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Abstract

Regression testing is an important activity in the softwideeycle, but it can also be very expensive. To reduce
the cost of regression testing, software testers may prettheir test cases so that those which are more important,
by some measure, are run earlier in the regression testogegs. One potential goal of test case prioritization
techniques is to increase a test suite’s rate of fault dete¢how quickly, in a run of its test cases, that test suite
can detect faults). Previous work has shown that priotitracan improve a test suite’s rate of fault detection,
but the assessment of prioritization techniques has bested primarily to hand-seeded faults, largely due to the
belief that such faults are more realistic than automdgicgénerated (mutation) faults. A recent empirical study,
however, suggests that mutation fauten be representative of real faults, and that the use of haedesefaults
can be problematic for the validity of empirical results deing on fault detection. We have therefore designed
and performed two controlled experiments assessing thigyadsi prioritization techniques to improve the rate of
fault detection of test case prioritization techniquesasueed relative to mutation faults. Our results show that
prioritization can be effective relative to the faults cidlesed, and they expose ways in which that effectiveness
can vary with characteristics of faults and test suites. eéMianportantly, a comparison of our results with those
collected using hand-seeded faults reveals several iatgits for researchers performing empirical studies df tes
case prioritization techniques in particular, and testeapniques in general.
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1 Introduction

As engineers maintain software systems, they periodicadjyession test them to detect whether new faults have been
introduced into previously tested code, and whether neddigd code functions according to specification. Regression
testing is an important activity in the software lifecydbeit it can also be very expensive, and can account for a large
proportion of the software maintenance budget [31]. Tosasgith regression testing, engineers may prioritize their
test cases so that those that are more important are ruaréarihe regression testing process.

Test case prioritization techniques (hereafter referesirply as “prioritization techniques”) schedule testesas

for regression testing in an order that attempts to maxisiree objective function, such as achieving code coverage



quickly, or improving rate of fault detection. Many priagation techniques have been described in the research
literature, and they have been evaluated through variopsrmal studies [9, 10, 12, 13, 14, 33, 36, 38, 40].

Typically, empirical evaluations of prioritization tedlques have focused on assessing a prioritized test suite’s
rate of detectiorof regression faults Regression faults are faults created in a system versi@rasult of code
modifications and enhancements, and rate of fault deteidiammeasure of how quickly a test suite detects faults
during the testing process. An improved rate of fault dédeatan provide earlier feedback on the system under test,
enable earlier debugging, and increase the likelihood thegsting is prematurely halted, those test cases that off
the greatest fault detection ability in the available tegtime will have been executed.

When experimenting with prioritization techniques, resgien faults can be obtained in two ways: by locating
naturally occurring faults or by seeding faults. Naturabcurring faults offer external validity, but they are dpst
to locate and often cannot be found in numbers sufficient ppstt controlled experimentation. In contrast, seeded
faults, which are typically produced through hand-seedingrogram mutation, can be provided in larger numbers,
allowing more data to be gathered than would otherwise bsilples

For these reasons, researchers to date have tended toteyaloatization technigues using seeded faults rather
than naturally occurring faults. Furthermore, researchare typically used hand-seeded faults, because, déspite
fact that hand-seeding, too, is costly, hand-seeded faalts been seen as more realistic than mutation faults [17]. A
recent study by Andrews et al. [1], however, suggests th&tion faults can in fact be representative of real fauhd, a
that the use of hand-seeded faults can be problematic faraiidity of empirical results focusing on fault detection.
Their study considered only C programs, and measured oalyefative fault detection effectiveness of test suites; it
did not consider effects of fault type on evaluations ofrli@sting techniques such as prioritization. If theseltesu
generalize, however, then we may be able to improve and @xiternvalidity of experimental results on prioritization
by using mutation, and also, to substantially reduce theafesxperimentation, facilitating faster empirical pregs.

We have therefore performed two controlled experimentssasiisg prioritization techniques using mutation faults.
In the first experiment, we examine the abilities of sever@rjiization techniques to improve the rate of fault detec
tion of JUnit test suites on four open-source Java systerhie &lso varying other factors that affect prioritization
effectiveness. In the second experiment we replicate thk ffiut we consider a pair of Java programs provided with
system, rather than JUnit, test suites.

Our analyses show that test case prioritization can imptioseate of fault detection of test suites, assessed rel-
ative to mutation faults, and they expose ways in which tffacéveness can vary with characteristics of faults and
test suites, and with classes of prioritization techniguidsre important, our empirical results are largely coresist
with those of Andrews et al., suggesting that the large nurabgaults that can be obtained through mutation result
in data sets on which statistically significant conclusioas be obtained, with prospects for assessing causabmelati
ships, and with a lower cost compared to that of using haedexfaults. The results do also suggest, however, that

assessments of prioritization techniques could be biagdlaebuse of overly limited numbers of mutants.



In the next section of this paper, we describe prior work dorjiization and provide background on program
mutation. Section 3 examines the current empirical undedshg of prioritization as reflected in the literature. t8st
4 describes the specific mutation operators that we usedrigtodies, and our mutant generation process. Sections
5 and 6 present our experiments, including design, reanitbanalysis. Section 7 discusses our results and considers

results across the experiments, and Section 8 presentsismms and future work.

2 Background and Related Work
2.1 Test Case Prioritization

As mentioned in Section 1, test case prioritization teche#q14, 36, 40] schedule test cases so that those with the
highest priority, according to some criterion, are exedwarlier in the regression testing process than loweripyior
test cases. An advantage of prioritization techniquesas tinlike many other techniques for assisting regression
testing, such as regression test selection [35], they ddisctrd test cases.

Various prioritization techniques have been proposed14136, 38, 40], but the techniques most prevalent in the
literature and in practice involve those that utilize siepbde coverage information. In particular, techniques tha
focus on ordering test cases in terms of code not yet coveréelsh cases run so far have been shown to be typically
most cost-effective, and one such approach has been dtdizeessfully on extremely large systems at Microsoft[38]
In general, however, the relative cost-effectiveness e$¢htechniques has been shown to vary with several factors.
We describe several specific prioritization techniquesgéithat we study in our experiments) in Section 5.2.1.

Most prioritization techniques proposed to date focus ameasing the rate of fault detection of a prioritized
test suite. To measure rate of fault detection a metric dalleFD (Average Percentage Faults Detected) has been
introduced [14, 36]. This metric measures the weightedamepf the percentage of faults detected over the life of a
test suite. Section 5.2.2 describes the APFD metric in detai

Note that to date, most prioritization techniques congden the literature have focused only on existing test
suites, and on obtaining better orderings of the test cast®se suites. A drawback of this focus is that it does not
consider the need to add new test cases to test suites fojonadifications: thus, prioritization of existing testeas

should be understood to be only one component of a thorogghssion testing process.

2.2 Test Case Prioritization Studies

Early studies of test case prioritization examined the-effgtctiveness of techniques and approaches for estigatin
technique performance, or compared techniques [14, 36,fd@]sing on C programs. More recent studies have
investigated the factors affecting prioritization efigehess[10, 21, 34], also focusing on C. Collectively, t&sidies
have shown that various techniques can be cost-effectidesaggested several tradeoffs among them.

More recently, Do et al. [9] investigated the effectivenafgarioritization techniques on Java programs tested using

JUnit test cases. The results of this study showed thatasstrioritization can significantly improve the rate ofifau



detection of JUnit test suites, but also revealed diffeesneith respect to previous studies that appear to be refated
the language and testing paradigm.

With the exception of one particular C program, a 6 KLOC peogifrom the European Space Agency referred to
in the literature as “space”, all of the object programs usehe foregoing empirical work (12 C and 4 Java programs)
contained only a single type of faults: hand-seeded faliitsontrast, the studies we present here assess pridotizat
techniques using mutation faults and examine whether thétseare consistent with those of the previous study [9]
of Java systems tested by JUnit tests, which used handéadts.

