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ABSTRACT 

Leading-edge technologies demand software to be built on a solid foundation of 

requirements, development processes, project management methodologies and quality 

practices. Such software-intensive systems demand high-quality product. However, it is 

estimated that software developers approximately spend half of the development cost 

and time on testing to release a quality product. Better software testing practices can cut 

down the cost incurred to develop quality products and also avert software failures. 

Regression testing is an important testing procedure used in validating modifications 

introduced in a system during software maintenance. It is expensive, yet an important 

process. As the test suite size is very large, system retesting consumes a large amount of 

time and computing resources. Unfortunately, there may not be sufficient resources to 

allow for the re-execution of all test cases during regression testing. This leads to 

focusing on proper test optimization techniques. Test suite reduction and test case 

prioritization are such techniques that address the problem of optimizing test suites. Test 

case optimization using reduction and prioritization techniques aim to improve the 

effectiveness of regression testing. Test suite reduction minimizes the test suite size by 

discarding duplicate and obsolete test cases according to some selected test criteria.  

Whereas, prioritization re-orders the test cases so that the most beneficial test cases are 

executed at the earliest, with higher priority.  

In regression testing, software testing and retesting is done frequently. Growing of 

software in regression testing add a new test case to test new functionality, which is 

added to the existing software. These evolutions of software, which is denoted as 

version, create a redundant test case in the test suite. Test case becomes redundant due 

to more test cases satisfying the same requirement or covering same code. Availability 

of limited resources and time force to detect those redundant test cases which exercise 

the same requirement. The process of removing these redundant test cases is called as 

test suite minimization. The reduced test case which is derived after removal of a 

redundant test case is called as a representative set. 
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Test case prioritization techniques organize the test cases in a test suite, allowing for an 

increase in the effectiveness of testing. A primary performance goal of the system, the 

fault detection rate, is a measure of how quickly faults are determined during the testing 

process. An improved rate of fault detection can provide faster and productive feedback 

about the quality of the software application under test. 

The details of the literature study reveal that the most of the reduction and prioritization 

strategies proposed in the literature are coverage based which do not always give a 

satisfactory result in terms of fault detection rate. Moreover, few reductions and 

prioritization strategies consider the similarity-based approach to optimize the test 

cases. The study also suggests that the use of multiple coverage criteria is very 

beneficial for the optimization process. This recommends that a combination of more 

than one testing criteria should be used for determining the optimal representative set, 

thus promoting the multi-objective heuristics to solve the optimization problem 

effectively. 

In this sense, the main objective in this thesis is to improve the process of test suite 

optimization by proposing a strategy based on similarity and multi-coverage criteria in 

the context of code based testing aiming to maximize the fault coverage. In the context 

of minimization or reduction, the idea is to identify the degree of similarity among the 

test cases and keep in the suite the most different ones that together can meet a set of 

test requirements, and at the same time maintaining some redundancy in the reduced 

suite with the applicability of the multiple criteria. Whereas, similarity-based test case 

prioritization techniques primarily concentrated on test case diversity that helps to 

detect more faults. The technique evaluates the similarity degree for each test case pair 

and accordingly assigns the execution order to the test cases in a test suite.  

This thesis presents a new similarity-based greedy approach, which involves the 

combination of regression testing techniques: minimization, and prioritization both. The 

main focus is on multiple regression activities with multiple criteria rather than using 

only a single activity to produce an optimal solution. The clustering method is also 

incorporated in this work, which could simplify and enhance the minimization and 

prioritization task. To evaluate the effectiveness of the strategy, we performed an 

experimental investigation together with an eminent heuristic Harrold Gupta and Soffa 

(HGS), considering the testing measures of the minimized test suite size and fault 
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coverage. The results show that similarity-based greedy approach with multiple 

coverage criteria can be quite effective in terms of fault detection loss of reduced test 

suite without much affecting the percentage of suite size reduction. 

A new similarity-based test suite optimization (SB-TSO) algorithm using multiple 

coverage criteria is proposed in this thesis. The approach identifies the diverse test cases 

by comparing the distances between the test case pair with the help of three important 

coverage criteria i.e. statement, branch, and MC/DC. A cluster of similar test cases is 

generated using agglomerative clustering method. Within each cluster, optimal test 

cases are identified and to make the representative test suite more effective the test cases 

are ranked according to their assigned weight. To assess the effectiveness of the 

proposed approach, performance is evaluated and compared to the existing approaches. 

The result shows that the proposed method generates more optimal test cases that satisfy 

maximum coverage, minimum FDE loss, and overall size is also reduced. 

This thesis presents several similarity-based prioritization techniques based on pair-wise 

selection strategy. Pair-wise comparison of test cases is a fundamental strategy to 

inspect test cases and choose an association between them in a finite test set. The 

proposed approach evaluates the similarity degree for each test case pair in three levels 

and accordingly assigns the execution order to the test cases in a test suite. The results 

of the experimental study show the improvement in fault detection rate that let 

developers initiate debugging and amending faults before the release of any software 

product. The comparative analysis reveals that some of the proposed techniques can 

attain higher fault detection rate, in terms of APFD, in comparison with the other 

existing techniques and random ordering. 

The proposed approaches have been validated using ten different software programs. 

The applications were developed in C++ and necessary test cases were designed and 

executed for getting test related data such as code coverage in terms of statement, 

branch and, MC/DC. To collect the coverage information of test cases for each selected 

criterion, the subject program and the source code were instrumented. The proposed 

approaches also use hand-seeded faults for the subject programs to measure the fault 

detection rate of the optimized test suite. 

The results of the experimental study show that the proposed approaches efficiently 

optimize the test suite by identifying the optimal subset of test cases from a large pool 
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of test cases and reordering the test cases to improve the FDE thereby enhancing the 

quality of software under test. 
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Chapter 1 Introduction 

1.1 Background 

The software is a fundamentally vital and the most significant part of any computer 

system. A system can't perform without software that controls their functionalities and 

influences it to do valuable work. A computer without software is pointless, much the 

same as an auto without somebody to drive it. The software products are widely used in 

various critical real-time based applications such as aeronautics, astronautics, nuclear 

technology, navigation and other control operations. To make the software product 

quality one (robust, reliable, scalable, safe and secure), the organizations around the 

globe are spending lots of efforts and their resources. 

A major problem for any software organization is to develop error-free software 

product. Therefore, ‗software crisis‘ has become a fixture of everybody lives with many 

well-publicized failures, which has not only become a cause of economic loss but also a 

loss of life. The Explosion of the Ariane 5 Rocket, The Y2K Problem, Experience of 

Windows XP, The USA Star-Wars Program etc. is an example of some drastic failures. 

During the software development process, Software Requirements Specification (SRS) 

for Software Products has been set to explain the intended use of the product. To fulfill 

the customer‘s requirements is one of the most important tasks for any software 

development organizations. Software development has been a manual process for a long 

time. Errors are a part of human‘s daily routine. They make errors in their thoughts, in 

their actions, and that might affects the quality of any software product. For example: 

misinterpretation in user requirements, violations in rules of the system design, or 

insensitive mistake by the programmer during coding etc. There are other various 

sources of program errors are possible during the software development process. 

Therefore, regardless of putting much care and best effort in the design, development 
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and coding phase of the software development life cycle, a few errors may stay in the 

product after its completion. 

Because of technological development and competitiveness in business, software 

continues evolving. One of the real key components for any successful software 

development is the prompt delivery of the software product to the customer. Developers 

are aimed to develop quality software with the help of modern technology and powerful 

tools. But, the occurrence of human errors is unavoidable and this resulted in the 

disastrous failure of the final software product. Testing the software is the only way to 

reveal the human errors that determine whether the errors are in human thought, actions 

and in the software product generated. Research has demonstrated that no less than half 

of the total software costs are included in the testing activities (4, 7, 13, 41). 

Software testing is an activity that aims to evaluate a system attribute or component 

under specified conditions to observe and ensure that the desired results are produced or 

not. Also, in light of that, an assessment is to be made for some part of the system or 

component (IEEE Standard 610.12-1990) [40]. Software testing is the most important 

and expensive technique used to decide; whether the quality of the software system is 

acceptable or not; whether the software meets all the customer requirements or not; 

whether the product meets functional and no-functional objectives or not; and whether 

the product meets the production standards or not. It is mainly the execution of a test 

object with the purpose of finding errors by a number of test cases. Testing can show 

the presence of errors but not their absence [22]. Accordingly, the primary challenge 

here is to design an error revealing test case that eventually determines the scope and 

quality of the testing process. Even though achieving zero-defect quality software is the 

ambition, it is not possible in reality [12]. 

According to the study of the National Institute of Standards and Technology (NIST), 

the cost of insufficient infrastructure for software testing is estimated to be $22.2 to 

$59.5 billion [14]. These studies illustrate the requirement for an optimization approach 

in the software testing process to reduce the number of resources without compromising 

the quality. Therefore, the significance of software testing optimization has increased in 

recent years as clients/customers require the fast development of quality software.  

Rapid changes in the market with high competition and development of new tools and 

technologies also require optimization approach that improves the testing efficiency. 
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1.2 Need for Software Testing  

Software testing is defined as ―the process of executing the program with the intention 

of finding errors along with establishing confidence that the given program behaves as 

per specified requirements and function correctly‖ [15]. Software testing has two major 

roles in the software development process. The first role is to reveal the bugs from the 

SUT (Software under test) and the second is to validate that the SUT performs correctly 

or not. Tassey [14] suggested that by improving software testing infrastructure, almost 

one-third of the loss can be positively reduced that are caused by software errors.  So, a 

well-designed testing process improves the rate of successful delivery of quality 

software product that performs as per the customer‘s requirements under all 

circumstances. The testing process is very expensive and time-consuming task but 

releasing any software without being tested is undeniably more costly and dangerous. 

Hence testing is very essential to enhance the quality of any software product by 

thoroughly testing them at various steps of the development process. It was assessed 

that product testing and debugging alone devour right around half of software 

development resources [8].  

The main issue of the above discussion is that serious issues can arise after releasing the 

software product without adequate testing. To find the maximum errors in the initial 

steps of the development cycle is one of the approaches to control the testing cost. The 

cost of identifying and removing those errors will be very reasonable as compared to 

identifying them in the later phases or at the end of the development process. Software 

testing is an investigation conducted to provide stakeholders with information about the 

quality of the product or service under test. The cost to fix the errors is increasing 

drastically from the specification phase to testing and then at last to the maintenance 

phase as displayed in Fig. 1.1. If this cannot be detected even during testing and the 

customer found it later after release, the cost becomes very high. We are quite unable to 

predict the cost of failure for a real-time based applications software. The world has 

seen many catastrophic failures and these failures are quite expensive for software 

organizations.  
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Figure 1.1 Phase wise cost of fixing an error [39] 

Software testing provides an objective, independent view of the software to the business 

to rise and understand the risks of implementing the software. Software testing can be 

stated as the process of validating and verifying that a computer 

program/application/product fulfills the given requirements as mentioned by customers 

and also satisfies the needs of stakeholders or not. Verification and Validation are used 

interchangeably. The Institute of Electrical and Electronics Engineers (IEEE) has given 

definitions of both the terms which are generally accepted by the testing community.  

Verification: ―Whether the products of a given development phase satisfy the 

conditions imposed at the start of that phase‖. It is the process of reviewing the 

documents of the software project like requirement document, design document, source 

code etc. produced after the accomplishment of each development phase.  

Validation: ―Whether the system or component satisfies the specified requirements 

during or at the end of the development process‖. It is a dynamic testing and needs 

actual execution of the given program. 

Therefore, software testing comprises of both verification and validation.  

Testing = Verification + Validation 
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Figure 1.2 Errors, faults, and failures in the process of programming and testing [39] 

1.2.1 Fault, Error, Bug and Failure  

When a human makes an error during programming/coding, this termed as a ‗bug‘. 

Hence, an ‗error‘/ ‗mistake‘/ ‗defect‘ occurs in the process of writing a code is called a 

bug. A ‗fault‘ is the representation/expression of one or more errors. Execution of faulty 

code leads to ‗failure‘ or to the incorrect state. Depending upon the different 

combination of inputs, a particular fault may cause different failures. When there is a 

difference between expected and observed behavior, then this means that failure has 

occurred. Fig. 1.2 illustrates the meanings of the above-discussed terms and clearly 

shows the difference in observed and desired behavior.  
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1.2.2 Test, Test Case and Test Suite 

Test and Test Case are may be used interchangeably. A test case comprises of inputs 

given to the program and expected outputs. The observed output(s) with the expected 

output(s) are compared to determine that the test case is successful or not. If the output 

is the same, the test case is successful, otherwise, the failure occurs and it should be 

entered correctly to find the cause of that failure. A good test case is one that has a high 

probability of revealing faults in a program. Therefore, testers should first identify the 

weak points of the program and design the test cases accordingly. The group of test 

cases or any combination of test cases is known as a test suite.   

1.2.3 Testing Methods 

For effective testing, test cases are generated by a number of different testing techniques 

[22]. Test cases are responsible for making software complete by finding maximum 

errors with different testing conditions. Therefore, the testers do not estimate that the 

test case and testing techniques should be chosen to enable them to systematically 

prepare the test conditions [56]. Apart from this, the combination of testing techniques 

can give improved outcomes than the use of a single testing technique [57]. The testing 

approaches used in practice can be categorized in two different perspectives: 

 Black box testing 

 White box testing 

Black Box Testing 

Black box testing is also known as a functional testing. The tester design the test cases 

based on the functionality of the software program and the internal structure or 

knowledge of source code are completely ignored. Normally, during black box testing, 

the tester interacts with the system's interface by providing valid or invalid inputs and 

examines the output without knowing it how the input works (Figure 1.3).  
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Figure 1.3 Block diagram of black box testing 

 

White Box Testing 

White box testing is more technical than black box testing and also known as structural 

testing. It requires detailed study of internal logic and structure of the source code to 

generate test cases.  In order to perform white box testing, the tester needs to thoroughly 

examine the source code to understand the internal workings and other implementation 

details of the code (Figure 1.4). It allows a tester to recognize which section of the 

source code is performing inappropriate. White box testing is a verification technique. 

Here source code becomes the base document to inspect the internal structure of the 

program and it also requires a good knowledge of program structure [12, 39]. Many 

white box testing techniques are available and some of them are Control-flow testing, 

data flow testing and mutation testing. Test requirements required for these techniques 

may include statement coverage, def-use coverage, path coverage etc. 

The major structural testing techniques can be broadly classified as: 

 Statement testing: It is a test strategy in which each statement of a program is 

executed at least once 

 Branch testing: Tests all branches in the source code at least once 

 Path testing: Tests all paths in the source code at least once 

 Condition testing: Allows the programmer to determine the path through a 

program by selectively executing code based on the comparison of values 
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 Expression testing: Tests an application for different values of a regular 

expression 

 Data flow testing: Focuses on the flow of variables used within a program. 

 

 

Figure 1.4 Block diagram of white box testing 

 

The main objective of software testing is to find out the failures to detect and improve 

the defects before deployment. We must define the testing requirements of the program 

prior to performing testing [9]. Then, according to the requirements we have to design 

test cases to satisfy them. With the advancement of software, size of test suite grows, 

which also increases the possibility of the existence of duplicate and obsolete test cases 

in a test suite. Because the cost of running and maintaining the test suite is high, it is 

quite beneficial to produce representative subsets of test cases to meet all the test 

requirements. To evaluate the adequacy of any test suite, coverage criteria can be used. 

In essence, the coverage criterion defines a set of test requirements that a test suite 

should be exercised and for each testing requirements, a suitable test case is generated 

and then evaluated accordingly. As the software system enhances, the efforts and 

resources required during testing also increase in terms of the number of test cases, 

time, cost and manpower. It is extremely difficult to test software on all input datasets; 

hence optimization of the test suite is mandatory that generates a small subset of test 

cases that have the same fault revealing ability as the original one. 
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1.3 Regression Testing 

Regression testing is to be performed in two cases: (a) addition of new 

component/module in the existing system or (b) some corrections/modifications in the 

system, which may affect other features of the existing software system. So, the purpose 

of regression testing is to re-establish the confidence that the newly introduced features 

or any function in the updated software program have not badly affected existing 

features. It ensures that the previous program code still working properly or not after 

some modifications. Software regression testing processed continuously during the 

software development and maintenance of evolving software. Maintenance requires 

some modifications, which leads to growth in software and it results in an increment in 

test suite size. Over time, some test cases in a constructed test suite may become 

redundant, because the test cases created specifically for some selected testing criteria 

may also satisfy other requirements, and a requirement may still satisfy by some of the 

proper subsets of the test suite. Two test cases are termed as duplicate or redundant if 

their satisfied testing objectives are same. On the other hand, some of the test cases are 

termed as essential if their testing objective is unique. So, the prime objective is to 

remove the duplicate test cases and extract the essential or diverse test cases to generate 

the optimal test suite. In the maintenance phase, regression testing works as a major 

component. Retesting of the program is most of the time as tedious as the original test.  

It means if the modification causes the existing functional part of the program to fail, 

this error often goes undetected. To solve this problem we can use retest-all approach 

[37].  

Regression test must be conducted once the software modification has been carried out. 

However, as software grows after required modifications, the test suite also grows 

accordingly, which means it may be too costly to execute the whole test suite. The 

testers cannot get enough resources and sufficient time to successfully perform a 

regression test. This problem forces the researcher to think about the development of 

those optimization techniques, whose purpose is to reduce cost and effort required for 

regression testing in so many ways. Figure 1.5 presents a basic flow diagram of 

regression testing process. 
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Figure 1.5 Regression Testing Process 

 

Regression testing can be characterized by Progressive Regression testing and 

Corrective Regression testing [38]. Progressive Regression testing involves changes of 

requirement specifications because of new enhancement or new data requirements in a 

system. In contrast, Corrective Regression testing does not involve changes in 

requirement specifications, but only in some design decisions and actual instructions of 

the program [37].  

1.4 Need for Regression Testing  

In addition to the software development and testing, software maintenance is also an 

important and widely accepted part of SDLC (Software Development Life Cycle) in the 

domain. The IEEE Standard 1219-1993 [30] has defined software maintenance as the 

―modification of a software product after delivery to correct faults, to improve the 

performance or other features, or to adapt the product to a modified environment‖ [6]. 

Figure 1.6 shows the maintenance process defined by IEEE standard. Software 

programs, although initially well-written, are subject to unavoidable changes. The 

changes due to changed requirements instigate the software programs to be modified 

accordingly. The improvements related to any new version of the existing software also 

require modifications in the software programs. Similarly, when new features are added 

to the existing software, it requires changes in programs as well. Effectiveness and 

utility of any software project prominently depend on how the changes or modifications 
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in the software programs are managed. Regression testing can be considered as an 

important evaluation technique to manage and revalidate the changes in the software 

programs. 

In software regression testing, to maintain the effectiveness of the test suite is also one 

of the important and challenging tasks that are performed by testers.  A test suite is 

generated to validate any software product and reused to check each successive release 

of that product.  

 

Figure 1.6 IEEE Standard 1219-1998 Software Maintenance Process [40] 

In IEEE standard a test case is defined as a set of test inputs, condition, and expected 

results generated to achieve specific objectives such as to cover certain path or 

requirement. The output of the executed test illustrates whether it meets the customers 

and system requirement or not. The collection of test cases is termed as a test suite and 

its quality depends on mainly two factors i.e. size and fault coverage.  To test an 

updated version of the software, new test cases are added to the existing test suite and 

that results in suite size increment. The execution of the whole test suite is very time 

consuming and costly as well. Therefore, different regression testing techniques are 

proposed to optimize and generate more effective test suite, which is of three categories 

namely test case selection, test suite minimization and test case prioritization. 
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Regression testing in software maintenance is an expensive but necessary activity and 

this almost consumes half the time spent on software maintenance activities. To 

improve the time and expenses required in software maintenance, there is a need to 

improve regression testing techniques. Empirical studies have proved that by optimizing 

the test suite, the performance of the regression test can be substantially improved. 

Since regression testing is a very expensive task, superfluous execution of duplicate and 

obsolete test cases will increase the avoidable cost. Therefore the resolution is to select 

the best test cases and to remove inappropriate, unnecessary ones, which in turn leads to 

the optimization of test cases [11]. 

1.5 Test Suite Optimization 

Testing is a very expensive process as well as an important task of the SDLC, through 

which we add some value to the software program. Inadequate testing is one of the 

major cost factors. Testing efforts, often consume more than half of the overall 

development resources. Early detection of faults and failure reduces maintenance costs 

as well as requires fewer corrections [32-33]. According to the IEEE definition [20], a 

test case is a collection of input data given to the program and expected output results 

created to evaluate a software function or test requirement. It is hard for a single test 

case to satisfy the coverage of entirely given test requirements. That is why; a number 

of test cases are generated and collected in a test suite [35]. Because of the extensive use 

of testing to measure the quality of the software, one of the challenges faced by 

organizations is the test suite optimization [36]. Test suite optimization aims at finding 

the best subset of test cases from the current test suite to do regression testing on 

updated software programs. Test case selection, minimization, and prioritization are 

some of the activities that are involved in test case optimization. A brief description of 

each optimization technique is presented here. 

Test cases minimization is a selection of the smallest subset the test cases from a pool of 

test cases to be audited for a program. Test suite reduction seeks to reduce the number 

of test cases in a test suite while retaining a high percentage of the original suite‘s fault 

detection effectiveness. Test suite minimization techniques seek to reduce the effort 

required for regression testing by selecting an appropriate subset of the test suite. 
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Test cases selection also finds minimal cardinality subset of test cases from the pool of 

test cases. One major difference between test cases minimization and test case selection 

is that test case selection chooses a temporary subset of test cases, whereas test suite 

minimization reduces the test suite permanently based on some external criterion such 

as structural coverage. 

Test case prioritization techniques try to find an ordering/ ranking of test cases so that 

some test case adequacy can be maximized as early as possible.  

Minimization and prioritization of test cases are one of the two important solutions to 

the problem of test case optimization. So far several research works have been carried 

out to optimize the test cases using these techniques. However, all of them have focused 

on single criteria to minimize or prioritize the test cases. Conducting a regression test 

based on single criteria is not more effective. One of the effective methods to conduct 

regression testing is executing the test suite by covering multiple criteria using a single 

test case order so that more than one performance goal will be achieved in a single 

regression test process. The overall aim of the thesis is to optimize test cases for the 

regression testing by employing multiple factors. 

1.6 Motivation 

Test suite optimization is more interesting and important due to many reasons. First of 

all, it reduces the total execution time of a test suite to test any software in a limited 

time. Secondly, the generation of effective test cases improves the coverage and fault 

detection ability of test suite during regression testing. During regression testing, it is 

quite infeasible and even costly to run a large number of test cases to test any new and 

modified part of the software program. An effective way to optimize the test suite is to 

discard the duplicate and obsolete test cases and to retain the most essential test cases in 

a test suite. By distinguishing between redundant and essential test cases and dealing 

with them reduces the cost, effort and the risk of losing reliability of test suite. 

However, in the case of minimization, it may be effective to minimize the test suite, but 

not guaranteed the fault detection effectiveness (FDE) [26, 28]. So, the reduction is 

done in such a way that there should be no or less fault detection loss. Whereas, 

regardless of minimizing the test suite size early fault detection is also important while 
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doing regression testing that is entirely dependent on the execution order of test cases.  

Early detection of faults, quick delivery of software product etc. is the result of a good 

order of test cases. Test case prioritization schedules the test cases in such a way that if 

the test cases executed according to the given order, it maximizes its effectiveness to 

meet some specified criteria. Here criteria are some goal that is established by tester 

according to their requirement and expertise. In this manner, early fault detection leads 

to early debugging process so as to reduce the software maintenance cost.  

The minimization and prioritization techniques basically divided into two categories: 

Coverage-based and Similarity-based. Coverage based techniques have gained wide 

attention but they do not always give a satisfactory result [27, 29]. In recent years, the 

similarity-based approach has to gain popularity among researchers. The purpose of 

similarity-based techniques is to maximize the diversity (i.e., minimize the similarity) of 

selected test cases. Where, the diversity between a pair of test cases is computed 

through any of the chosen distance measures. Selection of the distance/dissimilarity 

measure may directly influence the performance of test suite optimization strategies. 

The core idea behind this approach is to select the most dissimilar subset of test cases 

rather than focusing on maximizing code coverage and group them accordingly for 

further test case minimization or prioritization process. Consequently, this will increase 

the chance of detecting faults as early as possible if we maximize the diversity of the 

test cases. The similarity-based approach can be applied to both the minimization and 

prioritization techniques.  

The empirical study reveals that research on similarity-based minimization and 

prioritization techniques are done using single criteria [30, 31].  Multi-criteria 

formulation of the test suite optimization problem may produce better results in terms of 

coverage as well as minimum fault detection loss with early fault detection rate. The 

observations made out of the literature study, have motivated this research work to 

propose a new framework for test suite optimization based on similarity approach. This 

approach results in the reduction of overall costs associated with regression testing. 
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1.7 Problem statement and objective  

As software grows, testers perform regression testing to validate the updated software 

before their release. The main aim of regression testing is to check new features and 

make sure that the changes lead to new faults into the existing software or not. For the 

above purpose, new test cases are also added to the existing test suite to test new 

features and that results in obvious suite size increment. However, executing all the test 

cases is infeasible and expensive for testers.   

With the aim of optimizing the test suite, many researchers proposed different 

regression testing techniques; such as test case selection, minimization, and 

prioritization techniques by using different approaches. Majority of the existing 

minimization tools and framework consider code coverage information of the software 

to be tested as a base to determine the minimized test suite. Coverage based test suite 

reduction techniques have gained wide consideration but they do not always give a 

satisfactory output. Empirical studies, however, reveals that code coverage may not the 

strong criteria for test suite effectiveness. To address this problem, a number of 

techniques and framework have been proposed to make the reduction process more 

effective which is based on test case classification according to similarity degree 

measured by a distance function. Diversity and similarity-based test case selection and 

prioritization are one of the new approaches with the favorable output. In a similarity-

based approach, optimization of the test suite is processed on the basis of the calculated 

similarity degrees between test case pairs. So, the study suggests that use of similarity-

based approach could be a better option for effective regression testing. 

Instead of using single coverage criteria, use of multiple coverage criteria to calculate 

the distance between the pair of test cases is quite beneficial to generate optimal test 

cases. The purpose of coverage criteria is to measure the adequacy of test suites and its 

quality. Thus, the process of minimizing/prioritizing the test cases with respect to 

certain coverage criteria preserves the adequacy of the suite with respect to those 

criteria. But, discarding the test cases that are selected as a duplicate/ unnecessary 

according to a specific criterion may not be sufficient and may execute unique condition 

with respect to another criterion. The ignorance of such essential test cases can be the 

reason of fault detection loss. This recommends that a combination of more than one 
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testing criteria would be worthwhile for determining the optimal representative set, thus 

promoting the multi-objective heuristics to solve the optimization problem effectively. 

The aim of test suite optimization is to reduce the size of the test suite to be assessed by 

discarding unessential test cases and improve the effectiveness and quality of test suite. 

So, test cases minimization and prioritization are one of the approaches that improve the 

quality of testing by optimizing size and fault detection ability of test suite. It will 

automatically reduce the cost and efforts requisite for software regression testing. Thus 

the focus of our work is to develop an optimization approach that can improve the 

regression testing process by reducing the size of test suite without compromising their 

fault detection ability and can also improve the APFD (Average Percentage of Fault 

Detection) value by scheduling the execution order of test cases. Use of similarity-based 

approach with multiple criteria for minimizing and prioritization of test cases are also 

another major objective, which ultimately improves the effectiveness of regression 

testing.  

1.8 Contributions of the Research 

This dissertation makes the following contributions: 

It reviews the relevant literature on regression testing with a greater focus on 

minimization and prioritization. 

It presents a novel similarity-based greedy approach to identify duplicate test cases 

using distance metric. It also uses a clustering approach for test suite minimization. 

It presents a similarity-based test suite optimization framework using multiple coverage 

criteria to get optimal test cases. 

