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Abstract 

Software Testing is one of the most critical areas in the Software Development 

Life Cycle. Software Testing is quite expensive to implement, and it does not 

guarantee good results, unless it is implemented perfectly. If better testing were 

performed, it would ensure that a huge cost is not spent in reporting undetected 

software bugs. For enhanced testing to be achieved, it is extremely vital to understand 

how to build an effective test suite, which would test the software system in the best 

possible way. An effective test suite needs to be built for better testing to be 

implemented for any product or service. 

In this study, we try to understand how to build an effective test suite by 

analyzing various factors which influence its effectiveness like test suite size and 

coverage level. Though size and coverage are the most common factors, we would 

also like to determine if there are any other factors, which also have an impact on test 

suite effectiveness. We try to come up with a relationship between the factors like 

coverage level, test suite size and effectiveness. A point to note here is that most of 

the factors influencing effectiveness may be covariate. So, it is of vital importance 

that we keep one factor constant in order to measure the impact of the other factor. 

This helps us to understand which among these factors is most crucial to effectiveness 

and by what degree is the impact of that factor on the effectiveness of the test suite. 

Effectiveness here is measured by faultfinding effectiveness of the test suite, i.e. the 

number of faults (errors) that can be detected by the test suite. Improving 
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effectiveness will improve the testing, and thus contribute vitally to the final outcome 

of the work. 

In this thesis, we propose and evaluate an estimation through which effectiveness 

can be calculated in terms of the factors influencing it, like coverage and size. 
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Chapter 1 

Introduction 

1.1 The Problem Statement 
 

To implement better testing, we need to have an effective test suite, which tests 

the software system thoroughly. An effective test suite is one that can actually test all 

the parts of the program, thus detecting and removing all possible defects present in 

the system. 

The effectiveness of test suites has been a widely discussed topic for a long time. 

Studies show that the effectiveness of test suites can be improved by various factors 

like coverage level and size. A number of research studies have been conducted on 

the impact of coverage on the effectiveness of a test suite, and it has been concluded 

that test suites with higher coverage have higher fault detection effectiveness [1] [2]. 

Here, the measure of fault detection effectiveness is computed by calculating the 

number of faults that the test suite can detect. 

Impact of test suite size on the effectiveness of the test suite has not been 

discussed much in earlier studies. Here, size refers to the number of test cases in a test 

suite. The important thing to understand is whether size and coverage are covariate, 

i.e. are they dependant on one another. In fact, it can never be seen that coverage of a 

test suite decreases with the increase of size of the test suite. 

The main goal of this study is to analyze and improve upon the effectiveness of 

test suites. Effectiveness is a measure to check how well the test suite is performing. 
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Ideally, a test suite can be called as totally effective if it can identify all the faults in a 

program. This way of measuring the effectiveness is termed as fault detection 

effectiveness. The situation however is far from ideal. 

We would like to identify how size and coverage separately influence the test 

suite effectiveness and observe the relationship between these three values. We also 

intend to identify other possible parameters that could possibly have an impact on 

effectiveness. This thesis is an empirical work that uses statistical analysis to 

determine the relationship between the factors affecting the effectiveness of the test 

suites. 

Measuring effectiveness is an important aspect of this work and there are quite a 

few ways to do it like coverage adequacy and mutation adequacy. Mutation adequacy 

criteria measures effectiveness by calculating the number of faulty versions (also 

known as mutants) of the subject programs that are detected by test suites. We will be 

using mutation adequacy criteria to measure the effectiveness of test suites. It has 

been believed that the mutation adequacy ratio is an appropriate measure for 

effectiveness as it is easily replicable for future experimental work. Apart from that, 

due to the large number of mutants produced, the results obtained can be considered 

as statistically significant. 

The scope of this work is given in the next subsection. An overview of similar 

research articles is given in Chapter 2. Chapter 3 describes the experimental work of 

the thesis including the data collection procedure. Chapter 4 describes the data 

analysis work done on the experimental study including statistical techniques like 
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correlation analysis, linear regression and cross validation. Chapter 5 gives the 

conclusion of our study and refers to possible future work that can be done on this 

study. 

1.2 Scope of the Thesis 
 

The scope of this thesis is restricted to verifying the criteria which impact the 

effectiveness of test suites with respect to object oriented programs (such as Java). 

Apart from size and coverage, we also intend to find other criteria that could have 

possible contributions to the effectiveness of test suites. Our work is also limited to 

subject programs where the number of lines of code (NLOC) varies from 197 to 895. 

The results obtained from our work might not extend to larger programs. Also, we 

will be measuring effectiveness primarily in terms of the mutant adequacy ratio. 

There could be many other ways and tools to assess effectiveness which could give 

different results from the one we obtain. Since our work also involves the usage of 

tools, there have been a few limitations with them that restricted the choice of the 

subject programs. 
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Chapter 2 

Literature Review 

The effectiveness of test suites has been of interest for almost two decades. In this 

review, we will be initially discussing the role of code coverage on the effectiveness 

of a test suite and then review the impact of code coverage on the fault detection. 

Then we will focus on to the factors influencing test suite effectiveness and finally 

converse the use of mutation testing and analysis in studies. 

2.1 The Role of Code Coverage on Test Suite Effectiveness 
 

The role of code coverage on the effectiveness of a test suite has been a widely 

discussed topic. Many researchers have studied the impact of increasing coverage on 

the effectiveness and presented their solutions. This section looks at them in detail. 

Work by Rothermal et al. [3] hypothesized and concluded that coverage is an 

important factor in analyzing test suite effectiveness. Results obtained from 

experiments by Garg [4] also show a strong connection between software reliability 

and coverage, under any coverage criteria. Software reliability here can be defined as 

the measure of successful functioning of a software system, in a particular 

environment at a given time. Results from the experiment also showed that coverage 

seemed to relate more to reliability than the number of faults that were found in the 

program. The reliability of the program was more dependent on the coverage than on 

the presence of faults. 
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Subbarao [5] also opinioned that though the effectiveness of using code coverage 

is debatable, the code coverage data gives an important insight on the effectiveness of 

the tests. Subbarao noted that code coverage shows what part of the source code is 

thoroughly executed. Subbarao also stated that measuring coverage and ensuring the 

gradual increase of coverage in a project would lead to development of software that 

would be probably free of severe bugs. Tracking coverage has ensured high quality 

software to be developed.  

Cai and Lyu [6] reported that code coverage is a reasonable indicator for the 

capability of fault detection on a normal test set. They also noted that the effect of 

code coverage on fault detection varied based on the test set. And, the co-relation 

between coverage and effectiveness is high for exceptional test cases and weak for 

normal test cases. Another interesting result of their work was that the relationship 

between code coverage and fault coverage was higher in case of structural testing 

than random testing. Though not conclusive, the result moves in a direction that 

functional test cases are more effective than random test cases in determining the 

fault detection effectiveness of a test set. 

Hutchins et al. [2] performed experiments to analyze whether fault detection 

increases when the coverage levels of test sets are increased. Measurement of fault 

detection effectiveness was done by examining the number of faulty versions of the 

subject programs that were detected by the test suites. After evaluating both data flow 

and control flow coverage criteria, it was concluded that both of them are effective 

adequacy measures. Adding test cases to improve coverage proved to be beneficial. 
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Similar studies were conducted by Frankl and Weiss [1] in order to understand the 

relationship between coverage and effectiveness. It was concluded that “error - 

exposing” ability of test suites showed an increase as more test elements were 

covered, but the dependence in general was non-linear. 

Frankl and Iakounenko [7] also stated that for the subject programs with naturally 

occurring faults, the likelihood of finding the presence of a fault increased with 

increasing coverage levels. So, it was hypothesized that better coverage of a test suite 

led to better fault-finding effectiveness. It was also reported that test sets with high 

coverage levels were performing better than random test sets of similar size. 