Beyond these studies, two other studies have consideredtization relative to actual, non hand-seeded faults
[26, 38]. The study in [26] considers prioritization basedtbe distribution of tests’ execution profiles on three
large programs, compares results with coverage-basedtization results, and finds that the two techniques are
complementary in terms of fault detection abilities. Thedstin [38] considers coverage-based prioritization on a
large commercial office automation system, and shows houieifly the prioritization tool works for that system in
terms of the time required to prioritize test cases and teedmvith which the prioritized test suite can detect faults.

In Section 3, we analyze prior empirical research on piiaiion techniques to investigate the relationships that
have been seen to exist between the objects used in expésiarath prioritization results. We include the studies
from [26, 38] in this analysis to help broaden our findingssites from these two studies, however, are not directly
comparable to results obtained in other studies, becaaggritbritization techniques they use are different, andhen t
case of the second study, because a different metric is osegasure the effectiveness of prioritization. Thus we

consider their results qualitatively.

2.3 Program Mutation

The notion of mutation faults grew out of the notion of mutattesting, a testing technique that evaluates the adequacy
of a test suite for a program [5, 7, 16] by inserting simpletagtic code changes into the program, and checking
whether the test suite can detect these changes. The pbidfitictiveness of mutation testing has been suggested
through many empirical studies (e.qg., [15, 30]) focusingposcedural languages.

Recently, researchers have begun to investigate mutagstimg) of object-oriented programs written in Java [4,
23, 24, 28]. While most of this work has focused on implenmantibject-oriented specific mutant generators, Kim et
al. [24] apply mutation faults to several testing stratedo object-oriented software, and assess them in ternfgeof t
effectiveness of those strategies.

Most recently, as mentioned in Section 1, Andrews et al.fi¢stigated the representativeness of mutation faults
by comparing the fault detection ability of test suites ondiaeeded, mutation, and real faults, focusing on C systems
with results favorable to mutation faults and problematicHand-seeded faults. Coupled with the fact that mutation
faults are much less expensive to produce than hand-sesualés) mutation faults may provide an attractive altermati

for researchers when their experiments require programhsauilts. Additional studies are needed, however, to &irth



generalize this conclusion.
In this study we further investigate findings of Andrews etialthe context of test case prioritization using Java

programs and JUnit test suites, considering mutationdauitl hand seeded faults.

3 The State of the Empirical Understanding of Prioritization to Date

Since we are investigating issues related to the types @fased in experimentation with prioritization technigue
we here analyze prior research that has involved similaggx@ntation, to provide insights into the relationshhpatt
exist between the objects used in experiments and priatiibz results.

There have been no prior studies conducted of prioritimatging different types of faults over the same programs.
Thus, we are not able to directly compare prior empiricalitsgo see whether or not the types of faults utilized could
affect results for the same programs; however, we can obtaite general ideas by comparing prioritization results
across studies qualitatively. As shown in Section 2, mach studies have been conducted; for this analysis we chose
five ([9, 14, 11, 26, 38]) that involve different object pragrs and types of faults.

Table 1 summarizes characteristics of the object prograed i the five studies we consider. Five of the programs
(javac, ant, jmeter, zml-security, andjtopas) are written in Java, and the rest are written in C. Prograensries
from 138 LOC to 1.8 million LOC. Six program&XA, GCC, Jikes, javac, space, andQT B) have real faults, and
the others have hand-seeded faults. As a general trendvelserthe table, the number of real faults is larger than
the number of hand-seeded faults on all programs exeefit and some of th&iemens programs. The number of

faults forO A was not provided in [38].

Table 1: Object Programs Used in Prioritization Studies

Studies Program Program size| Versions | Test Caseq Faults | Type of Faults Prioritization
(LOC) Techniques
Srivastava & OA (Office 1.8 million 2 157 - real coverage &
Thiagarajan [38] || Application) change-based
Leon & GCC 230K 1 3333 27 real distribution &
Podgurski [26] Jikes 94K 1 3149 107 real coverage-based
javac 28K 1 3140 67 real
Elbaum et al. [14] Siemens 0.1K-0.5K 1 6-19 7-41 seeded coverage-based
space 6.2K 1 155 35 real (random, func-total,
grep 7.4k 5 613 11 seeded func-addtl)
flex 9K 5 525 18 seeded
QTB 300K 6 135 22 real
Elbaum et al. [11] bash 65.6K 10 1168 58 seeded coverage-based
gzip 6.5K 6 217 15 seeded (random, func-total,
func-addtl)
Doetal. [9] ant 80.4K 9 877 21 seeded coverage-based
jmeter 43.4K 6 78 9 seeded (random, meth-total,
xml-sec. 16.3K 4 83 6 seeded meth-addtl)
jtopas 5.4K 4 128 5 seeded




Table 2 shows prioritization results measured using theARfetric, for all programs exce@® A, and for four
prioritization techniques and one control technique (candrdering) investigated in the papers. The resuler
presents the percentage of faults in the program detectélebfirst test sequence in the prioritized order. (A test
sequence as defined in [38] is a list of test cases that achieaeimal coverage of the program, relative to the coverage
achieved by the test suite being prioritized.) In the experit described in [38], the first sequence contained four tes
cases, and the entry in Table 2 indicates that those fourdest detected 85% of the faults in the program GkG€”,
Jikes, andjavac, a prioritization techniquecomb that combines test execution profile distribution and cage
information was applied. For the other programs, two cayesiaased prioritization techniquéstal andaddtl, which
order test cases in terms of their total coverage of progm@mponents (functions, methods, or statements), or their
coverage of program components not yet covered by test aisasly ordered, were applied. As a control technique,

a random ordering of test cases was used in all studies dtheithe one involving A.

Table 2: Results of Prior Prioritization Studies: Measudasihg the APFD Metric, for all Programs Exceptd

Technique|| OA | GCC | Jikes | javac | Siemens| space| grep | flex | QTB | bash| gzip | ant | jmeter | xml. | jtopas

ccb 85% - - - - - - - - - - R N N N

comb. - 84 | 74 | 77 - R - R - - | - - - -
total - - - - 86 92 | 38 | 66 | 78 | 90 | 50 | 51 | 34 | 97 | 68
addtl - - - - 82 94 | 92 | 97 | 67 | 96 | 88 | 84| 77 | 87 | 97
random - 80 | 58 | 64 68 85 | 78 | 88 | 63 | 80 | 75 | 64| 60 | 71 | 61

Examining the data in Tables 1 and 2, we observed that thdtsesry across programs, and thus we further

analyzed the data to see what sorts of attributes might Heeeted these results if any, considering several atteigut

e Program size To investigate whether program size affected the resuts;ompared results considering three
different classes of program size that are applicable tgptbgrams we consider: small (smaller than 10K
LOC) — Siemens, space, grep, flex, gzip, andjtopas, medium (larger than 10K LOC and smaller than 100K
LOC) — Jikes, javac, bash, ant, jmeter, andzml-security, and large (larger than 100K LOC)3-4, GCC,
and QT B. While large programs are associated with moderate fatétction rates and with prioritization

technigues outperforming random ordering, small and nrediized programs do not show any specific trends.

e Test case sourceThe test cases used in the five studies were obtained fronofotveo different sources:
provided with the programs by developers or generated byarekers. Table 3 shows prioritization results
grouped by test case source, considering the types of tes$ tavolved (traditional and JUnit) separately. For
traditional test suites, prioritization techniques ré\different trends across the two groups: for the provided
group, prioritization techniques are always better thawloan ordering. In particulabash displays relatively

high fault detection rates.