It proposed a pair-wise similarity-based approach for test case prioritization using 

distance metric. 

Each work is empirically or statistically validated on ten sets of data to evaluate the 

performance of the proposed work which makes the proposed work socially acceptable.  
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1.9 Organization of Thesis 

The thesis is organized as follows. 

Chapter 1 provides a detailed introduction to testing and the importance of software 

testing. The regression testing and their need are described. Some issues related to 

regression testing and about test suite optimization are also presented herewith. The 

motivation behind this work and problem statement with objective are described. Major 

contributions of the thesis are also included. 

Chapter 2 provides the basic introduction to regression testing and their techniques. 

The chapter discusses test suite minimization and test case prioritization. Categories of 

test cases and different coverage criteria are also briefly explained. A detailed section is 

provided on the core topic of the thesis i.e. about test case optimization. This chapter 

also covers the comparison between coverage based and similarity-based approach. 

Various distance measures, performance measures are also discussed in this chapter. 

Chapter 3 provides a review of related research literature on the core topic of the 

thesis. The chapter presents a survey of studies on test case minimization and test case 

prioritization. A detailed study of research works on similarity-based minimization and 

prioritization is provided.  

Chapter 4 presents the proposed similarity based greedy approach to get an optimal test 

suite. In order to evaluate the quality and effectiveness of the proposed approach, the 

experiment is conducted on a sample of the subject programs. The well-known standard 

greedy approach i.e. HGS algorithm is implemented; to compare the results of 

optimized test suites using the proposed similarity-based test suite optimization 

algorithm with those of minimizing test suites using the HGS algorithm. 

Chapter 5 presents the proposed similarity based test suite optimization approach for 

effective regression testing. The chapter introduces a novel approach that incorporates a 

similarity-based strategy with multiple coverage criteria to get an optimal result. The 

approach uses three coverage information i.e. Statement coverage, MC/DC coverage 

and branch coverage to construct a similarity matrix by calculating the distance between 

test case pairs.  Various statistical studies are carried out to show the acceptability of the 

framework. 
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Chapter 6 presents the pair-wise selection strategy to prioritize the test cases in 

regression testing. A similarity-based approach is used to identify the difference level 

between a pair of test cases which quantitatively illustrates that how much the test case 

pair are similar or diverse to each other. The proposed approaches or techniques 

reorganize the execution order of test cases based on the similarity value of test case 

pairs computed in three levels. Each level represents the integration of selected 

coverage criteria. Statistical validation is carried out to make the approach acceptable in 

the society. 

Chapter 7 includes the major conclusions and future scope of work. In this chapter, 

major research findings and their significance are presented in detail. Future plans for 

extending the study are discussed. 
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Chapter 2 Regression Testing 

2.1 Background 

Software testing is the process of demonstrating that a software program executes its 

intended function as expected. The primary opportunity for any testing team is to 

deliver quality software while maintaining the development cost as well. During the 

testing process, the program is executed on the test cases, and the observed outcome is 

compared with the expected outcome [4, 16, 17]. The goal of software testing is to run 

the software program according to the test plan, discover the faults that cause failures, 

and improve the software quality by removing the discovered faults. It is a very 

expensive process as well as the important task of the software development lifecycle, 

through which we add some value to the software program. Adding some value means 

improving the quality and reliability of the program. 

Inadequate testing (not properly examine) is one of the major cost factors. Early 

detection of faults and failure reduces maintenance costs as well as requires fewer 

corrections. In software testing, the testing requirements are gathered from Software 

Requirement and Specifications (SRS). Once a set of requirements is found, a test set is 

generated to fulfill the requirements manually or automatically [18, 19]. According to 

the IEEE definition [20], a test case is a collection of input data and expected output 

data, which are mainly created to evaluate a particular software function by executing 

the software against these. With the help of a single test case, the tester cannot check the 

coverage of given requirements. That‘s why; there is a need for a test set or test suite 

(collection of test cases) to be generated [21]. A test case in a test suite either said to be 

redundant or essential. Two test cases are termed as duplicate or redundant if their 

satisfied testing objectives (testing requirements or criteria) are same. On the other 

hand, some of the test cases are termed as essential if their testing purpose is unique (not 
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satisfied by remaining test cases). This chapter discusses the important regression 

testing techniques that are responsible for test suite optimization. The chapter is 

organized as follows. The second section presents the basics of regression testing. The 

third section presents types of regression testing techniques. The most significant topic 

in this chapter is about test suite minimization and prioritization techniques. The 

fundamental concept of minimization and prioritization techniques is presented in the 

fourth and fifth section. The sixth section presents some important distance metrics that 

are used to calculate the similarity level between test cases in the optimization process. 

This section also presents some important performance measures to evaluate the 

effectiveness of the proposed work. 

2.2 Regression Testing 

Regression testing is defined as ―the process of retesting the modified parts of the 

software and ensuring that no new errors have been introduced into previously tested 

code‖ [1]. Regression testing is performed on modified software to ensure the correct 

behavior of the software and the absence of any adverse effect of the modifications on 

the software quality. To understand software regression testing, consider a development 

cycle of a program as shown in Figure 1.1. The Figure shows a highly simplified 

develop-test-process lifecycle of a program P, which is referred to as Version 1. While 

P is in use, there might need to add new features, remove any reported errors, and 

rewrite some code to improve performance. Such modifications lead to P', referred to as 

Version 2. This modified version must be tested for any new functionality. However, 

when making modifications in P, developers might mistakenly add or remove code, 

which affects the existing and unchanged functionality of P. One performs regression 

testing to ensure that any malfunction of the existing code could be detected and 

repaired prior to the release of P' [23]. 

It should be obvious from the above description that regression testing can be applied in 

each phase of software development. Regression testing is also needed when a 

subsystem is modified to generate a new version of an application. When one or more 

components of an application are modified, the entire application must also be subjected 

to regression testing. 
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Figure 2.1 Two phases of product development and maintenance 

However, regression testing requires an excessive number of test cases for testing any 

new or modified functionality of the program. 

2.2.1 Categories of test cases 

Leung and White [38] give a classification of the test case (see Figure 2.2) and 

regression testing systematically. Regression testing as: 

1. Progressive regression testing: Whenever new improvements or new 

functionalities are incorporated in a software system, the specification will be 

modified to reflect these additions. It involves major modifications such as: 

adding and deleting modules. This testing usually performed during adaptive 

and perfective maintenance and invoked at regular interval. Fewer test cases can 

be reused here. 

2. Corrective regression testing: The specification does not change after any 

modifications or enhancements in the system. It involves some minor 

modification such as addition and deletion of statements, modifications in design 

decisions etc. This is usually performed during development and corrective 

maintenance and invoked at an irregular interval. Many test cases can be reused 

here.  

Leung and White classify test cases into five different groups. 

1. Reusable: This class of test cases only executes the parts of the software 

program that remain unchanged between two versions P and P0. However, they 
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are termed as reusable because they may still be reused for the regression testing 

of the updated versions of program P0. 

2. Retestable: This class of test cases executes the parts of program P that have 

been changed in P0. Thus, retestable test cases must be re-run to test P0. 

3. Obsolete: This class of test cases no longer proves what they were designed to 

test due to modifications in the program.  

The RTS techniques have accomplished regression testing by identifying the test cases 

that need not be rerun on a new version of the software [39]. Let us examine the RTS 

technique using Figure 2.3. Let P denote Version X that has been tested using test set T 

against specification S. Let P' be generated by modifying P. The behavior of P' must 

conform to specification S'. Specifications S and S' could be the same and P' is a 

resultant of removing faults from P. 

 

 Figure 2.2 Corrective and Progressive Regression Testing 

 

 

Figure 2.3 The RTS Problem 
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After the modification, two new groups or classes may be created which contains those 

test cases that have yet to be generated for the regression testing of P0. 

4. New-structural: This class of test cases tests the modified or updated program 

constructs. They are usually created for structural coverage of the modified parts 

in P0. 

5. New-specification: This class of test cases tests the new code generated from 

the modified parts of the requirement specifications of P0. 

2.3 Regression Testing Techniques 

Regression testing executes existing test cases on the modified program to assure that 

the changes cannot affect the functionality of the previous program. With the rapid 

advancement in the software systems, the test suite size usually grows very large [110] 

and it may contain obsolete and redundant test cases as well. It may be very cost 

effective to re-run the whole test suite within limited time and resources. It is quite 

effective to eliminate such unessential test cases from a test suite to reduce the cost and 

effort required for regression testing. Usually, there is a strict requirement of 

optimization approach to improving the quality of regression testing.   

 Many regression testing techniques, such as test case selection, minimization, and 

prioritization have been proposed to optimize the process of regression testing [37]. Test 

case selection and minimization makes the regression testing more effective by 

executing a subset of the existing test suite. Test case prioritization ranked the execution 

order of test cases so that the test cases with higher priority are executed first. Current 

state-of-the-art test suite optimization approach can be categorized into four groups: 

coverage-based, search-based, similarity-based, and Integer Linear Programming (ILP) 

based [26]. Majority of the existing minimization tools and framework consider code 

coverage information of the SUT (software under test) as a base to determine the 

minimized test suite and follow any of these concepts: Greedy [110, 111], GE [112], 

GRE [113], and HGS [114]. Coverage based minimization techniques have gained wide 

attention but they do not always give a satisfactory result. Empirical studies, however, 

reveals that code coverage may not the strong reason for test suite effectiveness [27]. It 

may be effective to minimize the test suite, but not guaranteed the fault detection 
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effectiveness (FDE) [72]. To address this problem, several other heuristics have been 

proposed to make the minimization process more effective which are based on test case 

classification according to similarity degree measured by a distance function [71]. 

Diversity and similarity-based test case selection and prioritization are one of these new 

approaches with favorable output [95]. The core idea behind the diversity-based 

approach is to select the most dissimilar subset of test cases rather than focusing on 

maximizing code coverage and group them accordingly for further test case 

minimization or prioritization process.  

2.4 Test Suite Minimization 

Test suite minimization aims to retain essential test cases and remove redundant ones 

from a test suite, generating an optimal test suite that is a minimal subset of the original 

test suite.  Test suite minimization techniques aim to find duplicate test cases with 

respect to some testing criteria, such as statement, branch coverage, path, MC/DC etc. A 

test case is either termed as essential or duplicate. Essential test cases are the reverse of 

duplicate test cases [114]. If any test case satisfies the requirement    uniquely, the test 

case is termed as essean ntial test case. In contrary, if a test case covers equal 

requirements or only a subset of the test requirements covered by another test case, 

called as dupla icate test case. Most of testthe  suite minimization problems can be 

stated as a minimal hitting set problem which is known as NP-complete [37]. 

According to Harrold et al. [41], the test suite minimization problem can be defined as 

follows: 

Given:                 represents a test suite T containing n test cases and 

               represents a set of testing requirements that must be satisfied in order to 

provide required coverage of the program and each subsets               from T are 

associated to one of the   ‘s such that each test case    related to    covers   . 

Problem: Discover minimal test suite    from T which satisfies all   ‘s covered by the 

original test suite T. 

Referring to Figure 2.4 there are four possible similarity scenarios of any test case pair.  
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1. (T1=T2) – Two test cases are equal, meaning their test case coverage is similar 

for the same data. 

2. (T1<T2) – A first test case T1 is a subset of second test case T2. A set of 

requirement coverage satisfied by T1 is part of another larger satisfied coverage 

set of T2.  

3. (T1>T2) – Second test case T2 is a subset of first test case T1. A set of 

requirement coverage satisfied by T2 is part of another larger satisfied coverage 

set of T1. 

4. (T1≠T2) – The test case pair T1-T2 are not similar to each other or not 

redundant. 

In the first, second and third scenarios, there exist test case redundancy. So, in the 

second and third scenarios, the test case T1 and T2 can be ignored or otherwise not 

used. The purpose of the test suite reduction is to minimize the number of test cases, but 

also reduce the fault detection ability of the test suite. Wong et al. [62] conducted a 

series of minimization experiments and observed that lack of fault detection was not 

very significant. Though, Elbaum et al. [63] also accompanied minimization 

experiments but observed that the loss of fault detection capability was very significant. 

 

 

Figure 2.4 Test Case Similarity Scenarios 
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2.5 Test Case Prioritization 

Test case prioritization ranked the test cases within a test suite based on some criteria 

with the aim of maintaining fault detection effectiveness. The main focus of test case 

prioritization is to maximize the probability of meeting certain objective (maximum 

coverage or higher fault detection rate) of the test cases when executed in a particular 

order [2]. Under limited time and resource constraints, ordering the test cases may 

increase the testing effectiveness by executing the essential test cases as early as 

possible.  The effectiveness of minimized test suites can be further improved or 

optimized by ordering the reduced test suite. 

Test case prioritization for early fault detection has many main advantages. 

 First, if a bug is found early in the regression testing process, debugging can 

start earlier and hence bugs could be fixed faster. 

 Minimization of testing costs. 

 Testers may wish to increase their confidence in the reliability of the system 

under test at a faster rate. 

 Identification of high-risk defects earlier. 

 Increasing the reliability of the software. 

Test case prioritization problem can be defined as follows [2]: 

Given: TS represents a test suite, PT represents a permutation of TS, and a function 

                    

Problem: to find       such that:                                             

Test case prioritization aims to order the execution of test cases in the regression test 

suite, such that the benefit to the tester is maximized. In other words, the test suite is 

ordered based on some criterion that is expected to lead to the early detection of faults. 

This prioritization criterion can be based on coverage, requirements, models or the 

history of modifications to the system. More details about these and other prioritization 

techniques can be found in Yoo and Harman‘s survey of regression testing [37]. 



27 

 

Prioritization based on coverage is based on the hypothesis that early maximization of 

coverage could lead to early detection of faults. Several coverage-based prioritization 

techniques have been proposed and evaluated in the literature [37].  

2.6 Coverage versus Similarity-based Test Suite 

Optimization 

The main aim of any optimization approach is to remove the redundant test cases and 

generate an optimal test suite that contains the most diverse or essential test cases. 

Where, test suite quality is measured by their coverage and fault detection capability. 

So, while applying any test suite reduction technique, the trade-off between the test case 

execution time required and their fault detection effectiveness should be considered. 

The optimization techniques can be classified into two main classes: coverage-based 

and similarity-based techniques. 

2.6.1 Coverage-based techniques 

Coverage-based optimization techniques, where we estimate that "in cases where there 

is more coverage (such as code coverage) more likely to detect defects" [24].These 

techniques intended to identify and remove duplicate test cases though increasing the 

coverage of a program to get a confidence that all independent paths are executed, and 

faults are uncovered as well. However, previous studies reveal that the test cases which 

are identified as redundant by the primary coverage criterion may be identified as 

essential test cases by the other secondary coverage criteria. These results propose that 

while optimizing test suite, taking multiple coverage criteria is more beneficial rather 

than using single coverage criterion. In some of the cases, code coverage might be 

insufficient to achieve a higher rate of fault detection. 

2.6.2 Similarity-based techniques 

Similarity-based techniques estimate that "more diversity in test cases is more capable 

of manifesting the faults" [25]. These techniques intended to select test cases according 

to the calculated diversity of test case pair that represents the degree of similarity of 

each test case pair. Different similarity measures are discussed in the further section 
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which helps to calculate the difference level of each test case pair. Based on their 

similarity degree, a cluster of similar test cases can be generated. Similarity measures 

have been widely used in numerous areas, such as information retrieval, document 

clustering etc. In recent times, similarity measures are also used in the field of software 

testing. Ledru et al. [94] applied string distances for prioritizing test cases. For model-

based testing Hemmati et al.[28] proposed a novel test case selection technique based 

on a similarity-based approach. Yoo et al. [92] proposed a collective approach of 

clustering with expert knowledge to attain scalable prioritization. Fang et al. [95] 

proposed different similarity-based test case prioritization techniques by means of edit 

distances of ordered sequences. Singh et al. [74] proposed different test case 

comparison metrics to measure the diversity between a pair of test cases to reduce the 

test suite size my removing most similar test cases. Figure 2.5 shows the block diagram 

for test suite optimization using distance or similarity function. 

2.7 Test Coverage Criteria 

Code coverage analysis is the structural testing technique and their purpose is to 

measure the adequacy of test suites and its quality. The term ‗coverage‘ describes as a 

‗percentage of source code which has been tested with respect to the available total 

source code for testing‘. Given certain coverage criteria, C that is satisfied by one of the 

test cases t residing in the test suite TS, another test case   of that suite is redundant 

with respect to C if the criteria C is also satisfied by that test case [83]. One of the 

aspects of coverage analysis is to identify redundant test cases that are unable to 

increase coverage.  

Thus, the process of removing test cases from a test suite that are redundant with respect 

to certain coverage criteria preserves the adequacy of the suite with respect to those 

criteria. But, redundant test cases that are selected to be removed from the test suite 

according to a particular criterion may not be redundant and may execute unique 

condition with respect to another criterion. The removal of such redundant test cases 

can be the reason of fault detection loss. This recommends that a combination of more 

than one testing criteria should be used for determining the optimal representative set, 

thus promoting the multi-objective heuristics to solve the minimization problem 



29 

 

effectively.  A large variety of coverage criteria exist for coverage analysis.  We may 

like to obtain a reasonable level of coverage using any of the structural testing 

techniques such as control flow, data flow testing etc. The test coverage information of 

a test suite can be represented using coverage matrix [2]. This matrix represents the 

relationship between requirements and test cases. In the coverage matrix, each row 

represents a coverage requirement, which may be a statement, branch, path etc. and 

each column represents a test case    (Table 2.1). 

 

Table 2.1 Requirements coverage matrix 

       Test Cases 

 

Requirements 

T1 T2 . . . Tn 

r1 1 0 . . . 1 

r2 0 1 . . . 1 

. . . . . 

. . . . . 

. . . . . 

rn 1 0 . . . 0 

 

The matrix    [   ]   
 is used to describe the satisfaction relation between 

requirements and test cases, Equation (2.1). 

 
    {

                     
           

  (2.1) 

 

Where, i = 1, 2, 3,…, m and j = 1, 2, 3,…, n. 
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Table 2.1 is an example that shows the coverage information of test cases in a test suite 

T. The value ‗1‘ indicates coverage requirement by a test case and ‗0‘ represents that the 

requirement is not satisfied by the test case.  

The coverage of requirements is a fundamental issue to be addressed throughout the 

software life cycle. Requirement coverage involves mapping test cases with 

requirements to check whether all the requirements have been covered by the given test 

cases (or) not. The empirical study reveals that structural testing based on either control 

flow or data flow coverage criteria can show significantly improve fault detection when 

compared to random testing [66]. 

2.8 Distance Measures 

In this section, we present the six distance functions applied in this work to calculate the 

similarity degree between pairs of test cases. These functions are good candidates to 

identify the similarity between test case pair. While other works have already applied 

these functions to similarity-based selection strategies [31, 72, 95] in our work, we 

apply these functions in the context of test suite reduction and test case prioritization for 

code-based testing. Moreover, despite the fact that there are many other distance 

functions presented in the literature, we describe a small set with the ones that are 

included in other studies in the general area of selection, minimization, and 

prioritization of test cases. 

2.8.1 Similarity Function 

Cartaxo et al. (2011) define a redundancy measure that calculates the similarity degree 

between two test cases defined as paths. The degree is measured as the number of 

identical transitions divided by the average of paths length.  

 
                          

   

    | | | | 
 (2.2) 

Where, 

     is the number of identical transition pairs between the two test cases; 

     | | | |  is the average between paths length. 
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Figure 2.5 Block diagram for similarity-based test suite optimization 

 

2.8.2 Cosine Similarity 

By executing the test cases t1 and t2, the binary coverage vectors covered by them are 

Y:              and Z:              respectively. The similarity value between t1 

and t2 can be computed as: 

 
          

    

‖ ‖‖ ‖ 
 (2.3) 

Where, 

Test Suite 

T1 

Test Suite 

Tn 

Collect coverage information for each test case of 

the Test Suite 

Select distance/similarity function to be applied on 

the test case pair according to their properties  

Compute the similarity degree for each pair of test 

cases   

Similarity Matrix 

Test Case Selection Test Case Prioritization Test Suite 

Reduction 

Optimized Test Suite 
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   →Transposition of vector Y, 

 ‖ ‖→Euclidean norm of vector Y, 

 ‖ ‖ → Euclidean norm of vector Z, 

 S → Cosine of the angle between Y and Z. 

 And, the corresponding dissimilarity is represented as: 

                        (2.4) 

2.8.3 Euclidean Distance 

Let, V1:                 and 𝑉2:                 represent two coverage vectors 

(Binary) by performing test cases t1 and t2 on a given program. Where, coverage may 

represent statement, branch, the  path etc. The Euclidean distance between pair of test 

casesthe  t1 and t2 can be evaluated as:  

 

          √∑         
 

 

   

 (2.5) 

2.8.4 Hamming Distance 

Hamming Distance is a very popular distance measure function in the literature. It is 

based on edit distance method and only valid for two strings of identical length. 

Between two test cases, hamming distance is evaluated as the ratio of the total number 

of dissimilarities by the total number of positions.  

To apply Hamming Distance in test suite optimization, each test case to be encoded and 

denoted as a binary vector of length n. Where n signifies a total number of all selected 

criterions used for encoding (e.g., n might be a statement, branch, function etc.). In a 

binary vector, if the test case covers the selected coverage criteria, their corresponding 

bit is set to be true (1), otherwise false (0). 
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2.8.5 Jaccard Index  

Based on the Jaccard Index and its variants, the similarity degree between two test cases 

t1 and t2 are calculated as follows: 

 
          

    

       ‖ ‖  ‖ ‖          
 (2.6) 

Where, 

 Y·Z→ inner product of Y and Z,  

 If we set a = 1, the above formula is known as a jaccard index,  

 If we set a=2, this formula is known as Soka-Sneath distance measure,  

 If we set a = 1/2, this formula is known as Gower- Legendre distance measure, 

respectively.  

For Jaccard Index and its variations, the corresponding distance is calculated as: 

                           (2.7) 

 

2.9 Summary 

This chapter presented an overview of the regression testing and their techniques. The 

chapter also described the core concept of the thesis i.e. similarity based test suite 

optimization in a detail. A section on basic concepts in test suite minimization and 

prioritization was also included in this chapter. The fundamental concepts about 

coverage criteria were also discussed. Finally, some of the important distance measures 

used in the similarity based optimization have been identified. 
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Chapter 3 Review of Literature 

Test case selection, minimization, and prioritization are three important techniques for 

effective regression testing. Selection and minimization try to obtain an optimal subset 

of the existing test suite. Whereas, test case prioritization order the test cases according 

to some specified objective. The test suite optimization techniques can be classified into 

two main classes: coverage-based and similarity-based techniques. 

3.1 Test suite minimization 

Minimizing the size of the test suite is a major task of any test suite minimization 

techniques. First of all, it detects the duplicate and obsolete test cases and then removes 

them from the existing suite. The minimization problem is considered to be the same as 

the minimal hitting set problem.  

3.1.1 Coverage-based test suite minimization 

Harrold et al [41] proposed an approach named HGS algorithm for test suite 

minimization, which attempts to minimize a test suite in terms of a given set of testing 

requirements. This algorithm starts by calculating the cardinality of all Tis. The test set 

having single cardinality is first included in the representative set. The algorithm 

progresses with the next higher cardinality and the test cases with maximum 

requirement coverage are added to the set. If there is a tie, then This is checked with 

cardinality (n+1) and the test case randomly chosen in the representative set, otherwise, 

the test case having maximum requirement coverage is selected in the representative 

test set. 

Chen & Lau [42] proposed a technique using divide and- conquer approach to obtain 

near-optimal solutions. It comprises of decomposing the original test suite into subsets. 
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Initially, a minimized test suite is calculated separately for each subset and then these 

subsets are joined to obtain the final minimized test suite. The researchers suggested 

two different techniques for distributing a test suite into subsets and illustrate how the 

final optimal test suite could be generated. Experimental analysis was conducted to 

measure the performance of the developed technique and it observes that the resulting 

optimal test suites are quite effective for the purpose of regression testing. 

Jones and Harold [83] offered two new techniques for test suite minimization, which are 

specially designed to be used with the consideration of quite complex Modified 

Condition / Decision Coverage (MC / DC) criteria. Every condition in the criterion 

takes a decision by executing it independently which affects the outcome of the 

decision. To show this, the criterion requires that every condition is covered by a 

particular MC/DC pair which is a pair of truth vectors (truth values for each condition in 

a decision). By deciding each condition independently in the criterion affects the 

outcome of the decision. And for this, the criterion requires that each condition is 

covered by a special MC / DC pair, which is a pair of true vectors. An empirical 

investigation concluded that both proposed minimization techniques could achieve 

significant improvement in suite size reduction. Though, the fault detection 

effectiveness of these techniques was still relatively impulsive. 

Marre´ and Bertolino [44] designed a test suite reduction technique that uses the graph 

to identify the representative test suite. A decision to decision graph (dd graph) is 

generated in this graph based approach using the software which is more optimized and 

compact than the control flow graph (CFG). The testing requirement like def-use is 

properly mapped into dd graph that makes the test suite reduction problem reduces to 

minimal spanning tree problem. 

Tallam & Gupta [45] proposed a heuristic named as a Delayed-Greedy strategy. In this 

approach, test cases can be seen as objects and requirements as attributes. This 

technique classified the cluster items and their respective attributes. Their experimental 

study reveals that the delayed-greedy approach has achieved consistent or better 

reduction in test suits as compared to HGS or in classical greedy approach.  

Jeffrey and Gupta [46, 47] used the concept of selective redundancy for minimizing test 

suite. They improved the HGS algorithm for selectively retaining some test cases for 
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better coverage. First of all, they identify the duplicate test cases according to primary 

criteria and mark them. Then, these test cases are checked for redundancy in terms of 

secondary criteria. Second, if it is not duplicate then it is also chosen. The proposed 

approach is experimentally evaluated with HSG strategy using branch coverage and def-

use coverage. The experimental observation reveals that the proposed approach is more 

capable of detecting faults as compared to HSG with the single criterion. But, this 

strategy not produces a minimal test suite than the single criterion one. 

Black et al. [48] also considered Bi-criteria approach to solving the minimization 

problem effectively. In this approach, the previous fault history is collected with test 

coverage criteria. Here the ILP method is used to find the optimal test set. ILP method 

is also used by Hsu and Orso [49]. To improve the proposed work of Black et al., they 

introduce a multi-criterion ILP approach by combining the weighted sum approach and 

priority optimization. 

Heimdahl and George [50] followed the idea of using a simple greedy approach for test 

suite minimization using model-based tests. They generated similar output as similar to 

the work by Rothermel et al [51]. They also discussed that optimal test suite could be 

achieved with an undesirable fault detection loss. The empirical studies were conducted 

based on specified criteria by optimizing the test suites. However, they reported less 

average fault detection loss than those stated in Rothermel et al [51]. They also claimed 

that the fault detection loss is unacceptable in the critical and real-time based systems 

which must be improved. 

Rui Zhang et al [52] improved the Quine-McCluskey method to generate the minimized 

test suite. Intuition was drawn from the fact that the reduction in boolean function and 

test suits is equivalent to resolving the test suite optimization problem. 

Parsa et al [53] introduced a novel algorithm for generating a minimized test suite. The 

proposed method considers the minimization of test suite as an optimization problem 

with two main objectives: (a) the ability to detect the faults should be maximized and 

(b) the existing test suite should be reduced.  This algorithm tries to select a test case 

which meets the maximum number of test requirements upon the minimum overlap in 

coverage of the requirements with other test cases. The proposed algorithm is actually 
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very effective in minimizing test suite with an appropriate reduction in suit size and 

minimum fault detection loss. 

Selvakumar et al [54] presented a heuristic based on Changed Condition/Coverage 

Criteria (CC/CC) for test suite reduction. The proposed approach concentrated on 

satisfying maximum user requirements with less time, cost and effort required for 

testing thereby increase the computational efficiency. 

Shengwei et al [55] proposed a new approach, name as a modified greedy algorithm for 

resolving the test suite reduction problem. The approach uses Weighted Set Covering 

(WSC) techniques to generate a more optimal test suite.  