2.2 The Debate on the Impact of Code Coverage on Fault Detection 
 

The impact of coverage on the detection of faults has also been of interest. There 

is still an on-going debate on whether increasing coverage helps in detecting more 

faults. This section describes the various research works discussing coverage and 

fault detection. 

Though Lyu et al. [8] report of no strong correlation between the total number of 

faults detected in a program and the coverage measure of the program, it was 

hypothesized that the more thorough a program is covered during testing, the more 

number of faults it can identify. 

Kramer [9] reasoned that many bugs would still be undetected, even if “complete” 

coverage were achieved, asserting that “completeness” is measured only with respect 

to a given population of tests. It was noted that good testing involved trade-offs based 
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on thoughtful judgment, rather than just trying to achieve “complete” coverage.  

Instead of improving coverage to improve effectiveness of a test set, Kramer debated 

that testing must be prioritized in such a way that the test strategy that is most likely 

to find bugs must be selected and implemented on the software program. Likewise to 

Kramer [9] , Smith and Williams [10] also asserted through their experimental results 

that though code coverage is being used widely by researchers and developers, and 

sometimes even as a stopping criterion for unit testing, the confirmation surrounding 

the use of code coverage as a software reliability predictor is not conclusive. 

Gomes [11] reported extra amount of resources would have to be invested to 

achieve 100% test coverage. Gomes also added that the earlier a bug is found during 

testing, the cheaper it is to fix it and code coverage is one of the best ways to detect 

bugs in the early stage. However, Gomes also argued that every test created is also a 

test that will eventually require maintenance, and therefore suggested that it is 

important to choose what to test wisely. Knowing what goals need to be achieved by 

accomplishing high-test coverage is very important, and Gomes suggested that if the 

goals could be achieved by a lesser expensive way, it should be the best way from the 

business perspective. 

Ruiz [12] also reported an experimental result in which faulty software achieved 

100% code coverage which directed towards an important conclusion that high 

coverage does not automatically reflect a healthy code. Only by functional testing of 

the application, it can be ensured that the application works as a whole, and performs 

correctly.  
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Glover [13] stated that a high coverage percentage alone does not ensure the 

quality of the code. Code that has high coverage, according to Glover, meant that a lot 

of code was exercised, though it did not imply that the code had been exercised well. 

Highly covered code is not defect free, though it was less likely to consist of defects. 

Glover also opinioned that test coverage tools are important and stressed that they 

should be used for evaluation of the quality of code and for assessing functional 

testing. The best use of a coverage report was to expose code that had not been tested 

at all. 

2.3 The Influential Factors on Test Suite’s Effectiveness 
 

There are various factors influencing test suite effectiveness, like coverage and 

size. However, the degree to which they exert their influence on the effectiveness is 

debatable. Coverage and size have been the widely researched topics in the factors 

influencing the effectiveness. There still could be many other factors, which have an 

impact on it. This section discusses the influential factors in further detail. 

Wong et al. [14] reported from their experiments that the relationship between 

effectiveness and block coverage was higher than the relationship between 

effectiveness and size. They also mentioned that there was no reduction in the fault 

detection effectiveness of a test set when the size of the test set was reduced and the 

coverage kept constant. This result of their experiment highlighted that coverage was 

a more important factor than size in determining the effectiveness of a test set. 

Furthermore, Wong et al. [15] also concluded from that the test cases that did not add 
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to the coverage of test set were not likely to be effective in detecting faults. Adding 

test cases could contribute to the size of the test set, but the fault detection 

effectiveness of the test set remained unchanged. 

Work by Rothermal et al [3] stated that there could be other factors apart from 

coverage and size, which could also have an impact on the effectiveness of the test 

suites.  

A novel idea to measure effectiveness was introduced by Cai and Lyu [16]. They 

measured effectiveness between the variables of execution time and test coverage. 

Their main approach was that failure detection was related to both the time the 

software experiences under testing, which was called the execution time and the 

fraction of code that has been covered by testing, called as the test coverage. 

Measuring reliability by including the execution time along with coverage proved to 

be more accurate than a single measure of only coverage according to their results.  

Chen et al. [17] defined that a testing effort can be termed as effective if and only 

if it either increases any coverage criteria or reveals the presence of a fault. They 

observed that the reliability of a program would increase only if the number of faults 

were being reduced by the addition of new test cases. Redundant test cases should be 

avoided, as they do not contribute to the testing effectiveness, even if they improve 

the test set size. Another disadvantage of having a redundant test case was that it 

increased the testing effort, i.e., the time spent to execute the test suite. Chen et al. 

also emphasized that a test case can be considered effective only if it is executing 
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some uncovered part of the program and/or the test case causes some failures to be 

triggered; otherwise the test case is considered non-effective. 

Other than size and coverage, a new measure of execution time can also have an 

impact on the effectiveness of the test suites. In this work, we intend to find such 

lesser-known factors that could have an impact on the effectiveness of the test suites. 

2.4 The Use of Mutation Testing and Analysis in Experimental 

Studies 
 

Mutation Testing is being used in our experimental procedure to test the 

effectiveness of the test suite. Mutation testing uses mutants instead of real faults for 

testing purposes. We are using mutants over real faults, because not only are real 

faults harder to find, the experiment based on real faults are quite difficult to 

reproduce [18]. This section describes Mutation Testing and Analysis in further 

detail. 

Andrews et al. [18] assessed whether mutation is a suitable way for testing. 

Mutation testing is a way of software testing, where the original source code is 

changed. The faulty version of the original subject program and produced by 

mutation is called as a mutant. The mutant is obtained by applying mutation operators 

on the original source program.  Mutation operators are operators that are used to 

resemble programming errors. A simple example of mutation can be given as 

Original Source Code 

var i = i + 1; 

Mutants 
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var i = i - 1; (operator + has been changed to -)  

var i != i + 1; (operator = has been changed to !=) 

Andrews et al. [18] determined that mutants of a program were analogous to real 

faults that occur in a program. It was suggested that using mutants to measure 

coverage adequacy allows us to find more statistically significant properties of the 

study, and mutants are easily reproducible. Furthermore, Andrews et al. [19] used 

mutation to assess and compare the test coverage criteria and found that mutants can 

be used to predict the presence of faults. The results obtained [19] stated that usage of 

mutants to detect test case effectiveness was similar to what would have been 

obtained with actual faults. They also used the mutant adequacy ratio, which is the 

proportion of mutants detected by the test suite, to evaluate effectiveness. 

Offutt and Untch [20] also reinstated that mutants act similarly to real faults and 

thus can be used efficiently for unit testing purposes. 

Namin and Andrews [21] indicated that size and coverage are influential for 

assessing test suites and there exists a non-linear relationship between these three 

variables of size, coverage and effectiveness. Apart from coverage, that has been 

widely researched, size is also important factor for improving the effectiveness. They 

concluded that both size and coverage independently influence the effectiveness of a 

test suite, and a linear relationship exists between logarithm of size, coverage and 

effectiveness.  

This thesis basically tries to extend the work of [21] by assessing the effectiveness 

of test cases in object-oriented programming. 
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Chapter 3 

Experimental Procedure 

The experimental procedure will be described in this chapter. 

3.1 An Overview of Experimental Procedure 
 

We have worked on four subject programs in Java. For each of these programs, 

we generated test cases and mutants (faulty versions of the original subject programs) 

using publicly available tools like MuJava [22], a tool for generating mutants for the 

Java programs. Then, using PERL and KORN shell scripting; we ran every single test 

case on the gold version of the programs and recorded the output. The original 

version of the subject program, which runs accurately, without the presence of any 

known faults, is called as the gold version. Then, every single test case was run on the 

mutant versions of the programs and the outputs have been recorded. Thus, noting 

down the difference in the outputs, we have identified which test case kills which 

mutants and vice-versa. This helped us in calculating the Mutant adequacy ratio (the 

proportion of mutants detected by a test suite), by which we can determine the 

effectiveness of the test suite. 