For the generated group, we can classify programs into teopy relative to results: 1Jiemens andspace,



Table 3: Prioritization Results Grouped by Test Case Souvteasured Using the APFD Metric, for all Programs

ExceptO A. To Facilitate Interpretation, the Last Row Indicates tiverage Number of Faults per Version

Traditional JUnit

Provided Generated Provided
Tech. OA | GCC | Jikes | javac | QTB | bash| Siemens| space| grep | flex | gzip || ant | jmeter | xml. | jtopas
ccb 85% - - - - - - - - - - - - - -
comb. - 84 74 77 - - - - - - - - - - -
total - - - - 78 90 86 92 38 66 | 50 51 34 97 68
addtl - - - - 67 96 82 94 92 97 88 84 77 87 97
random - 80 58 64 63 80 68 85 78 88 | 75 64 60 71 61
# faults
per ver. - 27 107 67 3.7 5.8 7-41 35 22 |1 36| 25| 23 15 15 1.3

2) grep, flex, andgzip. The results orbiemens and space show that prioritization techniques outperform
random ordering. Results on the other three programs, reweifer: on these, the total coverage technique
does not improve the rate of fault detection, but the additicoverage technique performs well. One possible
reason for this difference is that test casesStrmens andspace were created to rigorously achieve complete
code coverage of branches and statements. The test caties dbiner three programs, in contrast, were created

primarily based on the program'’s functionality, and do négess strong code coverage.

For JUnit test suites, all of which came with the programs, riésults vary depending on program, and it is
difficult to see any general trends in these results. In génbowever, since JUnit test cases do not focus on

code coverage, varying results are not surprising.

o Number of faultsOn all artifacts equipped with JUnit test suites, as wellmgep, flex, andgzip, the number
of faults per version is relatively small compared to on ofm@grams. This, too, may be responsible for the

greater variance in prioritization results on the assedigrograms.

e Type of faults. Considering hand-seeded versus real faults, results usadgfaults show that prioritization
techniques always outperform random ordering, but faukcteon rates varied across programs. For example,
while fault detection rates aspace are very high, fault detection rates Q' B, Jikes, andjavac are relatively
low. The study ofD A does not use the APFD metric, but from the high fault detaegigrcentage (85%) obtained
by the first prioritized test sequence derived@ot and the APFD metric calculation method (see Section 5.2.2),

we can infer that the prioritization technique 1014 also yields high fault detection rates.

For programs using hand-seeded faults, results vary aprogsams. FolSiemens, bash, xml-security, and
jtopas, prioritization techniques outperform random orderingt §rep, flex, gzip, ant, andjmeter, the total
coverage technique is not better than random orderingewthd additional coverage technique performs better

than random ordering.

e Other attributes. We also considered two other attributes that might havecegftethe results: the type of



Table 4: Mutation Operators for Java Bytecode

Operators|| Descriptions
AOP Arithmetic Operator Change
LCC Logical Connector Change
ROC Relational Operator Change
AFC Access Flag Change
ovD Overriding Variable Deletion
ovi Overriding Variable Insertion
OMD Overriding Method Deletion
AOC Argument Order Change

language used (C versus Java), and the type of testing beifgrmed (JUnit versus functional), but we can

observe no specific trends regarding these attributes.

From the foregoing analysis, we conclude that at least thpeeific attributes could have affected prioritization
results: the type of faults, the number of faults, and themaf test cases. The fact that the type and number of faults
could affect prioritization results provides further nwatiion toward the investigation of the usefulness of maotati
faults in empirical investigations of prioritization. Rhber, this provides motivation for considering evaluatiai
client testing techniques, and for using different typefaafts in relation to the Andrews et al. study. Since the seur

of test cases could affect prioritization results, somesiteration of this factor may also be worthwhile.

4 Mutation Approach

To conduct our investigation we required a tool for genamprogram mutants for systems written in Java. The
mutation testing techniques described in the previous@ease source-code-based mutant generators, but for this
study we implemented a mutation tool that generates mufantkava bytecode. There are benefits associated with
this approach. First, it is easier to generate mutants ftedmgle than for source code because this does not require
the parsing of source code. Instead, we manipulate Javadudeusing pre-defined libraries contained in BCEL
(Byte Code Engineering Library) [3], which provides coniesri facilities for analyzing, creating, and manipulating
Java class files. Second, because Java is a platform indagdadguage, vendors or programmers might choose to
provide just class files for system components, and byteoadation lets us handle these files. Third, working at the

bytecode level means that we do not need to recompile Jagagms after we generate mutants.

4.1 Mutation Operators

To create reasonable mutants for Java programs, we surpeyses that consider mutation testing techniques for
object-oriented programs [4, 23, 28]. There are many nanaiperators suggested in these papers that handle aspects
of object orientation such as inheritance and polymorphiBrom among these operators, we selected the following

mutation operators that are applicable to Java bytecods#e lasummarizes):



Arithmetic OPerator change (AOP). The AOP operator replaces an arithmetic operator with attigrmetic oper-

ators. For example, the addition (+) operator is replaced avsubtraction, multiplication, or division operator.

Logical Connector Change (LCC).The LCC operator replaces a logical connector with otheickdgzonnectors.

For example, the AND connector is replaced with an OR or XORhegtor.

Relational Operator Change (ROC).The ROC operator replaces a relational operator with otlational oper-
ators. For example, the greater-than-or-equal-to operat@placed with a less-than-or-equal-to, equal-to, or

not-equal-to operator.

Access Flag Change (AFC)The AFC operator replaces an access flag with other flags.xaon@e, this operator

changes a private access flag to a public access flag.

Overriding Variable Deletion (OVD). The OVD operator deletes a declaration of overriding vaeigbThis change

makes a child class attempt to reference the variable asedéfirthe parent class.

Overriding Variable Insertion (OVI). The OVI operator causes behavior opposite to that of OVD .QVikeoperator

inserts variables from a parent class into the child class.

Overriding Method Deletion (OMD). The OMD operator deletes a declaration of an overriding pteiha subclass

so that the overridden method is referenced.

Argument Order Change (AOC). The AOC operator changes the order of arguments in a metlhodation, if

there is more than one argument. The change is applied oatgiiments have the appropriate type.

The first three of these operators are also typical mutagi@naiors for procedural languages, and the other oper-

ators are object-oriented specific.

4.2 Mutation Sets for Regression Testing

Because this paper focuses on regression faults, we needghérate mutants that involve only code modified in
transforming one version of a system to a subsequent versmulo this, we built a tool that generates a list of the
names of Java methods, in a version of progdthat differ from those in a previous version Bf Our mutant
generator generates mutants using this information. Vég tefthis mutant generator aselective mutant generator
Figure 1 illustrates the selective mutant generation g®cA differencing tool reads two consecutive versions of
a Java source program®, and P’, and generates a list of names (difethodname) of methods that are modified in
P’ with respect taP, or newly added td®’. The selective mutant generator reads_diffthodname and Java class

files for P/, and generates mutants (MutantMutant2, ..., Mutantk) only in the listed (modified) methods.

1The selective mutant generator generates mutants that icboth the changed code and its neighborhood, where thyhineihood is the
enclosing function, and this process matches our handreeptbcess.
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Figure 1: Selective mutant generation process

We then compared outputs from program runs in which thesamaitvere enabled (one by one) with outputs from
a run of the original program, and retained mutants only efrtioutputs were different. This process is reasonable
because we are interested only in mutants that can be reMealeur test cases — since prioritization affects only the
rate at which faults that can be revealed by a test suite deetée in a use of that suite. We also discarded mutants
that caused verification errérduring execution, because these represent errors thatiweulevealed by any simple

execution of the program.