3.1.2 Similarity-based test suite minimization 

da Silva Simao et al. [67] proposed a new technique to generate optimal test cases, 

reducing the regression time spent on evaluating a new version of software while 

maintaining the fault detection ability. The technique uses an ART-2A self-organizing 

neural network architecture to classify the test cases within a test suite. The test cases 

are concise in a feature vector, which includes all significant information about the 

software activities. The feature vectors are classified into different clusters with the help 

of a neural network, which are labeled according to software activities. The feature 

vectors obtained from all-uses code coverage information to a random selection 

approach are compared during the experimental evaluation and it observes that the 

performance was improved by applying the new technique. 

Kovcs et al. [68] proposed an optimal test selection method that generates efficient test 

sets for systems based on SDL specifications. They used string edit distance based 

coverage metrics for selection. They evaluated the proposed method by implementing 

and incorporating the proposed algorithm into SDL-based test selection framework by 

conducting experiments. The observed results specify that the string edit distance based 

method produces quite similar output in terms of suite size reduction and coverage, 

whereas complexity is less as compared to other heuristics. 

Chen et al. [69] presented a theoretical analysis to demonstrate that ART (Adaptive 

Random Testing) is an effective alternative to random testing. Important intuition to 

develop ART was the concept of "even spreading" across the entire input domain. Here 
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"even spreading" can be described as variety. The achievement of ART proves the 

effectiveness of the failure-based testing approach. It also shows the impact and 

importance of similarity or diversity on the test suite effectiveness. 

Cartaxo et al.[31] proposed the similarity-based selection strategy in the context of 

MBT. The main focus of the proposed strategy is on LTSs. The main objective is to 

apply a distance function to identify the most different or similar test cases among the 

generated target number of test cases. For evaluation purpose, two types of coverage 

criteria were considered to equate it with a random strategy that is mostly used in 

previous works. The results represent that the similarity strategy is very effective in 

terms of discarding duplicate or obsolete test cases according to the specified criteria. 

The goal of the similarity based approach is not to change the user's experience when 

choosing high-quality test cases. In contrast, the approach can reduce the test suite so 

that, if necessary, options become possible; it means, the approach can select many test 

cases, which can be dealt with increasing diversity within a test suite. 

Coutinho et al. [71] proposed a new similarity-based approach for test suite reduction in 

the context of Model-based Testing (MBT) which aims to identify the similar test cases 

based on the calculated similarity degree between a pair of test cases. The main idea is 

to classify the test suite between the most similar and the most diverse test case 

according to specific criteria. So that the optimized test suites have the less similar test 

cases, aiming to have maximum requirement and fault coverage. The experimental 

results illustrate that the minimized test suite obtained by using the proposed approach 

is on average greater than the test suite obtained by using other heuristics.  

Hemmati et al. 2013 [72] introduced a different test case selection techniques in the 

context of MBT, called similarity-based test case selections (STCS). The technique 

minimizes the similarity and increases the diversity between test cases to decrease the 

fault detection loss. They empirically evaluated 320 different similarity-based test 

selection techniques and comparatively analyzed the similarity-based test selection 

technique with other existing selection techniques. The results after experimental 

evaluation show significant improvement in performance when using a similarity-based 

approach. 
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Sharma et al. [73] introduced a set of test case comparison metrics algorithms which 

minimizes the test suite size by calculating the diversity between test case pair of an 

existing test suite. With the help of these algorithms, testers can easily capture the 

diversity level for each specified criteria in terms of signature values between two test 

cases. The approach mainly concentrates on branch coverage, control flow coverage, 

def/use and data flow coverage. By using this coverage information signature values is 

computed to know how much the test cases are diverse or similar to each other. 

Accordingly, a number of clusters are generated, that can effectively test under limited 

time.  

Coutinho et al. [91] examined the effectiveness of distance functions and presents the 

results of empirical studies, aims to compare distance functions while reducing test suite 

based on the similarity strategy in the context of MBT. The primary objective is to 

provide confirmation that the choice of any distance function can directly affect the 

performance of the approach in terms of suite size reduction and fault coverage. And the 

observation reveals that the selection of distance function has little impact on suite size 

reduction, but it can greatly affect the fault coverage ability.  

3.2 Test case prioritization 

The main motive behind the prioritization is to generate the ordered test cases for 

getting maximum profit in terms of APFD. Preferably, test cases should be executed in 

a sequence which maximizes early fault detection ability. However, the information 

related to the ability to reveal the fault is unknown until the test is over. 

3.2.1 Coverage-based test case prioritization 

The coverage-based techniques are methods to prioritize test cases based on coverage 

criteria, such as statement coverage, total requirement coverage, additional requirement 

coverage, fault coverage etc. The following paragraphs present existing coverage-based 

prioritization techniques that have been proposed. 

Wong et al [75] offered a coverage-based prioritization technique and specified cost per 

additional coverage the primary function of prioritization. The coverage information 
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collected previously by executing the test cases, this proposed technique provides the 

rank for test cases in terms of the achieved coverage according to the specified criteria.  

Gregg Rothermel et al [76] presented several prioritization techniques for ordering the 

test cases with the aim of improving the fault detection rate. The proposed method 

enlightens about the random and optimal prioritization for effective ordering of test 

cases in a test suite to improve the fault detection rate. Researchers considered nine 

approaches to prioritize a set of test cases and also report the outcomes of measuring the 

effectiveness of those approaches to improve the fault detection ability. Overall they 

proposed the following techniques: (a) random approaches (b) optimal prioritization (c) 

total branch coverage prioritization (d) additional branch coverage prioritization (e) 

total statement coverage prioritization (f) additional statement coverage prioritization 

(g) total fault-exposing-potential prioritization and (h) additional fault-exposing-

potential prioritization. 

Gregg Rothermel et al [77] describe test execution information to order the test cases 

for effective regression testing like prioritizing the test cases according to their total 

coverage of code components prioritize the test cases based on their assessed fault 

revealing ability. In [78-82] different techniques for prioritization have been presented 

and discussed according to fault detection rate or code coverage capabilities and also 

evaluated by different empirical studies. 

Jones and Harrold [83] proposed new algorithms for both test suite reduction and 

prioritization.  The proposed algorithm designed very effectively to associate with 

Modified Coverage (MC) and Decision Coverage (DC). Most existing techniques 

consider a set of coverage criteria such as, statements, decisions, def-use etc. to 

investigate the test suite reduction and prioritization techniques.  During the empirical 

study, they concentrated on MC and DC coverage criteria for test case reduction and 

prioritization. To weight and schedule the test cases, the proposed approach uses total 

requirement coverage and the additional requirement coverage accordingly.  

Leon and Podgurski [84] presented the comparative analysis of four different 

prioritization techniques to get the optimal test suite: test suite minimization, 

prioritization by additional coverage, cluster filtering with one-per-cluster sampling and 

failure pursuit sampling. The first two techniques are based on selecting subsets, which 

https://scialert.net/fulltextmobile/?doi=jse.2010.193.214#19813_con
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maximize code coverage as soon as possible, while the latter two are based on the 

analysis of the delivery of the test execution profiles. Their results show that compared 

to coverage-based techniques their techniques can be as efficient or more efficient in 

exposing the defects. Consequently, some possible combinations of these techniques 

were assessed to prioritize the test cases in a test suite. The observed output suggested 

that using this combination of techniques can produce a more effective result as 

compared to prioritize the test cases by additional coverage only. 

Aggrawal et al [85] presented a prioritization technique that achieves improved code 

coverage at the fastest rate. The proposed technique has the benefit over the general test 

case prioritization which can use information about the code changed to give preference 

to test cases. 

Bryce and Colbourn [86] proposed a new prioritization technique for interaction testing. 

This is the mechanism for testing software system installed on a variety of hardware and 

software configurations. When the ordered set of test cases is completed, they optimize 

a greedy method to generate a set of tests to identify interactions according to all pairs; 

other important test cases are run on completion without completing the test. 

Srikanth et al [87] proposed techniques that are based on some estimated factors. Most 

importantly, the techniques imitate the software project practices of any industry more 

closely. The proposed technique mainly focuses on the priority of requirements, 

perceived code complexity, and customer satisfaction. Customer satisfaction is one of 

the most influential components in their technique. 

Jeffrey and Gupta [88] not only proposed a new priority approach to the order of test 

cases based on total statement coverage, but it also considered the number of statements 

executed in that case or the output produced by the test case has the ability to influence. 

The proposed approach is based on the observation that, if the revision in the program is 

to affect the output of a test case in the test suite, then it must affect some calculation in 

the relevant piece of the output of that test case. Therefore, to prioritize test cases, their 

heuristics specifies high weight for a test case with a large number of statements in 

relevant pieces of output. Following factors were used in the proposed approach to 

prioritize test cases: (a) the number of statements in the relevant piece of output for the 
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test case, and (b) the number of statements that are executed by the test case but are not 

in the relevant piece of the output. 

Sampath et al [89] presented the prioritization approach for test cases of web 

applications. Session-based test cases are considered ideal for testing web applications 

because they reflect the actual usage patterns of real users, making them realistic test 

cases. Empirical evaluation has shown that ordered test suits perform better than 

randomly ordered test suits, and there is not any single ordering criterion that is always 

best as well. 

Srivastava [108] proposed cost-effective test case prioritization. In the proposed 

technique test cases are ordered by applying priority based scheme. Priority is assigned 

to each test case based on high code coverage, number of faults or on fault detection 

rate. The average number of faults detected per minute is computed by dividing the 

number of faults discovered by each test case by the time taken to discover faults. The 

calculated value is used to identify the priority order of test cases in a test suite. 

Lilly Ramesh et al [109] discussed the behavior of test cases, redundancy among test 

cases and knowledge mining of the test suite. They also discuss the three main data 

mining techniques i.e. are classification, association rules, and clustering. This helps 

adequately to identify patterns in the test suite, which is evidently extracted through 

many means. 

Ryan Carlson et al [90] discussed the prioritization of test cases using one of the data 

mining technique i.e. clustering approach in regression testing. The clustering method 

helps to simplify the prioritization processes by dividing test cases into groups of 

common properties. 

Badhera et al. [58] presented the prioritization technique to execute the updated lines of 

code with a minimal number of test cases. The prioritization technique schedule the test 

case in a test suite in an order such that less number of code needs to be executed again, 

thus more rapidly code coverage is obtained which facilitates early identification of the 

defects.  

B. Jiang et al. [59] presented an ART-based test case prioritization technique which 

takes the test suite as an input and gives the output in a prioritized order. The basic idea 
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behind this is by creating a set of candidates for test cases, which in turn selects a test 

case from the candidate's set until all the test cases are selected. There are two functions 

used in the proposed algorithm to calculate the distance to choose a pair of test cases 

and a test case from the candidate's set. Calculation of distance is primarily based on 

code coverage data. We then find that the candidate test case is connected to the 

distance with the test cases already selected. 

Kaur et al. [60] proposed a new genetic algorithm to prioritize the test cases within a 

time-constrained environment based on the total fault coverage. The proposed algorithm 

is empirically evaluated with the help of Average Percentage of Faults Detected 

(APFD). 

Hong Mei et al. [61] proposed a new prioritization approach for ordering test cases in 

the lack of coverage information under the JUnit framework. A proposed approach 

named as JUPTA( JUnit test case Prioritization Techniques operating in the Absence of 

coverage information). The approach uses the static call graphs of JUnit test cases and 

evaluates the test case ability to achieve coverage and rank the test cases according to 

those estimates. 

Daniel et al. [64] present a case study on a real-world application with real faults to 

evaluate the performance of the coverage based regression testing techniques. The study 

assesses four techniques which are:  test selection technique, test suite minimization 

technique and a hybrid technique comprises of selection and minimization both. The 

work also examines the impact of using different coverage criteria on the effectiveness 

of the studied optimization approaches. The observation reveals that prioritization 

techniques based on additional coverage with finer grained coverage criteria achieve 

better fault detection rates and it also reveals that the use of information about 

modifications in prioritization techniques does not significantly improve the fault 

detection rates. 

3.2.2 Similarity-based test case prioritization 

Yoo et al. [92] proposed human interactive test case prioritization technique using the 

clustering method. Human interaction is obtained using AHP, which is a widely used 

decision-making tool that was earlier adopted by the requirements engineering 
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community. The clustering method is used by the proposed technique to reduce the 

number of pair-wise comparisons requisite by AHP, makes scalable to regression 

testing problems. A hybrid interlaced cluster priority technology was proposed to 

combine these two technologies. To experience, empirical studies were conducted that 

the hybrid ICP algorithm could perform better than traditional coverage-based priorities 

for some programs, even if the human input is incorrect. 

Jiang et al. [93] presented the first family of adaptive random test case prioritization 

techniques and organizes an experiment to evaluate its performance. It investigates 

ART techniques with the different test set distance definitions at various code coverage 

levels rather than spreading test cases equally and quickly on the input domain. 

Empirical results show that our techniques are quite effective as compared to a random 

order. Apart from this, one of the ART prioritization techniques is quite competitive 

with some of the best coverage-based techniques and yet includes very little time cost. 

Ledru et al. [94] proposed a new prioritization technique based on string distances 

between test cases in a test suite. String distance is tested for comparison of test cases 

and broadens the prioritization algorithm. This type of prioritization does not require the 

availability of any implementation or a specificity of the program to give priority to the 

test suite: it depends only on the information contained in the test suite. The empirical 

study approved by a statistical analysis indicates that the prioritization based on string 

distance is more effective in identifying faults by the random sequence of suits: the 

ordered test suite using string distance is more effective in detecting the strongest 

mutants. And, on an average, the proposed technique got better APFD than the 

randomly ordered test suite. 

Fang et al. [95] used the ordered sequences of program objects to improve the 

effectiveness of test case prioritization process. The execution frequency details of test 

cases are collected and converted into the ordered sequence. Based on the distance of 

the ordered sequences, several novel similarity-based test case prioritization techniques 

are proposed. Two algorithms i.e. FOS and GOS are proposed to get ordered test cases. 

Moreover, an empirical study is conducted and the output revealed that the proposed 

techniques can improve the fault detection rate more significantly than the existing 

techniques.  
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Wang et al. [96] proposed an algorithm based on the global similarity-based approach 

by comparing the similarity between test cases in a given test suite. The approach re-

determines the execution order of test cases based on the distance between paired test 

cases. In addition, they compared the effects of six similar measures on the global 

similarity based technique. Experimental results show that using the Euclidean distance, 

the proposed approach is most effective.  

Wang et al. [97] evaluated and statistically analyzed to recommend the best 

combination of similarity-based prioritization algorithms and distance measures. 

Experimental results confirmed by a statistical analysis, indicate that Euclidean distance 

is more efficient in finding faults than other similarity measures. Combination of global 

similarity based prioritization algorithms and Euclidean distance may be a better option. 

It generates not only higher FDE but also a lower standard deviation. 

3.3 Summary 

The summary of the literature survey is as follows: 

 The software test optimization problem is much more difficult to solve and 

cause discontinuities in the objective function. And it is known to be Non-

Polynomial (NP) hard. 

 Many algorithms have been proposed for specific types of problems, but still, 

more common problems require a more effective solution. 

 Research on software regression testing focuses mostly on code coverage based 

test suite optimization. However, code coverage is not sufficient to guarantee a 

high fault detection rate in some cases. Whereas similarity based test suite 

optimization is one of the promising approaches for effective regression testing. 

 Instead of using single coverage criteria, use of multiple coverage criteria for 

minimization and prioritization is quite beneficial to generate optimal test cases.  

 Clustering approaches have been extensively applied to make the optimization 

process more effective. 

 The survey on other similarity-based techniques is an eye-opener to apply them 

for test suite optimization problem which is also NP-hard. 
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Chapter 4 A New Similarity-based Greedy 

Approach for Generating Effective Test Suite 

4.1 Introduction 

Software testing is the most commonly used but expensive method for developing 

quality software by validating the software program [17]. The goal of software testing is 

to execute the software system, identify the faults that cause failures, and improve the 

software quality by removing the identified faults.  It is a very expensive process as well 

as the important task of the software development life cycle (SDLC), through which we 

add some value to the software program [32, 74].  

According to the IEEE definition [20], a test case is a collection of input data given to 

the program and expected output results created to evaluate a software function or test 

requirement. It is hard for a single test case to satisfy the coverage of entirely given test 

requirement. Because of the extensive use of testing to measure the quality of the 

software, one of the challenges faced by organizations is the test suite optimization [36]. 

Software regression testing processed continuously during the software development 

and maintenance of evolving software. Maintenance requires some modifications, 

which leads to growth in software and it results in an increment in test suite size. Over 

time, some test cases in a constructed test suite may become redundant, because the test 

cases created specifically for some selected testing criteria may also satisfy other 

requirements, and a requirement may still satisfy by some of the proper subsets of the 

test suite. Two test cases are termed as duplicate or redundant if their satisfied testing 

objectives are same. On the other hand, some of the test cases are termed as essential if 

their testing objective is unique. So, the prime objective is to remove the duplicate test 

cases and extract the essential or diverse test cases to generate the optimal test suite.  
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With the aim of optimizing the test suite, many researchers proposed different 

regression testing techniques; such as test case selection, minimization, and 

prioritization techniques by using different approaches. Test suite minimization is a 

process that tries to identify similarity and diversity between test cases and then 

accordingly remove the obsolete or duplicate test cases from the test suite. Test case 

selection mainly concerned with the problem of choosing a subset of test cases that will 

be used to verify the modified parts of the software. At last, test case prioritization 

concerns the finding of the `ideal' ranking of test cases that improves desirable coverage 

properties, such as early fault detection. Majority of the existing minimization tools and 

framework consider code coverage information of the software to be tested as a base to 

determine the minimized test suite. Coverage based test suite reduction techniques have 

gained wide consideration but they do not always give a satisfactory output. Empirical 

studies, however, reveals that code coverage may not the strong criteria for test suite 

effectiveness [27]. To address this problem, a number of techniques and framework 

have been proposed to make the reduction process more effective which is based on test 

case classification according to similarity degree measured by a distance function [73]. 

Diversity and similarity-based test case selection and prioritization are one of the new 

approaches with favorable output [91]. So, the study suggests that using the greedy 

technique with similarity-based approach could be a better option for effective 

regression testing.  

In this chapter, a similarity-based greedy approach is proposed to overcome the 

limitations of existing greedy techniques for test suite reduction. The main idea of the 

proposed approach is to analyze the similarity degree among test case pairs and 

systematically remove them by applying an enhanced greedy algorithm while 

maintaining test requirements coverage. The clustering approach is also considered in 

this work, which could simplify the further optimization process. We divided the 

proposed approach into different phases, and each phase helps to get an optimal 

representative test set. However, rather than using single coverage criterion, here we 

used multiple criteria i.e. block, control flow, def-use, and data flow to compute the 

similarity (distance) values for each test case pair. With the help of distance values, 

cluster of test cases are generated accordingly. And, on each cluster combination of 

regression testing techniques i.e. test case minimization with prioritization is applied 

(testers will decide the order of execution).  In order to evaluate the quality and 
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effectiveness of the proposed approach, we performed experiments on a sample subject 

programs. We also implemented the well-known standard greedy approach i.e. HGS 

algorithm [41]; to compare the results of optimized test suites using our similarity-based 

test suite optimization algorithm with those of minimizing test suites using the HGS 

algorithm. 

4.2 Background 

Different approaches including test case selection, minimization, and prioritization 

aimed at finding the optimal representative test set that reduces the cost and effort 

required for regression testing. A complete survey of these approaches and critical 

investigation on different TSR (Test Suite Reduction) framework and tools are 

discussed in detail by Yoo and Harman [37] and Khan et al. [26]. 

The proposed approach involves the combination of different regression testing 

techniques such as test case selection, minimization, and prioritization and employs 

agglomerative hierarchical clustering approach as well as to produce an optimal 

solution. The main aim is to find an optimized representative test set by concentrating 

on multiple regression testing techniques rather than using the single technique. Khan et 

al. combines the reduction and prioritization to get minimal and ordered test suite. 

However, other previous work did not consider any potential combination of regression 

testing techniques.  

Despite the above-discussed techniques researchers are also working on a similarity-

based approach. The main aim of using similarity-based approach is to increase the 

diversity of test suite for regression testing. Different distance measures were used for 

this purpose. With the help of any distance measure, we can evaluate how much the two 

test cases are different or similar to each other.  All the existing optimization techniques 

have their common objective i.e. to optimize the test suite. But, they have used only 

single coverage criterion to compute the similarity degree between test case pairs. And 

the removal of such test cases by their similarity degree based on certain single 

coverage criterion may suffer from the quality of the test suite generated and overall 

fault detection ability may also reduce. The proposed approach presented a systematic 
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way to get the desired output by considering different coverage criteria with a 

similarity-based approach to minimize and prioritize the test cases.  

4.3 Proposed approach 

The proposed approach helps the testing team to determine an optimal and ordered test 

cases. By using different coverage criterion, the comparison metrics are calculated first, 

and the similarity matrix is generated accordingly.  With the help of the calculated 

signature values, cluster of test cases is generated. On each cluster, an optimization 

technique is executed. According to the tester requirement, the optimization technique 

could be selected; it means either the minimization is executed before prioritization or 

vice versa. The proposed approach consisting of three phases: (1) Test case analysis (2) 

Clustering and (3) Optimization. Where Figure 4.1 shows the flow diagram of the 

proposed similarity based greedy approach. In the following, we briefly discuss all the 

three phases.  

a) Test Case Analysis 

The required inputs for this phase are - Program source code, Test suite, and Test case 

coverage metrics. The test case coverage metrics are used to compare any pair of test 

cases in a quantifiable manner. Four metrics used in this work are Block coverage 

equivalence, Control-flow divergence, def-use equivalence and data flow divergence. A 

first metric measures the block testing overlap between two test cases of a test suite. 

Second metric control-flow divergence measures the similarity of two test cases that test 

the same blocks that have conditional path within them. Third metric DU equivalence 

measures def-use path testing overlaps between two test cases in a test suite. And, the 

last metric Data divergence measures the similarity or diversity of test cases by data 

values used by test cases for code variables. In this phase, all the four metrics values are 

calculated. After getting these values, similarity and diversity values of test case pairs 

are calculated. In this phase, test cases are analyzed and selected based on their 

similarity and diversity values. In selecting test cases the rigid, sensitive and relaxed 

divergence threshold values are (0), (0.02) and (0.05) respectively. Similarly, rigid, 

sensitive and relaxed equivalence threshold values are one (1), (0.95) and (0.9). Here, 
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the test cases which satisfy the chosen (according to user needs) divergence and 

equivalence threshold values are coming under most similar test cases otherwise termed 

as diverse test cases. With the help of calculated similarity values, a clustering approach 

will be applied to categorize the test cases accordingly. 

b) Clustering 

For clustering, we applied an agglomerative hierarchical clustering approach which is 

based on the distance between test case pairs [92]. Test cases are grouped into a cluster 

with the help of their similarity value as measured in the analysis phase. 

 

 

Figure 4.1 Block diagram for effective test suite generation 
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For making a group of similar and diverse test cases, threshold values of divergence and 

equivalence as 0.05 and 0.90 are assumed. Only those test cases having divergence 

value less than (0.05) and equivalence value greater than (0.90) comes under the similar 

or duplicate group and the remaining test cases are selected for a diverse group. 

c) Optimization 

On each cluster, a combination of optimization technique (Reduction and Prioritization) 

is applied to get the refined result. As discussed earlier, users are free to select the 

execution order of combination. If they use the combination of both the techniques, it 

helps them to determine the execution order of test cases as well as they get improved 

fault detection rate. Note that we have employed Enhanced Greedy Algorithm (CMIMX 

technique) [39] for test suite reduction followed by prioritizing the test cases by their 

total number of the unique path coverage. 

These are the following steps to prioritize the test cases: 

 Calculate the number of unique paths covered by test cases as compared to other 

test cases: unqcov (t).  

 Greater value of |         | will be assigned highest priority. Arrange all the 

test cases accordingly. To break the tie the test case having highest |         | 

is selected. 

After applying the optimization technique, the testing team will get the minimized as 

well as an ordered test suite, which is termed as an optimized test suite.  

4.3.1 Algorithm of SBGA 

The proposed SBGA algorithm comprises of the following steps which are illustrated 

below: 

Step 1: Generate test cases for the subject program under consideration. 

Step 2: Obtain coverage requirement according to the selected test coverage criteria. 

Here the selected coverage criteria are Block, Control flow, def/use, and data flow. 

Step 3: For each selected criteria, generate the coverage matrix accordingly. 



53 

 

Step 4: With the help of criteria coverage matrix calculate the commonality and 

diversity values for each test case pair which determine that how much the test case pair 

are common and diverse to each other. 

Step 5: Generate a Test Case Distance matrix to compare the pair of test cases. 

Step 6: Apply hierarchical agglomerative clustering to generate a group of similar test 

cases. 

Step 7: On each cluster apply the optimization process that comprises of minimization 

and prioritization approach. Apply CMIMX procedure for test suite minimization. 

Prioritize the test cases on the basis of a number of unique path coverage of test cases. 

Step8: Construct the optimal representative test suite by merging the optimal cluster of 

test cases. 

 

Algorithm 1: Similarity-Based Greedy Algorithm (SBGA) 

Input: N: Total number of test cases 

                    : Requirement coverage information in terms of the selected criteria i.e. 

blocks     , Control-Flow     , Def-Use     , Data Flow       coverage, and Path 

(    coverage. 

Output: Similarity Matrix 

Begin 

 /* Calculate block coverage commonality */ 

1.       X   Number of common blocks between each pair of test cases; 

2.       Y    Number of unique blocks tested by both test case pair; 

3.       for each test case           do 

4.       for each test case            do 

5.                                  (         )  =    ⁄  ; 

6.        end for  

7.        end for  

/* Control Flow (CF) is calculated for each test case that executes block B with 

a conditional branch. */ 

8.                Number of times true branch is executed  
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9.                Number of times false branch is executed  

/* Calculate the total number of times each branch is executed */ 

10.      for each test case         do 

11.                            ; 

/* Calculate the average number of times each branch is executed */  

12.                                  ⁄  ; 

13.                (             )                           ⁄  ;  

14.     end for  

/* Variance of CF values is calculated for each test case pair that executes 

common blocks with conditional statements */ 

15.      for each test case         do 

16.      for each test case            do 

17.                          = Number of common shared block for each test case 

pair;  

18.                               ; 

/* Calculate the variance of CF (Control Flow) value for a common block B for 

each test case pair */ 

19.                                                    ; 

20.                                        (         )  =  

∑                              ⁄   

21.      end for  

22.     end for 

/* Calculate def-use coverage equivalence */  

23.    for each test case         do 

24.    for each test case            do 

25.    W= No. of common def-use chain tested by test case pairs  

26.     Z = No. of unique def-use chain tested by both test case pairs   

27.                                  (         )        ⁄  ; 

28.     end for   

29.     end for 

/* For each test case that executes a block B, a data flow (DF) diversity value is 

calculated */     
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30.     for each test case         do  

31.                              ⁄  ;  

32.     end for  

/*  Calculate the variance of DF value for a common block B with loop 

statements */
 

33.     for each test case        do 

34.     for each test case            do 

35.                          = Number of common shared block for each test case 

pair;  

36.                               ; 

37.                                                    ; 

38.                                     (         )       

∑                              ⁄  ; 

39.     end for  

40.     end for 

/* Generate Test Case Distance matrix to compare the pair of test cases */ 

41.     for each test case         do 

42.     for each test case            do 

43.             𝑉                         ⁄   ; /* Commonality Values 

44.             𝑉                          ⁄   ; /* Diversity Values 

45.     end for 

46.     end for  

47.     select_optimal (        𝑉                     𝑉           ) 

48.     end SBGA 

 

function select_optimal (        𝑉                    𝑉           ) 

    Begin     

1.     Apply agglomerative clustering; 

2.     if                 then 

3.     On each cluster, apply enhanced greedy algorithm (CMIMX); 

4.     for each test cases     do 

5.    Calculate number of unique coverage for each test cases:            ; 
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6.     Ranked the test cases based on highest             to lowest;  

7.     end for 

8.     else if                 then 

9.     Apply the step 4, step 5, step 6 and then step 3 respectively; 

10.     else apply step 3 onwards; endif 

11.     endif 

12.     end select_optimal 

 

4.4 Experimental Results and Discussion  

The performance evaluation of the proposed algorithms and state-of-the-art algorithms 

has been performed on different subject programs with different coverage criteria (see 

Table 4.10). The subject programs considered for this work have been well structured 

and without any compilation errors. The proposed algorithm and state-of-the-art 

algorithms are independent of the programming language. The program description is 

shown in Table 4.1. 

