factors (coverage granularity, test case granularity, programming and testing
paradigm) on the effectiveness of the prioritization techniques created through the unified
approach.
The conclusions drawn by the analysis of the effect of internal and external factors on the
unified approach are as follows:


The unified approach is more beneficial when using method coverage than when using
statement coverage, considering the cost and effectiveness of the unified approach.



The unified approach is more effective when applied to test cases at the test method
level than at the test class level.



The unified test case prioritization approach is more effective for Java programs than
C programs.

2.3.1.1 Genetic Based Approaches
Since we are using genetic algorithm in our proposed adaptive genetic approach, so here are
some discussions about the use of genetic algorithm in test case prioritization and various
prioritization strategies in the research literature based on genetic algorithm.
A time aware prioritization technique practicing genetic approach is proposed by
Walcott et al. in 2006 [33]. The experiment was conducted at program level granularity on
two subjects: Gradebook and JDepend. Emma and Linux process tracking tool were operated
on and the results were quantified using the APFD metric. Eventually, GA prioritization
13
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realized improvement over no ordering (by 120%), reverse ordering and fault aware
prioritization.
Another Genetic Algorithm (GA) based test suite test case prioritization is offered by
Conrad et al. in 2010 [34]. This paper presents a wide variety of mutation, crossover, selection
and transformation operator that were used to reorder the test suite. An experimental study
was implemented on 8 case study applications, using APFD as coverage effectiveness metric
and their JUnit test cases at system level. The results are analyzed with the help of bean plots.
On comparison of the proposed technique with random search and hill climbing techniques,
GA yields finer results. Also, GA is found to have similar execution times as that of random
search and hill climbing. All in all, GA shows a greater variability and is also an upcoming
area of research in the field.
In 2011, Yu-Chi Huang et al. proposed a method of cost-cognizant test case
prioritization [14] based on the use of historical records. They gather the historical records
from the latest regression testing and then propose a genetic algorithm to determine the most
effective order. Some controlled experiments are performed to evaluate the effectiveness of
the proposed method. Evaluation results indicate that the proposed method has improved the
fault detection effectiveness. It can also been found that prioritizing test cases based on their
historical information can provide high test effectiveness during testing.

2.3.2

Version-Specific Test Case prioritization Approaches

The work on coverage based techniques is further extended by Elbaum et al. by introducing
version-specific test case prioritization approaches [3]. These approaches consider the
modifications that have been done to the code or model of updated versions of software
besides the code coverage and execution information of the original version, and produce the
ordering of test cases for the particular updated version of software not for all the versions.
So, there are 2 types of version-specific test case prioritization approaches:
i.

Code Based Approaches

ii.

Model Based Approaches

Eight techniques are proposed by Elbaum et al. [3], out of which the “total function” and the
“additional function” are based on coverage. The rate of fault detection is improved by using
the version-specific test case prioritization. Comparisons among 12 techniques (4 statement
level and 8 function level) yielded the worst and the best results for fn-total (function-total)
and fn-fi-fep-addtl (function-fault existence/exposure-additional) techniques respectively. A
14
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tradeoff is established between the statement and the function level techniques. On one hand
the function level techniques are found to be more cost effective and involve less intrusive
instrumentation while on the other hand, the statement level techniques were preferred if
sufficiently high cost of delays are observed in the detection of faults.
Srivastava and Thigarajan [26] introduced the binary code based prioritization
approach. A test prioritization system Echelon was built that prioritizes the set of faults based
on the changes made to the program. The suggested advantage of the binary form is the
elimination of recompilation step for coverage collection etc. making the integration of build
process easier in the production environment. The case study presented by Srivastava shows
that it is possible to effectively prioritize the test cases using binary matching in a large-scale
software development environment.
Korel et al. [27] proposed the first model-based test-case prioritization approach,
which schedules the order of test cases based on the collected execution information of the
modified model together with the previous system model and the modified system model. As
the changes are usually made in source code, not the system model, Korel et al. [35] later
proposed several model-based test-case prioritization approaches, which identify the
modification on the system model based on the modified source code.
But all general and version-specific approaches perform prioritization of test cases
before executing them on the particular updated version and therefore, they can‟t consider the
execution information of the current version. Recently, Dan Hao et al. [7] present a versionspecific adaptive test case prioritization approach, which combines the test case prioritization
and test case execution processes i.e. It performs the ordering of test cases during the
execution of test cases. So, it uses the execution information of the modified program besides
the structural coverage information of the test cases for the original program.

2.4 Empirical Assessment using Different Types of Faults
Typically, the empirical evaluations of prioritization techniques have focused on assessing a
prioritized test suite‟s rate of detection of regression faults. When experimenting with
prioritization techniques, regression faults can be obtained in two ways:


by locating naturally occurring faults



by seeding faults

Naturally occurring faults: They offer external validity, but these are costly to locate and
often cannot be found in numbers sufficient to support controlled experimentation.
15
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Seeded faults: In contrast with naturally occurring faults, seeded faults are typically produced
through hand-seeding or program mutation, can be provided in large numbers [8], allowing
more data to be gathered than would otherwise be possible.
In the research literature, experimentation is done with object programs using different
types of faults. But their results cannot be compared because the prioritization techniques they
used and the metric used for measuring the effectiveness of techniques are different in
different studies. Different types of faults used by different test case prioritization studies are
shown by Figure 2.3.
However, Andrews et al. [17], in a study suggested that mutation faults can be
representatives of real faults, and that the use of hand-seeded faults can be problematic for the
validity of empirical results focusing on fault detection.
Also, Do et al. [8] performed an empirical study on the use of mutation faults in the
empirical assessment of test case prioritization techniques and their analysis show that test
case prioritization can improve the rate of fault detection of test suites, assessed relative to
mutation faults and also suggest that the large number of faults can be obtained through
mutation can result in data sets on which statistically significant conclusions can be obtained,
with prospects for assessing causal relationships, and with lower cost compared to that of
using hand-seeded faults.

Name of Authors

Type of faults used

Criterion used for Test Case
Prioritization approaches

Srivastava & Thaigarajan [26] Real

Coverage and change based

Elbaum et al. [3]

Coverage based (random, func-total,

Hand-seeded

func-additional)
Do et al. [8]

Hand-seeded

Coverage based (random, method-total,
method-additional)

Dan Hao et al. [7]

Hand-seeded

Adaptive approach

Zhang et al. [24]

Mutation faults

Coverage based Unified approach of
total and additional approaches

Table 2.3: Different Types of Faults used by Different Authors
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2.5 Effectiveness Metrics
To properly understand the effects and the outcomes of any case study or experiment, one
needs to quantify the results or analyze them with respect to the measures, well known in the
software testing field as metrics. APFD came forth as a striking measure for computing the
Average Percentage of Faults Detected and a massive of more than 20 studies [2-9, 21-23]
took advantage of the metric directly. This metric was originally set forth by the by a group of
researchers in [16] and later used immensely by other groups of researchers as well. APFD
metric denotes the weighted average of the percentage of the faults detected [2, 16]. APFD
values range from 0 to 100; higher numbers imply faster (better) coverage rates. It denotes
how fast a prioritized test suite detects the faults. The equation for APFD measure is defined
as follows:
APFD

where

denotes the total number of test cases,

statements, and ��(1 ≤ � ≤

denotes the total number of modified

) denotes the first test case in the prioritized order of test cases

that covers modified statement i.
However, it is not (normally) possible to know the faults exposed by a test
case in advance and so this value cannot be estimated before testing has taken place.
Therefore, coverage is used as a surrogate measure. Coverage is also an important concern in
its own right, due to the way in which it has become a part of “coverage mandates” in various
testing standards (for example, avionics standards ). Depending on the coverage criterion
considered, three metrics are defined [3], which are as follows:

i)

APBC (Average Percentage Block Coverage): This measures the rate at which a

prioritized test suite covers the blocks. The equation for APBC measure is defined as follows:

APBC

where

denotes the total number of test cases,

methods, and TB�(1 ≤ � ≤

denotes the total number of blocks or

) denotes the first test case in the prioritized order of test cases

that covers block i.
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ii) APDC (Average Percentage Decision Coverage): This measures the rate at which a
prioritized test suite covers the decisions (branches). The equation for APDC measure is
defined as follows:
APDC

where

denotes the total number of test cases,

decisions, and TD�(1 ≤ � ≤

denotes the total number of branches or

) denotes the first test case in the prioritized order of test cases

that covers branch i.

iii) APSC (Average Percentage Statement Coverage): This measures the rate at which a
prioritized test suite covers the statements. The equation for APSC measure is defined as
follows:
APSC

where

denotes the total number of test cases,

TS�(1 ≤ � ≤

denotes the total number of statements, and

) denotes the first test case in the prioritized order of test cases that covers

statement i.