To check for the effectiveness of the test suite using coverage criteria, we 

randomly generated test suites each having 1 to 20 test cases. By recording the 

coverage levels for each test suite independently, we can determine the effect of 
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coverage on the effectiveness. Coverage levels such as line coverage; statement 

coverage and block coverage were recorded using a coverage tool like Emma
1
. 

3.2 Experimental Procedure 
 

The detail of experimental procedure is described in this section of the chapter. It 

contains details on the subject software, tools used and how the data collection has 

been performed for this experimental study. 

Subject Software  

This section contains details on how the subject programs that have been used for 

this study were chosen. 

The original plan of the study was to use subject programs in Java that already 

contained a large number of test cases. We initially checked out a few publicly 

available subject programs from Software Infrastructure Repository (SIR)
2
, namely 

“jtopas” and “siena”. Though these subject programs contained test cases, they 

were not suitable for our experimental purpose because they were dependent on other 

programs and quite complex to be used in experimental studies. After exhaustive 

search on the Internet, we could not find any publicly available subject programs that 

contained relatively large number of test cases. So, we decided to develop our own 

artifacts using some Java programs and generate test cases either manually or 

automatically using existing tools. 

                                                      
1 More information at http://emma.sourceforge.net/index.html 
2 More information at http://sir.unl.edu/portal/index.html 
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After several trials, we were finally able to choose four subject programs in Java 

that were taken from Java Utility Classes that are freely available from DocJar
3
. 

These programs were chosen because they were freely available and they were 

coming from the standard Java framework. They were also compatible with the tools 

that we use (e.g. no use of Java Generics).These programs range in length from 971 to 

1760 lines of code (LOC) including comments and blank spaces.  

See Table 1 for more details on the Subject Programs. 

Table 1: Description of Subject Programs. 

Subject 

Program 

LOC NLOC NTC NM 

(Trad) 

NM 

(C) 

NM NB NL 

BitSet 971 397 24 1862 36 40 1480 291 

Math 1522 197 116 681 1 57 354 73 

FilteredRow

SetImpl 

1750 428 28 539 115 48 861 241 

RE 1760 895 27 2242 98 65 4179 885 

LOC: Lines of code. NLOC: Net lines of code. NTC: Number of functional test 

cases developed. NM (Trad): Number of mutants – Traditional. NM (C): 

Number of mutants – Class. NM: Number of methods. NB: Number of blocks. 

NL: Number of executable lines. 

In order for these programs to be used for our experimental purpose, we had to 

generate test cases and mutants using tools for each one of the subject programs. The 

next section contains more details on the tools used. 

                                                      
3 More information at http://www.docjar.com/ 
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Tools Used 

As stated above, a number of tools have been used for the purpose of our work. 

All the tools used were freely downloadable from the Internet. The only prerequisite 

in the selection of a tool was to check whether it can be used for Java language, since 

our experiments were for testing the effectiveness of test suites for an object oriented 

language. 

This section briefly describes each of the tools. 

 Lines of Code Counter (LOCC) 
4
 

This tool was obtained from Software Infrastructure Repository (SIR)
5
 at the 

University of Nebraska-Lincoln. This tool was used to count the net lines of code, 

for the subject programs, after removing the blank spaces and comments. 

 Randoop [23]  

Randoop [23] is an automatic random test case generator for Java programs, 

developed at MIT. It generates unit test cases, using feedback directed random 

test generation [23]. Primarily, this tool randomly generates method sequences 

and constructor invocations for the classes for which the test cases need to be 

generated, and uses these method sequences to generate test cases. The assertions 

are then used to capture the behavior of the subject programs and thus catch bugs. 

A feature of Randoop that was a limitation to us was that it generates similar test 

cases every single time the same subject program was run. Thus, the test cases 

generated were not very effective and it was a possible internal threat to the 

                                                      
4 More information at tool LOCC in the repository http://sir.unl.edu/portal/index.html 
5 More information at http://sir.unl.edu/portal/index.html 
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validity of our research. So we decided not to use the test cases generated by 

Randoop. Instead we developed a number of functional test cases manually. 

 MuJava [22] 

MuJava [22], as the name suggests, is a mutant generator for Java programs 

developed at GMU. It is primarily a research-based tool, produced by the 

academia and used by researchers. MuJava generates traditional and class level 

mutants for individual classes as well as package of multiple classes. The number 

of class level mutation operators implemented by MuJava is 24 and method level 

mutation operators, i.e. traditional mutation operators is 15. MuJava has a specific 

directory structure that needs to be adhered to for the generation of mutants. The 

java source file has to be compiled, and the class file that is generated after 

compilation (i.e. mutants) is used for experiments. 

The following table gives the list of class mutation operators that are present 

in MuJava [22]. 
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Table 2: Class Mutation Operators of MuJava [22]. 

Lang. 

Feature 

Op Description 

Encapsula

tion 

AMC Access Modifier Charge 

Inheritanc

e 

IHI Hiding Variable Insertion 

IHD Hiding Variable Deletion 

IOD Overriding method deletion 

IOP Overriding method calling position change 

IOR Overriding method rename 

ISI Super keyword insertion 

ISD Super keyword deletion 

IPC Explicit call of a parent’s constructor deletion 

Polymorp

hism 

PNC New method call with child class type 

PMD Member variable declaration with parent class type 

PPD Parameter variable declaration with child class type 

PCI Type cast operator insertion 
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Table 2: Continued 

Lang. 

Feature 

Op Description 

Polymorp

hism 

PCD Type cast operator deletion 

PCC Cast type change 

PRV Reference assignment with other comparable variable 

OMR Overloading method contents replace 

OMD Overloading method deletion 

 

Java – 

Specific 

features 

OAC Arguments of overloading method call change 

JTI This keyword insertion 

JTD This keyword deletion 

JSI Static modifier insertion 

JSD Static modifier deletion 

JID Member variable initialization deletion 

JDC Java-supported default constructor creation 

EOA Reference assignment and content assignment replacement 

 



Texas Tech University, Sahitya Kakarla, December 2010. 
 

19 

 

   Table 2: Continued 

Lang. 

Feature 

Op Description 

Java – 

Specific 

features 

EOC Reference comparison and content comparison replacement 

EAM Accessor method change 

EMM Modifier method change 

A few limitations in MuJava are that it cannot generate mutants for java classes 

that use java generics, and it can generate mutants only for compiled classes (i.e. 

valid mutants). MuJava, while producing mutants, produces them in a fuzzy 

format. Since our directory structure ordered mutants by the mutant name, we had 

to re-order all the mutants generated by MuJava into our directory structure for 

the mutants to be available for data collection. 

 JUnit
6
 

JUnit is a testing framework, for developing test cases and unit testing for Java 

programs. We have developed JUnit test cases, as they are easy to develop and 

understand, and generated a proper output for each individual test case in a test 

suite.An important feature of JUnit is that it uses assertions as test oracle or 

testing expected results. 

 Emma
7
 

                                                      
6 More information at http://www.junit.org/ 
7 More information at http://emma.sourceforge.net/index.html 
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Emma is a coverage tool, used to calculate the amount of code coverage of Java 

programs, given the test cases. Emma can instrument classes for coverage either 

offline or on-the-fly. It also gives four coverage levels, class, method, line and 

block coverage, out of which we are using method, line and block coverage in this 

study. Emma worked fast for us, and had no other external dependencies that 

needed to be taken care of. We used Emma for measuring the coverage levels for 

all of the test suites, in all of the subject programs. 