The four coverage criteria i.e. Block, Control flow, def-use and data flow are used to 

assess the level of similarity between the test case pair. Alternatively, path coverage is 

used for optimizing a test suite. Hand seeded faults were used for the subject program. 

The representative optimized test set obtained for the subject program is analyzed for 

test suite size and fault detection effectiveness.  

We also implemented the state-of-the-art algorithm i.e. HGS and conducted similar 

experiments to compare the results of the proposed algorithm and the conventional 

algorithm. For the HGS algorithm, we have taken each coverage criteria independently 

for measuring their adequacy. Moreover, for the proposed algorithm we have taken 

multi-coverage criteria.  To show the importance of combining prioritization with 

minimization, we have compared the proposed prioritization approach with random 

prioritization. 
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4.4.1 Performance Measures 

Software test metrics are the most important in evaluating the test cases and their 

quality of the testing activity and it plays an important role in assessing attributes that 

are very important to the success of any software. One of the main components of 

experiments to be considered is the variables. They categorize the elements into 

dependent and independent variables. The variables used in the presented work are 

defined as follows: 

Independent variables: subject program, coverage criteria, seeded faults, requirement 

coverage matrix and similarity function.  

Dependent variables: suite size reduction (SSR), fault detection loss (FDL) percentage 

and average percentage of faults detected (APFD) Percentage. 

This section describes key measurements that are widely used to compare different test 

suite minimization techniques. The primary motivation for measuring these quantities is 

to control them to avoid conflating effects. 

a) Suite Size Reduction (SSR) Measurement 

Suite size reduction (SSR) percentage implies the number of test cases removed from 

the original suite. 

 
     

|  |  |  |

|  |
       (4.1) 

Where, |  | represent the number of test cases in the original test suite and |  | is the 

number of test cases in the minimized test suite. 

b) Fault Detection Loss (FDL) Measurement 

Fault detection loss (FDL) percentage signifies the total number of faults revealed by 

the minimized test suite. 

 
     

| |  |  |

| |
           (4.2) 
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Where, | | represents the total number of distinct faults revealed by the original test 

suite and |  | is the number of distinct faults exposed by the minimized test suite. 

 

Table 4.1 Subject program description 

Program 

No. 

Subject 

Programs 
Program Description 

Pr. 1 
Prime 

number 
To determine whether a number is prime or not 

Pr. 2 Pushdown 
It pushes the element down through its descendants by a 

sequence of swaps to its proper position 

Pr. 3 Triangle Return the type of a triangle by three integers 

Pr. 4 Leap Year To determine whether the year is a leap year or not 

Pr. 5 
Greatest 

Number 
To find the largest number among the three numbers 

Pr. 6 
Number of 

digits 
To calculate the number of the digits of a given number 

Pr. 7 Odd/even To determine whether a number is odd/even 

Pr. 8 
Quadratic 

equation 
Find all roots of a Quadratic equation 

Pr. 9 Calc A simple calculator to add, subtract, multiply and divide 

Pr. 10 Bubble sort Sort by repeatedly stepping through the list 

 

4.4.2 Case Study 

In order to demonstrate the effectiveness of the proposed approach, a sample case study 

has been used. It is a C++ program that accepts any number from the user and 

determines whether the given number is a prime number or not. The case study is 

discussed in detail. The program (see Table 4.1) is taken as input for the proposed 

approach. The source code is transformed into the control-flow graph. The flow graph 

of the given program is shown in Figure 4.2. Figure 4.2 (a) illustrates the blocks 

presented in the program, which helps in identifying the block coverage information for 

each test case by executing them. In Figure 4.2 (b), the numbers such as 1, 2, 3, and so 
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on represent nodes and               represents the path number respectively. 

Similarly to gather other coverage information i.e. Def-Use, Control-Flow and Data 

flow, the different control flow graphs are generated indicating blocks, def-use etc.  

Based on the obtained coverage information, the test case coverage matrix is 

constructed to map the test cases with the coverage requirement. The path covered by 

the test cases are shown in Table 4.4 (5 *13 input matrix). One (1) and zero (0) 

represents paths covered and not covered respectively. The test cases are generated 

randomly for execution the of all selected coverage requirement. In order to collect all 

the selected coverage information for each test case, the program was hand 

instrumented. Table 4.4 represents the path coverage matrix for the sample test cases. 

We have randomly extracted some of the test cases for the given program to validate the 

proposed work (see Table 4.3). The proposed approach also uses hand seeded faults 

[65] for the subject program that are represented as               in Table 4.2, where 

‘n’ signifies the number of injected faults.  

 

Table 4.2 Sample program and injected faults 

S. No. Original Program Fault No. Injected Faults 

1 #include <iostream.h>   

2 int main()   

3 int num  i;   

4 cout << ―enter a number \n‖;   

5 cin >> num;   

6 if(num%2==0) F1 if(num%2>=0) 

7 cout<< ―even\n‖;  else   

8 cout<< ―odd\n‖;   

9 if(num == 1) F2 if(num<1) 

10 cout<< ―prime\n‖;  else   

11 {for (i=2; i ≤ num/2; ++i) F3 {for (i=2; i ≤ num/2; --i) 

12 if(num%i==0) F4 if(num%i==1) 

13 {cout<< ―not prime\n‖;   

14 goto lb;}   
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15 cout<< ―prime\n‖;}   

16 lb;   

17 return 0; }   

 

Table 4.3 Sample test cases 

Test Cases  Input Expected Output 

T1 7 Odd, Prime 

T2 2 Even, Prime 

T3 6 Even, Not Prime 

T4 15 Odd, Not Prime 

T5 1 Odd, Prime 

T6 10 Even, Not Prime 

 

The generation of an effective test suite is carried out in three essential phases as 

discussed above. For each test case pair, the coverage metrics are calculated using the 

SBGA algorithm, where the values are shown in Table 4.5. 

Here,                        represents coverage metric value for block, control-

flow, def/use and data flow coverage.  After applying TCCA algorithm, the 

Commonality (Comm.) and Divergence (Div.) signature values are calculated for each 

pair of test cases (see Table 4.5). For example, test case pair T1-T2 have the divergence 

signature value and equivalence signature value is (0.69) and (0.83) respectively. With 

the help of these values, cluster of similar test cases are generated in subsequent phases. 

The next step is optimization of the test suite that further comprises of minimization and 

prioritization techniques. We apply Similarity Based Greedy Algorithm (SBGA) on 

collected coverage metrics for each pair of test cases. According to the agglomerative 

clustering approach, we have created four groups i.e. diverse, relaxed, sensitive, and 

duplicate (see Table 4.7). To remove some conflicts, we merge them with each other 

and creates only two groups i.e. diverse and similar group. Here T1, T2, and T5 grouped 

in one cluster C1 and the remaining test cases T3, T4 and T6 arranged in another cluster 

C2. During the optimization process, the selected combination of optimization 

technique applied on the generated clusters. 
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Figure 4.2 Control flow graph of the source program indicating (a) Block coverage and 

(b) Path coverage  

 

Table 4.4 Path coverage matrix 

Test Cases 
Path Coverage 

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 

T1 1 0 1 0 1 0 1 1 1 1 1 0 0 

T2 1 1 0 1 0 0 1 1 0 0 0 0 0 

T3 1 1 0 1 0 0 1 0 1 0 0 1 1 

T4 1 0 1 0 1 0 1 0 1 0 1 1 1 

T5 1 0 1 0 1 1 0 0 0 1 0 0 0 

T6 1 0 1 0 1 0 1 1 1 1 1 0 0 

 

(a) (b) 
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Table 4.5 Coverage metrics value for test case pairs 

Test cases 
Coverage metrics values 

T1 T2 T3 T4 T5 T6 

T1 

   0.00 0.66 0.42 0.66 0.50 0.42 

    0.00 0.88 0.22 0.22   0.22 

    0.00 1.00 0.75 0.75 0.66 0.75 

    0.00 0.50 0.50 0.12   0.50 

T2 

   0.66 0.00 0.66 0.42 0.28 0.66 

    0.88 0.00 2.00 2.00   2.00 

    1.00 0.00 0.75 0.75 0.66 0.75 

    0.50 0.00 0.00 0.12   0.00 

T3 

   0.42 0.66 0.00 0.66 0.28 1.00 

    0.22 2.00 0.00 0   0 

    0.75 0.75 0.00 1.00 0.50 1.00 

    0.50 0.00 0.00 0.12   0.00 

T4 

   0.66 0.42 0.66 0.00 0.50 0.42 

    0.22 2.00 0.00 0.00   0.00 

    0.75 0.75 1.00 0.00 0.50 1.00 

    0.12 0.12 0.12 0.00   0.12 

T5 

   0.50 0.28 0.28 0.50 0.00 0.28 

            0.00   

    0.66 0.66 0.50 0.50 0.00 0.50 

            0.00   

T6 

   0.42 0.66 1.00 0.42 0.28 0.00 

    0.22 2.00 0 0.00   0.00 

    0.75 0.75 1.00 1.00 0.50 0.00 

    0.50 0.00 0.00 0.12   0.00 

 

Table 4.6 Overall distance matrix for test case pairs 

Test 

Cases 
Distances 

Signature Values 

T1 T2 T3 T4 T5 T6 

T1 
Div.  0.69 0.36 0.17 0.00 0.36 

Comm.  0.83 0.58 0.70 0.58 0.58 

T2 
Div.   1.00 1.06 0.00 1.00 

Comm.   0.70 0.58 0.47 0.70 

T3 
Div.    0.06 0.00 0.00 

Comm.    0.83 0.39 1.00 

T4 
Div.     0.00 0.06 

Comm.     0.50 0.71 

T5 
Div.      0.00 

Comm.      0.39 
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Table 4.7 Test Case Pair Group 

Test 

Cases 

Test Case Pair Group Status 

T1 T2 T3 T4 T5 T6 

T1  Relaxed Diverse Diverse Relaxed Diverse 

T2   Diverse Diverse Relaxed Diverse 

T3    Sensitive Relaxed Duplicate 

T4     Relaxed Sensitive 

T5      Relaxed 

 

1) Reduction and then Prioritization: We have a cluster of diverse and similar test 

cases, where, on each cluster, we apply CMIMIX procedure to minimize the cluster 

size by removing obsolete or redundant test cases. According to the CMIMX 

procedure, the following steps are illustrated below: 

 

For cluster C1: 

Step 1: minCov =  , YetToCov = 11. 

Step 2: All three tests T1, T2, T5 and eleven entities are unmarked. 

Step 3: As YetToCov > 0, execute the loop body. 

Loop 1 (Step 3.1): P6, P9, and P11 entity contain a single one (1); hence qualify as 

the highest priority entity. LC = {6, 9, 11}. 

Step 3.2: Among the unmarked tests, T1 and T5 cover entities in LC. Of these tests, 

T1 has the maximum coverage of LC entities i.e. 9 and 11. So, S = T1. 

Step 3.3: minCov = {T1}, test T1 is marked and entities covered by T1 are also 

marked i.e. 1, 3, 5, 7, 8, 9, 10 and 11. So, YetToCov = 11-8 = 3. 

Loop 2 (Step 3.1): Continues with the second iteration of the loop as YetToCov > 

0. Among the remaining unmarked entities 2, 4, and 6 have identical costs. So, LC = 

{2, 4, 6}.  

Step 3.2: Entities in LC are covered by unmarked tests T2 and T5. Between these 

tests, T2 covers 2 and 4, and T5 covers 6. 

Among these test cases, T2 has the maximum benefit of two (2). So, S = T2. 

Step 3.3: minCov = {T1, T2}. Test T2 and entities covered by the test are marked 

i.e.2 and 4. YetToCov = 3-2 = 1. 
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Loop 4 (Step 3.1): Continues with the second iteration of the loop as YetToCov > 

0. Among the remaining unmarked entities, only P6 is left which is covered by only 

one test case i.e. T5. So, LC = {6} and S = T5.  

Step 3.3: minCov = {T1, T2, T5}. Test T5 and entities covered by the test are 

marked. YetToCov = 1-1 = 0. 

In cluster C1, all the three test cases are important as compared to each other so, 

there is no removal of any test cases are possible.  

After applying minimization technique, we prioritize the test cases according to the 

proposed method of unique coverage. 

Input: T (T1, T2, T5), entitiyCov = {1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11}. 

Calculate cov (t) and unqcov(t) for each test cases of cluster C1 (see Table 4.8). 

Hence, the output is PRTest = {T2, T1, T5}. 

For cluster C2: 

As we can clearly see in Table 4.6, the signature values of test case pair T3-T6 are 

0.00 and 1.00 respectively. These values illustrate that the pair is redundant. So, we 

can remove any one of the test cases from cluster C2. We arbitrarily select T6 to 

remove from that cluster. After removal of duplicate test cases, we have only T3 and 

T4 for further optimization. Afterward, we apply CMIMX procedure as we used for 

cluster one. Finally, we get the optimized (minimized and ordered) clusters C1 (T2, 

T1, T5) and C2 (T4, T3). In turn, the overall optimized test suite contains T2, T1, 

T5, T4, and T3 respectively. 

 

2) Prioritization and then Reduction: In this optimization approach, first of all, we 

prioritize the test cases in the cluster, and then we apply the minimization technique. 

After prioritization, in cluster one the value of PRTest becomes {T2, T1, T5}. 

 

Table 4.8 Unique Paths Covered By Test Cases of C1 

Test Cases 
Path Covered 

(cov(t)) 
|      | |         | 

T1 1, 3, 5, 7, 8, 9, 10, 11 8 2 {9, 11} 

T2 1, 2, 4, 7, 8, 12, 13 7 4 {2, 4, 12, 13} 

T5 1, 3, 5, 6, 10 5 1 {6} 
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Table 4.9 Unique Paths Covered By Test Cases of C2 

Test Cases 
Path Covered  

(cov(t)) 
|      | |         | 

T3 1, 2, 4, 7, 9, 12, 13 7 2 {2, 4} 

T4 1, 3, 5, 7, 9, 11, 12, 13 8 3 {3, 5, 11} 

 

Table 4.10 Coverage criteria 

Coverage 

Criteria 
Description 

Block Coverage Measures the sequence of consecutive groups of statements  

Control Flow 

Coverage 

Measures the same block that has a conditional path between 

them  

def-use 

Coverage 

Measures a logic execution sequence in a block that defines and 

uses a variable  

Data Flow 

Coverage 

Measures the coverage with respect to data values used for 

code variables  

Path Coverage Measure the coverage of each possible routes in each function  

 

Subsequently, the minimization technique (CMIMX) is processed to get the 

representative test suite in cluster one. Keep in mind that, always prefer the test case 

have the highest priority while applying minimization here. While considering cluster 

two (Table 4.9), after prioritization we get the PRTest as {T4, T3, T6}, and because the 

test case pair T3 and T6 are duplicate the minimized test suite or cluster becomes {T4, 

T3}. Then, we have combined the results of generated clusters and get the optimized 

test suite i.e. T2, T1, T5, T4, and T3 respectively. The result of this technique is similar 

to the previous one. But, if we take a larger set of test cases, results may defer 

accordingly.  
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4.4.3 Result and Discussion 

As can be seen in Figure 4.3, for each coverage criteria the percentage of size reduction 

and fault detection loss are different for HGS algorithm. The main drawback of this 

algorithm is that they achieve high test suite size reduction with the sacrifice of 

significant loss in fault detection ability. However, the prime objective of any testing 

scheme is to reveal maximum faults. We observe from Figure 4.3 that suite size 

reduction with multiple coverage criteria by the proposed algorithm is lower than the 

HGS algorithm as expected. However, the proposed algorithm achieves zero fault 

detection loss since the reduced test suite retains all coverage (multi-coverage). Where 

the loss is very less than the corresponding HGS fault detection loss values. In the 

proposed approach we have mainly concentrated on fault detection ability of the 

reduced test suite.  

In this work, the test cases are checked for the entire selected coverage criterion for 

redundancy rather than considering only a single criterion as HGS algorithm. Because 

while removing any duplicate test cases from the test suite, there might be a possibility 

that the removed test cases may not become duplicate with respect to another criterion. 

The user can also use a different set of coverage criteria to evaluate the similarity or 

difference between test case pair depending on their requirement. Figure 4.4 and Figure 

4.5 illustrate the fault coverage percentage of ordered test cases based on random 

prioritization and proposed prioritization approach. And result reveals that our proposed 

approach is quite effective in terms of early fault detection as compared to random 

based approach. As we can clearly see in Figure 4.4 that 100% fault coverage is 

obtained at last while execution of test case T5. Despite that in Figure 4.5, 100% 

coverage is obtained at an early stage while executing the test cases on a priority basis. 

By comparing the proposed approach with the conventional approach (HGS), our 

approach identifies maximum faults as early as possible and show good improvement in 

fault detection loss (see Figure 4.3).  
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Figure 4.3 Analysis of SSR and FDL percentage for Prime Number (Pr. 1) program 

 

 

Figure 4.4 Fault coverage graph for random based prioritization of test cases 

 

 

Figure 4.5 Fault coverage graph for the proposed prioritization approach 
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Therefore analysis reveals that identification of duplicate test cases based on any one 

single criteria and throwing them away is not a smart approach. Our experimental 

results clearly reveal that use of more than one criterion improves the quality of reduced 

and prioritized test suite in terms of coverage and fault detection ability. Our approach 

also provides the combinatorial approach for regression testing techniques i.e. the 

possible combination of minimization and prioritization. Overall the proposed similarity 

based greedy algorithm performs better than the existing coverage based technique 

HGS. If we have taken larger data set for validation of the proposed work, results would 

be quite different in terms of suite size reduction and fault detection loss. 

The similarity-based greedy algorithm is carried out systematically using the procedure 

described in this chapter for other subject programs. The suite size reduction (SSR) and 

fault detection loss (FDL) for each program are illustrated in Figure 4.6 (a) and 4.6 (b). 

The y-axis in the graph represents the SSR and FDL against the ten subject programs 

considered in the x-axis. The average, maximum and minimum test suite size reduction 

and fault detection loss attained for the proposed SBGA algorithm with respect to the 

HGS algorithms with different criteria labeled as       (block coverage 

minimization),       (control-flow minimization),       (def/use minimization) and 

      (data flow minimization) are presented in Table 4.11.  

From Figure 4.6 it can be observed that test suite size reduction using SBGA is almost 

competitive with the state-of-the-art HGS algorithm. Table 4.11 states that when SBGA 

algorithm is used, the obtained average and maximum test suite reduction percentage is 

67.6% and 75.5% respectively. These values are marginally less than        and 

        algorithms but higher than        and      . So, overall the proposed 

approach is quite effective and competitive against HGS algorithm in suite size 

reduction.  Figure 4.6 (a) and (b) also reveals that when the SBGA algorithm is used the 

fault detection loss for the subject programs ranges from 0.00% to 34%. The analysis 

suggests that the optimal test suite generated using SBGA algorithm detects number of 

faults than the state-of-the-art algorithm with minimum loss. From these figures, it has 

been concluded that the fault detection loss of the test cases is less in SBGA due to 

using multiple coverage criteria for determining similar test cases.  
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Figure 4.6 (a) Overall analysis of SSR (%) and FDL (%) for programs Pr.1 to Pr.5 
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Figure 4.6 (b) Overall analysis of SSR (%) and FDL (%) for programs Pr.6 to Pr.10 
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Table 4.11 also summarizes the fault detection loss by the representative test set after 

experimentation with the proposed algorithm and state-of-the-art algorithm HGS. The 

observations made after experimentation show that SBGO algorithm provided an 

average of 15.01% fault detection loss against        (39.59%),       (48.07%), 

      (43.92%) and       (38.89%) algorithms. Further, the obtained results 

recommend that the proposed SBGA algorithm consistently outperformed the HGS 

algorithm in fault detection loss. 

 

Table 4.11 SSR and FDL values 
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There is a need for validation of any research work to provide certain assurance for the 

stability, accuracy, and robustness of the proposed system. For the purpose of showing 

statistical significance or validation of the proposed optimization approach, statistical 

analysis is carried out. The next section statistically evaluates and tests the 

trustworthiness of the proposed SBGA algorithms. 

4.5 Statistical Validation 

Statistical analysis is done to study the effectiveness of the proposed optimization 

approach. A hypothesis about the result of the proposed method or measurement is a 

wise assessment. Statistical Hypothesis testing is conducted to assess whether or not the 

SSR and FDL are improved in the optimal test set as compared to the existing 

techniques generated a test suite. Since the sample size is small, the student T-test is 

applied to find out the level of significance and reject the null hypothesis [115]. 

Meanwhile, the rejection or acceptance of a null hypothesis is based on either (0.05) 

alpha ( ) or (0.01) alpha ( ) level of significance for one tailed or two tailed test, (0.05) 

alpha ( ) level of significance for a one-tailed test is taken for rejection of the null 

hypothesis. An important point in implementing the right statistical hypothesis test is to 

consider their notion [115]. The statistical analysis process comprises of some 

sequential steps: the first step begins with the creation of the null hypothesis and the 

alternative hypothesis. Here the comparison has been made using SSR and FDL 

percentage against the existing HGS algorithm and the proposed SBGA algorithm. And, 

by obtained results, it has been concluded that whether there is a significant difference 

between them or not. The obtained t value will determine whether to reject the null 

hypothesis and accept the alternative hypothesis.  

A null hypothesis shows that there is no significant relationship between two or more 

parameters, while the alternative hypothesis proves relationships. The rejection of a null 

hypothesis provides a strong basis for accepting the relationship or accepting the 

alternative hypothesis [115]. This study relates improvement of suite size reduction and 

fault detection loss by using the similarity based approach with multiple criteria. 

The formulated hypothesis is mentioned below: 



73 

 

Null Hypothesis       : Percentage of Suite Size Reduction (SSR %) cannot be 

improved using the proposed approach as compared to      . 

Alternative Hypothesis       : Percentage of Suite Size Reduction (SSR %) can be 

improved using the proposed approach as compared to      . 

Null Hypothesis       : Percentage of Suite Size Reduction (SSR %) cannot be 

improved using the proposed approach as compared to      . 

Alternative Hypothesis       : Percentage of Suite Size Reduction (SSR %) can be 

improved using the proposed approach as compared to      . 

Null Hypothesis       : Percentage of Suite Size Reduction (SSR %) cannot be 

improved using the proposed approach as compared to      . 

Alternative Hypothesis       : Percentage of Suite Size Reduction (SSR %) can be 

improved using the proposed approach as compared to      . 

Null Hypothesis       : Percentage of Suite Size Reduction (SSR %) cannot be 

improved using the proposed approach as compared to      . 

Alternative Hypothesis       : Percentage of Suite Size Reduction (SSR %) can be 

improved using the proposed approach as compared to      . 

Null Hypothesis       : Percentage of Fault Detection Loss (FDL %) cannot be 

decreased using the proposed approach as compared to      .  

Alternative Hypothesis       : Percentage of Fault Detection Loss (FDL %) can be 

decreased using the proposed approach as compared to      . 

Null Hypothesis       : Percentage of Fault Detection Loss (FDL %) cannot be 

decreased using the proposed approach as compared to      .  

Alternative Hypothesis       : Percentage of Fault Detection Loss (FDL %) can be 

decreased using the proposed approach as compared to      . 

Null Hypothesis       : Percentage of Fault Detection Loss (FDL %) cannot be 

decreased using the proposed approach as compared to      .  
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Alternative Hypothesis       : Percentage of Fault Detection Loss (FDL %) can be 

decreased using the proposed approach as compared to      . 

Null Hypothesis       : Percentage of Fault Detection Loss (FDL %) cannot be 

decreased using the proposed approach as compared to      .  

Alternative Hypothesis       : Percentage of Fault Detection Loss (FDL %) can be 

decreased using the proposed approach as compared to      . 

By observing the average, maximum and minimum values of SSR (%) and FDL (%) in 

Table 4.11, it can be concluded very easily that the proposed SBGA algorithm is quite 

competitive against HGS algorithm in suite size reduction (SSR) and comparatively 

improved in fault detection loss (FDL). Experimental results represented through Figure 

4.6 (a) and (b) show that the proposed approach followed for minimizing test suite size 

with maintaining their fault detection loss is very appropriate. But it is not sufficient and 

will not be able to prove alone the acceptance of the proposed approach. In general, the 

level of significance of proposed approach must be calculated to make it acceptable and 

for this purpose, t-test is found appropriate. 

Level of Significance of SSR 

To find out the significance of the difference between the HGS algorithm with different 

criteria labeled as       ,       ,       and       against the proposed SBGA 

approach in terms of SSR, the means of both old and new SSR are calculated as shown 

in Table 4.12 (a) to 4.12 (d). Pearson coefficient of correlation shows that the old SSR 

values before treatment and new values of SSR after treatment are highly correlated. 

The degree of freedom for both SSR values is 9.  

The t value comes out to be 4.546, 2.414, 2.389 and 1.111 respectively. As the initial 

three values exceed the t critical value for a two-tailed test at the 0.05 level for 9 degrees 

of freedom, the null hypothesis      ,      and      are strongly rejected and the 

alternate hypothesis      ,      and      are accepted. But in the case of last t value i.e. 

1.111 for        is less than the t critical value, the null hypothesis      is not strongly 

rejected and the alternate hypothesis      is rejected.  

Hence it is validated that SSR value is improved by applying similarity based greedy 

approach with multiple criteria as compared to        ,       and       . And as 
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compared to       the SSR is marginally less improved by the proposed approach. 

Overall our approach is quite competitive to the state-of-the art algorithm in suite size 

reduction. 

 

Table 4.12 (a) T-Test: Paired Two Sample for Means in terms of SSR (      vs. 

SBGA) 

Statistical Observation       SBGA 

Mean 54.17 67.605 

Variance 59.89898 47.75185 

Observations 10 10 

Pearson Correlation 0.190029  

Hypothesized Mean Difference 0  

df 9  

t Stat -4.54642  

P(T<=t) one-tail 0.000697  

t Critical one-tail 1.833113  

P(T<=t) two-tail 0.001393  

t Critical two-tail 2.262157  

 

Table 4.12 (b) T-Test: Paired Two Sample for Means in terms of SSR (      vs. 

SBGA) 

Statistical Observation       SBGA 

Mean 59.275 67.605 

Variance 63.32932 47.75185 

Observations 10 10 
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Pearson Correlation -0.07262  

Hypothesized Mean Difference 0  

df 9  

t Stat -2.41406  

P(T<=t) one-tail 0.019494  

t Critical one-tail 1.833113  

P(T<=t) two-tail 0.038989  

t Critical two-tail 2.262157  

 

Table 4.12 (c) T-Test: Paired Two Sample for Means in terms of SSR (      vs. 

SBGA) 

Statistical Observation       SBGA 

Mean 75.554 67.605 

Variance 43.67785 47.75185 

Observations 10 10 

Pearson Correlation -0.21105  

Hypothesized Mean Difference 0  

df 9  

t Stat 2.389048  

P(T<=t) one-tail 0.02031  

t Critical one-tail 1.833113  

P(T<=t) two-tail 0.040621  

t Critical two-tail 2.262157  
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Table 4.12 (d) T-Test: Paired Two Sample for Means in terms of SSR (      vs. 