Consider the APBC metric as an effectiveness measure, an example program with 10 blocks
and a test suite of five test cases, A through E, each with block coverage characteristic as
shown in Figure 2.1.
Test case

BLOCK
1

2

3

A

*

B

*

*

*

C

*

*

*

D

4

5

6

7

8

9

10

*

*

*

*

*

*

*
*

*

*

*

E

Figure 2.1: Test Cases and Block Coverage
Consider two orders of these test cases, order T1: A-B-C-D-E, and order T2: C-E-B-A-D. For
the two orders T1 and T2, the percentages of block coverage are 46 percent and 82 percent
respectively. Several other mutants of APFD metric are APFDC, APMC, APRC etc., these
metrics are put under the „APFD alike‟ category.
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CHAPTER 3
PROPOSED TEST CASE PRIORITIZATION APPROACH
This chapter provides a detailed description of the proposed adaptive genetic approach for test
case prioritization. Section 3.1 presents a brief overview of the proposed approach. Section
3.2 describes the adaptive test case prioritization approach, which is followed as a basic
concept by the adaptive genetic approach. Section 3.3 gives a detailed description of the
proposed approach along with algorithms. Section 3.4 explains the complete genetic
algorithm used in the proposed approach.

3.1 Overview
Adaptive genetic test case prioritization approach is a unified approach that combines the
concept of adaptive approach [7] and the genetic algorithm for the prioritization of test cases.
Here, in our proposed adaptive genetic approach, the adaptive strategy is used for the
prioritization of test cases until all the modified statements are covered at least once. Once the
full coverage of modified statements is attained, a better overall statement coverage along
with the prioritization of the remaining test cases can then be achieved without requiring the
current test case execution information, which can effectively be performed by using genetic
algorithm [3, 14].

3.2 Adaptive Approach
The adaptive test case prioritization approach proposed by Dan Hao et al. [7] is the first
approach that performs prioritization of test cases during the execution of test cases. The
process of test case prioritization for a particular updated version of software using statement
level adaptive approach is described as follows:
i) Initially, the test case to be executed first is selected based on criteria of maximum coverage
of statements for the original version of software.
ii) Next, the fault detection capability of each of the remaining test cases is measured based on
the statement coverage information of test cases for the original version and the output of the
last executed test case.
iii) Now, the test case having the maximum fault-detection capability is executed and its
output (whether passed or failed.) is recorded.
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iv) Steps 2 and 3 are continued until all the test cases are prioritized.
3.2.1 Fault Detection Capability
The fault detection capability, used in step 2, measures how likely each test case reveals faults
[7]. We use the terms ‘fault detection capability and ‘priority’ synonymously in this text as
the fault detection capability of a test case directly determines its priority of execution. The
equation for the fault detection capability (or Priority) of a test case t is represented a
Priority(t) =∑
where Potential(s) represents the probability of finding new faults in a particular executed
statement s covered by test case t. This Potential(s) of a statement s is greatly influenced by
the output of a test case t covering s, and is modified based on the following equation:

Potential(s) =
{

Here, in the above equation Potential’(s) represents probability of a statement on containing
new faults before running the test case t. The significance levels or the potentials of the
executed statements are updated using non-negative constants p and q, depending upon
whether t passes or fails, as shown in the above equation. As the adaptive approach assumes
the sum of p and q to be 1, these constants can be called probabilistic parameters. In this
work, the effectiveness of both the adaptive approach and the proposed adaptive genetic
approach is evaluated and compared by setting the values of p (and q = 1-p) with a difference
of 0.05, i.e. p = 0, 0.05, 0.10, …… ,0.95, 1.00.
One drawback of this approach is that it considers all the statements, whether newly
added, modified or already existing, of the updated version at the same significance level.
Instead the test case coverage of modified statements should be considered more important
and hence performed earlier as compared to the existing statements, so that faults can be
revealed quickly and inexpensively [26]. Here, the earlier test case coverage of the modified
portion of an updated software version is mainly vital because the probability of change in the
outputs of the test cases covering at least a few modified statements is higher than those
covering only existing statements.
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From the above mentioned facts, it can be learnt that the adaptive approach is well
suited for the circumstances, where the probability of test cases covering the modified
program elements is high.

3.3 Proposed Adaptive Genetic Approach
The adaptive genetic approach is mainly proposed using an assumption that the output of a
test case is expected to change whenever its targeted program statements are modified. Also,
the probability of fault detection increases with the increase in the rate of coverage of
modifications [26]. The proposed adaptive genetic approach uses the concept of adaptive
approach for the test cases until all modified statements are covered to increase the rate of
fault detection, and for the remaining test cases, it uses the concept of genetic algorithm for
better statement coverage. The test case prioritization process based on adaptive genetic
approach, shown in Figure 5, consists of following steps:
i.

The criteria for the selection of first test case is same as given by the adaptive
approach i.e. based on the statement coverage information of original version of
software.

ii.

Calculate the fault detection capability of all the unselected test cases by considering
only the potential of modified statements covered by test cases.

iii.

Run the test case having the maximum fault detection capability and record its output.

iv.

Repeat Steps 2 and 3 until all modified statements are covered at least once.

v.

For the prioritization of remaining test cases, genetic algorithm is executed.

In Step 2, there can be multiple test cases having the same value for the fault detection
capability. In such a case, the redundancy is removed by also considering the potential of the
existing statements in addition to the modified statements.
The algorithm for the test case prioritization using adaptive genetic approach is shown
by Algorithm 1. Firstly, the initial priority for each test case of test suite T is assigned based
on the statement coverage information of the original software version. After this initial
prioritization, the test case with the highest initial priority in T is executed. Next, the ids of the
modified statements covered by the recently executed test case are added to a set S.
Based on the output of currently executed test case, the priorities of other unselected
test cases are modified as explained in Section 3.2. The test case with the maximum priority,
out of the remaining test cases, is selected to be executed next. This process continues until all
modified statements are covered at least once. For the prioritization of remaining test cases,
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genetic algorithm is used. The genetic algorithm followed by the proposed approach is listed
as Algorithm 2.

Statement coverage
information of original version

Prioritizing test
cases of a test suite
Selects test case t

Run test case t
and add it to T’

Are all the modified
statements are covered?

Output of t

No

Yes
For (T1=T-T’) Test cases
apply genetic algorithm to
produce an order
Combining T’ and T1 to produce
complete prioritized test suite of T.

End
Figure 3.1: Flowchart of the Proposed Adaptive Genetic Approach

22

PROPOSED TEST CASE PRIORITIZATION APPROACH

ALGORITHM 1: ALGORITHM OF ADAPTIVE GENETIC APPROACH

Input: Test suite T
Modified statements’ id’s set S
Output: Prioritized test suite T’
Declaration: ts represents the latest selected test

case

S’ represents the set of id’s of covered modified statements.
General Process:
Begin
for each test case in �

calculate initial Priority(t)

end for
select the test case (i.e.,
add

) with the largest Priority in T

to �’

�←�−{ }
run

add covered modified statements’ id’s to set {S’}
{S} <- {S} –{S’}
while {S} is not empty do
for each test case in T
modify Priority(t) based on the output of
end for
select the test case (i.e.,
add

to T’

) with the largest Priority in �

add newly covered modified statements in S’
�←�−{ }

run

{S} { S} – {S’}
end while
return �1

for test cases in T2 (T-T1)
T3  Genetic_Algorithm_Prioritization(T2)

end for
return T3
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T’ Append T3 to T1
return T’
End
The stepwise procedure followed in Algorithm 2 is described as follows:
i.

Firstly, the initial population is generated. The initial population is a set of randomly
generated individuals. Each individual is represented by a sequence of test cases
known as chromosomes.

ii.

Then the selection process decides which individuals are used as parents for producing
next generation. This is done based on the fitness value.

iii.

Then the crossover is performed. Crossover is a genetic operator that combines two
individuals (the parents) to produce a new individual (the offspring). A probability of
crossover determines whether crossover should be performed or not.

iv.

The mutation operator randomly alters the positions of two gene values of an
individual, depending on the probability of mutation. This is used to retain the
diversity of chromosomes in the new population.

ALGORITHM 2: Genetic_Algorithm_Prioritization

Input: T2 = Test suite
p = Population size
g = Number of generation
cp = Crossover probability
mp = mutation probability
Output: T3 = A test order which has the greatest fitness value in population in final
generation.
General Process:
Begin
Acquire statement coverage information of each test case for the original version of program
in the form of 2-D array A.
t 0
Initialize population P(t) from T2
Evaluate fitness function for P(t) using T2 and A.

While (not termination condition) do
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begin
t  t+1
select P(t) from P(t-1) on the basis of fitness function.
crossover P(t) from according to crossover rate cp.
mutate P(t) according to mutation rate mp.
evaluate P(t)
end
return T3
end
Fitness Function: The most important thing is fitness function used in the Algorithm 2. Since
the genetic algorithm is used in adaptive genetic approach to attain better statement coverage,
so we decided to use APSC (Average Percentage Statement Coverage) measure as fitness
function, which is first proposed by Rothermel et al. [2, 16]. This measures the rate at which a
prioritized test suite covers the statements.