5 Experiment 1

Our primary goal is to replicate prior experiments with pitiaation using a new population of faults — mutation
faults — in order to consider whether prioritization resudbtained with mutation faults differ from those obtained
with hand-seeded faults, and if there are differencesoegplhat factors might be involved in those differences and
what implications this may have for empirical studies obpitization. In doing this, we also gain the opportunity to
generalize our empirical knowledge about prioritizatiechtniques, taking into account new study settings.

We begin with a controlled experiment utilizing the sameegbjprograms and versions used in an earlier study
[9] in which only hand-seeded faults were considered. Opesgrental design replicates that of [9]. The follow-
ing subsections present, for this experiment, our objefcésalysis, independent variables, dependent variablgs an

measures, experiment setup and design, threats to validifydata and analysis.

2As part of the class loading process, a thorough verificaticthe bytecode in the file being loaded takes place, to enkatehe file holds a
valid Java class and does not break any of the rules for ciss/ior [27].

10



Table 5: Experiment Objects and Associated Data

Objects No. of | No. of | No. of test cases No. of test cases | No. of | No. of | No. of mutant
versions| classes| (test-class level)| (test-method level) faults | mutants groups
ant 9 627 150 877 21 2907 187
xml-security 4 143 14 83 6 127 52
Jmeter 6 389 28 78 9 295 109
jtopas 4 50 11 128 5 8 7

5.1 Objects of Analysis

We used four Java programs with JUnit test cases as objeeatsadfsis:ant, xml-security, jmeter, andjtopas.

Ant is a Java-based build tool [2]; it is similar to make, but @&t of being extended with shell-based commands,
it is extended using Java class@sueter is a Java desktop application designed to load test furaitimehavior and
measure performance [18K mi-security implements security standards for XML [41])itopas is a Java library
used for parsing text data [19].

These four programs are all provided with hand seeded fepiéwiously placed in the programs following the
procedure described in [9]. Two graduate students perforinis fault seeding; they were instructed to insert faults
that were as realistic as possible based on their expeneititeeal programs, and that involved code inserted into, or
modified in, each of the versions.

All of these programs, along with all artifacts used in thpemment reported here, are publically available as part
of an infrastructure supporting experimentation [8].

Table 5 lists, for each of our objects, the following data:

No. of versionsThe number of versions of the program that we utilized.
No. of classesThe total number of class files in the latest version of thagpam.

No. of test cases (test-class levdljie numbers of distinct test cases in the JUnit suites foptbgrams following a

test-class level view of testing (this is explained furtime$ection 5.2.1.)

No. of test cases (test-method lev&Re numbers of distinct test cases in the JUnit suites foptbgrams following

a test-method level view of testing (this is explained fartim Section 5.2.1.)
No. of faults.The total number of hand-seeded faults available (summessall versions) for each of the objects.
No. of mutantsThe total number of mutants generated (summed across albws) for each of the objects.

No. of mutant groupsThe total number of sets of mutants that were formed randdonlgach of the objects for use

in experimentation (summed across all versions); this daémed further in Section 5.3.

11



Table 6: Test Case Prioritization Techniques.

Label | Mnemonic Description

Tl untreated original ordering

T2 random random ordering

T3 optimal ordered to optimize rate of fault detection

T4 block-total prioritize on coverage of blocks

T5 block-addtl prioritize on coverage of blocks not yet covered
T6 method-total | prioritize on coverage of methods

T7 method-addtl| prioritize on coverage of methods not yet covered

5.2 Variables and Measures
5.2.1 Independent Variables

The experiment manipulated two independent variablesrifidgation technique and test suite granularity.

Variable 1: Prioritization Technique

We consider seven different test case prioritization tegghes, which we classify into three groups; this matches the
earlier study on prioritization that we are replicating.[9[he three groups consist of one control group, and two
treatment groups that are differentiated by instrumemtdegvels: block (fine) and method (coarse) levels. Table 6
summarizes these groups and techniques.

The first group is the control group, containing three “oidgs” that serve as experimental controls. (We use
the term “ordering” here to denote that the control groupsdoet involve any practical prioritization techniques;
rather, it involves various test case orderings againsthvprioritization techniques can be compared.) The urdgckat
ordering is the ordering in which test cases were originadtywided with the object. The optimal ordering represents
an upper bound on prioritization technigue performance isnbtained by greedily selecting a next test case in terms
of its exposure of faults not yet exposed by test cases alre@idred. This process is repeated until all test cases are
ordered. Ties are broken randomly. (Note that as such, timigue only approximates an optimal ordering.) The
random ordering randomly places test cases in order. (Tairobmhbiased results for randomly ordered test suites,
when obtaining data, we apply twenty independent randorarorgs for each instance considered and average their
results.)

The second group of techniques that we consider is the b&eh roup, containing two techniques: block-total
and block-addtl. By instrumenting a program we can deteepfor any test case, the number of basic blocks (maximal
single-entry, single-exit sequences of statements) inpittagram that are exercised by that test case. The bloek-tot
technique prioritizes test cases according to the totalbaurof blocks they cover simply by sorting them in terms of
that number. The block-addtl technique prioritizes testesan terms of the numbers of additional (not-yet-covered)
blocks test cases cover by greedily selecting the test basedvers the most as-yet-uncovered blocks until all ldock

are covered, then repeating this process until all tessdzeee been placed in order.
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The third group of techniques that we consider is the metaeel group, containing two techniques: method-total
and method-addtl. These techniques are exactly the sarhe asrresponding block level techniques just described,
except that they rely on coverage measured in terms of nigdfenethods entered, rather than numbers of blocks
covered.

In the remainder of this article, to distinguish the fouropitization techniques in these last two groups from
orderings in our control group, we refer to them as “non-martechniques” or “heuristics.”

When considering prioritization heuristics such as ther foeing used here, following prior research [9, 14],
techniques can be classified along two orthogonal dimeasiéinst, techniques are classified in termédbrmation
type where this refers to the type of code coverage informatientechniques use. In this study, two information
types are considered: method level code coverage infoomadnd block level code coverage information. Second,
techniques are classified as incorporatiegdbaclkwhen, in the course of prioritizing, they use informatioroab
test cases already chosen to select appropriate subseqsieoases. The block-addtl and method-addtl techniques

incorporate feedback, whereas the block-total and metbiaditechniques do not.

Variable 2: Test Suite Granularity

Test suite granularityneasures the number and size of the test cases making upsaitedi34] and can affect the
cost of running JUnit test cases, and the results of praamigi them. Following [9], we investigate the relationship
between this factor and prioritization technique effestigss. JUnit test cases are Java classes that contain one or
more test methods and that are grouped into test suiteshaprovides a natural approach to investigating test suite
granularity, by considering JUnit test cases at the temsclevel and test-method level. The test-class levelstreat
each JUnit TestCase class as a single test case and theetibstdntevel treats individual test methods within a JUnit
TestCase class as test cases. Note that by constructioreratgst-method level test case is smaller than the tess-cla
level test case of what it is a part.

In the normal JUnit framework, the test-class is a minimét oftest code that can be specified for execution, and
provides coarse granularity testing, but by modifying thimid framework [20] to be able to treat each test method

individually for its execution we can investigate the testthod level of granularity.