SBGA) 

Statistical Observation       SBGA 

Mean 63.038 67.605 

Variance 102.4802 47.75185 

Observations 10 10 

Pearson Correlation -0.13187  

Hypothesized Mean Difference 0  

df 9  

t Stat -1.11198  

P(T<=t) one-tail 0.147483  

t Critical one-tail 1.833113  

P(T<=t) two-tail 0.294966  

t Critical two-tail 2.262157  

 

Level of Significance of FDL 

To find out the significance of the difference between the HGS algorithm with different 

criteria labeled as       ,       ,       and       against the proposed SBGA 

approach in terms of FDL, the means of both old and new FDL are calculated as shown 

in Table 4.13 (a) to 4.13 (d). Pearson coefficient of correlation shows that the old FDL 

values before treatment and new values of FDL after treatment are highly correlated. 

The degree of freedom for both FDL values is 9. 

The t value comes out to be 6.736, 5.260, 3.200 and 5.619 respectively. As the values 

exceed the t critical value for a two-tailed test at the 0.05 level for 9 degrees of freedom, 

the null hypothesis     ,     ,      and      are strongly rejected and the alternate 

hypothesis      ,      ,      and      are accepted. Hence it is validated that the 
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performance of the test suite optimization in terms of fault detection loss (FDL) can be 

improved using similarity-based greedy approach.  

The acceptance of any new approach by society or industry depends on the validation of 

that approach. This is the belief that proves the usefulness of the approach in society or 

industry. For testing the usefulness of the proposed approach for optimizing the test 

suite for effective regression testing, a systematic validation is carried out. 

Table 4.13 (a) T-Test: Paired Two Sample for Means in terms of FDL (      vs. 

SBGA) 

Statistical Observation       SBGA 

Mean 39.593 15.01 

Variance 172.528 96.74418 

Observations 10 10 

Pearson Correlation 0.526747  

Hypothesized Mean Difference 0  

df 9  

t Stat 6.736533  

P(T<=t) one-tail 4.25E-05  

t Critical one-tail 1.833113  

P(T<=t) two-tail 8.49E-05  

t Critical two-tail 2.262157  

 

Table 4.13 (b) T-Test: Paired Two Sample for Means in terms of FDL (      vs. 

SBGA) 

Statistical Observation       SBGA 

Mean 48.077 15.01 

Variance 152.2008 96.74418 
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Observations 10 10 

Pearson Correlation -0.6024  

Hypothesized Mean Difference 0  

df 9  

t Stat 5.260405  

P(T<=t) one-tail 0.00026  

t Critical one-tail 1.833113  

P(T<=t) two-tail 0.00052  

t Critical two-tail 2.262157  

 

Table 4.13 (c) T-Test: Paired Two Sample for Means in terms of FDL (      vs. 

SBGA) 

Statistical Observation       SBGA 

Mean 43.926 15.01 

Variance 567.0289 96.74418 

Observations 10 10 

Pearson Correlation -0.32524  

Hypothesized Mean Difference 0  

df 9  

t Stat 3.20081  

P(T<=t) one-tail 0.005409  

t Critical one-tail 1.833113  

P(T<=t) two-tail 0.010817  

t Critical two-tail 2.262157  
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Table 4.13 (d) T-Test: Paired Two Sample for Means in terms of FDL (      vs. 

SBGA) 

Statistical Observation       SBGA 

Mean 38.887 15.01 

Variance 222.8069 96.74418 

Observations 10 10 

Pearson Correlation 0.473478  

Hypothesized Mean Difference 0  

df 9  

t Stat 5.619726  

P(T<=t) one-tail 0.000163  

t Critical one-tail 1.833113  

P(T<=t) two-tail 0.000326  

t Critical two-tail 2.262157  

 

4.6 Summary 

In this chapter similarity-based greedy approach has been proposed for test suite 

optimization. The optimized test suite is used by testers for effective regression testing. 

The goal is to apply a similarity-based strategy with multiple criteria to identify the 

difference between a pair of test cases and compare them to similarity level. This work 

concentrates on the combination of regression testing techniques i.e. minimization and 

prioritization with different coverage criterion to optimize the test suite size. The main 

idea is to analyze the test cases first to know the difference and similarity value of the 

test case pairs and further apply the greedy and clustering approach to optimize the test 

cases accordingly. We have proposed the SBGA algorithm for optimizing the test suite. 

The proposed approach can be very helpful when the fault detection effectiveness is 

more important as compared to code coverage. The experiments are conducted on 
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different benchmark programs to evaluate the performance of the proposed approach. 

To evaluate the effectiveness of the proposed work two performance metrics were used 

i.e. SSR and FDL. And the experimental results show that the fault detection ability is 

highly improved by the proposed technique as compared to an existing technique.  

The most essential stage of the research work is to validate the newly developed 

method. It is necessary to prove the approach to make it socially acceptable. In this 

chapter, the proposed work has been validated. Student T-test has been used to test the 

hypothesis. The observed values after t-test reveal that the proposed SBGA algorithm 

consistently outperformed the HGS algorithm in fault detection loss and quite 

competitive in suite size reduction. 
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Chapter 5 A New Similarity-Based Test Suite 

Optimization Framework Using Multiple 

Coverage Criteria 

5.1 Introduction 

Testing is the most commonly used but expensive method for demonstrating that a 

software program performs its intended function. It is a very expensive process as well 

as the important task of the software development life cycle (SDLC), through which we 

add some value to the software program. Adding some value means improving the 

quality and reliability of the program [116]. Due to some changes in customer 

requirements, the developer has to modify or update the existing software to release a 

new version of the software. Re-testing the modified software to verify whether new 

added features or changes have introduced errors into existing parts, compromising their 

behaviors is termed as regression testing. It requires additional test cases to check new 

features within the software program [3, 4]. Execute all the existing test cases together 

with newer ones are very time to consume and costly because of limited time and 

resources available. Additionally, the resulted test suite may contain obsolete and 

duplicate test cases which must be removed to get the optimal test suite. A test case in a 

test suite either said to be redundant or essential. Two test cases are termed as duplicate 

or redundant if their satisfied testing objectives (testing requirements or criteria) are 

same. On the other hand, some of the test cases are termed as essential if their testing 

objective is unique (not satisfied by remaining test cases). The main aim is to remove 

the duplicate test cases and find out the diverse test cases. With the aim of optimizing 

the test suite, many researchers proposed different regression testing techniques; such as 

test case selection, minimization, and prioritization by using different approaches. 
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Various approaches are coverage based, search-based, ILP based or similarity based. 

But, a recent study shows that a coverage criterion is not strong enough to solve 

regression testing problem [13]. For adequate regression testing, diversity-based test 

suite optimization is also one of the promising approaches with better results [14].  

In this chapter, the similarity based test suite optimization framework is proposed with 

the help of clustering and prioritization to get an optimal representative test suite. The 

other major concern while performing minimization is coverage criteria. Most of the 

existing techniques are based on certain coverage criteria such as statement, branch, 

mc/dc, path etc.  They used either one or two of these criteria to minimize the test suite. 

The study shows that no single coverage criteria test the whole program or performs 

best for all faults. Different kinds of faults are best identified by multiple coverage 

criteria [117]. In this paper, more than one coverage criteria are used to get an optimal 

result. Minimizing test suites while keeping all-uses coverage constant could result in 

minimum loss of fault detection effectiveness [43]. However, the previous empirical 

study recommends that after reducing test suites the fault detection capabilities can 

severely compromise [51]. The real challenge for researchers is to determine a minimal 

subset of essential test cases, which discovers a maximum number of faults similar to 

the original test suite. So, there must be an effective approach which must be capable of 

reducing the test suite size in such a manner that resultant test suite retains less FDE 

(Fault Detection Effectiveness) loss and maximum desirable code coverage. 

The chapter introduces a novel approach that incorporates a similarity-based strategy 

with multiple coverage criteria to get an optimal result. The main contributions of the 

proposed approach are as follows: 

 The proposed similarity-based approach is used to identify the most different 

test cases and eliminate the redundant one with the help of a similarity matrix. 

The approach uses three coverage information i.e. Statement coverage, MC/DC 

coverage and branch coverage to construct a similarity matrix by calculating the 

distance between test case pairs. 

 The approach also utilizes an agglomerative hierarchical clustering method [92] 

which is applied to the obtained similarity matrix to create the desired number of 

clusters of similar test cases. And within every cluster, the duplicate and most 

similar test case pairs are identified according to their similarity degree.   
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 The chapter presents an optional use of prioritization to order the test cases 

belongs to minimized clusters with the help of their assigned weight. The weight 

is calculated according to their overall coverage detail.  

To measure the quality and effectiveness of the proposed approach, we performed an 

experimental and statistical evaluation of different subject programs. We also 

implemented the well-known HGS and GRE algorithm [41, 114]; to compare the results 

of optimized test suites using our similarity-based test suite optimization algorithm with 

those of minimizing test suites using the HGS and GRE algorithm. 

5.2 Background  

Regression testing is a critical activity to ensure that the modified or updated software 

has sufficient quality and reliability. Thus, a fundamental problem of regression testing 

is to select a small set of diverse test cases having maximum coverage and higher FDE. 

For adequate regression testing, there must be an optimized test suite containing 

essential or diverse test cases have to be generated by discarding the duplicate or similar 

test cases from the original test suite. In this work to get an optimized result, we 

incorporated both the clustering and prioritization method with the similarity based 

strategy. This section provides a brief introduction about test suite minimization, 

coverage criteria, similarity-based test suite minimization and the clustering method 

used in the proposed approach for grouping of similar test cases. 

5.2.1 Test suite optimization 

To get an optimal test suite, we have considered both the test suite minimization and 

test case prioritization in our proposed similarity-based approach. Combining the two 

approaches provides the better result as compared to the existing one.  

Test Suite Reduction 

Test suite reduction aims to retain essential test cases and remove redundant ones from 

a test suite, generating an optimal test suite that is a minimal subset of the original test 

suite.  Test suite reduction techniques aim to find duplicate test cases with respect to 

some testing criteria, such as statement, branch coverage, path, MC/DC etc. A test case 
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is either termed as essential or duplicate. Essential test cases are the reverse of duplicate 

test cases. If any test case satisfies the requirement    uniquely, the test case is termed as 

essean ntial test case. In contrary, if a test case covers equal requirements or only a 

subset of the test requirements covered by another test case, called as dupla icate test 

case. Most of testthe  suite minimization problems can be stated as a minimal hitting set 

problem which is known as NP-complete [37]. 

According to Harrold et al. [41], the test suite minimization problem can be defined as 

follows: 

Given:                 represents a test suite T containing n test cases and 

               represents a set of testing requirements that must be satisfied in order to 

provide required coverage of the program and each subsets               from T are 

associated to one of the   ‘s such that each test case    related to    covers   . 

Problem: Discover minimal test suite    from T which satisfies all   ‘s covered by the 

original test suite T. 

Test Suite Prioritization 

Test suite prioritization ranked the test cases within a test suite based on some criteria 

with the aim of maintaining fault detection effectiveness. The focus of test case 

prioritization is to maximize the probability of meeting certain objective (maximum 

coverage or higher fault detection rate) of the test cases when executed in a particular 

order. Under limited time and resource constraints, ordering the test cases may increase 

the testing effectiveness by executing the essential test cases as early as possible.  The 

effectiveness of minimized test suites can be further improved or optimized by ordering 

the reduced test suite. 

Test case prioritization problem can be defined as follows [2]: 

Given: TS represents a test suite, PT represents a permutation of TS, and a 

function                   . 

Problem: to find       such that                                           . 
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5.2.2 Test Coverage Criteria 

The purpose of coverage criteria is to measure the adequacy of test suites and its 

quality. Given certain coverage criteria, C that is satisfied by one of the test cases t 

residing in the test suite TS, another test case    of that suite is redundant with respect to 

C if the criteria C is also satisfied by that test case [83]. Thus, the process of removing 

test cases from a test suite that are redundant with respect to certain coverage criteria 

preserves the adequacy of the suite with respect to those criteria. But, redundant test 

cases that are selected to be removed from the test suite according to a specific criterion 

may not be redundant and may execute unique condition with respect to another 

criterion. The removal of such redundant test cases can be the reason of fault detection 

loss. This recommends that a combination of more than one testing criteria should be 

used for determining the optimal representative set, thus promoting the multi objective 

heuristics to solve the minimization problem effectively. The empirical study by 

Hemmati [98] concluded that a combination of control-flow coverage will always 

perform better than the best individual one. The effectiveness of test suite optimization 

techniques in identifying bug revealing test cases also increases from using single 

coverage criteria to using all coverage criteria together. Their finding suggests the use 

of multiple coverage criteria rather than focusing on maximizing just one. Inspired by 

their suggestions we have considered three coverage criteria i.e. statement, branch and 

MC/DC for the optimization process.  

Statement Coverage: Every statement in the program has been executed at least once 

[19]. 

MC/DC Coverage: MC/DC requires that each condition in a decision be shown by 

execution to independently affect the outcome of the decision [19]. 

Branch Coverage: Every entry and exit point in the program has been called at least 

once, and every decision in the program has taken all possible outcomes at least once 

[19]. 

Selection of coverage criteria is a very important task for detecting a maximum fault as 

well as preserving maximum coverage. The tester or user can select other combination 
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of criteria‘s also such as def-use, path, function coverage etc. depending upon their 

requirement and the software to be tested. 

5.2.3 Similarity-based Test Suite Optimization  

The goal of the similarity based test suite optimization strategy is to select a number of 

different and essential test cases that are most different or similar based on the similarity 

values among them. The diversity or similarity degree of test cases is calculated by a 

certain distance measure between each pair of test cases. Therefore, this will maximize 

the fault detection rate if we choose the maximum number of diverse test cases in a test 

suite. The resultant test suite must satisfy the coverage requirements as the original test 

suite. Hence, the goal is to achieve maximum requirement coverage by the most diverse 

test cases. For this, the following inputs are required:   

 Test Suite: The set of test cases that should be reduced;  

 Coverage Criteria: the list of coverage criteria. For each test coverage criterion, 

a set of test requirements that should be covered from a reduced test suite is 

generated;  

 Similarity Function: It presents the function used to calculate the similarity 

degree between two test cases. Cartaxo [31] proposed the Similarity Matrix to 

present the similarity degree between all pair of test cases of a test suite; 

Cartaxo et al. [31] define a distance measure that computes the similarity degree 

between the test case pair specified as paths. 

 
                          

   

    | | | | 
  (5.1) 

 

Where,     represents the number of identical transition and     | | | |  represents the 

average transition between path lengths. With the help of the calculated similarity 

degree of each pair of test cases the square similarity matrix is created, where n is the 

number of paths and each path represented as           is called a test case. 
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5.2.4 Agglomerative Hierarchical Clustering  

The agglomerative hierarchical clustering [92] method is used in the proposed approach 

for clustering of similar test cases. The clustering algorithm is presented as Algorithm 1. 

It works based on the concept of pairwise similarity or diversity between two test cases. 

Initially, single test cases are placed in separate clusters. Then, the test case belonging to 

two clusters are selected as a pair and the similarity degree between their overall 

coverage capabilities is calculated. Based on the maximum similarity degree, clusters 

are merged. After grouping of all single test case clusters, the same process is continued 

for merging larger clusters until a preferred number of clusters are obtained or no other 

cluster pair are left of maximum similarity degree greater than or equal to the chosen 

threshold value. At each step, a table is maintained for keeping the updated similarity 

degree of test case pairs and then for merged clusters. The output of the clustering 

process is a dendrogram, which is a tree structure that represents the arrangement of 

clusters. Figure 5.1 shows an example of a dendrogram structure. It is possible to 

generate k number of clusters for any k in         by splitting the tree for different 

heights. 

 

Algorithm 1: Agglomerative Hierarchical Clustering [92] 

Input: A set of n test cases, T 

Output: A dendrogram, D, representing the clusters 

Algorithm: 

Form n clusters, each with one test case 

C 

Add clusters to C 

Insert n clusters as leaf node into D 

while there is more than one cluster 

Find a pair of clusters with the minimum distance 

Merge the pair into a new cluster, new c 
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Figure 5.1 An example dendrogram for Agglomerative Hierarchical Clustering 

5.3 Proposed Approach 

Inspired by the similarity-based approach for test case selection and test suite reduction, 

we proposed the similarity based test suite optimization framework which is shown in 

Figure 5.2. The proposed approach for test suite optimization has been motivated by 

combining a similarity-based approach with multiple coverage criteria. The goal of this 

approach is to compare each test case pair by considering the similarity degree between 

them. To apply this strategy, multiple coverage criteria are selected. In this work, we are 

considering three important coverage criteria i.e. statement, MC/DC and branch 

coverage (must be specified by the tester) to compare, cluster, minimize and prioritize 

the test cases rather than using single criteria only. The user can choose other 

Remove the pair of test cases from C 

Add new c to C 

Insert new c as a parent node of the pair into D 

return D 
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combinations also depending upon their requirements. Selection of coverage criteria 

depends on the behavior of their ability to capture a test case execution and the behavior 

of the software program to be tested. The proposed SB_TSO (Similarity Based Test 

Suite Optimization) is described in Algorithm 2. 

The stepwise procedure of our approach is as follows:  

Step 1: Program is instrumented according to the three selected coverage criteria i.e. 

statement, MC/DC and branch coverage. 

Step 2: Collect execution profile by executing the test cases over the instrumented 

program. 

Step 3: For every test cases, the weight is calculated according to their total coverage 

information. 

 
         

     

      
      

 

(5.2) 

Where,       – Total number of the selected coverage criteria (i.e. statement or 

MC/DC or branch) covered by the test case    and        - Maximum number of 

selected criteria covered by any test case   . 

Step 4: Calculate the overall weight for each test case. 

 
          

∑      
 
   

 
   (5.3) 

Where,     represents the selected coverage criteria and m is the total number of 

criteria. 

Step 5:  Calculate the similarity level of each test case pair according to every 

individual coverage criteria.  

 
                  (     )   

       (     )

        (     )
  (5.4) 

Where,         – Total number of common coverage criteria covered by test case pair. 

         - represents the total number of coverage criteria covered by both the test 

cases. 
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Figure 5.2 Similarity-based test suite optimization process framework 

 

Step 6: Calculate the overall similarity level of test case pair.  

 
         (     )   

∑           
 
   

 
   (5.5) 

Where,     - represents the similarity degree of test case pair associated with some 

specific coverage criteria. M is the total number of coverage criteria. 

Step 7: For clustering, calculate the diversity values for each test case pair. 

 

           (     )             (     )   (5.6) 

 

Step 8: Create the group of similar test cases with the help of agglomerative 

hierarchical clustering method.  

Step 9: Within each cluster, duplicate and similar test cases are identified and removed 

from the cluster with the help of SelectOptimal( ) function.  
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Step 10: Prioritize the test cases after minimization with the help of their calculated 

overall weight. 

 

5.3.1 Algorithm of SB_TSO 

Algorithm 2: SBTSO (Similarity Based Test Suite Optimization) 

Input:   Source Code 

              Set of all test cases presented in the test suite TS ={                

              Set of requirement coverage information for each test cases in TS for coverage 

criteria:      

                   =                        , where (k    2) 

Output: Optimized test suite that satisfies all coverage requirements for k criteria    

begin    SBTSO   

1. for each coverage criteria      do 

2. for each test cases    do 

3. Extract the selected coverage requirements from the source code  

4. if (k= =1) then                      ; 

5. else if (k= =2) then                      ; 

6. else if (k= =3) then                         

7. endif 

8. Generate Coverage Matrix and corresponding covered requirements are marked 

as visited ( ); 

9. Calculate total coverage for each test case as       and           , where (k, 

i) represents the i
th

 test the case for  k
th

 criteria;   

10. Compute weight for each test cases using Eq. 2; 

11. endfor 

12. endfor 

13. for each test cases    do   

14. Compute overall weight for each test cases using Eq. 3; 

15. endfor 
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16. for each criterion      do 

17. for            do 

18. for          do 

19. Find out the common requirements (                 ) covered by test case 

pair and the total requirements  (                  ) covered by them; 

20. Generate Similarity Matrix [       by calculating the distance between test 

case pair using Eq. 4;      

21. endfor 

22. endfor 

23. endfor 

24. for            do 

25. for          do 

26. Generate overall similarity matrix for test case pair by calculating an overall 

similarity degree between them using Eq. 5; 

27. Calculate diversity values for each test case pair for further clustering by using 

Eq. 6; 

28. endfor 

29. endfor 

30. while (stopping criteria not reached) do 

31. Apply Agglomerative Clustering Algorithm (Algorithm 1) 

32. Apply function SelectOptimal (Clusters) 

33. On each minimized cluster prioritize the test cases based on their calculated 

weight:          ; 

34. end SBTSO 

 

function SelectOptimal (clusters) 

begin 

1. if the number of test cases in the cluster is    do 

2. for each pair of test cases in a cluster having diversity, values are  

                        do 

3. choose the pair with diversity value of zero that represents the redundant pair 
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4. remove one of the test case from redundant cases randomly; 

5. for each remaining test case pair in a cluster do 

6. select the pair with minimal diversity value among others; 

7. select the test case from that pair which are also paired withisother test case; 

8. keep that test case with their new pair and remove the remaining one; 

9. start with new pair and repeat a the step 7 until there are no pairs are left to be 

analyzed; 

10. get the essential test cases on that cluster; 

11. put that cluster with essential test cases into a set called minimized cluster; 

12. else put that cluster into minimized cluster; 

13. endif 

14. Generate the representative test suite by merging all the clusters of minimized 

clusters; 

15. end SelectOptimal 

 

5.4 Experimental Results and Discussion 

The experiments were conducted using ten different subject programs covering a wide 

range of applications. The performance of the proposed SB_TSO algorithm is evaluated 

against the coverage based state-of-the-art algorithms: HGS, GRE (Coverage–based). 

5.4.1   Test Artifacts 

The subject programs considered for this work have been well structured and without 

any compilation errors. The program description is shown in Table 5.1.  The selection 

of test cases was done using control and data flow criterion. Each program considered 

for experimentation used three coverage information i.e. statement, branch, and MC/DC 

coverage that was hand instrumented. All the test suite reduction approaches considered 

in this work had been implemented using the C++ programming language. 
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Table 5.1 Subject program description 

Program 

No. 

Subject 

Programs 
Program Description 

Pr. 1 Triangle Return the type of a triangle by three integers 

Pr. 2 Pushdown 
It pushes the element down through its descendants by a 

sequence of swaps to its proper position 

Pr. 3 
Prime 

number 
To determine whether a number is prime or not 

Pr. 4 Leap Year To determine whether the year is a leap year or not 

Pr. 5 
Greatest 

Number 
To find the largest number among three numbers 

Pr. 6 
Number of 

digits 
To calculate the number of the digits of a given number 

Pr. 7 Odd/even To determine whether a number is odd/even 

Pr. 8 
Quadratic 

equation 
Find all roots of a Quadratic equation 

Pr. 9 Calc Simple calculator to add, subtract, multiply and divide 

Pr. 10 Bubble sort Sort by repeatedly stepping through the list 

 

5.4.2   Test Measures 

Software metrics play an important part in measuring attributes that are very essential 

for software success. Measuring these attributes helps in better understanding of the 

features of the attributes. Measurement of software testing process features enables you 

to gain better insight into the software testing process. Generally, the test metric can be 

broadly classified to assess the test activity as:  

 Independent test variables 

 Dependent test variables  

This experiment employed two independent variables which are the ten subject program 

and the test suites generated. Whereas, two dependent variables were also measured 

during experimentation include test suite size and fault detection loss percentage. 
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In this chapter, the following measures were used to assess the performance of proposed 

algorithms and state-of-the-art algorithms. 

a) Suite Size Reduction (SSR) Measurement 

Suite size reduction (SSR) percentage implies the number of test cases removed from 

the original suite. 

 
     

|  |  |  |

|  |
       (5.7) 

Where, |  | represent the number of test cases in the original test suite and |  | is the 

number of test cases in the minimized test suite. 

b) Fault Detection Loss (FDL) Measurement 

Fault detection loss (FDL) percentage signifies the total number of faults revealed by 

the minimized test suite. 

 
     

| |  |  |

| |
           (5.8) 

5.4.3   Case Study 

This section presents the experimentation and evaluation of the proposed optimization 

approach with the help of a sample case study, observing optimized test suite size and 

fault coverage. The experimentation compares the relative performance and 

effectiveness of the proposed SB_TSO algorithm with the state-of-the-art HGS and 

GRE algorithms. Table 5.2 presents a standard pushdown procedure, a case study on 

which the proposed approach has been performed to evaluate the performance.  Figure 

5.3 shows the control flow graph of the pushdown module. The module pushdown 

accepts an array                  and two integers ‗first‘ and ‗last‘ representing the 

first and last items of the array ‗A‘.  By a sequence of swapping process, it pushes  the  

element  A[first]  down  through its descendants to its appropriate position in the  tree  

until ‗A‘  fulfils  the property of partially ordered tree  i.e. if               

                                  for     ⌊  ⁄ ⌋. 
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Table 5.2 Pushdown procedure and the injected faults 

St. 

No. 
Original 

Fault 

ID 
Injected fault(s) 

 procedure pushdown ( first, last: integer );   

 var: r: integer;   

 begin   

S1 r = first;   None 

S2 while r < = last div 2 do F1 while r >= last div 2 do 

S3 if last = 2*r then begin F2 if last = 2*r+1 then begin 

S4 if A[r].key > A[2*r].key then                                                                                         F3 
if A[r].key > A[2+r].key 

then 

S5 swap(A[r], A[2*r]);  None 

S6 r = last   None 

 end  None 

 
else { r has two children, elements at 2*r 

and 2*r + 1 } 
 None 

S7 
if A[r].key > A[2*r].key and  

A[2*r].key < = A[2*r + l].key then 
F4 

if A[r].key <  A[2*r].key 

and 

A[2*r].key > = A[2*r + 

l].key then 

S8 begin swap(A[r], A[2*r]);                                                                                                         None 

S9 r = 2*r F5 r = 2*r+1 

 end  None 

S10 
else if A[r].key > A[2*r + l].key  

and A[2*r + l].key < A[2*r].key then 
F6 

else if A[r].key > A[2*r 

].key and A[2*r].key < 

A[2*r+1].key then 

S11 begin swap(A[r], A[2*r + 1]);                                                                                                 None 

S12 r = 2*r + l F7 r = 2*r 

 end  None 

 
else { r does not violate partially ordered 

tree property } 
 None 

S13 r = last  None 

 end pushdown  None 
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Figure 5.3 Control-flow graph of the pushdown procedure 

 

Table 5.3 Test Cases for the pushdown procedure 

Test cases A[i].key First Last 

T1 2 1 1 2 

T2 2 1 3 4 1 4 

T3 5 1 3 4 2 1 5 

T4 3 2 1 4 5 6 7 1 7 

T5 1 2 1 2 

T6 1 2 3 1 3 

T7 1 4 3 2 2 4 

START 

r := first 

r < = last 

div 2 

last =2r 

A[r].key > 

A[2*r].key 

A[r].key > 

A[2*r].key  

and  

A[2*r].key < = 

A[2*r + l].key 

A[r].key > 

A[2*r + l].key    

and 

A[2*r + l].key 

< A[2*r].key 

swap (A[r], A[2*r]) 

r := 2*r 

swap(A[r], A[2*r + 1]) 

r := 2*r + l 

swap(A[r], A[2*r]) 

r := last 

r := last 

STOP 

B9 
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B2 

B3 
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B6 
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B7 
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Table 5.4 Fault Matrix 

Faults 

 

Test Cases 

F1 F2 F3 F4 F5 F6 F7 

T1          

T2           

T3             

T4          

T5          

T6        

T7          

T8          

T9          

T10            

T11          

T12            

      designate fault is revealed and a blank cell indicates fault is not revealed 

  

The proposed approach also uses hand-seeded faults [36] for the subject program that 

are shown in Table 5.2. We have injected different types of errors in the faulty version 

of the subject program i.e. categorized as: (1) changing the operator in an expression, 

T8 2 1 3 4 5 1 5 

T9 3 2 1 4 5 6 1 6 

T10 4 1 3 2 1 4 

T11 1 2 3 4 2 4 

T12 6 2 1 4 5 3 1 6 
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(2) changing the value of a constant, (3) modifying code, (4) and changing the logical 

behavior of the code in which all the faults are treated as equally severe. Faults are 

represented as                and where ‗n‘ signifies the number of injected faults. 