APSC

Where n denotes the total number of test cases, m denotes the total number of statements, and
�Si (1 ≤ ≤ �) denotes the first test case in the prioritized order T’ of T that covers statement
i.

3.4 Detailed Genetic Algorithm
Genetic algorithm is a very well-known optimization technique in different research areas.
Also, It is very widely used in the research field of test case prioritization. Different test case
prioritization strategies described in the literature are based on genetic algorithms [14, 33, 34].
Genetic based approaches give us better and optimal results in terms of code coverage and
fault detection rate. In our proposed adaptive genetic approach, genetic algorithm is used for
optimizing the adaptive test case prioritization approach by using it for the prioritization of
test cases based only on static coverage information of test cases for the original version of
software. The complete description of every step of genetic algorithm regarding the proposed
approach is described in the next subsections.
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3.4.1 Initial population generation
The different sequences of test cases (chromosomes) are generated randomly to produce an
initial population. The algorithm for initial population generation is shown below:
Algorithm 3: genpopulation

Input: T2 = Test suite
p = Population size
Output: P1 = First Population
General Process:
Begin
For i = 1 to p
Chromosome  randGenerateSequence(T2)
P1  addChromosome (Chromosome)
Return P1
End
3.4.2 Selection
The parent chromosomes for crossover are selected according to roulette wheel selection
method. If the chromosome has a greater fitness value, it has more chances to be selected. The
selection process is shown by algorithm:

Algorithm 4: randSelectParent

Input: Pi = The population of i-th generation
Output: parent = The chromosome selected by the algorithm
General Process
Begin
fitSum
r

calFitSumOfChromosomes( Pi )

genRandNum( fitSum )

for j = 1 to p
r = r – fitOfChromosomej
if r < 0
break
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parent

chromosomej

return parent
End
The randSelectParent first calculates the fitSum, which is the sum of fitness values of all
chromosomes in the population, and then generates a random number r that ranges from 0 to
fitSum.

The

randSelectParent

next

goes

through

the

population

and

subtracts

fitOfChromosomej, which is the fitness value of the chromosome j, from r. The first
chromosome that makes r < 0 is selected.
3.4.3 Crossover
Crossover is typically a recombination process that combines the segments of one
chromosome with the segments of another. The new chromosomes produced by crossover
inherit some characteristics from both parents. The algorithm of the crossover operator is
given below:

Algorithm 5: crossover

Input: parent1: One selected chromosome in the population
parent2: Another selected chromosome in the population
cp: Crossover probability

Output: child1, child2: Two new chromosomes produced by the algorithm
General Process:
Begin
r

genRandNum(100)

if r < cp
p1

selectCrossPoint( parent1 )

p2

selectCrossPoint( parent2 )

firstSegment1

fragment( p1 , parent1 )

firstSegment2

fragment( p2 , parent2 )

child1

combine( firstSegment1 , parent2 )

child2

combine( firstSegment2 , parent1 )
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else
child1

parent1

child2

parent2

return child1, child2
End
The algorithm is the single point crossover. First, a random number, r, which ranges from 0 to
100, is generated on line 1. If r is less than the crossover probability, cp, the recombination
process will begin . Otherwise, the child is the duplicate of the parent. When crossover is
applied, the algorithm selects crossover points, p1 and p2, for parent1 and parent2, respectively.
The subsequences before the crossover point are then copied from both parents. Then there is
a generation of a child by combining the copied subsequence of one parent with the genes of
another parent that are not in the copied subsequence.
For example, consider two chromosomes A and B, Fig. 7 shows their crossover
process. The crossover points of A and B are at positions 2 and 3, respectively. Child 1 inherits
the sub-sequence before the crossover point from A, and the rest from B. Because 3 and 5,
which are genes of B, are also in the subsequence copied from A, they are not added to the
child1 . Similarly, child2 inherits the subsequence before the crossover point from B, and the
genes that are not in that subsequence from A.

Chromosome A:
5 3 1 4 2

Chromosome B:
3 2 5 4 1

Crossover point

Crossover point

Child 1:
5 3

2 4

1

5 3

4

3 2 5

+

3 2

5 4

1

Child 2:
3 2

5 1

+

3 2

5 4

1

Figure 3.2: Example of Crossover
3.4.4 Mutation
The mutation operator is used to retain the diversity of chromosomes in the new population.
The chromosome produced by crossover is changed randomly by mutation to avoid becoming
too similar to other chromosomes. The Algorithm 6 shows the process of mutation.
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Algorithm 6: mutation

Input: childc: Chromosome produced by crossover
mp: Mutation probability

Output: childm: Chromosome produced by the algorithm
General Process:
Begin
r

genRandNum(100)

if r ≤ mp
p1, p2

selectMutationPoint( )

childc

switchPosition (p1, p2 , childc )

else
childm

childc

return childm
End

First, the mutation (childc, mp) generates a number, r, which ranges from 0 to 100 on line 1. If
r is less than the mutation probability, mp, the algorithm selects two genes of childc randomly
and switches their positions. Otherwise, the mutation operator would not be applied.
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CHAPTER 4
EXPERIMENTAL SETUP AND METHODOLOGY
This chapter provides a complete description of the methodology followed to carry out an
empirical evaluation of the existing adaptive approach and the proposed adaptive genetic
approach for performing test case prioritization. The complete general methodology used is
shown by Figure 4.1. Our experimental study is designed to answer the following two
research questions:


RQ1: Which is more effective test case prioritization approach: adaptive approach or
proposed adaptive genetic approach?



RQ2: How does the effectiveness of adaptive and adaptive genetic approaches
perform with various values of probabilistic parameters?

Original Java Project (P))

ECLEMMA

MUCLIPSE

Statement coverage
information of P

Mutated or faulty version of
P (P’)

Adaptive approach

Adaptive Genetic approach

Prioritized test suite (T)

Prioritized test suite (T’)

Comparing T and T’ using APFD and APSC measure
Figure 4.1: The Proposed Methodology

Section 4.1 describes the test systems used for the experimental study. Section 4.2 presents
the complete description of the different tools used. Section 4.3 provides a description for the
setting of algorithmic parameters. Section 4.4 explains the effectiveness metrics used for the
evaluation of the adaptive and the adaptive genetic test case prioritization approaches.
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4.1 Test Systems
The test system used in our experimental study is an open source java project, Apache Ant
1.9.4. This project can easily be accessed from the Software- artifact and infrastructure
repository (abbreviated as SIR and accessible at http://sir.unl.edu/portal/index.html ) [20], and
is very widely used in the evaluation of test case prioritization strategies [2, 7, 22, 25]. This
version of Apache Ant has 80,444 LOC and is available with 1575 JUnit test cases. We
performed our experiment using 100 test cases considering their coverage of 3754 LOC out of
the total number of LOC. We performed our experiment using 100 test cases considering their
coverage of 3754 LOC out of the total number of LOC.

4.2 Tools
The tools used for the experimental study are: 1. MUCLIPSE 2. ECLEMMA
4.2.1 MUCLIPSE
The updated versions or faulty versions of original Ant project were generated through the
process of mutation. For this purpose, we used MuClipse, an Eclipse plugin of MuJava [13]
tool. The mutant generation process is shown by Figure 8:

Figure 4.2: Mutant Generation Process
MuJava has three major functions: (i) generate mutants, (ii) analyze mutants, and (iii) run test
cases supplied by the tester. To compile mutants, MuJava uses the com.sun.tools.javac.Main
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class included in JDK. Test cases are supplied by the tester in the form of methods that
contain sequences of calls to methods in the class. Each test method should have no
parameters and return a string result that is used to compare outputs of mutants with outputs
of the original class. Each test method should start with the string \test" and have public
access.
4.2.1.1 Generating Mutants
Figure 4.3 shows the interface for generating mutants with class mutation operators as well as
traditional mutation operators. Testers can select the files for which they want to create
mutants and choose which mutation operators to apply. Pressing the “Generate" button
prompts the tool to generate mutants. After generation, the information for each mutant is
shown in the “Mutants Viewer" tabs. . A small example test set for a VendingMachine class is
shown in Figure 9.

Figure 4.3: Tool Interface for Mutant Generation Process
Since we are using here a java program, so we selected the mutation operators that are
applicable to java bytecode, which are as follows:


Arithmetic Operator Change (AOP): The AOP operator replaces an arithmetic
operator with

other

arithmetic

operators. For
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(+) operator is replaced with a subtraction, multiplication, or division operator.


Logical Connector Change (LCC): The LCC operator replaces a logical
connector with other logical connectors. For example, the AND connector is
replaced with an OR or XOR connector.



Relational Operator Change (RCC): The ROC operator replaces a
relational operator with other relational operators. For example, the greaterthan- or-equal-to operator is replaced with a less-than-or- equal-to, equal-to, or
not-equal-to operator.



Access Flag Change (AFC): The AFC operator replaces an access flag with
other flags. For example, this operator changes a private access flag to a public
access flag.