 SUS (ExpLab)
8
 

SUS is a tool from ExpLab used to transform data into a tabular fashion. After the 

data was generated we used SUS to transform the data from a labeled fashion 

format to a tabular format. Having the data in a tabular format is essential to 

perform analysis on the data. It is also easier to read and interpret the data that 

way. We have used SUS to generate the data in a tabular format for all of our 

subject programs. 

 R language [24] 

We have used R language for our data analysis purposes. This is a statistical 

software package used extensively by statistician and supported by academia. 

3.3 Data Collection 
 

This section describes how the data were collected and generated in order to 

perform statistical analysis. 

                                                      
8 More information at http://explab.sourceforge.net/ 
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For each of the four subject programs, the following steps were performed. 

1. Directory Structure: A directory structure was created for each subject program in 

this design. 

 Subject Program Name 

o Source 

o Test Cases 

o Mutants 

o Scripts 

o Gold Outputs 

o Outputs 

o Info  

 Failures 

 Kills 

o Random TS – Randomly generated test suites each of size 1 to 20, 

with each test suite containing AM and coverage information 

measured. 

2. The source program was the Java program downloaded from DocJar. The source 

program was compiled and both the source code (.java file) and the compiled 

code (.class file) were placed in the source directory. 

3. The tool Randoop [23] initially generated the test cases for the source programs. 

Since the test cases generated by Randoop were not very effective, we used the 

functional test cases generated by students as part of a course work. These test 
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cases were written in JUnit. However, we needed singleton test cases, i.e., each 

test case in a file. The test cases generated by students were all merged into a 

single file. So, we had to split all the test cases into separate files and name them 

separately. The generated test cases were maintained in the test case directory. 

4. We generated mutants using the tool MuJava [22]. There were many limitations 

with MuJava. Firstly, we had to adhere to a specific directory structure in order to 

be able to produce mutants. Also, MuJava would not generate mutants for Java 

programs that use Java Generics. So, we had to choose only those subject 

programs that did not use Java Generics. Lastly, MuJava would produce mutants 

in a fuzzy directory structure. We produced the mutants and then re-aligned the 

directory structure such that the mutants were ordered according to their name. 

The mutants were kept in the mutant directory. 

5. Following that, we developed two shell scripts in the scripts directory for running 

the test cases. The first script would run all the test cases against the original 

subject program and the second script will run all the test cases against a mutant 

version of the subject program. 

6. We ran the above-created scripts to obtain the gold outputs and normal outputs for 

all the test cases. The outputs were recorded in their respective folders. 

7. Using Perl and Korn shell scripting, we created scripts that ran every single test 

case on every mutant version of the program and noted the outputs.  

8. By noting the difference in the outputs obtained by the original program and the 

mutant version of the program, we were able to record which test case killed 
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which mutant and vice-versa. This was recorded in the info/kills/ directory and 

info/failures/ directory in the subject program. 

9. Using PERL scripting we randomly generated test suites from size 1 to 20. 

10. We recorded the total number of mutants and checked how many mutants each 

test suite was killing. This helped us calculate the mutant adequacy ratio (AM) 

that is (number of killed mutants / the total number of non-equivalent mutants). 

11. We also noted the coverage level for each of the test suites using coverage tool 

Emma. The coverage values that we recorded for our experimental study were 

method coverage, block coverage and line coverage. Method coverage is the 

coverage metric that shows how many methods were examined during the 

execution of the test cases. Block coverage gives the number of blocks of 

statements having no branch within that were covered, while line coverage gives 

the total number of executable lines that were covered by the test cases. 

12. Finally, we generated a report showing the size, coverage and AM values for each 

test suite. 

13. The report, generated for each test suite in every subject program, was used for 

the statistical analysis of data. 
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Chapter 4 

Data Analysis 

This section describes how the data collected were analyzed. In this section, we 

initially review the visualization of plots between AM and test suite size and AM and 

coverage. Following the visualization plots, we report the results of correlation 

analysis of Pearson correlation and Kendall rank correlation. Later, the linear 

regression and various models are described, and we present the model that gives the 

best estimation. Further analysis of selected models is performed using cross 

validation techniques, and our final report is presented. 

4.1 Purpose 
 

The data analysis was performed because it was necessary to understand the 

significance of the data that were generated. Without proper analysis of data, the data 

could be misinterpreted and important points missed. We decided to perform 

statistical analysis using R language [24] that is used by statisticians and 

mathematicians to interpret data and come to conclusions. R is one of the most widely 

used languages for statistical software development and data analysis
9
. 

Using R language, we have implemented various techniques like correlation 

analysis, linear regression and cross validation for our experimental study. They are 

further described in the coming sections. 

                                                      
9 More information at http://www.nytimes.com/2/01/07/technology/business-

computing/07program.html?_r=1 
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4.2 Visualization 
 

Data visualization is a method to represent the trend of data collected. In 

particular, visualization is useful to determine the relationship between variables 

using smoothing curve. Here, we report the visualization of data for mutant detection 

ratio (AM) and two other independent variables coverage level and size. Following 

are the visualization plots generated from our data analysis. 

Both of them are briefly described below. 

4.2.1 AM v/s Size 

 

Figure 1 illustrates the relationship between mutant detection ratio (AM) and size 

for each program. The x-axis represents size while the y-axis holds the AM values.  

The AM values increase as the test suites grow. The slope of increase, however, for 

the BitSet program is faster than other programs. There may be several reasons for 

such behavior observed. The BitSet program is smaller than the other two 

programs (FilteredRowSetImpl and RE) and bigger than the Math program. 

The other reason might be due to effectiveness of test cases developed for each 

program. The test cases developed for BitSet seems to be more effective in 

detecting mutants and hence increasing the AM values. On the other hand, the test 

cases for the other programs do not illustrate strong effectiveness. The AM values 

reach 0.7 for the BitSetprogram. Whereas, for other three programs, the AM values 

hardly reach 0.2.  
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Though for Math, FilteredRowSetImpl, and RE programs the trend of 

data looks linear, the relationship between AM and size for BitSetimplies a non-

linear relationship between two variables.  

The LOWESS smoothing curve has been used to draw the trend of the data in 

each plot. The LOWESS smoothing curve draws a curve based on local weights for 

each observation in the data and plot. Other more sensitive smoothing curve such as 

smoothing spline are so sensitive to data and may represent a bumpy curve instead of 

a smooth one. That explains why we used the LOWESS smoothing. 
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AM v/s size plot for BitSet 

 

AM v/s size plot for Math 

 

AM v/s size plot 

FilteredRowSetImp 

 

AM v/s size plot for RE 

 

Figure 1: AM v/s Size for all Subject Programs 
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4.2.2 AM v/s Coverage Degree 

 

Figure 2 illustrates the relationship between mutant detection rate and coverage 

degree for each program and coverage criterion. The x-axis represents the coverage 

degree achieved and the y-axis represents the mutant detection ratio AM. The AM 

values increase as the coverage degree increases. In most cases, a linear relationship 

between coverage and AM is demonstrated.  

The block and line coverage demonstrate similar behaviors, while the method 

coverage criterion illustrates different trend. The plots imply that for similar coverage 

level achieved, method coverage tends to detect fewer mutants than block and line 

coverage criteria.  