5.2.2 Dependent Variables and Measures

Rate of Fault Detection

To investigate our research questions we need to measupeiledits of the various prioritization techniques in terms
of rate of fault detection. To measure rate of fault detegtise use a metric mentioned in Section 2 called APFD
(Average Percentage Faults Detected) [14, 36] that meathgaveighted average of the percentage of faults detected
over the life of a test suite. APFD values range from 0 to 10§hér numbers imply faster (better) fault detection
rates. More formally, let T be a test suite containintgst cases, and let F be a setofaults revealed by T. Let T,F

be the first test case in orderingdf T which reveals fault i. The APFD for test suitéi§ given by the equation:
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To obtain an intuition for this metric, consider an examplegram with ten faults and a test suite of five test

APFD =1 —

casesA throughE, with fault detecting abilities as shown in Figure 2.A. Sapp we place the test cases in order
A-B-C-D-Eto form prioritized test suitd’1. Figure 2.B shows the percentage of detected faults velnsusaction
of T'1 used. After running test cage two of the ten faults are detected; thus 20% of the faulte leen detected after
0.2 of T'1 has been used. After running test c&dwo more faults are detected and thus 40% of the faults haee b
detected afted.4 of T'1 has been used. The area under the curve represents theadedghtage of the percentage of
faults detected over the life of the test suite. This arehagrioritized test suite’s average percentage faultsctide
metric (APFD); the APFD is 50% in this example.

Figure 2.C reflects what happens when the order of test casagsanged t&e-D-C-B-A yielding a “faster
detecting” suite thafi'l with APFD 64%. Figure 2.D shows the effects of using a pripeid test suitd’3 whose test
case order i€—E—-B—A-D. By inspection, it is clear that this order results in thdieat detection of the most faults

and illustrates an optimal order, with APFD 84%.

5.3 Experiment Setup

To assess test case prioritization relative to mutatioifawe needed to generate mutants. As described in Section
4, we considered mutants created, selectively, in locatiowhich code modifications occurred in a program version,
relative to the previous version.

The foregoing process createtltant pools one for each version of each object after the first (basejimer
The numbers of mutants contained in the mutant pools for bjgcb programs (summed across versions) are shown
in Table 5. These mutant pools provide universes of potigmt@gram faults. In actual testing scenarios, however,
programs do not typically contain faults in numbers as lagthe size of these pools. To simulate more realistic ggstin
scenarios, we randomly selected smaller sets of mutamigant groupsfrom the mutant pools for each program

version. Each mutant group thus selected varied randongizenbetween one and five mutants, and no mutant was
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Figure 3: Overview of experiment process.

used in more than one mutant group. We limited the number ddmtgroups to 30 per program version, but many
versions did not have enough mutants to allow formationisfritany groups, so in these cases we stopped generating
mutant groups for each object when no additional uniqgueggaould be created. This resulted in several cases in
which mutant groups are smaller than 30; for examplepas has only seven mutant groups across its three versions.

Given these mutant groups, our experiment then requirelicagipn of prioritization techniques over each mutant
group. The rest of our experiment process is summarizedjir&i3, and proceeded as follows.

First, to support test case prioritization, we needed téecblest coverage information. We obtained coverage
information by running test cases over instrumented objasing the Sofya system [25] for analysis of Java byte-
code in conjunction with a special JUnit adaptor, considgthe two different instrumentation levels needed by our
techniques: all basic blocks and all method entry blocksdiks prior to the first instruction of the method). This
information tracks which test cases exercised which blackbmethods; a previous version’s coverage information is
used to prioritize the set of test cases for a particulaieprs

Second, we needed to create fault matrices. Fault-matistasich test cases detect which mutants and, following
approaches used in prior studies [22, 34], were createdrbying all test cases against each mutant individifally.

Third, each prioritization technique was run on each vergibeach program, with each of that version’s test
suites. In this step, each coverage-based prioritizatomitic uses coverage data to prioritize test suites baséts
analysis. Since the optimal technique requires infornmatio which test cases expose which mutants in advance to

determine an optimal ordering of test cases, it uses mutdédiolt-matrices. The untreated and random orderings do

3As detailed in [22, 34], this approach can under- or overestt the faults detected by test cases in practice when fhokie are simultane-
ously present in a program, because multiple faults camaiateor mask one another. However, it is not computationf@gsible to examine all
combinations of faults. Fortunately, masking effects hasen seen to be limited in prior experiments similar to tinie [84].
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not require any information to be collected.
Finally, fault matrices are also used in APFD computatiom&asure the rate of fault detection for each prioritized
test suite for each mutant group on each version. The cetlestores are analyzed to determine whether techniques

improved the rate of fault detection.

5.4 Threats to Validity

Any controlled experiment is subject to threats to validityd these must be considered in order to assess the meaning
and impact of results (see [39] for a general discussionlafitysaevaluation and a threats classification). In thisteet
we describe the internal, external, and construct threatiset validity of these experiments, and the approaches we

used to limit their impact.

External Validity

Two issues affect the generalization of our results. Theifissie is the quantity and quality of programs studied. Our
objects are of small and medium size. Complex industriafjyanms with different characteristics may be subject to
different cost-benefit tradeoffs. Also, using only four lsyrograms limits the external validity of the results, e t
cases in which results are relatively consistent acrosgranas may be places where results generalize. Further, we
are able to study a relatively large number of actual, seitpleeleases of these programs. Nevertheless, replitatio
of these studies on other programs could increase the canéida our results and help us investigate other factors.
Such a replication is provided by the second experimentrdestin this article.

The second limiting factor is test process representatsgnWe have considered only JUnit test suites provided
with the objects studied. Complementing these controtkpgements with additional studies using other types df tes

suites will be necessary. The second experiment descriktidsiarticle also begins this process.

Internal Validity

To conduct our experiment we required several processesoatel Some of these processes (e.g., fault seeding)
involved programmers and some of the tools were specifidaleloped for the experiments, all of which could have
added variability to our results increasing threats torimdévalidity. We used several procedures to control these
sources of variation. For example, the fault seeding pwess performed following a specification so that each
programmer operated in a similar way. Also, we validated tmols by testing them on small sample programs and

test suites, refining them as we targeted the larger programs

Construct Validity

The dependent measure that we have considered, APFD, tsenartily possible measure of prioritization effectiveness
and has some limitations. For example, APFD assigns no ‘alsabsequent test cases that detect a fault already

detected; such inputs may, however, help debuggers igblatiault, and for that reason might be worth measuring.
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Also, APFD does not account for the possibility that fauhid &est cases may have different costs. Future studies will

need to consider other measures of effectiveness.

Another limiting factor involves our approach to considertest suite granularity. As mentioned in Section 5.2.1,
investigating two different test suite granularities (teless and test-method levels) is a natural approach tdouse

JUnit test suites, but this is not the only way to considesthes of test suites. Future studies will consider altérest
for test suite size as investigated in [34].

5.5 Data and Analysis

To provide an overview of the collected data we present lmigph Figure 4. The plots on the left side of the figure

present results from test case prioritization applied t#st-class level test cases, and the plots on the right side
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Table 7: Experiment 1: Kruskal-Wallis Test Results, pergeam

Program test — class test — method
control | ch-square| d.f p-value | control | ch-square| d.f p-value
ant untrtd 56.12| 4 | <0.0001| untrtd 124.79| 4 | < 0.0001
ant rand 136.69| 4 | < 0.0001 rand 145.04| 4 | <0.0001
jmeter untrtd 71.81| 4| <0.0001| untrtd 37.09| 4 | <0.0001
jmeter rand 55.79 | 4 | <0.0001 rand 538| 4 0.2499
xml — sec. untrtd 134.68| 4 | <0.0001| untrtd 136.18| 4 | < 0.0001
xml — sec. rand 125.1| 4 | <0.0001 rand 114.47| 4 | < 0.0001
jtopas untrtd 71.86| 4 | <0.0001| untrtd 37.09| 4 | <0.0001
jtopas rand 952 | 4 0.0492 rand 16.24| 4 | < 0.0027

present results from test case prioritization applied eotdst-method level test cases. Each row presents results fo
one object program. Each plot contains a box for each of thensgrioritization techniques, showing the distribution
of APFD scores for that technique across all of the mutantgsaised for all of the versions of that object program.
See Table 6 for a legend of the techniques.