Overriding Variable Deletion (OVD): The OVD operator deletes

a

declaration of overriding variables. This change makes a child class attempt to
reference the variable as defined in the parent class.


Overriding Variable Insertion (OVI): The OVI operator causes behavior
opposite to that of OVD. The OVI operator inserts variables from a parent class
into the child class.



Overriding

Method Deletion

(OMD): The OMD operator deletes a

declaration of an overriding method in a subclass so that the overridden
method is referenced.


Argument Order Change (AOC): The AOC operator changes the order of
arguments in a method invocation, if there is more than one argument. The
change is applied only if arguments have the appropriate.

4.2.1.2 Analyzing Mutants
Figure 4.4 shows the interface for analyzing mutants, which displays the portions of the
original source code that are changed by the mutant. It is subdivided into a part for viewing
class mutants and another for traditional mutants. The interface for the class mutants is further
divided into two parts because MuJava generates mutants in two different ways.
4.2.1.3 Running Test cases against mutants
We can run existing test cases to kill mutants or design new test cases by finding a live
mutant, then analyzing the program to decide what input will kill it. The interface for the
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process of killing mutants with test cases is shown by Figure 4.5.

Figure 4.4: Tool Interface for the original and mutated program

Figure 4.5: Tool Interface for the Test Case Runner
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4.2.2

ECLEMMA

The test case prioritization using both adaptive and adaptive genetic approach needs
statement coverage information of the original version of Apache Ant project as input,
which is collected using ECLEMMA, an eclipse plugin of EMMA tool. EclEmma
records which parts of your Java code are covered while executing a particular test case.
Therefore coverage analysis always involves two steps:


Run the program



Analyze coverage data

Running a coverage analysis is as simple as pressing a single button.

Figure 4.6: Coverage view of ECLEMMA

Test cases
T1
T2
T3
T4

S1
*

S2
*
*

Statements
S3 S4
*

*

S5
*

*
*

*

*

Figure 4.7: Statement Coverage Information Sample Database
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4.3 Algorithmic Parameters Setting
Apart from the two probabilistic parameters p and q used in the implemented algorithms, four
additional parameters for guiding the genetic process of the adaptive genetic algorithm are
used as listed in Algorithm 2.
First parameter population size, denoted by p, contains the remaining test cases that
are slated to be prioritized using genetic algorithm in the proposed approach. Second
parameter g is used to record the number of generations, whose value is taken as 3. We tried
to perform our experiment up to 5 generations but after 3rd generation the values for the
effectiveness measures starts decreasing in most of the cases. Third and fourth parameters
defined in Section the crossover probability (cp) and the mutation probability (mp). Various
combinations of values for these two parameters were checked before finalizing cp = 1.00 and
mp = 0.7 as best suited to the effectiveness measures. We executed 10 iterations of the
proposed adaptive genetic algorithm in order to converge towards optimal results.

4.4 Effectiveness Measures
The effectiveness of the adaptive and the adaptive genetic approaches is studied based on two
measures of effectiveness. First measure is Average Percentage Faults Detected (APFD),
which measures the weighted average of the percentage of faults detected over the life of the
test suite [2, 16]. As, our proposed approach is based on the fact, that the faster coverage of
modifications gives better rate of fault detection. Hence we introduced a small change in the
basic APFD measure [2]. In this work, APFD measures the rate at which the prioritized test
suite covers the modified statements. The equation for APFD measure is defined as follows:

APFD

where

denotes the total number of test cases,

statements, and ���(1 ≤ � ≤

denotes the total number of modified

) denotes the first test case in the prioritized order of test cases

that covers modified statement i.
Another effectiveness measure used is APSC, which measures the rate at which a
prioritized test suite covers the statements (Existing/modified). The equation for the APSC
measure is as follows:
APSC
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Where n denotes the total number of test cases, m denotes the total number of statements, and
�Si (1 ≤ � ≤

) denotes the first test case in the prioritized order T’ of T that covers statement

i.
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CHAPTER 5
RESULTS AND ANALYSIS
This chapter presents the results of our empirical study. We performed prioritization of test
cases using existing adaptive approach and our proposed adaptive genetic approach for the
five updated or mutated versions of Apache Ant 1.9.4. For each of the mutated versions, the
values of APFD and APSC measures are calculated using various values of p (and q) with a
difference of 0.05 (i.e. p = 0, 0.05, 0.10…,0.95, 1.00). Any combination of p and q, where q =
1-p, is denoted by Pi where i = 1, 2, 3, ……, 21 as shown in Table 5.16. An average of APFD
and APSC values for all 5 updated versions is calculated for each P i. Figure 5.11 shows the
average APFD and APSC results for the adaptive and adaptive genetic test case prioritization
approaches. The general comparative analysis results of both adaptive and adaptive genetic
approaches in terms of APFD and APSC are shown in Figure 5.11 and Figure 5.12
respectively. Figure 5.11 shows that the proposed adaptive genetic approach significantly
improves the rate of fault detection in terms of APFD measure. Also when compared using
APSC measure, the proposed approach provides competitive results in terms of rate of
statement coverage as depicted by Figure 5.12. Further sections of this chapter mainly provide
the answers to the following questions:


RQ1: Which is more effective test case prioritization approach: adaptive approach or
proposed adaptive genetic approach?



RQ2: How does the effectiveness of adaptive and adaptive genetic approaches
perform with various values of probabilistic parameters?

The answers to the first and second research questions are provided in Section 5.1 and Section
5.2 respectively. Section 5.3 gives the summary of all the results and analysis.

5.1 Comparative Analysis of Adaptive and Adaptive Genetic Approaches
The adaptive genetic approach, when compared using APFD outperforms adaptive approach
for every value of Pi. Whereas in case of APSC measure, the proposed approach gives slightly
improved or competitive results for some of the Pi values. Table 5.16 shows the average
experimental results in terms of APFD and APSC measure. The improvement columns (I1 &
I2) in Table 5.16 show the difference between two approaches (where A is abbreviated as
Adaptive approach and AG is abbreviated as Adaptive Genetic approach) in terms of APFD
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and APSC measures respectively. From Figure 5.11 and Table 5.16, it is clear that for every
value of Pi, the proposed approach shows a significant improvement (shown by +ve values )
in terms of fault detection. The second improvement column I2 in Table 5.16 shows the
difference between the effectiveness of both test case prioritization approaches in terms of
APSC measure. Here the proposed approach shows slight improvement for some of the Pi
values i.e. Pi where i = 1-6, 13-19 and 21 as depicted by Figure 5.12. For the remaining Pi
values the adaptive genetic approach shows a significant decrease (shown by –ive values) in
the values of APSC measure. This is the overall view of the results for all the 5 faulty
versions of Apache Ant 1.9.4. The comparative analysis of both the approaches for each
updated version of Ant can be depicted from Tables 5.11, Table 5.12, Table 5.13, Table 5.14
and Table 5.15 individually.

5.2 Impact of Various Values of Probalistic Parameters
As our experimental study implemented the adaptive and adaptive genetic approach for
different values of p, so, to know the effect of various values of p on the effectiveness of both
test case prioritization approaches, we analyzed the results shown by Table 5.16 more
precisely. From P1 to P5, the adaptive genetic approach shows the significant improvement
over adaptive approach and gives a value nearby the maximum value of APFD measure at P5
where the value of p is 0.20. After that, with a difference of 0.10 in value of p, there is an
alternate decrease and then increase in the value of improvement for adaptive genetic
approach over adaptive approach in terms of APFD measure. So, it is more effective to use
adaptive genetic approach over adaptive approach to increase the rate of fault detection.
While, In terms of APSC measure, the adaptive genetic approach shows a slight improvement
over adaptive approach from P1 to P5 after that for P6 to P12, adaptive genetic approach
shows a great decrement in the value of APSC and adaptive approach starts performing better
as compared to the proposed approach. Again, the effectiveness of the proposed approach
starts improving slightly and gives the maximum value of effectiveness measure in terms of
APSC at P16. Therefore, when the comparison of the two approaches is done in

terms of

APSC, the adaptive genetic approach gives competitive results over adaptive approach. From
the analysis of results shown in Table 5.16, It can also be concluded that it will also be
beneficial to perform experimental study of the two approaches for the values of p at a
difference of 0.10.