Table 5.3 listed all the test cases of the pushdown procedure and Table 5.4 shows the 

fault matrix to represent the seeded faults. In the fault matrix, each column represents an 

injected fault,    and each row signified a test case    . If a cell in the matrix is   then it 

represents a fault    corresponding to a test case      and blank cell otherwise.   

Empirical studies have shown that the structural testing based on either control flow or 

data flow coverage criteria can significantly improve the fault detection rate rather than 

random testing [66]. Hence the proposed approach uses the statement, branch and 

MC/DC criteria to evaluate the test case adequacy and accesses the fault detection 

capability and requirement coverage by using it. In order to collect the coverage 

information of test cases for each selected criterion, the subject program and the source 

code were instrumented. The total number of statements are thirteen which are 

annotated as                 (where, n=13) in the procedure (Table 5.2). The 

statement coverage information for each test case is shown in Table 5.5. 

Table 5.5 Statement coverage information of test cases 

Test Cases Statement Coverage Total Coverage 

T1 S1, S2, S3, S4, S5, S6 6 

T2 S1, S2, S3, S4, S6, S7, S8, S9 8 

T3 S1, S2, S3, S7, S8, S9, S10, S11, S12 9 

T4 S1, S2, S3, S7, S10, S11, S12, S13 8 

T5 S1, S2, S3, S4, S6 5 

T6 S1, S2, S3, S7, S10, S13 6 

T7 S1, S2, S3, S4, S5, S6 6 

T8 S1, S2, S3, S7, S8, S9, S10, S13 8 

T9 S1, S2, S3, S4, S6, S7, S10, S11, S12 9 

T10 S1, S2, S3, S4, S5, S6, S7, S8, S9 9 
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T11 S1, S2, S3, S4, S6 5 

T12 S1, S2, S3, S4, S5, S6, S7, S10, S11, S12 7 

 

Each row represents the test cases and the column or field ‗Statement coverage‘ 

signifies the statements covered by them. Total coverage field represents the total 

number of statements covered by each test case. The procedure contains five decision 

statements              and    , which are shown in Table 5.6 with their MC/DC pairs 

and truth vectors. For MC/DC coverage, execution of each condition in a decision 

independently affects the result of the decision [31]. For example, the decision 

statement,    , that has two conditions: F, and G. Each possible evaluation of those 

decision statements generates a truth vector i.e. a vector of the Boolean values comes 

out after the evaluation of the conditions in those decisions. For example, ―TF‖ in Table 

5.6 for statement S7 is a truth vector in which condition D evaluates to true, and E 

evaluated to false. MC/DC pair coverage detail of every test cases and their calculated 

weight are shown in Table 5.7. For each condition of the decision statements, the truth 

and false coverage by test cases are shown in Table 5.7. The covered MC/DC pair is 

marked as   and blank cell otherwise.     

Table 5.6 MC/DC Pairs for decision statements and their truth vectors 

S2: while r < = last div 

2 (A) 

S3: : if last = 2*r 

(B) 

S4: if A[r].key > 

A[2*r].key (C) 

A(T) A(F) B(T) B(F) C(T) C(F) 

T F T F T F 

S7: if A[r].key > A[2*r].key 

and 

A[2*r].key < = A[2*r + l].key  

(D AND E) 

S10: if A[r].key > A[2*r +l].key 

and 

A[2*r + l].key < A[2*r].key 

(F AND G) 

D(T) D(F) E(T) E(F) F(T) F(F) G(T) G(F) 

TT FT TT TF TT FT TT TF 
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Table 5.7 MC/DC pair coverage matrix  

Test Cases 
A B C D E F G Total Coverage 

T F T F T F T F T F T F T F N(T) N(F) 

T1 X X X  X          3 1 

T2 X X X X  X X  X      4 3 

T3 X X  X   X  X X X  X  5 3 

T4 X X  X    X  X X  X  3 4 

T5 X X X   X         2 2 

T6 X X  X    X       1 3 

T7 X X X  X          3 1 

T8 X X  X   X X X      3 3 

T9 X X X X  X    X X  X  4 4 

T10 X X X X X  X  X      5 2 

T11 X X X   X         2 2 

T12 X X X X X     X X  X  5 3 

 

Table 5.8 Branch coverage and weight for each test case pair 

T
es

t 
C

a
se

s Branches Covered by Test Cases 

B

1 
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2 
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3 
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9 
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10 

B

11 

B

12 

B

13 

B

14 

B
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B
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B

18 

B
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1

 

X X X X X  X  X X          

T
2

 

X X X X X X  X  X X  X X      
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Control flow graph of the pushdown procedure is represented by Figure 5.3, in which 

the branches are annotated as              , (where n= 19). The collected branch 

coverage information for each test case is shown in Table 5.8 and the branches covered 

by each test case are marked with    in the corresponding columns. 

T
3
 

X X X X  X     X X X X X  X X  
T

4
 

X X X X  X      X   X X X X X 

T
5
 

X X X X X   X  X          

T
6
 

X X X X  X      X    X   X 

T
7
 

X X X X X  X  X X          

T
8
 

X X X X  X     X X X X  X   X 

T
9
 

X X X X X X  X  X  X   X  X X  

T
1
0
 

X X X X X X X  X X X  X X      

T
1
1
 

X X X X X   X  X          

T
1
2
 

X X X X X X X  X X  X   X  X X  
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5.4.4   Results and Discussion 

The experimentation is carried out using the proposed and state-of-the-art algorithms 

focused on two different aspects to analyze the outcome of the test suite optimization: 

 The size of the test suite 

 The fault detection loss of representative test suite 

We divided the test suite TS into three sub-suites TS-1, TS-2, and TS-3 for evaluating 

the proposed work. Where TS1 comprises of                        , TS2 comprises 

of                    , and TS3 encloses                                 . For all the 

three selected criteria i.e. statement, MC/DC, and branch coverage, the computed 

similarity values are presented in Table 5.9. For clustering, the calculated diversity 

value for each pair of test cases is shown in Table 5.10. These values disclose how 

much the test case pair is identical or different from each other. The smaller diversity 

value between two test cases shows that the test case pair is less diverse and maximum 

value represents that the pair are highly different. In which we can clearly see that the 

T1-T7 and T5-T11 pairs are duplicate, because their associated distance values are zero. 

The value zero demonstrates that the test case pair is redundant in terms of each 

criterion. After clustering, one of the duplicate test cases must be removed randomly to 

optimize the test suite.  

 

Table 5.9 Criteria-wise similarity values for each test case pair 

Test Cases T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 

T1 

Stmt.  0.55 0.25 0.27 0.83 0.33 1.00 0.27 0.50 0.67 0.83 0.60 

MC/DC  0.37 0.20 0.22 0.60 0.33 1.00 0.25 0.33 0.57 0.60 0.50 

Branch  0.46 0.25 0.26 0.66 0.33 1.00 0.26 0.42 0.66 0.66 0.61 

T2 

Stmt.   0.55 0.33 0.62 0.40 0.55 0.60 0.54 0.88 0.62 0.50 

MC/DC   0.50 0.27 0.57 0.37 0.37 0.62 0.50 0.75 0.57 0.36 

Branch   0.53 0.29 0.54 0.41 0.46 0.57 0.53 0.76 0.63 0.41 

T3 

Stmt.    0.70 0.27 0.50 0.25 0.70 0.63 0.50 0.27 0.58 

MC/DC    0.66 0.20 0.33 0.20 0.55 0.60 0.50 0.20 0.60 

Branch    0.64 0.26 0.42 0.25 0.64 0.60 0.50 0.26 0.56 
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T4 

Stmt.     0.30 0.75 0.27 0.60 0.70 0.30 0.30 0.63 

MC/DC     0.22 0.57 0.22 0.44 0.66 0.27 0.22 0.66 

Branch     0.28 0.72 0.26 0.57 0.64 0.27 0.28 0.60 

T5 

Stmt.      0.37 0.83 0.30 0.55 0.55 1.00 0.50 

MC/DC      0.33 0.60 0.25 0.50 0.37 1.00 0.33 

Branch      0.36 0.66 0.28 0.58 0.46 1.00 0.42 

T6 

Stmt.       0.33 0.75 0.50 0.36 0.37 0.45 

MC/DC       0.33 0.66 0.33 0.37 0.33 0.33 

Branch       0.33 0.72 0.42 0.33 0.36 0.40 

T7 

Stmt.        0.27 0.50 0.66 0.83 0.60 

MC/DC        0.25 0.33 0.57 0.60 0.50 

Branch        0.26 0.42 0.66 0.66 0.61 

T8 

Stmt.         0.41 0.54 0.30 0.38 

MC/DC         0.27 0.62 0.25 0.27 

Branch         0.35 0.53 0.28 0.33 

T9 

Stmt.          0.50 0.55 0.90 

MC/DC          0.36 0.50 0.77 

Branch          0.41 0.63 0.78 

T10 

Stmt.           0.55 0.58 

MC/DC           0.37 0.50 

Branch           0.46 0.56 

T11 

Stmt.            0.40 

MC/DC            0.33 

Branch            0.42 

 

Table 5.10 Overall diversity values for each test case pair 

Test 

Cases 
T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 

T1 0.00 0.54 0.77 0.75 0.31 0.67 0.00 0.74 0.59 0.37 0.31 0.43 

T2 0.54 0.00 0.49 0.71 0.43 0.61 0.54 0.41 0.48 0.21 0.40 0.58 

T3 0.77 0.49 0.00 0.34 0.76 0.58 0.76 0.37 0.39 0.50 0.76 0.42 

T4 0.75 0.71 0.34 0.00 0.74 0.32 0.75 0.47 0.34 0.72 0.74 0.27 

T5 0.31 0.43 0.76 0.74 0.00 0.65 0.31 0.73 0.46 0.54 0.00 0.59 
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T6 0.67 0.61 0.58 0.32 0.65 0.00 0.67 0.29 0.59 0.65 0.65 0.61 

T7 0.00 0.54 0.76 0.75 0.31 0.67 0.00 0.74 0.59 0.37 0.31 0.43 

T8 0.74 0.41 0.37 0.47 0.73 0.29 0.74 0.00 0.66 0.44 0.73 0.68 

T9 0.59 0.48 0.39 0.34 0.46 0.59 0.59 0.66 0.00 0.58 0.44 0.19 

T10 0.37 0.21 0.50 0.72 0.54 0.65 0.37 0.44 0.58 0.00 0.54 0.46 

T11 0.31 0.40 0.76 0.74 0.00 0.65 0.31 0.73 0.44 0.54 0.00 0.62 

T12 0.43 0.58 0.42 0.27 0.59 0.61 0.43 0.68 0.19 0.46 0.62 0.00 

 

For grouping, we have considered the agglomerative hierarchical clustering method that 

helps in extracting the cluster of similar test cases. To begin with, single test cases are 

placed in separate clusters and then the test case belonging to two clusters are selected 

as a pair and the difference between their overall coverage capabilities in terms of 

distance is calculated. Accordingly, the clusters are merged based on the minimum 

distance value.  Practically, the dendrogram is generated for this using the MatLab Tool 

to represent the clustering process graphically. Figure 5.4, 5.5, and 5.6 displays a tree-

like structure called dendrogram for test suite TS-1, TS-2, and TS-3 with considering 

multiple coverage criteria that comprise of test cases as leaf nodes and cluster at a 

higher level. Where X-axis represents the cluster distances and Y-axis displays the test 

cases. Cutting this dendrogram horizontally creates several clusters of test cases. It can 

be observed that there are many clusters are available at different levels depending upon 

their similarity degree. Fig. 5.7 (a) to 5.7 (c) shows the dendrograms containing clusters 

of test cases for TS-1 by considering every single criterion separately with their 

diversity values. The analysis illustrates that the clusters formed after using multiple 

criteria is more optimized rather than using any single criteria.  
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Figure 5.4 Dendrogram containing clusters of test cases for Test Suite-1 considering 

multiple coverage criteria  

 

 

Figure 5.5 Dendrogram containing clusters of test cases for Test Suite-2 considering 

multiple coverage criteria 
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 Figure 5.6 Dendrogram containing clusters of test cases for Test Suite-3 

considering multiple coverage criteria 

 

 

Figure 5.7 (a) Dendrogram containing clusters of test cases for Test Suite-1: 

Considering only statement coverage 
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Figure 5.7 (b) Dendrogram containing clusters of test cases for Test Suite-1: 

Considering only branch coverage 

 

 

Figure 5.7 (c) Dendrogram containing clusters of test cases for Test Suite-1: 

Considering only MC/DC coverage 
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Table 5.11 List of clusters generated for the test suite of case study 

Test Suite Test Cases Clusters 

TS-1 T1, T2, T3, T4, T5, T6, T7 

C1: {T1, T7, T5} 

C2: {T2} 

C3: {T3, T4, T6} 

TS-2 T1, T2, T3, T4, T8, T9 

C1: {T3, T4, T8, T9} 

C2: {2} 

C3: {1} 

TS-3 
T1, T3, T4, T5, T6, T8, T10, T11, 

T12 

C1: {T1, T5, T11} 

C2: {T10} 

C3: {T3, T4, T6, T8} 

C4: {T12} 

 

After implementing the cluster development process, different clusters covering similar 

test cases are generated. The desired similarity degree or the diversity value for test case 

pair is ≤0.35 for constructing a cluster. The diversity threshold value can be adjusted 

depends on the testers (users) requirement. Some of the test cases that are not included 

in the clustering process are treated as individual clusters. For the above experimental 

subject program, the clusters generated are presented in Table 5.11. On each cluster 

having more than one test case are available, we apply a further minimization process to 

get the representative optimal cluster with the help of SelectOptimal function. For each 

cluster, we must extract the similarity matrix from the Table 5.10. The test case pairs of 

each cluster are analyzed individually. Clusters of test suite TS-1 are C1, C2, and C3 

respectively. In which, C2 represents the individual cluster because the test case T2 is 

not similar to any test cases presented in that cluster. 

On the other hand, after analysis, we found that the test case pair T1-T7 are redundant 

due to their diversity value which is zero (0.00). So, one of the test cases of that pair has 

to be removed to optimize the test suite size. Basically, the SB_TSO algorithm analyzes 
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the diversity values of the similarity matrix from the lowest value and verifies whether 

the resultant test suite still keeps 100 % of the requirements coverage of each criterion 

after removal of the duplicate and similar test cases. Similarly, the other clusters of 

remaining test suites are analyzed and minimized accordingly.  

The percentage of suite size reduction and the percentage of faults detection loss by the 

optimal test suite generated by the state-of-the-art algorithm and by the proposed 

technique is shown in Figure 5.8 to Figure 5.10. These outcomes reveal that the test 

suite minimization for the proposed algorithm is competitive with respect to the HGS 

and GRE algorithms. For state of the art algorithms, we have considered the branch 

coverage as a testing criterion.  

For each minimized test suite, the reduction in test suite size (SSR) is calculated using 

Eq. 5.7. The objective of regression testing is to satisfy the test requirements and also 

detect a maximum number of injected faults as soon as possible. With the help of fault 

matrix (see Table 5.4), the fault detection loss (FDL) in the representative test suite is 

evaluated using Eq. 5.8. As we can clearly see that the test case T12 of test suite TS-3 

are only the test case that discovers the fault F7. However, the HGS and GRE did not 

include the test case T12 in the minimized test suite of TS-3, but the proposed SBTSO 

does.  

And results inferred that requirement coverage directly affected the fault detection loss 

of the representative test suite. Finally, after reducing the test suite size, the test cases 

are ranked according to the calculated overall weight value (see Table 5.12). The 

ordering of test cases will significantly improve the fault detection rate and make the 

optimized test suite more effective. But, in this work the prioritization is optional and 

our main concentration is on test suite minimization.  

 

Table 5.12 The overall calculated weight for test cases 

Test Cases    (        (          (         (    

T1 6.1 6 4.72 5.6 

T2 8.4 8 8.61 8.33 



112 

 

T3 9.2 9 9.72 9.30 

T4 8.4 8 8.88 8.42 

T5 5.3 5 5.00 5.10 

T6 6.1 6 5.27 5.79 

T7 6.1 6 4.72 5.60 

T8 8.4 8 7.5 7.96 

T9 9.2 9 10 9.40 

T10 9.2 9 8.33 8.84 

T11 5.3 5 5.00 5.10 

T12 10 7 9.72 8.90 

 

 

 

Figure 5.8 SSR and FDL percentage of TS-1 (SP-1) using SB_TSO and state-of-the-art 

algorithms 
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Figure 5.9 SSR and FDL percentage of TS-2 (SP-1) using SB_TSO and state-of-the-art 

algorithms 

 

 

Figure 5.10 SSR and FDL percentage of TS-3 (SP-1) using SB_TSO and state-of-the-

art algorithms 
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The proposed optimization approach is carried out systematically using the procedure 

described in this chapter for other subject programs (SP-2 to SP-10). The suite size 

reduction (SSR) and fault detection loss (FDL) for the SP-2 and SP-3 program is 

illustrated in Figure 5.11 and 5.12. The y-axis in the graph represents the SSR and FDL 

percentage against the techniques considered in the x-axis. And for the remaining 

subject programs, the observed values are shown in Figure 5.13. Where the y-axis in the 

graph represents the SSR and FDL percentage against the subject programs considered 

in the x-axis. From Figure 5.8 to Figure 5.13 it can be concluded that test suite size 

reduction and fault detection loss using SB_TSO is either similar or improved as 

compared to the state-of-the-art algorithms i.e. HGS and GRE. The result of 

comparative analysis also reveals that when the proposed algorithm is used the SSR and 

FDL for the subject programs ranges from 40 % to 52% and 0% to 18% respectively. 

The experimental results indicate that the FDL obtained by applying our proposed 

approach is in an average less than that one obtained by applying the state-of-the-art 

algorithms. Considering suite size reduction, it can be observed that in an average of the 

cases our strategy presents a similar behavior as compared to other heuristics. 

 

 

Figure 5.11 SSR and FDL percentage for SP-2 using SB_TSO and state-of-the-art 

algorithms 
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Figure 5.12 SSR and FDL percentage FOR SP-3 using SB_TSO and state-of-the-art 

algorithms 

 

 

Figure 5.13 SSR and FDL percentage using SB_TSO and state-of-the-art algorithms for 

subject programs SP-4 to SP-10 
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The average, maximum and minimum test suite size reduction and fault detection loss 

attained for the proposed SB_TSO algorithm with respect to the HGS and GRE 

algorithms are presented in Table 5.13.  

Table 5.13 states that when SB_TSO algorithm is used, the obtained average, maximum 

and minimum suite size reduction percentage is 51.64%, 63.15%, and 40% respectively. 

These values are marginally greater than HGS and GRE. So, overall the proposed 

approach is quite effective and competitive against HGS and GRE algorithm in suite 

size reduction.  

The FDL values evaluated using SB_TSO and state-of-the-art algorithms are 

graphically represented in Figure 5.8 to Figure 5.13. The details shown in the graph are 

tabulated in three ranges: average, maximum and minimum FDL values. The table 5.13 

also summarizes the fault detection loss by the representative test set after 

experimentation with the proposed algorithm and state-of-the-art algorithms. The 

observations made after experimentation show that SB_TSO algorithm provided an 

average of 17.66% fault detection loss against HGS (29.33%) and GRE (24.93%) 

algorithms. Further, the obtained results recommend that the proposed SBGA algorithm 

consistently outperformed the HGS and GRE algorithm in fault detection loss. 

 

Table 5.13 Suite size reduction values 

 
HGS GRE SB-TSO 

SSR% FDL% SSR% FDL% SSR% FDL% 

Average 

(%) 
48.29 29.33 45.52 24.93 51.64 17.66 

Maximum 

(%) 
63.15 46.67 57.14 53.33 63.15 40 

Minimum 

(%) 
32 0 26.67 14.28 40 0 
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5.5 Statistical Validation 

Statistical Hypothesis testing is conducted to assess whether or not the suite size 

reduction and fault detection loss are improved in the optimal test set as compared to the 

test suite generated by HGS and GRE. Since the sample size is small, the student T-test 

is applied to find out the level of significance and reject the null hypothesis. Meanwhile, 

the rejection or acceptance of a null hypothesis is based on either (0.05) alpha ( ) or 

(0.01) alpha ( ) level of significance for one tailed or two tailed test, (0.05) alpha ( ) 

level of significance for a one-tailed test is taken for rejection of the null hypothesis. 

The formulated hypothesis is mentioned below: 

Null Hypothesis       : Percentage of Suite Size Reduction (SSR %) cannot be 

improved using the proposed approach as compared to HGS. 

Alternative Hypothesis       : Percentage of Suite Size Reduction (SSR %) can be 

improved using the proposed approach as compared to HGS. 

Null Hypothesis       : Percentage of Suite Size Reduction (SSR %) cannot be 

improved using the proposed approach as compared to GRE. 

Alternative Hypothesis       : Percentage of Suite Size Reduction (SSR %) can be 

improved using the proposed approach as compared to GRE. 

Null Hypothesis       : Percentage of Fault Detection Loss (FDL %) cannot be 

improved using the proposed approach as compared to HGS. 

Alternative Hypothesis       : Percentage of Fault Detection Loss (FDL %) can be 

improved using the proposed approach as compared to HGS. 

Null Hypothesis       : Percentage of Fault Detection Loss (FDL %) cannot be 

improved using the proposed approach as compared to GRE. 

Alternative Hypothesis       : Percentage of Fault Detection Loss (FDL %) can be 

improved using the proposed approach as compared to GRE. 

In general, the level of significance of proposed approach must be calculated to make it 

acceptable and for this purpose, t-test is found appropriate. 
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Level of Significance of SSR 

To find out the significance of the difference between the HGS and GRE algorithm 

against the proposed SB_TSO approach in terms of SSR, the means of both old and new 

SSR are calculated as shown in Table 5.14 (a) and 5.14 (b). Pearson coefficient of 

correlation shows that the old SSR values before treatment and new values of SSR after 

treatment are highly correlated. The degree of freedom for both SSR values is 9.  

The t value comes out to be 1.002 while considering data of HGS and the proposed 

approach. As the t value is less than the t critical value i.e. 2.262, the null 

hypothesis      is not strongly rejected and the alternate hypothesis      is rejected. But 

in the case of comparison with GRE, the t value comes out to be 1.959. As the t value is 

greater than the t critical value i.e. 1.882, the null hypothesis      is strongly rejected 

and the alternate hypothesis      is accepted. 

Hence it is validated that SSR value is improved by applying the proposed optimization 

approach with multiple criteria as compared to GRE. And as compared to HGS the SSR 

is marginally less improved by the proposed approach. Overall our approach is quite 

competitive with the state-of-the-art algorithm in suite size reduction. 

Table 5.14 (a) T-Test: Paired Two Sample for Means in terms of SSR (HGS vs. 

SB_TSO) 

Statistical Observation HGS SB_TSO  

Mean 48.29 51.648  

Variance 69.53409 62.26946  

Observations 10 10  

Pearson Correlation 0.149108   

Hypothesized Mean Difference 0   

df 9   

t Stat -1.00259   

P(T<=t) one-tail 0.171126   

t Critical one-tail 1.833113   

P(T<=t) two-tail 0.342252   

t Critical two-tail 2.262157    



119 

 

Table 5.14 (b) T-Test: Paired Two Sample for Means in terms of SSR (GRE vs. 

SB_TSO) 

 Statistical Observation GRE SB_TSO 

Mean 45.52 51.648 

Variance 125.7976 62.26946 

Observations 10 10 

Pearson Correlation 0.509734  

Hypothesized Mean Difference 0  

df 9  

t Stat -1.95914  

P(T<=t) one-tail 0.040879  

t Critical one-tail 1.833113  

P(T<=t) two-tail 0.081757  

t Critical two-tail 1.882157   

 

Level of Significance of FDL 

To find out the significance of the difference between the HGS and GRE algorithm 

against the proposed SB_TSO approach in terms of FDL, the means of both old and 

new FDL are calculated as shown in Table 5.15 (a) and 5.15 (b). Pearson coefficient of 

correlation shows that the old FDL values before treatment and new values of FDL after 

treatment are highly correlated. The degree of freedom for both FDL values is 9. 

In the case of statistical analysis with HGS and GRE both against the proposed 

technique, the t value comes out to be 2.299 and 2.277 respectively. As the values 

exceed the t critical value for a two-tailed test at the 0.05 level for 9 degrees of freedom, 

the null hypothesis      and      are strongly rejected and the alternate hypothesis      

and      are accepted. Hence it is validated that the performance of the test suite 

optimization in terms of fault detection loss (FDL) can be improved using the proposed 

test suite optimization approach  
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Table 5.15 (a) T-Test: Paired Two Sample for Means in terms of FDL (HGS vs. 

SB_TSO) 

Statistical Observation HGS SB-TSO 

Mean 29.332 17.665 

Variance 236.6005 155.6729 

Observations 10 10 

Pearson Correlation 0.351162 
 

Hypothesized Mean Difference 0 
 

df 9 
 

t Stat 2.299233 
 

P(T<=t) one-tail 0.023529 
 

t Critical one-tail 1.833113 
 

P(T<=t) two-tail 0.047058 
 

t Critical two-tail 2.262157 
 

 

Table 5.15 (b) T-Test: Paired Two Sample for Means in terms of FDL (GRE vs. 

SB_TSO) 

Statistical Observation GRE SB-TSO 

Mean 31.65 16.331 

Variance 241.037 107.2575 

Observations 10 10 

Pearson Correlation -0.32403  

Hypothesized Mean Difference 0  

df 9  

t Stat 2.27732  

P(T<=t) one-tail 0.024388  

t Critical one-tail 1.833113  

P(T<=t) two-tail 0.048776  

t Critical two-tail 2.262157   
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5.6 Summary 

In this chapter, we proposed a similarity-based test suite optimization approach based 

on the comparison of similarity between test cases in a given test suite. A single 

coverage criterion is not sufficient to select the diverse test cases, thus the key idea 

behind this approach is to use more than one coverage criteria i.e. statement, MC/DC 

and branch coverage to measure the similarity degree for each pair of test cases. So that 

the minimized test suites have the maximum diversity as well as better requirement and 

fault coverage. The proposed work also utilizes a clustering approach to speed up the 

minimization process. On the other hand, the test cases are also ranked based on their 

weight to maximize the fault detection effectiveness. The experimental results indicate 

that the minimized test suite sizes obtained by applying our proposed approach are in an 

average greater than that one obtained by applying the state-of-the-art algorithms. 

Considering the fault detection loss, it can be observed that in an average of the cases 

our strategy presents a similar behavior as compared to other heuristics.  

The most important and essential part of the research work is to statistically validate the 

newly proposed approach. It is necessary to prove the approach to make it socially 

acceptable. In this chapter, the proposed work has been validated using the Student T-

test to test the hypothesis. The observed values after t-test reveal that the proposed 

SB_TSO algorithm consistently outperformed the HGS and GRE algorithm in fault 

detection loss and behaves nearly similar in suite size reduction. 
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Chapter 6 Pair-Wise Selection Approach for 

Test Case Prioritization in Regression Testing  

6.1 Introduction  

Any software system with high quality cannot be achieved without a rigid development 

process [106, 107]. With the increase in the size and complexity of the recent software 

product, the importance and necessity of regression testing are increasing rapidly. 

Regression testing is a very complex activity in perspective of time and cost. More than 

50% of the cost is used in the software maintenance phase [34]. With the continuous 

advancement in software systems, test suites often grow very large and it is impractical 

to re-execute all test cases within limited time and resources. Various optimization 

techniques have been proposed to solve the above problem, where, the test case 

prioritization is one of them that reorders test cases according to some selected specific 

criteria, such that the test cases with higher coverage are executed earlier [2, 70]. Test 

case prioritization techniques help to improve the effectiveness of some performance 

objectives. These techniques determine test cases in a particular execution sequence to 

increase efficiencies in achieving given objectives. After every modification in the 

software program, it is considered incompetent to re-run each test cases during 

regression testing. Having limited resource forces to select a highly effective 

prioritization technique, which schedules the order of cases; so that the most appropriate 

test case can be executed first that further enhances the effectiveness of regression 

testing. The aim of any prioritization technique is to increase the possibility of meeting 

certain criteria by the resultant test suite with earlier fault detection ability. Any test 

case prioritization technique effectiveness is measured using APFD (Average 

percentage of Faults Detected). Utilizing code coverage information as selection 

criteria, coverage-based test case prioritization reorders the test cases to maximize code 
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coverage as early as possible [2]. However, previous studies show that in some cases, 

code coverage as selection criteria is not sufficient to guarantee a high fault detection 

rate [29]. 