Examining the boxplots for each object program, we obsdraethe results vary substantially across programs.
For example, while the boxplots farmi-security indicate that the spread of results among non-control igales
was very small for both test suite levels, and all non-cdnrohniques improved fault detection rate with respect to
randomly ordered and untreated test suites, the boxplotgdpas show various spreads across techniques and some
cases in which heuristics were no better than randomly edder untreated test suites. For this reason, we analyze
the data for each program separately. For each programwioly the procedure used in [9], we first consider the
data descriptively, and then we statistically analyze th& do (1) compare the heuristics to randomly ordered and
untreated test suites, (2) consider the effects of infailonaypes on the performance of heuristics, and (3) consider
the effects of feedback on the performance of heuristics.

For our statistical analyses, we used the Kruskal-Wallis-parametric one-way analysis of variance followed
(in cases where the Kruskal-Wallis showed significance) byf8rroni’s test for multiple comparisons. (We used
the Kruskal-Wallis test because our data did not meet thengstions necessary for using ANOVA: our data sets do
not have equal variance, and some data sets have sevesruHdr multiple comparisons, we used the Bonferroni
method for its conservatism and generality.) We used thasSgihtistics package [37] to perform the analyses. For
each program, we performed two sets of analyses, consideoith test suite levels: untreated versus non-control and
random versus non-control. Table 7 presents the resultseoktuskal-Wallis tests, for a significance level of 0.05,
and Tables 8 and 9 present the results of the Bonferronidete test-class level and test-method level, respegtivel
In the two Bonferroni tables, cases in which the differermstgveen techniques compared were statistically significan
are marked by “****” (which indicates confidence intervalst do not include zero). Cases in which Bonferroni tests

were not performed are marked by “-".
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Comparison ant jmeter

Estimate Lower Upper Estimate Lower Upper
T1-T4 -14.7 -19.3 -10.0 | *x+* -19.5 -26.5 -12.6 | e+
T1-T5 -16.1 -20.8 -11.4 | e -14.3 -21.2 =73 | e
T1-T6 -14.3 -18.9 -9.62 | Hrw* -18.3 -25.2 I i
T1-T7 -15.2 -19.9 -10.6 | *rr -13.4 -20.3 -6.4 | rre*
T2-T4 -16.6 -20.9 -12.4 | ek -13.7 -20.2 S7.2 | e
T2-T5 -18.1 -22.4 -13.8 | e -8.4 -15.0 -1.9 | wee*
T2-T6 -16.3 -20.6 -12.0 | e -12.5 -19.0 -5.9 | wwex
T2-T7 -17.2 -215 -12.9 | ek -7.5 -14.1 -1.0 | ree*
T4-T5 -1.4 -5.7 2.8 5.2 -1.2 11.8
T4-T6 0.3 -3.9 4.6 12 -5.2 7.7
T4-T7 -0.5 -4.8 37 6.1 -0.3 12.7
T5-T6 1.8 -2.4 6.1 -4.0 -10.5 24
T5-T7 0.8 -34 51 0.8 -5.6 7.4
T6-T7 -0.9 -5.2 3.3 4.9 -1.6 114
Comparison xzml-security jtopas

Estimate | Lower Bound | Upper Bound Estimate | Lower Bound | Upper Bound
T1-T4 -354 -41.6 -29.1 | e 0.6 -43.6 44.8
T1-T5 -34.7 -41.0 -28.5 | Hrw -16.8 -61.0 27.4
T1-T6 -35.1 -41.3 -28.8 | *rr -3.4 -47.6 40.7
T1-T7 -34.2 -40.5 -28.0 | Frw -30.1 -74.3 141
T2-T4 -17.7 -21.1 -14.4 | ek 38.6 -4.0 81.2
T2-T5 -17.1 -20.4 S13.7 | ek 21.2 -215 63.8
T2-T6 -17.4 -20.8 2141 | ek 345 -8.1 77.1
T2-T7 -16.6 -19.9 -13.3 | ek 7.8 -34.8 50.5
T4-T5 0.6 -2.6 4.0 -17.4 -61.6 26.8
T4-T6 0.3 -3.0 3.6 -4.0 -48.3 40.1
T4-T7 1.1 -2.1 4.4 -30.7 -74.9 135
T5-T6 -0.3 -3.6 29 13.3 -30.9 57.5
T5-T7 0.4 -2.8 3.8 -13.3 -57.5 30.9
T6-T7 0.8 -2.5 4.1 -26.6 -70.8 17.6

Table 8: Experiment 1: Bonferroni analysis, all prograrast-class level granularity.

5.5.1 Analysis of results forant

The boxplots fomnt suggest that non-control techniques yielded improvenmmsrandom and untreated orderings
at both test suite levels. As shown in Table 7, the Kruskalligv/eest reports that there is a significant difference
between techniques for both test suite levels. Thus we peed multiple pair-wise comparisons on the data using
the Bonferroni procedure for both test suite levels. Theltesn Tables 8 and 9 confirm that non-control techniques
improved the rate of fault detection compared to both raridamlered and untreated test suites (as shown in the first
eight rows in Tables 8 and 9).

Regarding the effects of information types on prioritinaticomparing the boxplots of block-total (T4) to method-
total (T6) and block-addtl (T5) to method-addtl (T7), it &aps that the level of coverage information utilized (block
versus method) had no effect on techniques’ rate of faukdietn, at both test-method and test-class levels. In
contrast, comparing the results of block-total to blockithdnd method-total to method-addtl at the test-methoelJev
it appears that techniques using feedback did yield impn@ré over those not using feedback. The Bonferroni

analyses in Tables 8 and 9 confirm these impressions.
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Comparison ant jmeter

Estimate Lower Upper Estimate Lower Upper
T1-T4 -21.7 -26.4 -17.1 | R -9.4 -17.0 -2.0 |
T1-T5 -28.6 -33.3 -23.9 | e -12.8 -20.3 -5.3 |
T1-T6 -22.2 -26.8 -17.5 | e -9.7 -17.2 -2.2 | Ak
T1-T7 -28.3 -33.0 -23.7 | e -13.8 -21.3 -6.3 | *rx
T2-T4 -9.7 -13.4 -6.0 | e+ - - -
T2-T5 -16.6 -20.3 -12.9 | e - - -
T2-T6 -10.2 -13.9 -6.4 | Hxkx - - -
T2-T7 -16.3 -20.0 -12.6 | e - - -
T4-T5 -6.8 -10.6 -3, | e -3.3 -10.6 3.9
T4-T6 -0.4 -4.1 3.2 -0.2 -7.4 7.0
T4-T7 -6.5 -10.3 -2.9 | e -4.3 -11.6 2.9
T5-T6 6.4 2.7 10.1 | * 31 -4.1 10.4
T5-T7 0.2 -3.4 3.9 -0.9 -8.2 6.2
T6-T7 -6.1 -9.8 S2.4 | e -4.0 -11.3 3.1
Comparison xml-security jtopas

Estimate | Lower Bound | Upper Bound Estimate | Lower Bound | Upper Bound
T1-T4 -42.7 -48.9 -36.6 | *rv* 9.9e+000 -28.3 48.2
T1-T5 -40.6 -46.7 -34.5 | ek -6.2e+001 -101.0 -24.3 | Fxx
T1-T6 -42.9 -49.0 -36.7 | Hre* 9.9e+000 -28.3 48.2
T1-T7 -42.7 -48.8 -36.6 | -6.2e+001 -100.0 24,0 | rxe*
T2-T4 -11.2 -15.1 S7.2 | e 5.9e+001 23.2 95.5 | wkx
T2-T5 -9.0 -13.0 -5.0 | e -1.3e+001 -49.3 23.0
T2-T6 -11.3 -15.2 S7.3 | e 5.9e+001 23.2 95.5 | wkx
T2-T7 -11.1 -15.1 S T B -1.2e+001 -48.9 234
T4-T5 21 -1.8 6.0 -7.2e+001 -109.0 -36.3 |
T4-T6 -0.1 -4.0 3.8 2.0e-014 -36.2 36.2
T4-T7 0.0 -3.9 4.0 -2.2e+001 -108.0 -36.0 |
T5-T6 -2.2 -6.2 1.7 7.2e+001 36.3 109.0 | ¥
T5-T7 -2.0 -6.0 1.8 3.3e+001 35.8 36.5
T6-T7 0.1 -3.7 4.1 -7.2e+001 -108.0 36.0 | **

Table 9: Experiment 2: Bonferroni analysis, all prograrestimethod level granularity.