Similar to previous plots, the coverage obtained by test cases for the BitSet 

program is considerably higher than those for other programs. 
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AM v/s coverage plot for BitSet 

 

AM v/s coverage plot for Math 

 

AM v/s coverage 

FilteredRowSetImp 

 

AM v/s coverage plot for RE 

 

Figure 2: AM v/s Coverage for all Subject Programs 
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4.3 Correlation Analysis 

 

Correlation analysis is a very popular statistical technique that describes how one 

variable relates to another variable.  It can also be described as an analysis that 

calculates the strength of the relationship between two variables. We have used 

correlation analysis to verify whether there is any linear relationship between the two 

variables of AM and coverage. We have used Pearson correlation and rank 

correlation (Kendall) in our correlation analysis. 

Both of them are briefly described below. 

4.3.1 Pearson Correlation 

 

Pearson correlation is a simple correlation analysis that shows whether there is 

any linear relationship between two variables. It is the most familiar measure of 

dependence between two variables
10

. Pearson correlation co-efficient is obtained by 

dividing the co-variance of the two variables by the product of their standard 

deviations. Based on the co-efficient value obtained, the relationship between the two 

variables can be described as low, moderate or high. If the co-efficient value obtained 

is 0, then the variables are independent of each other. If the co-efficient value 

obtained is 1, then the variables have the presence of a strong relationship between 

them. 

We have implemented the Pearson correlation analysis between the variables of 

AM (mutant adequacy ratio) and coverage for each of the coverage measures, i.e. line 

                                                      
10 More information at http://en.wikipedia.org/wiki/Correlation_and_dependence 
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coverage, block coverage and method coverage. This was again implemented for each 

of our subject programs. The Table 3 below gives the Pearson correlation coefficient 

values that we have obtained for the subject programs. 
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Table 3: Pearson and rank Kendall correlation analysis. 

Subject program Variables Pearson 

Correlation 

Coefficient 

Kendall 

Correlation 

Coefficient 

BitSet AM vs. Line Coverage 0.98 0.89 

 AM vs. Block Coverage 0.99 0.94 

 AM vs. Method Coverage 0.94 0.79 

Math AM vs. Line Coverage 0.8 0.64 

 AM vs. Block Coverage 0.9 0.76 

 AM vs. Method Coverage 0.73 0.59 

FilteredRowSetImpl AM vs. Line Coverage 0.97 0.87 

 AM vs. Block Coverage 0.96 0.85 

 AM vs. Method Coverage 0.82 0.66 

RE AM vs. Line Coverage 0.82 0.6 

 AM vs. Block Coverage 0.79 0.59 

 AM vs. Method Coverage 0.85 0.57 

The Pearson correlation co-efficient value, for all the programs, lies in between 

0.73 and 0.99. By interpreting these values using Guilford Scaling
11

, it can be 

understood that there is a high correlation, thus showing a marked relationship 

between the variables AM and coverage. 

 

                                                      
11 More information at http://www.acf.hhs.gov/programs/cb/pubs/cwo02/appendix/appendixG.htm 
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4.3.2 Rank Correlation (Kendall) 

 

Rank correlation is another form of correlation analysis between two variables. It 

differs from Pearson correlation by measuring a different type of association between 

two variables12. There are various types of rank correlation analysis, out of which we 

have used the Kendall rank correlation in our data interpretations. 

The Kendall rank correlation checks for the dependence between two variables 

based on ordered elements. In our study, we have used the ordered elements as the 

ordered test suites. Similar to the analysis we have done for Pearson correlation, we 

have implemented the Kendall rank correlation analysis between the variables of AM 

(mutant adequacy ratio) and coverage for each of the coverage measures, i.e. line 

coverage, block coverage and method coverage. This was again implemented for each 

of our subject programs.   

 Table 3 gives the Kendall Rank Correlation Analysis for all the subject programs. 

The Kendall rank correlation coefficient values, for all the subject programs, lie in 

between 0.57 to 0.94. By checking these values, it can be safely interpreted that there 

is a moderate to high relationship between the values of AM (mutant adequacy ratio) 

and coverage of a subject program. 

4.4 Linear Regression 
 

In addition to estimation, linear regression is used to check the relationship and 

dependency between variables. Linear regressions give the conditional probability 

                                                      
12 Information obtained from http://en.wikipedia.org/wiki/Correlation_and_dependence 
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distribution of a variable given another variable. Two of the most common linear 

regressions used are simple linear regression and multiple linear regressions. A 

response variable is regressed on a single explanatory variable in a simple linear 

regression. Multiple linear regressions generalize this by allowing the use of many 

explanatory or predictor variables. Regression modeling has contributed to our 

analysis, by providing us the dependence between the factors like size and coverage. 

We fitted several linear regressions to our data in order to determine the 

relationship between variables. Initially, we chose several models that we thought 

were suitable for our experimental studies. All the models that we chose are given in 

Table 3, along with their descriptions. In constructing the models, we treated the 

mutant detection ratio AM as predicted variable, whereas, test suite size and coverage 

degree were considered as explanatory variables. We tried different combinations of 

size, coverage degree, and their logarithm and square root transformations to check 

whether the transformation fits the data best. Also, we considered including and 

excluding intercepts. Each of the models reported in Table 3 were fit to our data, for 

each subject program and each coverage criterion. 
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Table 4: Models and their descriptions. 

Model Number Model Description 

1 AM = C1 + C2.SIZE 

2 AM = C2.SIZE 

3 AM = C1 + C2.Cov 

4 AM = C2.Cov 

5 AM = C1 + C2.SIZE + C3.Cov 

6 AM = C2.SIZE + C3.Cov 

7 AM = C1 + C2.SIZE + C3.Cov + C4.SIZE*Cov 

8 AM = C2.SIZE + C3.Cov + C4.SIZE*Cov 

9 AM = C1 + C2.log(SIZE) 

10 AM = C2.log(SIZE) 

11 log(AM) = C1 + C2.log(SIZE) 

12 log(AM) = C2.log(SIZE) 

13 AM = C1 + C2.sqrt(SIZE) 

14 AM = C2.sqrt(SIZE) 
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Table 4: Continued 

Model Number Model Description 

15 sqrt(AM) = C1 + C2.sqrt(SIZE) 

16 sqrt(AM) = C2.sqrt(SIZE) 

17 AM = C1 + C2.log(Cov) 

18 AM = C2.log(Cov) 

19 log(AM) = C1 + C2.log(Cov) 

20 log(AM) = C2.log(Cov) 

21 AM = C1 + C2.sqrt(Cov) 

22 AM = C2.sqrt(Cov) 

23 sqrt(AM) = C1 + C2.sqrt(Cov) 

24 sqrt(AM) = C2.sqrt(Cov) 

25 AM = C1 + C2.log(SIZE) + C3.Cov 

26 AM = C2.log(SIZE) + C3.Cov 

27 AM = C1 + C2.log(SIZE) + C3.log(Cov) 

28 AM = C2.log(SIZE) + C3.log(Cov) 
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Table 4: Continued 

Model Number Model Description 

29 log(AM) = C1 + C2.log(SIZE) + C3.log(Cov) 

30 log(AM) = C2.log(SIZE) + C3.log(Cov) 

31 AM = C1 + C2.sqrt(SIZE) + C3.Cov 

32 AM = C2.sqrt(SIZE) + C3.Cov 

33 AM = C1 + C2.sqrt(SIZE) + C3.sqrt(Cov) 

34 AM = C2.sqrt(SIZE) + C3.sqrt(Cov) 

35 sqrt(AM) = C1 + C2.sqrt(SIZE) + C3.sqrt(Cov) 

36 sqrt(AM) = C2.sqrt(SIZE) + C3.sqrt(Cov) 

After fitting each of the models given in Table 4 into our data, we measured the 

adjusted R^2 and standard error for each linear model. This helped us determine 

which model would be the best fit for our data. 

The following table gives the model number, R^2 and standard error for each 

coverage criterion, i.e. line coverage, block coverage and method coverage for the 

subject program BitSet. Similar tables for other subject programs can be found in the 

Appendix. 
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Table 5: Model Number, R^2, Standard error for subject program BitSet. 