39

RESULTS AND ANALYSIS

Values of p with a difference of
0.05
P1 (p = 0.00, q = 1.00)

Values for APFD Measure
A
AG
90.15
93.01

P2 (p =0.05, q = 0.95)

85.18

97.29

P3 (p =0.10, q = 0.90)

85.43

97.39

P4 (p =0.15, q = 0.85)

86.63

97.08

P5 (p =0.20, q = 0.80)

86.77

97.15

P6 (p =0.25, q = 0.75)

86.98

97.15

P7 (p =0.30, q =0.70)

87.56

97.39

P8 (p =0.35, q = 0.65)

88.05

97.15

P9 (p =0.40, q = 0.60)

88.77

97.74

P10 (p=0.45, q =0.55)

88.43

96.49

P11 (p=0.50, q =0.50)

89.15

96.43

P12 (p=0.55, q =0.45)

89.12

97.70

P13 (p=0.60, q =0.40)

89.05

97.74

P14 (p=0.65, q =0.35)

88.98

97.74

P15 (p=0.70, q =0.30)

88.63

97.70

P16 (p=0.75, q =0.25)

88.70

97.63

P17 (p=0.80, q =0.20)

88.67

97.67

P18 (p=0.85, q =0.15)

90.94

97.60

P19 (p=0.90, q =0.10)

88.49

97.56

P20 (p=0.95, q =0.05)

87.29

97.43

P21 (p= 1.0, q = 0.0)

90.36

92.91

Table 5.1: APFD values for Ant Faulty Version 1

Value for
APFD
measure

100
98
96
94
92
90
88
86
84
82
80
78
P1 P3 P5 P7 P9 P11 P13 P15 P17 P19 P21
Values of p with a difference of 0.10

Adaptive
Adaptive_GA

Figure 5.1: Comparison Graph for APFD values of Ant Faulty Version 1
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Values of p with a difference
of 0.05

Values for APSC Measure

P1 (p = 0.00, q = 1.00)

A
97.93

AG
94.49

P2 (p =0.05, q = 0.95)

97.36

95.86

P3 (p =0.10, q = 0.90)

97.36

96.17

P4 (p =0.15, q = 0.85)

97.40

95.18

P5 (p =0.20, q = 0.80)

97.38

95.41

P6 (p =0.25, q = 0.75)

97.37

95.42

P7 (p =0.30, q =0.70)

97.39

96.05

P8 (p =0.35, q = 0.65)

97.41

95.37

P9 (p =0.40, q = 0.60)

97.46

96.83

P10 (p=0.45, q =0.55)

97.46

91.75

P11 (p=0.50, q =0.50)

97.48

91.11

P12 (p=0.55, q =0.45)

97.46

96.81

P13 (p=0.60, q =0.40)

97.47

96.87

P14 (p=0.65, q =0.35)

97.48

96.86

P15 (p=0.70, q =0.30)

97.47

96.76

P16 (p=0.75, q =0.25)

97.57

96.66

P17 (p=0.80, q =0.20)

97.59

96.73

P18 (p=0.85, q =0.15)

97.76

96.63

P19 (p=0.90, q =0.10)

98.03

96.63

P20 (p=0.95, q =0.05)

98.03

96.40

P21 (p= 1.0, q = 0.0)

97.85

94.21

Table 5.2: APSC values for Ant Faulty Version 1

100
98
96
Value for 94
APSC
measure 92
90
88
86
P1 P3 P5 P7 P9 P11 P13 P15 P17 P19 P21
Values of p with a difference of 0.10
Adaptive
Adaptive_GA

Figure 5.2: Comparison Graph for APSC values of Ant Faulty Version 1
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Values of p with a difference
of 0.05

Values for APFD Measure

P1 (p = 0.00, q = 1.00)

A
96.26

AG
97.24

P2 (p =0.05, q = 0.95)

93.08

93.11

P3 (p =0.10, q = 0.90)

93.73

92.85

P4 (p =0.15, q = 0.85)

93.91

92.73

P5 (p =0.20, q = 0.80)

90.21

92.47

P6 (p =0.25, q = 0.75)

86.88

90.29

P7 (p =0.30, q =0.70)

87.01

87.65

P8 (p =0.35, q = 0.65)

87.01

87.75

P9 (p =0.40, q = 0.60)

86.75

88.52

P10 (p=0.45, q =0.55)

86.60

88.52

P11 (p=0.50, q =0.50)

86.60

88.42

P12 (p=0.55, q =0.45)

86.96

88.65

P13 (p=0.60, q =0.40)

88.34

93.14

P14 (p=0.65, q =0.35)

88.98

91.60

P15 (p=0.70, q =0.30)

90.93

92.19

P16 (p=0.75, q =0.25)

94.39

95.42

P17 (p=0.80, q =0.20)

94.96

95.83

P18 (p=0.85, q =0.15)

96.24

95.93

P19 (p=0.90, q =0.10)

96.11

96.73

P20 (p=0.95, q =0.05)

96.26

96.60

P21 (p= 1.0, q = 0.0)

96.26

96.93

Table 5.3: APFD values for Ant Faulty Version 2
100
98
96
94
Value for 92
90
APFD
measure 88
86
84
82
80
P1
Adaptive
Adaptive_GA

P3

P5 P7 P9 P11 P13 P15 P17 P19 P21
Values of p with a difference of 0.10

Figure 5.3: Comparison Graph for APFD values of Ant Faulty Version 2
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Values of p with a difference
of 0.05

Values for APSC Measure

P1 (p = 0.00, q = 1.00)

A
94.46

AG
97.94

P2 (p =0.05, q = 0.95)

93.92

93.60

P3 (p =0.10, q = 0.90)

93.91

93.19

P4 (p =0.15, q = 0.85)

94.03

92.95

P5 (p =0.20, q = 0.80)

92.14

92.33

P6 (p =0.25, q = 0.75)

90.29

92.01

P7 (p =0.30, q =0.70)

90.46

81.65

P8 (p =0.35, q = 0.65)

90.43

81.74

P9 (p =0.40, q = 0.60)

90.28

81.18

P10 (p=0.45, q =0.55)

90.28

81.19

P11 (p=0.50, q =0.50)

90.29

81.15

P12 (p=0.55, q =0.45)

90.35

81.94

P13 (p=0.60, q =0.40)

91.06

94.94

P14 (p=0.65, q =0.35)

91.41

92.33

P15 (p=0.70, q =0.30)

92.09

93.59

P16 (p=0.75, q =0.25)

93.97

97.05

P17 (p=0.80, q =0.20)

94.33

97.38

P18 (p=0.85, q =0.15)

95.02

96.98

P19 (p=0.90, q =0.10)

94.99

97.67

P20 (p=0.95, q =0.05)

95.34

97.61

P21 (p= 1.0, q = 0.0)

94.46

98.09

Table 5.4: APSC values for Ant Faulty Version 2
120
100
80
Value for
APSC 60
measure
40
20
0
P1 P3 P5 P7 P9 P11 P13 P15 P17 P19 P21
Value of p with a diffrence of 0.10
Adaptive

Figure 5.4: Comparison Graph for APSC values of Ant Faulty Version 2
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Values of p with a difference
of 0.05

Values for APFD Measure

P1 (p = 0.00, q = 1.00)

A
97.33

AG
98.40

P2 (p =0.05, q = 0.95)

93.62

94.85

P3 (p =0.10, q = 0.90)

93.69

94.59

P4 (p =0.15, q = 0.85)

93.69

94.59

P5 (p =0.20, q = 0.80)

93.30

94.34

P6 (p =0.25, q = 0.75)

93.30

92.66

P7 (p =0.30, q =0.70)

93.56

92.79

P8 (p =0.35, q = 0.65)

91.88

92.98

P9 (p =0.40, q = 0.60)

90.08

92.33

P10 (p=0.45, q =0.55)

90.08

91.04

P11 (p=0.50, q =0.50)

90.20

91.17

P12 (p=0.55, q =0.45)

90.72

91.17

P13 (p=0.60, q =0.40)

90.98

91.95

P14 (p=0.65, q =0.35)

92.53

94.66

P15 (p=0.70, q =0.30)

93.95

94.66

P16 (p=0.75, q =0.25)

95.75

98.91

P17 (p=0.80, q =0.20)

97.82

98.91

P18 (p=0.85, q =0.15)

97.33

98.92

P19 (p=0.90, q =0.10)

97.33

98.92

P20 (p=0.95, q =0.05)

97.33

91.17

P21 (p= 1.00, q = 0.00)

97.33

98.98

Table 5.5: APFD values for Ant Faulty Version 3
100
98
96
94
Value for
92
APFD
measure
90
88
86
84
P1 P3 P5 P7 P9 P11 P13 P15 P17 P19 P21
Value of p with a difference of 0.10
Adaptive
Adaptive_GA

Figure 5.5: Comparison Graph for APFD values of Ant Faulty Version 3
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Values of p with a
difference of 0.05

Values for APSC Measure

P1 (p = 0.00, q = 1.00)

A
94.48

AG
98.72

P2 (p =0.05, q = 0.95)

92.11

93.65

P3 (p =0.10, q = 0.90)

92.18

92.68

P4 (p =0.15, q = 0.85)

92.23

92.69

P5 (p =0.20, q = 0.80)

91.99

92.31

P6 (p =0.25, q = 0.75)

91.99

87.61

P7 (p =0.30, q =0.70)

92.14

88.09

P8 (p =0.35, q = 0.65)

91.26

88.31

P9 (p =0.40, q = 0.60)

90.29

86.19

P10 (p=0.45, q =0.55)

90.34

80.18

P11 (p=0.50, q =0.50)