5.5.2 Analysis of results forjmeter

The boxplots forjmeter suggest that non-control techniques improved rate of éeikction with respect to randomly
ordered and untreated test suites at the test-class leuetlidgplay fewer differences at the test-method level. The
Kruskal-Wallis test reports that there is a significanteliéince between techniques at both test suite levels wigkeces
to untreated suites, but the analysis for random orderiedgsals differences between techniques only at the tess-cla
level. Thus we conducted multiple pair-wise comparisorisgithe Bonferroni procedure at both test suite levels in
the analysis with untreated suites, and at just the tessdvel in the analysis with random orderings. The results
show that non-control techniques significantly improvesléite of fault detection compared to random and untreated
orderings in all cases other than the one involving randaherimgs at the test-method level.

Regarding the effects of information types and feedbadkerboxplots we observe no visible differences between
techniques. The Bonferroni analyses confirm that there@ségmificant differences, at either test suite level, betwe

block-level and method-level coverage, or between tectasdghat do and do not use feedback.
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5.5.3 Analysis of results forzml-security

The boxplots forzmi-security suggest that non-control techniques were close to optirthltive exception of the
presence of outliers. Similar to the resultswrt, the Kruskal-Wallis test reports that there are significhfierences
between techniques at both test suite levels. Thus we ctedinaultiple pair-wise comparisons using Bonferroni in
all cases; the results show that non-control techniquesawe the rate of fault detection compared to both randomly
ordered and untreated test suites.

Regarding the effects of information types and feedback,résults of each technique are very similar, so it
is difficult to observe any differences. Similar to resullserved onjmeter, the Bonferroni analyses revealed no
significant differences between block-level and methaglleoverage at either test suite level, or between teclesiqu

that use and do not use feedback.

5.5.4 Analysis of results forjtopas

The boxplots ofjtopas are very different from those of the other three programapjitears from these plots that some
non-control techniques at the test-method level are bittd@rrandom and untreated orderings, but other technigeaes a
no better than these orderings. No non-control prioritimatechnique produces results better than random ordering
at the test-class level. From the Kruskal-Wallis test, fmoaparison with random orderings, there is a significant
difference between techniques at the test-method levejusiusuggestive evidence of differences between teclesiqu
at the test-class level (p-value = 0.0492).

The Bonferroni results with both untreated and random amderat the test-class level show that there was no
significant difference between pairs of techniques. Thdiplalcomparisons at the test-method level, however, show
that some non-control techniques improved the rate of titkction compared to untreated orderings.

Regarding the effects of information types and feedbackrmmipzation, the multiple comparisons among heuris-
tic techniques report that there is no difference betweenkdlevel and method-level tests at either test suite level

Further, techniques using feedback information did oditpar those without feedback at the test-method level.

6 Experiment 2

To investigate our research questions further, we regic&xperiment 1 using two additional Java programs with

different types of test suites.

6.1 Objects of Analysis

As objects of analysis, we selected two Java programs tbacpripped with specification-based test suites constfucte
using the category-partition method and TSL (Test Spetificd.anguage) presented in [32}alileo andnanoxml.
Galileois a Java bytecode analyzer, amhoxmlis a small XML parser for Javaialileo was developed by a group

of graduate students who created its TSL test suite duringavelopment.Nanoxml was obtained from public
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Table 10: Experiment Objects and Associated Data

Objects No. of | No. of | No. of test caseg No. of | No. of | No. of mutant
versions| classes faults | mutants groups

galileo 9 87 1533 35 1568 231

nanoxml 6 26 216 33 132 60

domain software and it was not equipped with test casesyradugte students created TSL test cases for the program
based on its specification, and focusing on its functiopaBoth of these programs, along with all artifacts used in
the experiment reported here, are publically available [8]

To obtain seeded faults for these programs, we followedahgesprocedure used originally to seed faults in the
Java objects used in Experiment 1, summarized in Sectioarl *eported in [9].

Table 10 lists, for each of these objects, data similar to phavided for the objects in our first experiment (see
Section 5.1); the only exception being that the test suitesl dor these objects are all system level, and thus, the

distinction between test-class and test-method levels doeapply here.

6.2 Variables and Measures

This experiment manipulated just one independent varigileritization technique. We consider the same set of
prioritization techniques used in Experiment 1 and desctiln Section 5.2.1. Similarly, as our dependent variable,

we use the same metric, APFD, described in Section 5.2.2.

6.3 Experiment Setup

This experiment used the same setup as Experiment 1 (séer58@&), but in addition to the steps detailed for that
experiment, we also needed to gather prioritization dategusur seeded faults since that data was not available from

the previous study [9]. We did this following the same pragedgiven in Section 5.3.

6.4 Threats to Validity

This experiment shares most of the threats to validity textdor Experiment 1 in Section 5.4, together with additiona
guestions involving the representativeness of the TSLcests created for the subjects. On the other hand, however,
by considering additional objects of study, and a new typtesf suites, this experiment helps to generalize those

results, reducing threats to external validity.

6.5 Data and Analysis

To provide an overview of the collected data we present lmigph Figure 5. The left side of the figure presents results
from test case prioritization applied ¢alileo, and the right side presents results from test case pgatitin applied

to nanoxml. The upper row presents results for mutation faults, andaver row presents results for hand-seeded
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Figure 5: APFD boxplots, all techniques faalilco (left) andnanoxzml (right). The horizontal axes list techniques,
and the vertical axes list APFD scores. The upper row presestilts for mutation faults and the lower row presents
results for hand-seeded faults. See Table 6 for a legenddétihniques.

faults. (We postpone discussion of results for hand-se&dts until Section 7, but we include them in this figure to
facilitate comparison at that time.) Each plot contains & floo each of the seven prioritization techniques, showing
the distribution of APFD scores for that technique acrosh @d the versions of the object program. See Table 6 for a
legend of the techniques.

Examining the boxplots for each object program, we obsedma¢ itesults on the two programs display several
similar trends: all prioritization heuristics outperfomtreated test suites, but some heuristics are no better tha
randomly ordered test suites. Resultsgatilco, however, display more outliers than do resultsramoxzml, and
the variance and skewness in APFD values achieved by comdsp techniques across the two programs differ. For
example, APFD values for randomly ordered test suites (h@jsdifferent variance across the programs, and the
APFD values from block-total (T4) fogalileo appear to form a normal distribution, while they are morensic

for nanoxml. For this reason, we analyzed the data for each programateparror statistical analysis, for reasons
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similar to those used in Experiment 1, we used a Kruskaligadin-parametric one-way analysis of variance followed
by Bonferroni’s test for multiple comparisons. Again, wemquared the heuristics to randomly ordered and untreated
test suites, in turn, and also considered the effects ofrimdition types and feedback on the performance of heuristics

Table 11 presents the results of the Kruskal-Wallis tests, Table 12 presents the results of the Bonferroni tests.