Subject 

Program  

Mo

del

# 

Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

BitSet 1 0.8344 0.0779 0.834 0.077 0.834 0.077 

BitSet 2 0.95 0.1033 0.956 0.103 0.956 0.103 

BitSet 3 0.96 0.0333 0.988 0.020 0.89 0.06 

BitSet 4 0.99 0.0469 0.996 0.029 0.964 0.093 

BitSet 5 0.96 0.0332 0.989 0.020 0.89 0.06 

BitSet 6 0.99 0.0429 0.996 0.028 0.981 0.067 

BitSet 7 0.97 0.0326 0.989 0.019 0.896 0.061 

BitSet 8 0.99 0.0374 0.997 0.023 0.981 0.067 

BitSet 9 0.83 0.0778 0.834 0.07 0.834 0.07 

BitSet 10 0.97 0.0776 0.975 0.077 0.975 0.077 

BitSet 11 0.85 0.2397 0.850 0.239 0.850 0.239 

BitSet 12 0.35 0.891 0.351 0.891 0.351 0.891 

 



Texas Tech University, Sahitya Kakarla, December 2010. 
 

39 

 

Table 5: Continued 

Subject 

Program  

Mo

del

# 

Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

BitSet 13 0.86 0.0704 0.864 0.070 0.864 0.070 

BitSet 14 0.97 0.0756 0.97 0.075 0.97 0.075 

BitSet 15 0.84 0.0631 0.849 0.063 0.849 0.063 

BitSet 16 0.98 0.0870 0.983 0.087 0.983 0.087 

BitSet 17 0.90 0.0592 0.918 0.054 0.854 0.073 

BitSet 18 0.91 0.1441 0.923 0.137 0.892 0.163 

BitSet 19 0.96 0.1193 0.977 0.09 0.903 0.193 

BitSet 20 0.58 0.7149 0.568 0.7 0.625 0.677 

BitSet 21 0.95 0.0421 0.97 0.03 0.880 0.066 

BitSet 22 0.95 0.1073 0.961 0.097 0.924 0.136 

BitSet 23 0.97 0.02 0.987 0.018 0.908 0.049 

BitSet 24 0.9955 0.045 0.997 0.031 0.983 0.085 
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Table 5: Continued 

Subject 

Program  

Mo

del

# 

Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

BitSet 25 0.9711 0.0325 0.989 0.01 0.892 0.062 

BitSet 26 0.9910 0.0470 0.996 0.028 0.976 0.076 

BitSet 27 0.9043 0.0592 0.918 0.054 0.857 0.072 

BitSet 28 0.9755 0.0777 0.975 0.077 0.975 0.077 

BitSet 29 0.9647 0.1165 0.979 0.089 0.902 0.193 

BitSet 30 0.9067 0.3383 0.888 0.369 0.940 0.269 

BitSet 31 0.9705 0.032 0.989 0.019 0.895 0.061 

BitSet 32 0.9918 0.0450 0.997 0.025 0.976 0.075 

BitSet 33 0.9516 0.0420 0.971 0.032 0.88 0.063 

BitSet 34 0.976 0.0757 0.976 0.075 0.978 0.072 

BitSet 35 0.9733 0.0265 0.988 0.01 0.908 0.049 

BitSet 36 0.9967 0.038 0.998 0.028 0.993 0.056 
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By comparison of these results, based on R^2, we can see the model no.26 which 

has been pointed by Namin and Andrews [21], still provides reasonably good 

estimation for all the subject programs. In most of the cases, model no.26 is having 

the value of R^2 >= 0.9. It is showing a very consistent result across all of the subject 

programs. Our finding confirms that the model no. 26 obtained by Namin and 

Andrews [21] better represent the relationship between the variables studied. 

4.5 Cross Validation 
 

While linear regression is used to fit models and check the relationship between 

the variables, cross validation is a way to detect the over-fitting problem. The Over-

fitting problem happens when the linear regression model describes the noise instead 

of the actual relationship. For instance, when the number of explanatory variables 

exceeds the number of observations the model is too dependent to the existing data 

and the model may estimate the relationship between the existing data but fail to 

estimate precisely the unseen data. Thus cross validation can be seen as evaluating the 

accuracy of the model. It is used to estimate how accurately a model will perform on 

a data set and verify whether the model is fitting the training data set and test data set 

with equal precision. Test data set is a randomly chosen part of the original data. The 

data that is left after taking out the test data from the total data is called as the training 

data set. In case of existence of an over-fit, the model does not fit the test data 

accurately. The generally used types of cross validation include repeated random sub 

sampling validation and k-fold validation.  
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In our data analysis, we have used k-fold cross validation in which we have used 

80% for training the models, and 20% for testing them. We selected a number of 

models that outperformed the others. The selected models then fitted to the 80% test 

data. The constructed models based on 80% data then were evaluated on the 20% 

remaining data. We have used Mean Squared Error (MSE) as the metric to check for 

the over-fitting problem. The lower the MSE, the better is the estimation. We have 

also focused on fewer models, which we thought were closer to our estimation. 

Following is the table that reports the Model number, MSE and the correlation co-

efficient along with R^2 for the subject program BitSet, for selected models. Similar 

tables for the rest of the subject programs can be found in the Appendix. 
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Table 6: MSE values for BitSet with Line Coverage 

BitSet: Cross Validation - Line Coverage 

Model MSE kendall spearman R^2 

4 0.002 0.901 0.980 0.96 

16 0.123 0.817 0.93 0.861 

24 0.14 0.901 0.980 0.920 

25 0.001 0.890 0.97 0.972 

26 0.002 0.885 0.97 0.970 

32 0.00 0.882 0.975 0.96 

36 0.138 0.879 0.973 0.920 



Texas Tech University, Sahitya Kakarla, December 2010. 
 

44 

 

Table 7: MSE values for BitSet with Block Coverage 

BitSet: Cross Validation-  Block Coverage 

Model MSE kendall spearman R^2 

4 0.001 0.943 0.991 0.987 

16 0.123 0.817 0.93 0.861 

24 0.138 0.943 0.991 0.942 

25 0.000 0.933 0.990 0.990 

26 0.000 0.92 0.989 0.988 

32 0.000 0.92 0.989 0.987 

36 0.137 0.938 0.990 0.943 
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Table 8: MSE values for BitSet with Method Coverage 

BitSet: Cross Validation - Method Coverage 

Model MSE kendall spearman R^2 

4 0.011 0.842 0.950 0.895 

16 0.123 0.817 0.93 0.861 

24 0.155 0.842 0.950 0.858 

25 0.004 0.835 0.950 0.897 

26 0.00 0.80 0.938 0.830 

32 0.007 0.789 0.929 0.849 

36 0.137 0.80 0.938 0.872 

The following plots illustrate the estimation accuracy of the cross-validation 

procedure conducted. The x-axis represents the actual AM and the y-axis represents 

the estimated AM. By comparing these plots, we notice that Model No. 26 still 

provides a reasonable yet accurate prediction of mutant adequacy ratio (AM). 
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Figure 3: Models 4, 16, 24 and 25 for BitSet program 
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Figure 4: Models 26, 30, 32 and 36 for BitSet program 

 

From the above visualizations, we can see that Model No.26 is the best estimation 

among all the other models for the randomly chosen subject program BitSet. We 
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further check the visualizations of Model No.26 for all the subject programs to find 

out whether it is a consistently good estimate for all the subject programs. 