In recent years, similarity-based test case prioritization techniques, combining clustering 

approach [92], ART-approach [93] and other similarity-based prioritization [94], have 

gained more attention. Similarity-based test case prioritization techniques primarily 

concentrated on test case diversity that helps to detect more faults [72, 118]. But, most 

of the techniques use single criteria to measure the diversity between test case pairs that 

are not sufficient to get an optimal result. However, the optimal test suite is best 

generated by multiple coverage criteria [73, 119]. 

Generally, test cases are ordered to achieve some testing goals based on a certain 

criterion for effective regression testing [105].  Some of the testing goals used in 

prioritization are statement coverage, fault coverage, branch coverage, path coverage, 

MC/DC and def/use coverage. Additionally, certain other factors have been also used 

during prioritization of test cases such as execution time, implementation complexity 

etc. The empirical study reveals that; a number of researches have been carried out to 

prioritize the test cases using single coverage criteria. A test case which covers multiple 

criteria rather than covering single criteria is considered as a strong candidate for fault 

detection compared to the test case, which includes the single coverage criteria. 

Considering multiple coverage criteria to conduct regression testing is quite effective in 

terms of time, cost and effort required to make the regression process more effective.  

In this chapter, several similarity-based prioritization techniques are proposed based on 

pair-wise selection strategy. Pairwise comparison of test cases is a fundamental strategy 

to inspect test cases and choose an association between them in a finite test set.  The 

technique evaluates the similarity degree for each test case pair in three levels and 

accordingly assigns the execution order to the test cases in a test suite. We also 

empirically evaluate their improvement in fault detection rate that let developers initiate 

debugging and amending faults before the release of any software product. The results 

show that some of the proposed techniques can attain higher fault detection rate, in 

terms of APFD, in comparison with the other considered techniques and random 

ordering. 
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6.2 Background 

a) Test Case Prioritization 

The entire testing method consumes nearly half of the development cost. In the 

constraints of the given resources, the re-run of a set of test cases is unfeasible. It is 

difficult for the tester to make 100% fault-free software product in limited time [99]. 

Moreover, the tester is required to target creating such functionalities bug-free which 

are highly used and applicable in the organization [100, 101]. Therefore, the sample of 

test cases is must be chosen which may find the maximum number of faults within the 

given period of time [76, 102]. Such a selection method, which can be done to reduce 

test cases, but not always, can be effective in finding faults. So, there is a need to 

prioritize the test cases based on some criteria. Test case prioritization is one of all these 

approaches which rank the test cases so that test cases having the highest priority 

corresponding to some criteria are executed earlier [104]. Test case prioritization 

represents one of the regression testing techniques with the aim of improving the rate of 

fault detection of a test suite.  The technique encourages software quality assurance by 

improving the chance of earlier execution of the essential test cases. That results in 

earlier detection of faults as well as earlier initiation of the debugging process. The test 

case prioritization problem is framed as follows [2]:  

Given: a test suite TS; the set of permutations PT of TS; and, a function f from PT to the 

set of all real numbers.  

Problem: To find TS‘PT such that,  TS‘‘ PT  f (TS‘) ≥ f (TS‘‘).  

b) Coverage Similarity 

The test case pair is said to be similar, if they are identical in terms of some selected 

criteria, where, the criteria may be coverage also. Coverage might be a branch, 

statement, def-use, control-flow, MC/DC, function, path, and data flow etc. We can 

apply more than one criterion to measure the similarity value, which represents how 

much the test case pair is identical to each other [120]. With the help of coverage 

similarity, any prioritization technique can improve the ordering of test cases which 

may also increase the fault detection rate. 
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6.3 Proposed Approach 

In this section, we present our proposed test case prioritization techniques, mainly 

includes four steps: 

 Instrumentation: Collect coverage information (statement, MC/DC, and 

branch coverage) for test suite by executing the test cases over software 

system. 

 Distance calculation: Calculate the distance between test case pair for each 

criterion. 

 Calculate integrated similarity values for each test case pair: integrate the 

similarity values of test case pairs for each criterion. 

 Apply prioritization techniques and calculate APFD: Apply techniques to 

order the test cases and then evaluate fault detection effectiveness of 

prioritized test suite. 

The block diagram of the prioritization process is illustrated in Figure 6.1, whereas the 

process flow diagram is shown in Figure 6.2 (a) and (b). 

6.3.1   Test Case Similarity 

The objective of the similarity based test suite prioritization strategy is to order the test 

cases based on the similarity values among them. The similarity degree between each 

pair of test cases is calculated by certain distance measure. The resultant ordered test 

suite must satisfy the coverage requirements as the original one. Hence, the goal is to 

achieve maximum requirement coverage and higher fault detection rate by the ordered 

test cases. Cartaxo et al. [31] define a distance measure that calculates the similarity 

degree between a pair of test cases stated as paths. 

 
                          

   

    | | | | 
 (6.1) 

   

Where     represents the number of identical transition and (| |, | |) represents the 

average transition between path lengths.  
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With the help of the calculated similarity degree of each pair of test cases the   ×   

square similarity matrix is created, where n is the number of paths and each path 

represented as   (1 ≤   ≥  ) is called a test case. 

Definition 1: Coverage - Set; a Coverage-Set of any test case T is a set of coverage 

triples  ⌌        ⌍ ⌌        ⌍     ⌌        ⌍ , where a triple ⌌        ⌍ signifies a 

statement coverage specification     , modified decision/condition coverage 

(MC/DC)    , and a branch specification    . Let                        

            , and                    represent the set of statement coverage 

specifications, the set of MC/DC specification, and the set of branch specification, 

exercised in the execution of test case t to validate the software to be tested, 

respectively. Here coverage set may be of more than three coverage criteria which 

absolutely depend on user‘s choice. We further explain the coverage similarity in 

Definition 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 6.1 Block diagram for similarity based test case prioritization 
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Figure 6.2 (a) Process flow diagram for similarity based test case prioritization 

 

Definition 2: Coverage Similarity; we represent three steps of evaluating similarity 

degree between two test cases    and     i.e. (i) Statement similarity specification (CS-

I), (ii) MC/DC similarity specification and statement similarity specification (CS-II), 

and (iii) Branch, statement, and MC/DC similarity specification (CS-III).  

Let the Coverage Set of any test case pair    and    be ⌌        ⌍ and 

⌌        ⌍ respectively. Let the distance between the statement, MC/DC and branch 

coverage of the test case pair    and    be          ,          and         . Where, the 

distance is calculated by applying Eq.6.1. 
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Figure 6.2 (b) Process flow diagram for similarity based test case prioritization  

 

The proposed techniques use the ‗Geometric Mean‘ to evaluate the integrated similarity 

degree between each pair of test cases      and    , which is calculated in three steps that 

is represented by Eq. 6.2, Eq. 6.3, and Eq. 6.4 respectively: 

                (6.2) 
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             √ (     )          

 
 (6.3) 

   

 
          √ (     )                   

 
 (6.4) 

   

However, we demonstrate our techniques using three criteria, but it is also flexible to 

simplify the above equations to function on more than three criteria. 

6.3.2   Test Case Prioritization 

Our proposed technique uses similarity degree between each pair of test cases to rank 

the test cases. 

Suppose we have a test suite ‗TS‘ of ‗m‘ number of test cases. Select all possible pairs 

of different test cases and divide them into K different groups. Each group comprising 

test case pairs with the same similarity value and it is designated by           , 

where k represents the group index. A smaller k specifies all test case pairs of that group 

having maximum similarity value.  

The proposed similarity based prioritization techniques are illustrated as follows: 

a) PS1 (Total CS-i similarity prioritization): The technique generates K different 

groups of test case pairs using their similarity values CS-i. At first, a test case pair of 

maximum similarity value is selected and chooses any one test case T from that pair 

randomly. Continuously all the pairs containing T were selected from the same 

group. In case of a tie, the technique arbitrarily picks one pair to break this. 

Repetitively, the above process is executed initially for the group, and once every 

test case have been selected from that group, then the other remaining groups are 

processed in the ascending order until every single test case has been selected. 

b) PS2 (Total CS-i dissimilarity prioritization):  The technique is similar to PS1, apart 

from the selection process for test case pair having minimum similarity values, and 

the above process is executed in ascending order of the index for remaining groups. 
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c) PS3 (Iterative CS-i dissimilarity prioritization):  In descending order (          of 

the group index, the technique selects one test case pair from each group. Excluding 

the selected pairs, the above selection process repeats on the remaining groups until 

every test case has been included for prioritization purpose. 

d) PS4 (Iterative CS-i similarity prioritization):  This technique is equivalent to the 

above technique i.e. PS3, apart from the test pair selection process from each group 

is in ascending order of the group index (          instead of in descending order.  

e) PS5 (Advanced iterative CS-i dissimilarity prioritization):  The technique selects 

one test case pair          from group    and then the further test case pairs are 

selected containing    or   , if available, from each group in descending order of 

the remaining groups            . Afterward, the selected test case pair from the 

group is to be removed. For each remaining group, this technique reiterates the 

above-discussed selection process until all the test cases have been included for 

prioritization purpose. 

f) PS6 (Advanced Iterative CS-i similarity prioritization):  This technique is quite 

similar to the above technique i.e.  PS3, apart from that the selection process of test 

case pair from each group is executed in ascending order of the group index 

(        , instead of in descending order. 

6.4 Experimental Results and Discussion 

This section presents the experimentation and evaluation of the proposed prioritization 

techniques. The experimentation compares the relative performance and effectiveness of 

the proposed techniques with some standard state-of-the-art prioritization techniques 

[2]. 

6.4.1   Subject Program 

The subject programs considered for this work have been well structured and without 

any compilation errors. The proposed algorithm and state-of-the-art algorithms are 

independent of the programming language. The program description is shown in Table 

6.1.   
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Table 6.1 Subject program description 

Program 

No. 

Subject 

Programs 
Program Description 

Pr. 1 Pushdown 
It pushes the element down through its descendants by a 

sequence of swaps to its proper position 

Pr. 2 Triangle Return the type of a triangle by three integers 

Pr. 3 
Prime 

number 
To determine whether a number is prime or not 

Pr. 4 Leap Year To determine whether the year is a leap year or not 

Pr. 5 
Greatest 

Number 
To find the largest number among the three numbers 

 

6.4.2   Effectiveness Measure 

The performance metric ―average percentage of faults detected‖ (APFD) introduced by 

Elbaum et al. 2002 has been widely used to evaluate any prioritization techniques. A 

Higher value of APFD concludes improved fault detection rates. APFD values range 

from 0 to 100. Higher the APFD numbers better the fault detection rates. The APFD 

values represent the area under the curve by plotting percentage of faults detected on the 

y-axis, and the percentage of test suite run on the x-axis of the graph. 

 Let TS be a test suite of n test cases, F represents a set of k faults exposed by the test 

suite, and      signifies that the fault i reveals by the first test case of the prioritized test 

suite TS‘. The equation to calculate APFD value for test suite TS‘ is as follows: 

 

 
       

             

  
 

 

  
    (6.5) 

   

The APFD value ranges from 0 to 1. The ordered test suite with high APFD value 

detects more faults as early as possible. For example, consider a test suite consisting of 

4 test cases, T1 to T4, and 5 faults detected by those test cases (see Table 6.2). Consider 

two possible prioritized order of these test cases, P1: T1, T2, T3, T4, and P2: T3, T2, 

T4, T1.  
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According to the discussed APFD equation 6.5, P1 produces an APFD of 58% (  

         

   
 

 

   
       and P2 an APFD of 78%    

         

   
 

 

   
      . The 

APFD value reveals that P2 much faster in detecting faults than P1. 

 

Table 6.2 Test suite and faults exposed 

Tests/Faults F1 F2 F3 F4 F5 

T1 X X    

T2 X  X   

T3 X X X X  

T4     X 

 

6.4.3   Case Study 

Figure 6.3 presents a control flow diagram of the standard pushdown procedure, a case 

study on which the proposed techniques have been performed to evaluate the 

performance. The module pushdown accepts an array                  and two 

integers ‗first‘ and ‗last‘ representing the first and last items of the array ‗A‘.   

By a sequence of swapping process, it pushes  the  element  A[first]  down  through its 

descendants to its appropriate position in the  tree  until ‗A‘ fulfills the property of 

partially ordered tree  i.e. if                                          

       for     ⌊  ⁄ ⌋ . The proposed approach also uses hand seeded faults for the 

subject program which is represented by fault matrix (see Table 6.3).  

In the proposed work, three different coverage criteria i.e. statement, MC/DC, and 

branch coverage are used to evaluate the distance between the pair of test cases. Based 

on the calculated distance (similarity degree) values, further prioritization will be 

processed. To collect the coverage information of test cases for each selected criterion, 

the subject program and the source code were instrumented.  
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Figure 6.3 Control flow diagram of the pushdown procedure 

6.4.4   Results and Discussion 

Before applying any prioritization techniques, for each selected criterion the distance 

between each pair of test cases must be calculated by using Eq. 6.1. We evaluate the 

similarity values of every possible test case pairs in three levels using Eq. 6.2, Eq. 6.3, 

and Eq. 6.4. With the help of these coverage similarity values, further prioritization 

techniques are applied to get ordered test cases. Table 6.6 shows the process of ordering 

test cases using proposed pair-wise test case prioritization techniques (PS1 to PS6) by 

considering C-I level similarity values, the different test case pairs of T1 to T12 are 

categorized into different groups. 
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Table 6.3 Fault matrix for pushdown procedure 

Test Cases F1 F2 F3 F4 F5 F6 F7 

T1          

T2           

T3             

T4          

T5          

T6        

T7          

T8          

T9          

T10            

T11          

T12            

 

By implementing each technique from PS1 – PS6, the possible ordering of test case 

pairs is shown in the rightmost columns of the tables. Similarly, all the mentioned 

prioritization techniques are also applied to CS-II and C-III similarity values. And the 

ordering of test cases are shown in Table 6.7 and Table 6.8. We also analyze the result 

of proposed and conventional techniques on the subject program that is presented in 

Table 6.9.  For each technique, we deliver a valid ordering of test cases in Table 6.9. 

For single test case prioritization techniques i.e. P2, P3, and P4, we use three coverage 

metrics (i.e., Statement, MC/DC, and Branch) to order the test cases. And, for similar 

test pair prioritization techniques i.e. from PS1 to PS6, we use the coverage similarity 

metrics i.e. CS-I, CS-II, and CS-III to order the test cases.  

Table 6.4 Similarity values of test case pairs for each criterion 

Test Cases T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 

T1 

Stmt.  0.55 0.25 0.27 0.83 0.33 1.00 0.27 0.50 0.67 0.83 0.60 

MC/DC  0.37 0.20 0.22 0.60 0.33 1.00 0.25 0.33 0.57 0.60 0.50 

Branch  0.46 0.25 0.26 0.66 0.33 1.00 0.26 0.42 0.66 0.66 0.61 
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T2 

Stmt.   0.55 0.33 0.62 0.40 0.55 0.60 0.54 0.88 0.62 0.50 

MC/DC   0.50 0.27 0.57 0.37 0.37 0.62 0.50 0.75 0.57 0.36 

Branch   0.53 0.29 0.54 0.41 0.46 0.57 0.53 0.76 0.63 0.41 

T3 

Stmt.    0.70 0.27 0.50 0.25 0.70 0.63 0.50 0.27 0.58 

MC/DC    0.66 0.20 0.33 0.20 0.55 0.60 0.50 0.20 0.60 

Branch    0.64 0.26 0.42 0.25 0.64 0.60 0.50 0.26 0.56 

T4 

Stmt.     0.30 0.75 0.27 0.60 0.70 0.30 0.30 0.63 

MC/DC     0.22 0.57 0.22 0.44 0.66 0.27 0.22 0.66 

Branch     0.28 0.72 0.26 0.57 0.64 0.27 0.28 0.60 

T5 

Stmt.      0.37 0.83 0.30 0.55 0.55 1.00 0.50 

MC/DC      0.33 0.60 0.25 0.50 0.37 1.00 0.33 

Branch      0.36 0.66 0.28 0.58 0.46 1.00 0.42 

T6 

Stmt.       0.33 0.75 0.50 0.36 0.37 0.45 

MC/DC       0.33 0.66 0.33 0.37 0.33 0.33 

Branch       0.33 0.72 0.42 0.33 0.36 0.40 

T7 

Stmt.        0.27 0.50 0.66 0.83 0.60 

MC/DC        0.25 0.33 0.57 0.60 0.50 

Branch        0.26 0.42 0.66 0.66 0.61 

T8 

Stmt.         0.41 0.54 0.30 0.38 

MC/DC         0.27 0.62 0.25 0.27 

Branch         0.35 0.53 0.28 0.33 

T9 

Stmt.          0.50 0.55 0.90 

MC/DC          0.36 0.50 0.77 

Branch          0.41 0.63 0.78 

T10 

Stmt.           0.55 0.58 

MC/DC           0.37 0.50 

Branch           0.46 0.56 

T11 

Stmt.            0.40 

MC/DC            0.33 

Branch            0.42 
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Table 6.5 Level-wise integrated coverage similarity values for each test case pair 

T
es

t 
C

a
se

s 

Levels T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 

T1 

C-I  0.55 0.25 0.27 0.83 0.33 1.00 0.27 0.50 0.67 0.83 0.60 

C-II  0.45 0.22 0.24 0.70 0.33 1.00 0.25 0.40 0.61 0.70 0.54 

C-III  0.45 0.23 0.24 0.69 0.33 1.00 0.25 0.41 0.63 0.69 0.56 

T2 

C-I   0.55 0.33 0.62 0.40 0.55 0.60 0.54 0.88 0.62 0.50 

C-II   0.52 0.29 0.59 0.38 0.45 0.60 0.51 0.81 0.59 0.42 

C-III   0.52 0.29 0.57 0.39 0.45 0.59 0.52 0.79 0.60 0.41 

T3 

C-I    0.70 0.27 0.50 0.25 0.70 0.63 0.50 0.27 0.58 

C-II    0.67 0.23 0.40 0.22 0.62 0.61 0.5 0.23 0.58 

C-III    0.66 0.24 0.41 0.23 0.62 0.60 0.5 0.24 0.57 

T4 

C-I     0.30 0.75 0.27 0.60 0.70 0.30 0.30 0.63 

C-II     0.25 0.65 0.24 0.51 0.67 0.28 0.25 0.64 

C-III     0.26 0.67 0.24 0.53 0.66 0.27 0.26 0.62 

T5 

C-I      0.37 0.83 0.30 0.55 0.55 1.00 0.50 

C-II      0.34 0.70 0.27 0.52 0.45 1.00 0.40 

C-III      0.35 0.69 0.27 0.54 0.45 1.00 0.41 

T6 

C-I       0.33 0.75 0.50 0.36 0.37 0.45 

C-II       0.33 0.70 0.40 0.36 0.34 0.38 

C-III       0.33 0.70 0.41 0.35 0.35 0.39 

T7 

C-I        0.27 0.50 0.66 0.83 0.60 

C-II        0.25 0.40 0.61 0.70 0.54 

C-III        0.25 0.41 0.62 0.69 0.56 

T8 

C-I         0.41 0.54 0.30 0.38 

C-II         0.33 0.57 0.27 0.32 

C-III         0.33 0.56 0.27 0.32 

T9 C-I          0.50 0.55 0.90 
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C-II          0.42 0.52 0.83 

C-III          0.41 0.55 0.81 

T10 

C-I           0.55 0.58 

C-II           0.45 0.53 

C-III           0.45 0.54 

T11 

C-I            0.40 

C-II            0.36 

C-III            0.38 

 

Table 6.6 Ordering of test cases using coverage similarity C-I 

S
im

il
a

ri
ty

 V
a

lu
e 

(C
-I

) 

Group Selected test pairs in order 

In
d

ex
 

T
es

t 
C

a
se

 

P
a

ir
s 

S
eq

. 
N

o
. 

PS1 PS2 PS3 PS4 PS5 PS6 

1 G1 
(T1, T7) 

(T5,T11) 1 

2 

3 

4 

5 

6 

7 

8 

(T1,T7) 

(T5,T11) 

(T9,T12) 

(T2,T10) 

(T1, T5) 

(T1,T11) 

(T5, T7) 

(T7,T11) 

(T1,T3) 

(T3, T7) 

(T1, T4) 

(T1, T8) 

(T3, T5) 

(T3,T11) 

(T4, T7) 

(T7, T8) 

(T1, T3) 

(T1, T4) 

(T8,T11) 

(T6, T7) 

(T6,T10) 

(T5, T6) 

(T8,T12) 

(T2, T6) 

(T1, T7) 

(T9,T12) 

(T2,T10) 

(T1, T5) 

(T4, T6) 

(T3, T4) 

(T1,T10) 

(T7,T10) 

(T1,T3) 

(T1, T4) 

(T1, T6) 

(T1, T9) 

(T1, T2) 

(T3,T12) 

(T1,T12) 

(T3, T9) 

(T1,T7) 

(T1, T5) 

(T1,T10) 

(T7,T10) 

(T1,T12) 

(T2, T7) 

(T1, T9) 

(T1, T6) 

0.9 G2 (T9,T12) 

0.88 G3 (T2,T10) 

0.83 G4 

(T1, T5) 

(T1,T11) 

(T5, T7) 

(T7,T11) 

0.75 G5 
(T4, T6) 

(T6, T8) 

0.7 G6 

(T3, T4) 

(T3, T8) 

(T4, T9) 

0.67 G7 (T1,T10) 

0.66 G8 (T7,T10) 

0.63 G9 
(T3, T9) 

(T4,T12) 
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0.62 G10 
(T2, T5) 

(T2,T11) 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

(T4, T6) 

(T6, T8) 

(T3, T4) 

(T4, T5) 

(T4,T10) 

(T4,T11) 

(T5, T8) 

(T8,T11) 

(T1, T6) 

(T2, T4) 

(T6, T7) 

(T6,T10) 

(T5, T6) 

(T6,T11) 

(T8,T12) 

(T2, T6) 

(T11,T12) 

(T8, T9) 

(T8, T9) (T4,T12) 

(T2,T11) 

(T2, T8) 

(T1,T10) 

(T3, T8) 

(T1, T5) 

(T1, T7) 

(T3, T7) 

(T3,T11) 

(T1, T4) 

(T1, T3) 

(T5,T11) 

(T1,T11) 

(T2, T5) 

(T5, T9) 

(T5,T12) 

(T11,T12) 

(T5, T6) 

(T5,T8) 

0.60 G11 

(T1,T12) 

(T2, T8) 

(T4, T8) 

(T7,T12) 

0.58 G12 (T3,T12) 

0.55 G13 

(T1, T2) 

(T2, T3) 

(T2, T7) 

(T5, T9) 

(T5,T10) 

(T9,T11) 

(T10,T11) 

0.54 G14 
(T2, T9) 

(T8, T10) 

0.50 G15 

(T1, T9) 

(T2, T12) 

(T3, T6) 

(T3, T10) 

(T5, T12) 

(T6, T9) 

(T7, T9) 

(T9, T10) 

0.45 G16 (T6, T12) 

0.41 G17 (T8, T9) 

0.4 G18 
(T2, T6) 

(T11,T12) 

0.38 G19 (T8, T12) 

0.37 G20 
(T5, T6) 

(T6, T11) 

0.36 G21 (T6, T10) 

0.33 G22 

(T1, T6) 

(T2, T4) 

(T6, T7) 
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0.30 G23 

(T4, T5) 

(T4, T10) 

(T4, T11) 

(T5, T8) 

(T8, T11) 

       

 

Table 6.7 Ordering of test cases using coverage similarity C-II 

S
im

il
a

ri
ty

 

V
a

lu
e 

(C
-I

I)
 Group Selected Test Pairs In order 

In
d

ex
 

T
es

t 
C

a
se

 

P
a

ir
s 

S
eq

. 
N

o
. 

PS1 PS2 PS3 PS4 PS5 PS6 

1 G1 
(T1, T7) 

(T5, T11) 
1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

(T1, T7) 

(T5,T11) 

(T9,T12) 

(T2,T10) 

(T1, T5) 

(T1,T11) 

(T5, T7) 

T7, T11) 

(T3, T4) 

(T4, T9) 

(T4, T6) 

(T1, T3) 

(T3, T7) 

(T3, T5) 

(T3,T11) 

(T1, T4) 

(T4, T7) 

(T1, T8) 

(T4, T5) 

(T4,T11) 

(T7, T8) 

(T5, T8) 

(T1, T3) 

(T3, T5) 

(T4, T7) 

(T7, T8) 

(T8,T11) 

(T4,T10) 

(T3, T4) 

(T8,T12) 

(T8, T9) 

(T5, T6) 

(T6,T10) 

(T1, T7) 

(T9,T12) 

(T2,T10) 

(T1, T5) 

(T3, T4) 

(T4, T6) 

(T4,T12) 

(T3, T8) 

(T1,T10) 

(T2, T8) 

(T2,T11) 

(T1, T3) 

(T3, T5) 

(T1, T4) 

(T1, T8) 

(T3, T4) 

(T1, T6) 

(T1, T9) 

(T1, T2) 

(T3, T10) 

(T2, T3) 

(T1, T12) 

(T1, T7) 

(T1, T5) 

(T1,T10) 

(T1,T12) 

(T1, T2) 

(T1, T9) 

(T1, T6) 

(T1, T8) 

(T1, T4) 

(T1, T3) 

(T5,T11) 

0.83 G2 (T9, T12) 

0.81 G3 (T2, T10) 

0.70 G4 

(T1, T5) 

(T1, T11) 

(T5, T7) 

(T7,T11) 

0.67 G5 
(T3, T4) 

(T4, T9) 

0.65 G6 (T4, T6) 

0.64 G7 (T4, T12) 

0.62 G8 (T3, T8) 

0.61 G9 

(T1, T10) 

(T3, T9) 

(T7, T10) 

0.60 G10 (T2, T8) 

0.59 G11 
(T2, T2) 

(T2, T11) 

0.58 G12 (T3, T12) 

0.57 G13 (T8, T10) 

0.54 G14 
(T1, T12) 

(T7, T12) 

0.53 G15 (T10, T12) 

0.52 G16 (T2, T3) 
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(T5, T9) 

(T9, T11) 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

(T4,T12) 

(T3, T8) 

(T8,T11) 

(T4,T10) 

(T3, T4) 

(T8, T12) 

(T1, T6) 

(T6, T7) 

(T8, T9) 

(T5, T6) 

(T6, T11) 

(T6, T10) 

(T11,T12) 

(T2, T6) 

(T2, T6)  (T3, T12) 

(T1, T10) 

(T3, T8) 

(T3, T4) 

(T1, T11) 

(T1, T7) 

 

0.51 G17 
(T2, T9) 

(T4, T8) 

0.50 G18 (T3, T10) 

0.45 G19 

(T1, T2) 

(T2, T7) 

(T5, T10) 

0.42 G20 
(T2, T12) 

(T9, T10) 

0.40 G21 

(T1, T9) 

(T3, T6) 

(T5, T12) 

(T6, T9) 

(T7, T9) 

0.38 G22 
(T2, T6) 

(T6, T12) 

0.36 G23 
(T6, T10) 

(T11, T12) 

0.34 G24 
(T5, T6) 

(T6, T11) 

0.33 G25 

(T1, T6) 

(T6, T7) 

(T8, T9) 

0.32 G26 (T8, T12) 

0.29 G27 (T3, T4) 

0.28 G28 (T4, T10) 

0.27 G29 
(T5, T8) 

(T8, T11) 

   

0.25 G30 

(T1, T8) 

(T4, T5) 

(T4, T11) 

(T7, T8) 

0.24 G31 
(T1, T4) 

(T4, T7) 

0.23 G32 
(T3, T5) 

(T3, T11) 
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0.22 G33 
(T1, T3) 

(T3, T7) 

  

 

Table 6.8 Ordering of test cases using coverage similarity C-III 

S
im

il
a

ri
ty

 

V
a

lu
e 

(C
-I

II
) Group Selected Test Pairs In order 

In
d

ex
 

T
es

t 
C

a
se

 

P
a

ir
s 

S
eq

. 
N

o
. 