90.39

80.73

P12 (p=0.55, q =0.45)

90.64

81.00

P13 (p=0.60, q =0.40)

90.76

84.98

P14 (p=0.65, q =0.35)

91.59

93.13

P15 (p=0.70, q =0.30)

92.70

92.80

P16 (p=0.75, q =0.25)

93.73

99.40

P17 (p=0.80, q =0.20)

94.64

99.40

P18 (p=0.85, q =0.15)

94.95

99.40

P19 (p=0.90, q =0.10)

94.87

99.40

P20 (p=0.95, q =0.05)

94.61

80.61

P21 (p= 1.00, q = 0.00)

94.48

99.29

Table 5.6: APSC values for Ant Faulty Version 3

120
100
80
Value for
60
APSC
measure
40
20
0
P1 P3 P5 P7 P9 P11 P13 P15 P17 P19 P21
Adaptive
Values of p with a difference of 0.10
Adaptive_GA

Figure 5.6: Comparison Graph for APSC values of Ant Faulty Version 3
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Values of p with a difference
of 0.05

Values for APFD Measure

P1 (p = 0.00, q = 1.00)

A
94.86

AG
95.68

P2 (p =0.05, q = 0.95)

89.72

96.18

P3 (p =0.10, q = 0.90)

89.63

96.18

P4 (p =0.15, q = 0.85)

85.27

96.27

P5 (p =0.20, q = 0.80)

84.68

96.27

P6 (p =0.25, q = 0.75)

84.86

96.18

P7 (p =0.30, q =0.70)

84.77

96.18

P8 (p =0.35, q = 0.65)

84.59

96.18

P9 (p =0.40, q = 0.60)

82.59

96.09

P10 (p=0.45, q =0.55)

82.59

96.09

P11 (p=0.50, q =0.50)

82.72

95.90

P12 (p=0.55, q =0.45)

82.90

96.09

P13 (p=0.60, q =0.40)

85.59

96.36

P14 (p=0.65, q =0.35)

88.40

96.81

P15 (p=0.70, q =0.30)

92.31

96.81

P16 (p=0.75, q =0.25)

94.13

96.81

P17 (p=0.80, q =0.20)

95.49

96.72

P18 (p=0.85, q =0.15)

95.95

96.59

P19 (p=0.90, q =0.10)

95.95

96.59

P20 (p=0.95, q =0.05)

95.40

96.49

P21 (p= 1.00, q = 0.00)

94.86

95.77

Table 5.7: APFD values for Ant Faulty Version 4

100
95
Value for 90
APFD
measure 85
80
75
P1
Adaptive
Adaptive_GA

P3

P5 P7 P9 P11 P13 P15 P17 P19 P21
Values of p with a diffrence of 0.10

Figure 5.7: Comparison Graph for APFD values of Ant Faulty Version 4
46

RESULTS AND ANALYSIS

Values of p with a
difference of 0.05
P1 (p = 0.00, q = 1.00)

Values for APSC Measure
A
AG
94.5
96.45

P2 (p =0.05, q = 0.95)

93.31

95.94

P3 (p =0.10, q = 0.90)

93.43

96.77

P4 (p =0.15, q = 0.85)

91.24

97.17

P5 (p =0.20, q = 0.80)

91.02

97.17

P6 (p =0.25, q = 0.75)

90.94

96.6

P7 (p =0.30, q =0.70)

91.17

97.19

P8 (p =0.35, q = 0.65)

91.04

96.92

P9 (p =0.40, q = 0.60)

90.23

96.93

P10 (p=0.45, q =0.55)

90.23

97.07

P11 (p=0.50, q =0.50)

90.3

96.8

P12 (p=0.55, q =0.45)

90.55

97.2

P13 (p=0.60, q =0.40)

90.9

97.43

P14 (p=0.65, q =0.35)

91.87

97.61

P15 (p=0.70, q =0.30)

92.87

97.61

P16 (p=0.75, q =0.25)

93.74

97.61

P17 (p=0.80, q =0.20)

94.61

96.43

P18 (p=0.85, q =0.15)

94.95

96.9

P19 (p=0.90, q =0.10)

95.03

96.9

P20 (p=0.95, q =0.05)

94.53

97.01

P21 (p= 1.00, q = 0.00)

94.5

96.62

Table 5.8: APSC values for Ant Faulty Version 4

100
98
96
Value for 94
APSC
measure 92
90
88
86
P1 P3 P5 P7 P9 P11 P13 P15 P17 P19 P21
Adaptive
Values of p with a difference of 0.10
Adaptive_GA

Figure 5.8: Comparison Graph for APSC values of Ant Faulty Version 4
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RESULTS AND ANALYSIS

Values of p with a difference
of 0.05

Values for APFD Measure

P1 (p = 0.00, q = 1.00)

A
94.70

AG
95.76

P2 (p =0.05, q = 0.95)

93.03

96.96

P3 (p =0.10, q = 0.90)

89.89

96.96

P4 (p =0.15, q = 0.85)

89.89

96.96

P5 (p =0.20, q = 0.80)

89.30

96.96

P6 (p =0.25, q = 0.75)

89.83

96.83

P7 (p =0.30, q =0.70)

92.16

96.70

P8 (p =0.35, q = 0.65)

91.83

96.56

P9 (p =0.40, q = 0.60)

91.29

96.70

P10 (p=0.45, q =0.55)

92.36

96.56

P11 (p=0.50, q =0.50)

92.10

96.43

P12 (p=0.55, q =0.45)

91.56

96.16

P13 (p=0.60, q =0.40)

91.56

96.16

P14 (p=0.65, q =0.35)

92.10

96.16

P15 (p=0.70, q =0.30)

91.29

96.43

P16 (p=0.75, q =0.25)

91.03

96.16

P17 (p=0.80, q =0.20)

91.03

96.16

P18 (p=0.85, q =0.15)

91.29

95.89

P19 (p=0.90, q =0.10)

91.56

96.03

P20 (p=0.95, q =0.05)

91.83

95.63

P21 (p= 1.0, q = 0.0)

94.70

95.76

Table 5.9: APFD values for Ant Faulty Version 5

98
96
94
Values for 92
APFD
measure 90
88
86
84
P1 P3 P5 P7 P9 P11 P13 P15 P17 P19 P21
Values of p with a difference of 0.10
Adaptive
Adaptive_GA

Figure 5.9: Comparison Graph for APFD values of Ant Faulty Version 5
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RESULTS AND ANALYSIS

Values of p with a difference
of 0.05
P1 (p = 0.00, q = 1.00)

Values for APSC Measure
A
AG
97.60
97.73

P2 (p =0.05, q = 0.95)

97.19

97.76

P3 (p =0.10, q = 0.90)

96.58

97.76

P4 (p =0.15, q = 0.85)

96.59

97.73

P5 (p =0.20, q = 0.80)

96.54

97.73

P6 (p =0.25, q = 0.75)

96.58

97.58

P7 (p =0.30, q =0.70)

96.66

97.32

P8 (p =0.35, q = 0.65)

96.69

97.27

P9 (p =0.40, q = 0.60)

96.73

97.58

P10 (p=0.45, q =0.55)

96.70

97.50

P11 (p=0.50, q =0.50)

97.18

97.06

P12 (p=0.55, q =0.45)

96.86

97.25

P13 (p=0.60, q =0.40)

96.86

97.27

P14 (p=0.65, q =0.35)

96.92

97.27

P15 (p=0.70, q =0.30)

96.86

97.35

P16 (p=0.75, q =0.25)

96.83

97.23

P17 (p=0.80, q =0.20)

97.01

97.20

P18 (p=0.85, q =0.15)

97.21

97.13

P19 (p=0.90, q =0.10)

97.31

97.15

P20 (p=0.95, q =0.05)

97.64

97.12

P21 (p= 1.00, q = 0.00)

97.60

97.52

Table 5.10: APSC values for Ant Faulty Version 5
98
97.8
97.6
97.4
97.2
Value for 97
APSC
96.8
measure
96.6
96.4
96.2
96
95.8
P1 P3 P5 P7 P9 P11 P13 P15 P17 P19 P21
Values of p with a difference of 0.10
Adaptive

Figure 5.10: Comparison Graph for APSC values of Ant Faulty Version 5
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RESULTS AND ANALYSIS

Values of p with a
difference of 0.05

Values for APFD Measure

Values for APSC Measure

P1 (p = 0.00, q = 1.00)

A
90.15

AG
93.01

I1 = (AG – A)
+2.86

A
97.93

AG
94.49

I2 = (AG - A)
-3.44

P2 (p =0.05, q = 0.95)

85.18

97.29

+12.11

97.36

95.86

-1.5

P3 (p =0.10, q = 0.90)

85.43

97.39

+11.96

97.36

96.17

-1.19

P4 (p =0.15, q = 0.85)

86.63

97.08

+10.45

97.40

95.18

-2.22

P5 (p =0.20, q = 0.80)

86.77

97.15

+10.38

97.38

95.41

-1.97

P6 (p =0.25, q = 0.75)