Comparison among different subject programs for Model No. 26 

 
 

  

Figure 5: Model No.26 for all the Subject Programs 
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From these visualizations also, we can note that model no.26 has fitted all the 

subject programs well and it is possibly the best estimation that can be made. 
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Chapter 5 

Conclusion and Future Work 

 

This experimental study was done to analyze the various parameters that had an 

impact on the improving the effectiveness of a test suite. After understanding a lot of 

literature written about test suite effectiveness, we implemented our study in an object 

oriented programming language. After deciding the subject programs within the 

standard Java Framework itself, we collected the necessary data from our subject 

programs, test cases and mutants using Shell, Korn and Perl scripting. A lot of tools 

were used in our data collection process, most notably MuJava, for producing 

mutants; and Emma, for calculating the coverage values.  

After the data was collected from our experimental procedure, we analyzed our 

data using various statistical and empirical techniques. The data analysis was done in 

R language. Techniques that were used in our data analysis include correlation 

analysis, linear regression and cross-validation. Correlation analysis was implemented 

to understand whether the parameters of AM, size and coverage are related to each 

other. Linear regression was used to come up with a suitable estimation for these 

three parameters. Cross validation was performed to verify whether there was any 

over-fitting problem with our estimation of the model.  

After a lot of analysis and data processing, we can affirm that our analysis shows 

the strong presence of a relationship between the parameters AM, size and coverage. 
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The best estimation for these parameters would be the model no.26, with the 

relationship between them being of the form – 

AM = C2.log (SIZE) + C3.Cov 

Our finding confirms the results obtained by Namin and Andrews [21]. 

Future Work for this analysis can be implemented by using better and more 

number of test cases for more number of subject programs. Since the test cases used 

in this work were functional test cases generated by students as a part of their course 

work, they were neither of high quality nor high in number. If better tools were 

developed for automatic generation of test cases, those tools could also be used.  

More statistical analysis can also be done on the data collected like cluster 

analysis, linear sensitivity analysis and the proportion of variance present. We can use 

cluster analysis to understand the correlation between coverage and AM or size and 

AM within a particular range. The precision of each cluster can also be studied. 

Linear sensitivity analysis would be useful to study the variance in the output of the 

model.  We can verify how sensitive the model is with respect to change in data 

values. 
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Appendix 

Tables 

Table 9: Model Number, R^2, Standard error for subject program Math. 

Subject 

Program  

# Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

Math 1 0.576 0.035 0.576 0.035 0.576 0.035 

Math 2 0.862 0.035 0.862 0.035 0.862 0.035 

Math 3 0.640 0.033 0.820 0.023 0.541 0.037 

Math 4 0.878 0.033 0.934 0.024 0.849 0.037 

Math 5 0.641 0.032 0.824 0.023 0.57 0.035 

Math 6 0.880 0.033 0.935 0.024 0.862 0.035 

Math 7 0.642 0.03 0.826 0.02 0.572 0.035 

Math 8 0.88 0.032 0.943 0.023 0.86 0.035 

Math 9 0.515 0.038 0.515 0.038 0.515 0.038 

Math 10 0.833 0.039 0.833 0.039 0.833 0.039 

Math 11 0.704 0.615 0.704 0.615 0.704 0.615 
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Table 9: Continued 

Subject 

Program  

# Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

Math 12 0.587 2.017 0.587 2.017 0.587 2.017 

Math 13 0.566 0.036 0.566 0.036 0.566 0.036 

Math 14 0.835 0.039 0.835 0.039 0.835 0.039 

Math 15 0.660 0.062 0.660 0.062 0.660 0.062 

Math 16 0.951 0.061 0.951 0.061 0.951 0.061 

Math 17 0.59 0.035 0.698 0.03 0.515 0.038 

Math 18 0.800 0.043 0.827 0.040 0.790 0.044 

Math 19 0.711 0.60 0.844 0.446 0.667 0.652 

Math 20 0.721 1.657 0.689 1.750 0.723 1.652 

Math 21 0.62 0.033 0.781 0.02 0.539 0.037 

Math 22 0.824 0.040 0.860 0.036 0.81 0.042 

Math 23 0.705 0.057 0.858 0.039 0.633 0.064 
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Table 9: Continued 

Subject 

Program  

# Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

Math 24 0.951 0.06 0.97 0.046 0.944 0.066 

Math 25 0.639 0.033 0.825 0.023 0.551 0.036 

Math 26 0.878 0.033 0.941 0.023 0.850 0.037 

Math 27 0.591 0.035 0.714 0.029 0.519 0.038 

Math 28 0.833 0.039 0.836 0.039 0.839 0.038 

Math 29 0.724 0.594 0.843 0.447 0.703 0.616 

Math 30 0.888 1.050 0.784 1.458 0.929 0.832 

Math 31 0.640 0.033 0.825 0.022 0.567 0.036 

Math 32 0.879 0.033 0.943 0.023 0.849 0.037 

Math 33 0.626 0.033 0.79 0.025 0.564 0.036 

Math 34 0.834 0.039 0.86 0.035 0.846 0.037 

Math 35 0.708 0.057 0.860 0.039 0.65 0.062 
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Table 9: Continued 

Subject 

Program  

# Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

Math 36 0.954 0.059 0.972 0.046 0.951 0.062 
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Table 10 : Model Number, R^2, Standard error for subject program 

FilteredRowSetImpl. 

Subject 

Program  

# Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

Filter 1 0.607 0.045 0.607 0.045 0.607 0.045 

Filter 2 0.88 0.045 0.88 0.045 0.88 0.045 

Filter 3 0.947 0.0 0.927 0.01 0.671 0.041 

Filter 4 0.981 0.018 0.976 0.020 0.898 0.042 

Filter 5 0.975 0.011 0.940 0.017 0.690 0.0 

Filter 6 0.991 0.011 0.982 0.017 0.899 0.042 

Filter 7 0.975 0.011 0.941 0.017 0.689 0.040 

Filter 8 0.992 0.011 0.981 0.017 0.902 0.041 

Filter 9 0.548 0.048 0.548 0.048 0.548 0.048 

Filter 10 0.857 0.050 0.857 0.050 0.857 0.050 

Filter 11 0.67 0.625 0.67 0.625 0.67 0.625 

Filter 12 0.563 1.854 0.563 1.854 0.563 1.854 
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Table 10: Continued 

Subject 

Program  

# Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

Filter 13 0.60 0.045 0.60 0.045 0.60 0.045 

Filter 14 0.860 0.049 0.860 0.049 0.860 0.049 

Filter 15 0.654 0.073 0.654 0.073 0.654 0.073 

Filter 16 0.951 0.073 0.951 0.073 0.951 0.073 

Filter 17 0.825 0.030 0.814 0.031 0.596 0.046 

Filter 18 0.880 0.04 0.899 0.042 0.813 0.057 

Filter 19 0.94 0.245 0.934 0.279 0.698 0.598 

Filter 20 0.622 1.725 0.578 1.821 0.711 1.508 

Filter 21 0.91 0.020 0.901 0.022 0.655 0.042 

Filter 22 0.918 0.037 0.919 0.037 0.849 0.051 

Filter 23 0.953 0.027 0.935 0.031 0.701 0.068 

Filter 24 0.989 0.033 0.988 0.035 0.952 0.072 
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Table 10: Continued 

Subject 

Program  

# Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

Filter 25 0.960 0.01 0.932 0.018 0.673 0.041 

Filter 26 0.98 0.014 0.979 0.018 0.901 0.041 

Filter 27 0.84 0.028 0.822 0.030 0.601 0.045 

Filter 28 0.88 0.045 0.90 0.041 0.860 0.049 

Filter 29 0.959 0.220 0.936 0.274 0.696 0.600 

Filter 30 0.645 1.672 0.576 1.826 0.916 0.809 

Filter 31 0.9 0.012 0.937 0.018 0.681 0. 