PS1 PS2 PS3 PS4 PS5 PS6 

1 G1 
(T1,T7) 

(T5,T11) 1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

(T1, T7) 

(T5,T11) 

(T9,T12) 

(T2,T10) 

(T6, T8) 

(T1, T5) 

(T1,T11) 

(T5, T7) 

(T7,T11) 

(T4, T6) 

(T3, T4) 

(T1, T3) 

(T3, T7) 

(T1, T4) 

(T3, T5) 

(T3, T11) 

(T4, T7) 

(T1, T8) 

(T7, T8) 

(T4, T5) 

(T4, T11) 

(T4, T10) 

(T1, T3) 

(T1, T4) 

(T7, T8) 

(T4, T5) 

(T4, T10) 

(T2, T4) 

(T8,T12) 

(T1, T6) 

(T11,T12) 

(T2, T6) 

(T1, T9) 

(T1, T7) 

(T9,T12) 

(T2,T10) 

(T6, T8) 

(T1, T5) 

(T4, T6) 

(T3, T4) 

(T3, T8) 

(T2,T11) 

 

 

(T1, T3) 

(T1, T4) 

(T1, T8) 

(T1, T6) 

(T1, T9) 

(T1, T2) 

(T3,T10) 

(T2, T3) 

(T1,T12) 

(T3,T12) 

(T3, T9) 

(T1, T7) 

(T1, T5) 

(T7,T10) 

(T1,T12) 

(T1, T2) 

(T1, T9) 

(T6, T7) 

(T1, T8) 

(T1, T4) 

(T1, T3) 

(T5,T11) 

0.81 G2 (T9,T12) 

0.79 G3 (T2,T10) 

0.7 G4 (T6, T8) 

0.69 G5 

(T1, T5) 

(T1,T11) 

(T5, T7) 

(T7,T11) 

0.67 G6 (T4, T6) 

0.66 G7 
(T3, T4) 

(T4, T9) 

0.62 G8 

(T3, T8) 

(T4,T12 

(T7,T10) 

0.60 G9 
(T2, T11) 

(T3, T9) 

0.59 G10 (T2, T8) 

0.57 G11 
(T2, T5) 

(T3, T12) 

0.56 G12 

(T1, T12) 

(T7, T12) 

(T8, T10) 

0.55 G13 (T9. T11) 

0.54 G14 
(T5, T9) 

(T10,T12) 
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0.53 G15 (T4, T8) 12 

13 

14 

15 

16 

17 

18 

 (T5, T8) 

(T8, T11) 

(T2, T4) 

(T8, T12) 

(T1, T6) 

(T6, T7) 

(T8, T9) 

  (T3, T8) 

(T3, T4) 

(T1, T5) 

(T1, T7) 

(T3, T7) 

(T3,T11) 

 

0.52 G16 
(T2, T3) 

(T2, T9) 

0.5 G17 (T3, T10) 

0.45 G18 

(T1, T2) 

(T2, T7) 

(T5, T10) 

(T10,T11) 

0.41 G19 

(T1, T9) 

(T2, T12) 

(T3, T6) 

(T5, T12) 

(T6, T9) 

(T7, T9) 

(T9, T10) 

0.39 G20 
(T2, T6) 

(T6, T12) 

0.38 G21 (T11,T12) 

0.35 G22 

(T5, T6) 

(T6, T10) 

(T6, T11) 

0.33 G23 

(T1, T6) 

(T6, T7) 

(T8, T9) 

0.32 G24 (T8, T12) 

0.29 G25 (T2, T4) 

0.27 G26 

(T4, T10) 

(T5, T8) 

(T8, T11) 

0.26 G27 
(T4, T5) 

(T4, T11) 

0.25 G28 
(T1, T8) 

(T7, T8) 

0.24 G29 

(T1, T4) 

(T3, T5) 

(T3, T11) 

(T4, T7) 

0.23 G30 
(T1, T3) 

(T3, T7) 
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Table 6.9 Analysis of Different Prioritization Techniques 

Category Name Index 

Order of Test Cases 

T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 
T1

2 

S
in

g
le

 T
es

t 
C

a
se

  
P

ri
o

ri
ti

za
ti

o
n

 

S
tr

a
te

g
y

 

Random P1 2 4 1 11 8 10 5 3 7 9 12 6 

Total-St 

Coverage 
P2 8 4 1 5 11 9 10 6 2 3 12 7 

Total-

MC/DC 

Coverage 

P3 11 5 2 4 9 8 12 7 1 6 10 3 

Total-Br 

Coverage 
P4 9 6 2 5 11 8 10 7 1 4 12 3 

S
im

il
a
r 

T
es

t 
P

a
ir

 P
ri

o
ri

ti
za

ti
o

n
 S

tr
a

te
g

y
 

Total C-i 

similarity 

prioritization 

(PS1) 

C-I 1 7 12 9 3 10 2 11 5 8 4 6 

Total C-i 

dissimilarity 

prioritization 

(PS2) 

C-I 1 10 2 4 6 9 3 5 12 8 7 11 

Iterative C-i 

dissimilarity 

prioritization 

(PS3) 

C-I 1 11 2 3 9 6 7 4 12 8 5 10 

Iterative C-i 

similarity 

prioritization 

(PS4) 

C-I 1 5 10 8 7 9 2 12 3 6 11 4 

Advanced 

iterative C-i 

dissimilarity 

prioritization 

(PS5) 

C-I 1 6 2 3 10 4 11 9 5 8 12 7 

Advanced 

Iterative C-i 

similarity 

prioritization 

(PS6) 

C-I 1 6 10 9 3 8 2 12 7 4 11 5 

Total C-i 

similarity 

prioritization 

C-II 1 7 9 10 3 11 2 12 5 8 4 6 
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(PS1) 

Total C-i 

dissimilarity 

prioritization 

(PS2) 

C-II 1 12 2 6 4 10 3 7 11 8 5 9 

Iterative C-i 

dissimilarity 

prioritization 

(PS3) 

C-II 1 12 2 4 3 11 5 6 10 8 7 9 

Iterative C-i 

similarity 

prioritization 

(PS4) 

C-II 1 5 8 9 7 10 2 11 3 6 12 4 

Advanced 

iterative C-i 

dissimilarity 

prioritization 

(PS5) 

C-II 1 8 2 4 3 6 12 5 7 9 11 10 

Advanced 

Iterative C-i 

similarity 

prioritization 

(PS6) 

C-II 1 6 11 10 3 8 2 9 7 4 12 5 

Total C-i 

similarity 

prioritization 

(PS1) 

C-III 1 7 12 11 3 9 2 10 5 8 4 6 

Total C-i 

dissimilarity 

prioritization 

(PS2) 

C-III 1 9 2 4 5 11 3 7 12 8 6 10 

Iterative C-i 

dissimilarity 

prioritization 

(PS3) 

C-III 1 8 2 3 6 10 4 5 12 7 11 9 

Iterative C-i 

similarity 

prioritization 

(PS4) 

C-III 1 5 11 10 9 7 2 8 3 6 12 4 

Advanced 

iterative C-i 

dissimilarity 

prioritization 

(PS5) 

C-III 1 7 2 3 10 5 11 4 6 8 12 9 
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Advanced 

Iterative C-i 

similarity 

prioritization 

(PS6) 

C-III 1 6 11 10 3 8 2 9 7 4 12 5 

 

Table 6.10 APFD metric values for each prioritization strategy 

Category Name Index 

Average Percentage 

of Fault Detected 

(APFD) % 

S
in

g
le

 T
es

t 
 C

as
e 

 

P
ri

o
ri

ti
za

ti
o
n
 

S
tr

at
eg

y
 

Random P1 74.40 

Total-St Coverage P2 70.83 

Total-MC/DC Coverage P3 68.45 

Total-Br Coverage P4 68.45 

S
im

il
ar

 T
es

t 
P

ai
r 

P
ri

o
ri

ti
za

ti
o
n
 S

tr
at

eg
y

 

Total C-i similarity prioritization 

(PS1) 
C-I 79.16 

Total C-i dissimilarity prioritization 

(PS2) 
C-I 77.97 

Iterative C-i dissimilarity 

prioritization (PS3) 
C-I 74.40 

Iterative C-i similarity prioritization 

(PS4) 
C-I 73.21 

Advanced iterative C-i dissimilarity 

prioritization (PS5) 
C-I 72.02 

Advanced Iterative C-i similarity 

prioritization (PS6) 
C-I 76.78 

Total C-i similarity prioritization 

(PS1) 
C-II 75.59 

Total C-i dissimilarity prioritization 

(PS2) 
C-II 83.92 
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Iterative C-i dissimilarity 

prioritization (PS3) 
C-II 85.11 

Iterative C-i similarity prioritization 

(PS4) 
C-II 69.64 

Advanced iterative C-i dissimilarity 

prioritization (PS5) 
C-II 77.97 

Advanced Iterative C-i similarity 

prioritization (PS6) 
C-II 68.45 

Total C-i similarity prioritization 

(PS1) 
C-III 79.16 

Total C-i dissimilarity prioritization 

(PS2) 
C-III 74.40 

Iterative C-i dissimilarity 

prioritization (PS3) 
C-III 76.78 

Iterative C-i similarity prioritization 

(PS4) 
C-III 68.45 

Advanced iterative C-i dissimilarity 

prioritization (PS5) 
C-III 72.02 

Advanced Iterative C-i similarity 

prioritization (PS6) 
C-III 64.88 

 

To validate the results, we measure the APFD value of the prioritized test suite by each 

technique using Eq. 5. For example, the resulting APFD‘s for the three test case orders 

(Random, Total-St Coverage, and Advanced Iterative CS-i Dissimilarity Prioritization) 

are 62.56%, 38.62%, and 72.0%, respectively. The test order by PS-5 is, in fact, an 

optimal order of the test suite in comparison to the test order by P-1 (random) and P-2, 

ensuring the earliest discovery of the maximum faults. The APFD percentage illustrates 

that the similarity based prioritization techniques gives a better result as compared to the 

other conventional techniques. The analysis of different prioritization techniques is 

illustrated in Table 4. 
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Figure 6.4 APFD% based on single test case prioritization strategies 

 

 

Figure 6.5 APFD% based on similar test pair prioritization strategies 

65

66

67

68

69

70

71

72

73

74

75

P1 P2 P3 P4

A
v

er
a

g
e 

%
 o

f 
 F

a
u

lt
s 

  
D

et
ec

te
d

 

Techniques 

0

10

20

30

40

50

60

70

80

90

PS1 PS2 PS3 PS4 PS5 PS6

A
v

er
a

g
e 

%
 o

f 
 F

a
u

lt
s 

 

D
et

ec
te

d
 

Techniques 

C-I

C-II

C-III



148 

 

 

 

Figure 6.6 APFD% based on various prioritization schemes for pushdown program 

 

The graphical representation of APFD% for pushdown procedure using single test case 

prioritization strategies is shown in Figure 6.4 and for similar test pair prioritization 

strategies the observed values is shown in Figure 6.5. The same methodology discussed 

so far in this chapter for applying proposed prioritization schemes in the experimental 

case study is applied to other remaining programs. For the remaining subject programs, 

measuring the similarity values of test case pair and grouping process is carried out 

systematically as discussed in this chapter. The results generated by the proposed 

prioritization schemes are summarized in Table 6.11. The graphical representation of 

the comparative analysis based on APFD for each subject program is given in Figure 

6.6 to Figure 6.10. The y-axis in the graph represents the APFD percentage against the 

techniques considered in the x-axis. From Figure 6.6 to Figure 6.10 it can be concluded 

that the proposed similar test pair prioritization strategy improved the performance as 

compared to the random and single test case prioritization strategy. The result of 

comparative analysis also reveals that when the proposed prioritization approach is used 

the APFD for the subject programs ranges from 74% to 75%. The experimental results 

indicate that the APFD obtained by applying our proposed approach is on an average 

greater than that one obtained by applying the random or single test case prioritization 

strategy. Out of the proposed prioritization techniques, Total C-i dissimilarity 
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prioritization (PS2) and Iterative C-i dissimilarity prioritization (PS3) performs better 

than other proposed techniques. 

 

Table 6.11 Summary of APFD % from different prioritization schemes 

Subject Programs Techniques 
Average Percentage of 

Fault Detected (APFD) % 

P
u
sh

d
o
w

n
 

P1 74.40 

P2 70.83 

P3 68.45 

P4 68.45 

PS1_C-I 79.16 

PS2_C-I 77.97 

PS3_C-I 74.40 

PS4_C-I 73.21 

PS5_C-I 72.02 

PS6_C-I 76.78 

PS1_C-II 75.59 

PS2_C-II 83.92 

PS3_C-II 85.11 

PS4_C-II 69.64 

PS5_C-II 77.97 

PS6_C-II 68.45 

PS1_C-III 79.16 

PS2_C-III 74.40 

PS3_C-III 76.78 

PS4_C-III 68.45 
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PS5_C-III 72.02 

PS6_C-III 64.88 

T
ri

an
g
le

 

P1 74.40 

P2 70.83 

P3 68.45 

P4 68.45 

PS1_C-I 78.52 

PS2_C-I 76.90 

PS3_C-I 74.40 

PS4_C-I 70.21 

PS5_C-I 72.22 

PS6_C-I 74.52 

PS1_C-II 74.45 

PS2_C-II 84.33 

PS3_C-II 85.11 

PS4_C-II 69.64 

PS5_C-II 76.40 

PS6_C-II 78.50 

PS1_C-III 83.16 

PS2_C-III 73.64 

PS3_C-III 76.98 

PS4_C-III 69.40 

PS5_C-III 72.22 

PS6_C-III 73.80 

P
ri

m
e 

N
u
m

b
er

 

P1 64.40 

P2 69.80 
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P3 58.50 

P4 70.45 

PS1_C-I 78.16 

PS2_C-I 78.22 

PS3_C-I 75.45 

PS4_C-I 72.21 

PS5_C-I 74.22 

PS6_C-I 70.98 

PS1_C-II 74.97 

PS2_C-II 84.02 

PS3_C-II 83.21 

PS4_C-II 70.64 

PS5_C-II 78.16 

PS6_C-II 71.42 

PS1_C-III 80.16 

PS2_C-III 72.44 

PS3_C-III 78.52 

PS4_C-III 70.45 

PS5_C-III 71.09 

PS6_C-III 65.12 

L
ea

p
 Y

ea
r 

P1 68.40 

P2 62.50 

P3 69.40 

P4 70.12 

PS1_C-I 80.25 

PS2_C-I 77.78 
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PS3_C-I 75.40 

PS4_C-I 72.31 

PS5_C-I 75.22 

PS6_C-I 77.09 

PS1_C-II 75.70 

PS2_C-II 84.77 

PS3_C-II 85.60 

PS4_C-II 69.40 

PS5_C-II 75.19 

PS6_C-II 66.40 

PS1_C-III 70.16 

PS2_C-III 76.98 

PS3_C-III 72.22 

PS4_C-III 65.70 

PS5_C-III 78.25 

PS6_C-III 65.87 

G
re

at
es

t 
N

u
m

b
er

 

P1 62.02 

P2 70.03 

P3 65.13 

P4 72.50 

PS1_C-I 83.61 

PS2_C-I 80.80 

PS3_C-I 78.50 

PS4_C-I 73.30 

PS5_C-I 72.98 

PS6_C-I 72.94 



153 

 

PS1_C-II 79.22 

PS2_C-II 83.92 

PS3_C-II 80.10 

PS4_C-II 74.16 

PS5_C-II 75.97 

PS6_C-II 58.09 

PS1_C-III 83.88 

PS2_C-III 78.52 

PS3_C-III 73.50 

PS4_C-III 62.45 

PS5_C-III 72.22 

PS6_C-III 70.42 

 

 

 

Figure 6.7 APFD values based on various prioritization schemes for Triangle Program 
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Figure 6.8 APFD values based on various prioritization schemes for Prime Number 

program 

 

 

Figure 6.9 APFD values based on various prioritization schemes for Leap Year 

program 
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Figure 6.10 APFD values based on various prioritization schemes for Greatest Number 

program 

6.5 Statistical Validation 

Statistical Hypothesis testing is conducted to assess whether or not the Average 

Percentage of Fault Detected (APFD) is improved in the prioritized test suite as 

compared to the test suite generated by random or single test case prioritization strategy. 

Since the sample size is small, the student T-test is applied to find out the level of 

significance and reject the null hypothesis.  

The student's T-test is one of the most commonly used techniques to test a hypothesis 

based on the difference between sample means. Since the rejection or acceptance of a 

null hypothesis is based on either (0.05) alpha (α) or (0.01) alpha (α) level of 

significance for one tailed or two tailed test, (0.01) alpha (α) level of significance for a 

two-tailed test is taken for rejection of the null hypothesis. A null hypothesis shows that 

there is no significant relationship between two or more parameters, while the 

alternative hypothesis proves relationships. The rejection of a null hypothesis provides a 

strong basis for accepting the relationship or accepting the alternative hypothesis. 
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The formulated hypothesis is mentioned below: 

Null Hypothesis       : Average Percentage of Faults Detected (APFD %) cannot be 

improved using the proposed approach as compared to the random approach. 

Alternative Hypothesis       : Average Percentage of Faults Detected (APFD %) can 

be improved using the proposed approach as compared to the random approach. 

Null Hypothesis       : Average Percentage of Faults Detected (APFD %) cannot be 

improved using the proposed approach as compared to Single Test Case Prioritization 

Strategy. 

Alternative Hypothesis       : Percentage of Suite Size Reduction (SSR %) can be 

improved using the proposed approach as compared to Single Test Case Prioritization 

Strategy. 

To find out the significance of the difference between the Random and Single Test Case 

Prioritization Strategy against the Similar Test Pair Prioritization Strategy in terms of 

APFD, the means of both old and new APFD are calculated as shown in Table 6.12 and 

Table 6.13. Pearson coefficient of correlation shows that the old APFD values before 

treatment and new values of APFD after treatment are highly correlated. The degree of 

freedom for both APFD values is 4.  

The t value comes out to be 2.572 and 12.911 respectively while comparing with 

random and Single Test Case Prioritization Strategy. As the values exceed the t critical 

value i.e. 2.376 and 2.776 for a two-tailed test at the 0.05 level for 4 degrees of freedom, 

the null hypothesis      and      are strongly rejected and the alternate hypothesis      

and      are accepted.  

Hence it is validated that APFD value is improved by applying Similar Test Pair 

Prioritization Strategy with multiple criteria as compared to random and Single Test 

Case Prioritization Strategy. Overall our approach is highly effective for test case 

prioritization. 
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Table 6.12 T-Test: Paired Two Sample for Means in terms of APFD (Random vs. 

Similar Test Pair Prioritization Strategy) 

Statistical Observation Random 
Similar Test Pair 

Prioritization Strategy 

Mean 68.724 75.108 

Variance 32.04488 0.19117 

Observations 5 5 

Pearson Correlation 0.291914 
 

Hypothesized Mean Difference 0 
 

df 4 
 

t Stat -2.57256 
 

P(T<=t) one-tail 0.030906 
 

t Critical one-tail 2.131847 
 

P(T<=t) two-tail 0.021811 
 

t Critical two-tail 2.376445 
 

 

Table 6.13 T-Test: Paired Two Sample for Means in terms of APFD (Single Test Case 

Prioritization Strategy vs. Similar Test Pair Prioritization Strategy) 

Statistical Observation 

Single Test  Case  

Prioritization 

Strategy 

Similar Test Pair 

Prioritization 

Strategy 

Mean 68.258 75.108 

Variance 1.93222 0.19117 

Observations 5 5 

Pearson Correlation 0.589155 
 

Hypothesized Mean Difference 0 
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df 4 
 

t Stat -12.9119 
 

P(T<=t) one-tail 0.000104 
 

t Critical one-tail 2.131847 
 

P(T<=t) two-tail 0.000208 
 

t Critical two-tail 2.776445 
 

 

6.6 Summary 

Pair wise selection of test case is a fundamental strategy to compare and prioritize them 

by measuring their associations between them. Using the idea of similarity approach 

with multiple criteria is quite attractive to arrange the test cases in some specific order. 

In this chapter, we have proposed test case prioritization techniques based on this 

strategy for the regression testing. The main target of this proposed prioritization 

method is to order the test cases based on the similarity between test cases to conduct 

regression testing more effectively to achieve more than one performance goals such as 

statement coverage, branch coverage, and MC/DC coverage. To attain this goal the test 

cases are prioritized based on level-wise calculated similarity value for each pair of test 

cases. Based on such quantification, we have developed a family of new prioritization 

techniques to rearrange test cases. We have empirically verified that our techniques are 

achievable, and some of them are more effective than existing techniques or random 

ordering in terms of APFD.  

It is necessary to statistically validate the approach to make it acceptable in the society. 

This chapter validates the proposed work using Student T-test to test the hypothesis. 

The observed values after T-test reveal that the proposed prioritization techniques 

consistently outperformed the Random and Single Test Case Prioritization Strategy in 

terms of APFD. 

 



159 

 

Chapter 7  Concluding Remarks 

This chapter summarizes the main contribution of the research and also presents some 

suggestions for the future in the area of test suite optimization. First, the conclusions are 

drawn in Section 7.1 and the possible future works are presented in Section 7.2. 

7.1 Conclusions 

The main objective of our work is to develop some cost-efficient algorithms to optimize 

the test suite for regression testing. The two important contribution of our thesis towards 

regression testing is in the field of Test Suite Minimization and Test Case Prioritization. 

The main objective of this doctorate research is to improve the process of test suite 

minimization and prioritization by proposing a similarity based optimization strategy 

aiming to improve the fault detection effectiveness (FDE) of the minimized test suite. 

The Chapter 1 and Chapter 2 discuss the fundamental concepts of software testing, 

regression testing and introduce test suite minimization and test case prioritization as an 

important optimization technique. Chapter 3 discovers the relevant literature on 

minimization and prioritization techniques. The literature survey on these techniques 

using different approaches has been done and in particular code coverage and 

similarity-based approaches are analyzed in detail. In this work, similarity-based test 

suite minimization and prioritization techniques are implemented, evaluated and results 

are presented respectively in Chapters 4, Chapter 5 and Chapter 6. This chapter presents 

the overall conclusions and future scope of work. 

A similarity-based greedy approach is proposed to get an optimal test suite. The goal is 

to apply a similarity-based strategy with multiple criteria to identify the difference 

between a pair of test cases and compare them to similarity level. The work 

concentrates on the combination of regression testing techniques i.e. minimization and 
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prioritization with different coverage criterion to optimize the test suite size. The main 

idea is to analyze the test cases first to know the difference or similarity value of the test 

case pairs and further apply the greedy and clustering approach to optimize the test 

cases accordingly. We have proposed the SBGA algorithm for optimizing the test suite. 

The proposed approach can be very helpful when the fault detection effectiveness is 

more important as compared to code coverage. The experimental study is conducted on 

different subject programs to evaluate the performance of the proposed approach. To 

evaluate the effectiveness of the proposed work two performance metrics were used i.e. 

SSR and FDL. And the experimental results show that the fault detection ability is 

highly improved by the proposed technique as compared to an existing technique. 

We also proposed a similarity-based test suite optimization (SB-TSO) approach based 

on the comparison of similarity between test cases in a given test suite. An important 

consideration in reducing test suits is to remove the most common test cases according 

to the calculated similarity or diversity values between test case pair. So that there are 

fewer similar test cases in the representative test suite, which aims to have better 

coverage in terms of testing requirements and faults. A single coverage criterion is not 

sufficient to select the diverse test cases, thus the key idea behind this approach is to use 

more than one coverage criteria i.e. statement, MC/DC and branch coverage to measure 

the similarity degree for each pair of test cases. So that the minimized test suites have 

the maximum diversity as well as better requirement and fault coverage. The paper also 

utilizes a clustering approach to speed up the minimization process. On the other hand, 

the test cases are also ranked based on their weight to maximize the fault detection 

effectiveness. The experimental results indicate that the minimized test suite sizes 

obtained by applying our proposed approach are in an average greater than that one 

obtained by applying the state-of-the-art algorithms. Considering the fault detection 

loss, it can be observed that in an average of the cases our strategy presents a similar 

behavior as compared to other heuristics.  

We have proposed different test case prioritization techniques based on similarity-based 

strategy for effective regression testing. A similarity-based approach is used to identify 

the difference level between a pair of test cases which quantitatively illustrates that how 

much the test case pair are similar or diverse to each other. Our techniques consider 

three coverage criteria i.e. statement, MC/DC, and branch coverage associated with 
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each pair of test cases to calculate the similarity value between them. The proposed 

techniques reorganize the execution order of test cases based on the similarity value of 

test case pairs computed in three levels. Each level represents the integration of selected 

coverage criteria. Based on such quantification, we have developed a family of new 

prioritization techniques to rearrange the test cases. We designed and conducted 

empirical studies on different sample program to validate the effectiveness of our 

proposed techniques. The result shows that by incorporating a similarity-based approach 

with multiple coverage criteria; prioritization can be more effective than any other 

conventional coverage based approaches in terms of APFD (Average Percentage of 

Faults Detected).  

Different proposed optimization approaches are experimentally evaluated by conducting 

various case studies and their performances are also compared with traditional 

approaches with the help of some standard measures. Therefore, using the proposed 

similarity-based test suite optimization approach, the software tester/user obtains 

optimal or near-optimal solutions for optimization. 

7.2 Future Works 

The following suggestions may be taken up for further research and as an extension to 

the present work.  

 An automation of the regression testing process by developing a tool is under 

active consideration of us. The whole process for generating coverage 

information should be automated so that public at large can use it. 

 This research work concentrates on optimization based on some selected 

coverage criteria such as statement, branch, def-use, control-flow and MC/DC 

coverage of the test cases. In the future research work, this can be done based on 

other possible combination of coverage criteria.  

 We have used agglomerative clustering approach for making group of similar 

test cases. As a future work, the other types of clustering methods can be applied 

to the optimization process and the performance of them can be compared in 

achieving optimal test suite. 
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 In the future, we aim at exploring different distance measures to calculate a 

similarity degree between test case pair and will analyze the results accordingly. 

 These proposed methods should be compared with another existing method for 

strengthening its uses.  

 These algorithms have been tested for subject programs and our aim is to test 

them using real-life projects with more LOC. 

 We have used similarity-based approach with multi-coverage criteria for TCM 

and TCP problem but it is not used in TCS, so we aim at exploring the scope of 

using that approach for TCS of regression testing.  

 We will also investigate the possibility of automated test case generation. 
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Appendix A: Abbreviations 

• AHP- Analytic Hierarchy Process 

• APFD - Average Percentage of Faults Detected 

• ART- Adaptive Random Testing 

• CS – Coverage Similarity 

• FDE – Fault Detection Effectiveness 

• FDL – Fault Detection Loss 

• GRE – Greedy Redundant Essential 

• HGS - Harrold-Gupta-Soffa 

• ICP- Interleaved Clusters Prioritisation 

• ILP - Integer Linear Programming 

• LOC – Lines of Code 

• MBT- Model-based Testing  

• MC/DC – Modified Condition/Decision Condition 

• SB_TSO – Similarity Based Test Suite Optimization 

• SBGA – Similarity based Greedy Algorithm 

• SSR – Suite Size Reduction 

• SUT – Software Under Test 

• TCP – Test Case Prioritization 
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• TCS – Test Case Selection 

• TSM – Test Suite Minimization 

• TSO - Test Suite Optimization  
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