86.98

97.15

+10.17

97.37

95.42

-1.95

P7 (p =0.30, q =0.70)

87.56

97.39

+9.83

97.39

96.05

-1.34

P8 (p =0.35, q = 0.65)

88.05

97.15

+9.10

97.41

95.37

-2.04

P9 (p =0.40, q = 0.60)

88.77

97.74

+8.97

97.46

96.83

-0.63

P10 (p=0.45, q =0.55)

88.43

96.49

+8.06

97.46

91.75

-5.71

P11 (p=0.50, q =0.50)

89.15

96.43

+7.28

97.48

91.11

-6.37

P12 (p=0.55, q =0.45)

89.12

97.70

+8.58

97.46

96.81

-0.65

P13 (p=0.60, q =0.40)

89.05

97.74

+8.69

97.47

96.87

-0.60

P14 (p=0.65, q =0.35)

88.98

97.74

+8.76

97.48

96.86

-0.62

P15 (p=0.70, q =0.30)

88.63

97.70

+9.07

97.47

96.76

-0.71

P16 (p=0.75, q =0.25)

88.70

97.63

+8.93

97.57

96.66

-0.91

P17 (p=0.80, q =0.20)

88.67

97.67

+9.00

97.59

96.73

-0.86

P18 (p=0.85, q =0.15)

90.94

97.60

+6.66

97.76

96.63

-1.13

P19 (p=0.90, q =0.10)

88.49

97.56

+9.07

98.03

96.63

-1.4

P20 (p=0.95, q =0.05)

87.29

97.43

+10.14

98.03

96.40

-1.63

P21 (p= 1.0, q = 0.0)

90.36

92.91

+1.83

97.85

94.21

-3.64

Table 5.11: Comparative Analysis of Ant Faulty version 1 in terms of APFD and APSC
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Values of p with a
difference of 0.05

Values for APFD Measure

Values for APSC Measure

P1 (p = 0.00, q = 1.00)

A
96.26

AG
97.24

I1 = (AG – A)
+0.98

A
94.46

AG
97.94

I2 = (AG - A)
+3.48

P2 (p =0.05, q = 0.95)

93.08

93.11

+0.03

93.92

93.60

-0.32

P3 (p =0.10, q = 0.90)

93.73

92.85

-0.88

93.91

93.19

-0.72

P4 (p =0.15, q = 0.85)

93.91

92.73

-1.18

94.03

92.95

-1.08

P5 (p =0.20, q = 0.80)

90.21

92.47

+2.26

92.14

92.33

+0.19

P6 (p =0.25, q = 0.75)

86.88

90.29

+3.41

90.29

92.01

+1.72

P7 (p =0.30, q =0.70)

87.01

87.65

+0.64

90.46

81.65

-8.81

P8 (p =0.35, q = 0.65)

87.01

87.75

+0.74

90.43

81.74

-8.69

P9 (p =0.40, q = 0.60)

86.75

88.52

+1.77

90.28

81.18

-9.10

P10 (p=0.45, q =0.55)

86.60

88.52

+1.92

90.28

81.19

-9.09

P11 (p=0.50, q =0.50)

86.60

88.42

+1.82

90.29

81.15

-9.14

P12 (p=0.55, q =0.45)

86.96

88.65

+1.69

90.35

81.94

-8.41

P13 (p=0.60, q =0.40)

88.34

93.14

+4.80

91.06

94.94

+3.88

P14 (p=0.65, q =0.35)

88.98

91.60

+2.62

91.41

92.33

+0.92

P15 (p=0.70, q =0.30)

90.93

92.19

+1.26

92.09

93.59

+1.50

P16 (p=0.75, q =0.25)

94.39

95.42

+1.03

93.97

97.05

+3.08

P17 (p=0.80, q =0.20)

94.96

95.83

+0.87

94.33

97.38

+3.05

P18 (p=0.85, q =0.15)

96.24

95.93

-0.31

95.02

96.98

+1.96

P19 (p=0.90, q =0.10)

96.11

96.73

+0.62

94.99

97.67

+2.68

P20 (p=0.95, q =0.05)

96.26

96.60

+0.34

95.34

97.61

+2.27

P21 (p= 1.0, q = 0.0)

96.26

96.93

+0.67

94.46

98.09

+3.63

Table 5.12: Comparative Analysis of Ant Faulty Version 2 in terms of APFD and APSC
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Values of p with a
difference of 0.05

Values for APFD Measure

Values for APSC Measure

P1 (p = 0.00, q = 1.00)

A
97.33

AG
98.40

I1 = (AG – A)
+1.07

A
94.48

AG
98.72

I2 = (AG - A)
+4.24

P2 (p =0.05, q = 0.95)

93.62

94.85

+1.23

92.11

93.65

+1.54

P3 (p =0.10, q = 0.90)

93.69

94.59

+0.90

92.18

92.68

+0.50

P4 (p =0.15, q = 0.85)

93.69

94.59

+0.90

92.23

92.69

+0.46

P5 (p =0.20, q = 0.80)

93.30

94.34

+1.04

91.99

92.31

+0.32

P6 (p =0.25, q = 0.75)

93.30

92.66

-0.64

91.99

87.61

-4.38

P7 (p =0.30, q =0.70)

93.56

92.79

-0.77

92.14

88.09

-4.05

P8 (p =0.35, q = 0.65)

91.88

92.98

+1.10

91.26

88.31

-2.95

P9 (p =0.40, q = 0.60)

90.08

92.33

+2.25

90.29

86.19

-4.10

P10 (p=0.45, q =0.55)

90.08

91.04

+0.96

90.34

80.18

-10.16

P11 (p=0.50, q =0.50)

90.20

91.17

+0.97

90.39

80.73

-9.66

P12 (p=0.55, q =0.45)

90.72

91.17

+0.45

90.64

81.00

-9.64

P13 (p=0.60, q =0.40)

90.98

91.95

+0.97

90.76

84.98

-5.78

P14 (p=0.65, q =0.35)

92.53

94.66

+2.13

91.59

93.13

+1.54

P15 (p=0.70, q =0.30)

93.95

94.66

+0.71

92.70

92.80

+0.10

P16 (p=0.75, q =0.25)

95.75

98.91

+3.16

93.73

99.40

+5.67

P17 (p=0.80, q =0.20)

97.82

98.91

+1.09

94.64

99.40

+4.76

P18 (p=0.85, q =0.15)

97.33

98.92

+1.59

94.95

99.40

+4.45

P19 (p=0.90, q =0.10)

97.33

98.92

+1.59

94.87

99.40

+4.53

P20 (p=0.95, q =0.05)

97.33

91.17

-6.16

94.61

80.61

-14.00

P21 (p= 1.0, q = 0.0)

97.33

98.98

+1.65

94.48

99.29

+4.80

Table 5.13: Comparative Analysis of Ant Faulty Version 3 in terms of APFD and APSC
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RESULTS AND ANALYSIS

Values of p with a
difference of 0.05

Values for APFD Measure

Values for APSC Measure

P1 (p = 0.00, q = 1.00)

A
94.86

AG
95.68

I1 = (AG – A)
+0.82

A
94.50

AG
96.45

I2 = (AG - A)
+1.95

P2 (p =0.05, q = 0.95)

89.72

96.18

+6.46

93.31

95.94

+2.63

P3 (p =0.10, q = 0.90)

89.63

96.18

+6.55

93.43

96.77

+3.34

P4 (p =0.15, q = 0.85)

85.27

96.27

+11.00

91.24

97.17

+5.93

P5 (p =0.20, q = 0.80)

84.68

96.27

+11.59

91.02

97.17

+6.15

P6 (p =0.25, q = 0.75)

84.86

96.18

+11.32

90.94

96.60

+5.66

P7 (p =0.30, q =0.70)

84.77

96.18

+11.41

91.17

97.19

+6.02

P8 (p =0.35, q = 0.65)

84.59

96.18

+11.59

91.04

96.92

+5.88

P9 (p =0.40, q = 0.60)

82.59

96.09

+13.50

90.23

96.93

+6.70

P10 (p=0.45, q =0.55)

82.59

96.09

+13.50

90.23

97.07

+6.84

P11 (p=0.50, q =0.50)

82.72

95.90

+13.18

90.30

96.80

+6.50

P12 (p=0.55, q =0.45)

82.90

96.09

+13.19

90.55

97.20

+6.65

P13 (p=0.60, q =0.40)

85.59

96.36

+10.77

90.90

97.43

+6.53

P14 (p=0.65, q =0.35)

88.40

96.81

+8.41

91.87

97.61

+5.74

P15 (p=0.70, q =0.30)

92.31

96.81

+4.50

92.87

97.61

+4.74

P16 (p=0.75, q =0.25)

94.13

96.81

+2.68

93.74

97.61

+3.87

P17 (p=0.80, q =0.20)

95.49

96.72

+1.23

94.61

96.43

+1.82

P18 (p=0.85, q =0.15)