Filter 32 0.989 0.01 0.980 0.018 0.904 0.041 

Filter 33 0.949 0.016 0.918 0.020 0.669 0.041 

Filter 34 0.941 0.032 0.9 0.033 0.860 0.049 

Filter 35 0.974 0.0 0.944 0.029 0.708 0.067 

Filter 36 0.994 0.025 0.990 0.032 0.952 0.07 
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Table 11: Model Number, R^2, Standard error for subject program RE. 

Subject 

Program  

# Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

RE 1 0.503 0.045 0.503 0.045 0.503 0.045 

RE 2 0.881 0.052 0.881 0.052 0.881 0.052 

RE 3 0.670 0.036 0.622 0.039 0.732 0.033 

RE 4 0.927 0.041 0.920 0.043 0.921 0.042 

RE 5 0.695 0.035 0.661 0.037 0.735 0.033 

RE 6 0.93 0.037 0.934 0.038 0.93 0.038 

RE 7 0.721 0.033 0.692 0.035 0.735 0.033 

RE 8 0.938 0.037 0.934 0.038 0.93 0.037 

RE 9 0.535 0.043 0.535 0.043 0.535 0.043 

RE 10 0.917 0.043 0.917 0.043 0.917 0.043 

RE 11 0.513 1.071 0.513 1.071 0.513 1.071 

RE 12 0.432 2.172 0.432 2.172 0.432 2.172 
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Table 11: Continued 

Subject 

Program  

# Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

RE 13 0.537 0.043 0.537 0.043 0.537 0.043 

RE 14 0.918 0.043 0.918 0.043 0.918 0.043 

RE 15 0.510 0.088 0.510 0.088 0.510 0.088 

RE 16 0.940 0.090 0.940 0.090 0.940 0.090 

RE 17 0.423 0.04 0.387 0.050 0.586 0.041 

RE 18 0.871 0.054 0.868 0.055 0.85 0.057 

RE 19 0.474 1.113 0.432 1.15 0.679 0.869 

RE 20 0.632 1.749 0.636 1.738 0.661 1.677 

RE 21 0.625 0.039 0.5 0.041 0.689 0.03 

RE 22 0.893 0.049 0.888 0.050 0.885 0.051 

RE 23 0.663 0.073 0.609 0.078 0.758 0.062 

RE 24 0.941 0.089 0.937 0.092 0.937 0.092 
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Table 11: Continued 

Subject 

Program  

# Line Coverage Block Coverage Method 

Coverage 

R^2 S.E R^2 S.E R^2 S.E 

RE 25 0.694 0.035 0.661 0.037 0.731 0.0 

RE 26 0.934 0.038 0.931 0.040 0.93 0.040 

RE 27 0.588 0.041 0.576 0.041 0.635 0.038 

RE 28 0.920 0.043 0.919 0.043 0.919 0.043 

RE 29 0.60 0.971 0.581 0.993 0.695 0.847 

RE 30 0.756 1.423 0.764 1.400 0.809 1.2 

RE 31 0.69 0.035 0.666 0.037 0.733 0.033 

RE 32 0.932 0.039 0.928 0.040 0.927 0.040 

RE 33 0.677 0.036 0.649 0.038 0.704 0.034 

RE 34 0.920 0.04 0.91 0.043 0.919 0.043 

RE 35 0.693 0.069 0.657 0.073 0.75 0.061 

RE 36 0.953 0.080 0.951 0.081 0.951 0.081 
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Table 12: MSE values for Math with Line Coverage 

Math: Cross Validation - Line Coverage 

Model MSE kendall spearman R^2 

4 0.001 0.645 0.815 0.631 

16 0.197 0.596 0.761 0.514 

24 0.201 0.645 0.815 0.58 

25 0.001 0.640 0.815 0.631 

26 0.001 0.625 0.805 0.625 

32 0.001 0.633 0.808 0.622 

36 0.200 0.617 0.803 0.560 
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Table 13: MSE values for Math with Block Coverage 

Math: Cross Validation - Block Coverage 

Model MSE kendall spearman R^2 

4 0.0008 0.792 0.933 0.840 

16 0.197 0.596 0.761 0.514 

24 0.201 0.792 0.933 0.764 

25 0.000 0.788 0.934 0.843 

26 0.00 0.772 0.928 0.838 

32 0.000 0.78 0.932 0.838 

36 0.201 0.788 0.933 0.775 
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Table 14: MSE values for Math with Method Coverage 

Math: Cross Validation - Method Coverage 

Model MSE kendall spearman R^2 

4 0.002 0.597 0.77 0.534 

16 0.197 0.596 0.761 0.514 

24 0.201 0.597 0.77 0.508 

25 0.001 0.599 0.781 0.536 

26 0.002 0.576 0.766 0.532 

32 0.002 0.576 0.766 0.532 

36 0.197 0.586 0.754 0.513 
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Table 15: MSE values for FilteredRowSetImpl with Line Coverage 

FilteredRowSetImpl: Cross Validation - Line Coverage 

Model MSE kendall spearman R^2 

4 0.0003 0.889 0.970 0.941 

16 0.201 0.68 0.845 0.66 

24 0.202 0.889 0.970 0.883 

25 0.0002 0.850 0.964 0.952 

26 0.0002 0.853 0.964 0.951 

32 0.0002 0.873 0.970 0.957 

36 0.200 0.868 0.973 0.899 
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Table 16: MSE values for FilteredRowSetImpl with Block Coverage 

FilteredRowSetImpl: Cross Validation - Block Coverage 

Model MSE kendall spearman R^2 

4 0.0004 0.871 0.964 0.918 

16 0.201 0.68 0.845 0.66 

24 0.201 0.871 0.964 0.856 

25 0.0003 0.842 0.96 0.926 

26 0.0003 0.860 0.965 0.925 

32 0.0003 0.862 0.966 0.929 

36 0.197 0.839 0.960 0.871 
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Table 17: MSE values for FilteredRowSetImpl with Method Coverage 

FilteredRowSetImpl: Cross Validation - Method Coverage 

Model MSE kendall spearman R^2 

4 0.001 0.731 0.881 0.732 

16 0.20 0.68 0.845 0.66 

24 0.207 0.731 0.881 0.725 

25 0.001 0.705 0.869 0.733 

26 0.001 0.724 0.889 0.725 

32 0.001 0.737 0.890 0.731 

36 0.204 0.682 0.852 0.692 
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Table 18: MSE values for RE with Line Coverage 

RE: Cross Validation - Line Coverage 

Model MSE kendall spearman R^2 

4 0.001 0.603 0.740 0.705 

16 0.207 0.535 0.672 0.662 

24 0.221 0.603 0.740 0.726 

25 0.0006 0.596 0.745 0.793 

26 0.0007 0.588 0.739 0.779 

32 0.0009 0.583 0.739 0.765 

36 0.218 0.583 0.726 0.760 
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Table 19: MSE values for RE with Block Coverage 

RE: Cross Validation - Block Coverage 

Model MSE kendall spearman R^2 

4 0.001 0.598 0.72 0.67 

16 0.207 0.535 0.672 0.662 

24 0.221 0.598 0.72 0.695 

25 0.0007 0.586 0.74 0.780 

26 0.0008 0.588 0.737 0.76 

32 0.0009 0.596 0.741 0.745 

36 0.217 0.573 0.714 0.746 
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Table 20: MSE values for RE with Block Coverage 

RE: Cross Validation - Method Coverage 

Model MSE kendall spearman R^2 

4 0.001 0.647 0.799 0.830 

16 0.207 0.535 0.672 0.662 

24 0.222 0.647 0.799 0.819 

25 0.0005 0.635 0.803 0.834 

26 0.0008 0.57 0.722 0.760 

32 0.001 0.584 0.736 0.755 

36 0.217 0.579 0.721 0.734 

 