95.95

96.59

+0.64

94.95

96.90

+1.95

P19 (p=0.90, q =0.10)

95.95

96.59

+0.64

95.03

96.90

+1.87

P20 (p=0.95, q =0.05)

95.40

96.49

+1.09

94.53

97.01

+2.48

P21 (p= 1.0, q = 0.0)

94.86

95.77

+0.91

94.50

96.62

+2.12

Table 5.14: Comparative Analysis of Ant Faulty Version 4 in terms of APFD and APSC
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Values of p with a
difference of 0.05

Values for APFD Measure

Values for APSC Measure

P1 (p = 0.00, q = 1.00)

A
94.70

AG
95.76

I1 = (AG – A)
+1.06

A
97.60

AG
97.73

I2 = (AG - A)
+0.13

P2 (p =0.05, q = 0.95)

93.03

96.96

+3.93

97.19

97.76

+0.57

P3 (p =0.10, q = 0.90)

89.89

96.96

+7.07

96.58

97.76

+1.18

P4 (p =0.15, q = 0.85)

89.89

96.96

+7.07

96.59

97.73

+1.14

P5 (p =0.20, q = 0.80)

89.30

96.96

+7.66

96.54

97.73

+1.19

P6 (p =0.25, q = 0.75)

89.83

96.83

+7.00

96.58

97.58

+1.00

P7 (p =0.30, q =0.70)

92.16

96.70

+4.54

96.66

97.32

+0.66

P8 (p =0.35, q = 0.65)

91.83

96.56

+4.73

96.69

97.27

+0.58

P9 (p =0.40, q = 0.60)

91.29

96.70

+5.41

96.73

97.58

+0.85

P10 (p=0.45, q =0.55)

92.36

96.56

+4.20

96.70

97.50

+0.80

P11 (p=0.50, q =0.50)

92.10

96.43

+4.33

97.18

97.06

-0.12

P12 (p=0.55, q =0.45)

91.56

96.16

+4.60

96.86

97.25

+0.39

P13 (p=0.60, q =0.40)

91.56

96.16

+4.60

96.86

97.27

+0.41

P14 (p=0.65, q =0.35)

92.10

96.16

+4.06

96.92

97.27

+0.35

P15 (p=0.70, q =0.30)

91.29

96.43

+5.14

96.86

97.35

+0.49

P16 (p=0.75, q =0.25)

91.03

96.16

+5.13

96.83

97.23

+0.40

P17 (p=0.80, q =0.20)

91.03

96.16

+5.13

97.01

97.20

+0.19

P18 (p=0.85, q =0.15)

91.29

95.89

+4.60

97.21

97.13

-0.08

P19 (p=0.90, q =0.10)

91.56

96.03

+4.47

97.31

97.15

-0.16

P20 (p=0.95, q =0.05)

91.83

95.63

+3.80

97.64

97.12

-0.52

P21 (p= 1.0, q = 0.0)

94.70

95.76

+1.06

97.60

97.52

-0.08

Table 5.15: Comparative Analysis of Ant Faulty Version 5 in terms of APFD and APSC
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Values of p with a
difference of 0.05

Average values for APSC Measure

P1 (p = 0.00, q = 1.00)

Average values for APFD
Measure
A
AG
I1 = (AG – A)
94.66 96.01
+1.35

A
96.36

AG
97.06

I2 = (AG - A)
+0.7

P2 (p =0.05, q = 0.95)

90.92

95.67

+4.75

94.77

95.36

+0.59

P3 (p =0.10, q = 0.90)

90.47

95.59

+5.12

94.69

95.31

+0.62

P4 (p =0.15, q = 0.85)

89.87

95.52

+5.65

94.29

95.14

+0.85

P5 (p =0.20, q = 0.80)

88.85

95.43

+6.58

93.81

94.99

+1.18

P6 (p =0.25, q = 0.75)

88.37

94.62

+6.25

93.43

93.84

+0.41

P7 (p =0.30, q =0.70)

89.01

94.14

+5.13

93.56

92.06

-1.50

P8 (p =0.35, q = 0.65)

88.67

94.12

+5.45

93.36

91.92

-1.44

P9 (p =0.40, q = 0.60)

87.89

94.27

+6.38

92.99

91.74

-0.55

P10 (p=0.45, q =0.55)

88.01

93.74

+5.73

93.00

89.53

-3.47

P11 (p=0.50, q =0.50)

88.15

93.67

+5.52

93.12

89.37

-3.75

P12 (p=0.55, q =0.45)

88.25

93.95

+5.70

93.17

90.84

-2.33

P13 (p=0.60, q =0.40)

89.10

95.07

+5.97

93.41

94.29

+0.88

P14 (p=0.65, q =0.35)

90.19

95.39

+5.20

93.85

95.44

+1.59

P15 (p=0.70, q =0.30)

91.42

95.55

+4.13

94.39

95.62

+1.23

P16 (p=0.75, q =0.25)

92.80

96.98

+4.18

95.16

97.59

+2.43

P17 (p=0.80, q =0.20)

93.59

97.05

+3.46

95.63

97.42

+1.79

P18 (p=0.85, q =0.15)

94.35

96.98

+2.63

95.97

97.40

+1.43

P19 (p=0.90, q =0.10)

93.88

97.16

+3.28

96.04

97.55

+1.51

P20 (p=0.95, q =0.05)

93.62

95.46

+1.84

96.03

93.75

-2.28

P21 (p= 1.0, q = 0.0)

94.70

96.07

+1.37

95.77

97.14

+1.37

Table 5.16: Comparative Analysis of Apache Ant in terms of Average APFD and APSC
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Figure 5.11: Comparison of Adaptive and Adaptive Genetic approach in terms of APFD
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Figure 5.12: Comparison of Adaptive and Adaptive Genetic Approach in terms of APSC
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5.3 Result Summary
The comparative analysis of adaptive and adaptive approach for all the five mutated versions
of Apache Ant project shows that the adaptive genetic approach shows significant
improvement over the existing adaptive approach in terms of APFD measure for all the pairs
of probabilistic parameters p and q. By the close analysis of Table 5.16, it can also be shown
that the maximum value for APFD measure for any project will approximately be in the range
of P14 to P21.
If the comparison of the purposed approach and the existing approach is done in terms
of APSC measure, the overall results for all the five mutated versions of Apache Ant show
that the adaptive genetic approach shows competitive results for maximum combinations of p
and q. There is also a slight decrement for APSC within the range of P7 to P12. The highest
value for APSC is shown within the range of P14 to P21 in maximum cases as similar to the
APFD measure. So it will be highly beneficial to implement the adaptive and the adaptive
genetic approach for the values within the range of P14 and P21, in terms of APFD and
APSC.

57

CHAPTER 6
CONCLUSIONS AND FUTURE WORK
This chapter concludes the thesis work providing some conclusions and some important
future recommendations in Section 6.1 and Section 6.2 respectively.

6.1 Conclusions
In this research work, an optimized version of adaptive approach using genetic algorithm
for solving the test case prioritization problem and the empirical assessment of the basic
adaptive approach and the proposed adaptive genetic approach is performed on data sets
generated using mutation faults. The effectiveness of the proposed adaptive genetic
approach and the existing adaptive approach is measured at different combinations of
probabilistic parameters p and q (with a difference of 0.05). Based on the results drawn in
the previous chapter, the following conclusions have been identified:


The general comparative analysis of the adaptive and the adaptive genetic
approach in terms of APFD measure shows that the proposed adaptive genetic
approach shows the significant improvement over the existing adaptive approach
for all combinations of p and q.



The comparative analysis of the adaptive and the adaptive genetic approach in
terms of APSC shows that the proposed adaptive genetic approach shows the
competitive results over the existing adaptive approach for maximum
combinations of p and q, and for the remaining cases, the proposed approach
shows the slight decrease in the value for APSC measure, over the existing
approach.



If we consider the impact of differentiated values of p and q on the effectiveness of
both approaches, then it quite clear that the maximum value for APFD can be
obtained within the range of P14 and P21 for both the approaches.



Also, in terms of APSC, the maximum value can be obtained within the range of
P14 and P21 for both the approaches.
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6.2 Future Work


As in our work, the experimental study is performed on limited number of test cases
and statements, so there is a need to validate our proposed approach and its
comparison with the adaptive approach using different projects with large number of
test cases and statements in future.



Also, the future work can address the problem of deciding the differentiated values of
the parameters p and q without the assumption of p + q = 1.



There can be the consideration of dynamic coverage information of test cases for the
prioritization of test cases.



There can also be the comparison of adaptive and the adaptive genetic approach on the
basis of time and cost factor using different type of coverage information other than
the statement coverage information.



Instead of genetic algorithm used in this paper, future work can include the other
optimization techniques like PSO, Genetic algorithm with different fitness functions,
Ant colony and Bee colony optimization approaches to solve the test case
prioritization problem.



Future work can also include the prioritization of test cases based on branch or method
level adaptive and adaptive genetic approach.
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