Table 11: Experiment 2: Kruskal-Wallis Test Results, pagPam

Program| control | ch-square| d.f p-value || Program | control | ch-square| d.f p-value
galileo untrtd 459.2| 4 | <0.0001|| nanoxml | untrtd 135.3| 4| <0.0001
galileo rand 338.5| 4| <0.0001| nanoxml rand 60.8| 4| <0.0001
Comparison galileo nanoxml
Estimate | Lower Bound | Upper Bound Estimate | Lower Bound | Upper Bound
T1-T4 -8.6 -13.6 -3.5 | e -32.9 -40.3 -25.5 |
T1-T5 -37.4 -42.4 -32.3 | -45.6 -53.0 -38.1 |
T1-T6 -20.1 -25.1 -15.0 | * -33.0 -40.5 -25.6 | **
T1-T7 -34.5 -39.6 -29.5 | -43.0 -50.4 -35.6 |
T2-T4 24.7 -7.83 29.0 | *e* 5.0 -11 11.2
T2-T5 -4.1 21.80 0.2 -7.6 -13.8 -1.4 | e
T2-T6 13.2 -8.16 17.5 | *** 4.8 -1.2 111
T2-T7 -1.2 -5.5 3.0 -5.1 -11.3 1.0
T4-T5 -28.8 -33.1 -24.4 | Frxx -12.7 -18.9 6.5 [ ***
T4-T6 -11.5 -15.8 ST | e -0.1 -6.33 6.0
T4-T7 -25.9 -30.3 -21.6 | -10.1 -16.3 -3.9 | wwwx
T5-T6 17.3 13.0 21.6 | ¥+ 125 6.35 18.7 | ****
T5-T7 2.8 -1.4 7.1 25 -3.6 8.7
T6-T7 -14.5 -18.8 -10.1 | e -9.9 -16.2 -3.8 |

Table 12: Experiment 2: Bonferroni analysis, per program.

6.5.1 Analysis of results forgalileo

The boxplots forgalileo suggest that non-control techniques yielded improvemeet antreated test suites, and
some non-control techniques were slightly better thanoard ordered test suites. The Kruskal-Wallis test (Table
11) reports that there is a significant difference betweelmtigjues with respect to untreated and randomly orderéd tes
suites. Thus we performed multiple pair-wise comparisanshe data using the Bonferroni procedure. The results
(Table 12) confirm that non-control techniques improvedrttie of fault detection compared to untreated test suites.
No non-control techniques produced results better thathorarorderings; however, random orderings outperformed
both total techniques overall. (Note, however, that randoderings can often yield worse performance in specific
individual runs due to its random nature. The box plots fodan orderings show APFD values that are averages of
20 runs for each instance, but individual runs exhibit largigance in APFD values. We discuss this further in Section

7)
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Regarding the effects of information types and their useriarjpization, comparing the boxplots of block-total
(T4) to method-total (T6) and block-addtl (T5) to methodtT7), it appears that the level of coverage information
utilized (block vs method) had an effect on techniques’ citfault detection for total coverage techniques, but not
for additional coverage techniques. Comparing the resiildock-total to block-addtl and method-total to method-
addtl, it appears that techniques using feedback do yigddawements over those not using feedback. The Bonferroni

analyses (Table 12) confirm these impressions.

6.5.2 Analysis of results fornanoxml

Similar to results omalileo, the boxplots fomanoxml suggest that non-control techniques improved rate of thslt
tection with respect to untreated test suites. Comparisigtefrom randomly ordered test suites, however, teclasiqu
using feedback information appear to improve rate of fagdedtion, but techniques using total coverage information
appear to be worse than randomly ordered test suites. Thek#lriVallis test reports that there is a significant dif-
ference between techniques with respect to untreated addmedy ordered test suites. Thus we conducted multiple
pair-wise comparisons using the Bonferroni procedure. résalts show that all non-control techniques significantly
improved the rate of fault detection compared to untreastkuites, whereas the only significant difference invgvi
randomly ordered test suites was an improvement associéttetlock-addtl.

Regarding the effects of information types and feedbackthaent use in prioritization, the results are the same
as those seen agjulileo, except for one case (block-total (T4) versus method-{d@)). The Bonferroni analyses

confirm these observations.

7 Discussion

To further explore the results of our experiments we comdinlgr topics: (1) a summary of the prioritization results
obtained in these experiments and prior studies; (2) arysisadf the differences between mutation and hand-seeded
faults with respect to prioritization results; (3) an arsdgy(replicating the analysis performed by Andrews et §). [1
of the differences between mutation and hand-seeded faitttsespect to fault detection ability; and (4) a discuasio

of the practical implications of our results.

7.1 Prioritization Results

Results from this study show that non-control prioritinattechniques outperformed both untreated and randomly
ordered test suites in all but a few cases for JUnit objeagqams, and outperformed untreated test suites for TSL
object programs. The level of coverage information utdifblock vs method) had no effect on techniques’ rate
of fault detection with one exception gmlileo (block-total vs method-total). The effects of feedbaclomfation
varied across programs: results@mn: andjtopas at the test-method level, and gnlileo andnanoxml, were cases

in which techniques using feedback produced improvemesgtstbose not using feedback.

25



Results from our previous prioritization study [9] that dske same set of JUnit programs as those used in Experi-
ment 1 (with hand-seeded faults) also showed that the notrai@rioritization techniques we examined outperformed
both untreated and randomly ordered test suites, as a wdidiee test-method level. Overall, at the test-class level,
non-control prioritization techniques did not improveesffiveness compared to untreated or randomly ordered test
suites, but individual comparisons indicated that techesjusing additional coverage information did improve the
rate of fault detection.

Results from previous studies of C programs [12, 14, 33, B6jved that non-control prioritization techniques
improved the rate of fault detection compared to both randmah untreated orderings. Those studies found that
techniques using additional coverage information weralljgbetter than other techniques, for both fine and coarse
granularity test cases. They also showed that statemesittechniques as a whole were better than function-level
techniques.

Interestingly, the results of this study exhibit trendsitnto those seen in studies of prioritization applied te th
Siemens programs anghace [14], with the exception of results fagitopas. Our results include some outliers, but
overall the data distribution patterns for both studieseapsimilar; with results orimeter being most similar to
results on the Siemens programs. The resultafot-security are more comparable to those fgruce, showing a

small spread of data and high APFD values across all norraddethniques.

7.2 Mutation versus Hand-Seeded Faults: Prioritization Efects

We next consider the implications, for experimentation garfiization, of using mutation versus hand-seeded fault

Our results from Experiment 1 show that non-control tesé gagoritization techniques (assessed using mutation
faults) outperformed both untreated and randomly ordezstisuites in all but a few cases. Comparing these results
with those observed in the earlier study of test case pizatibn using hand-seeded faults (reproduced from [9] in
Figure 6) on the same object programs and test suites, weveldsath similarities and dissimilarities.

First, on all programs, results of Experiment 1 often shasg lgpread of data than do results from the study with
hand-seeded faults. In particular, the total techniqudsafid T6) orunt and;jtopas, and all non-control techniques
at the test-class level gimeter, exhibit large differences. We believe that this resultrisnarily due to the fact that
the number of mutants placed in the programs is much larger e number of seeded faults, which implies that
findings from studies with hand-seeded faults might be biasenpared to studies with mutation faults due to larger
sampling errors.

Second, results ojtopas differ from results for the other three programs. @npas, total coverage techniques
are no better than random orderings for both test suitedeaeld the data spread among techniques is not consistent,
showing some similarities with results of the study with ttase@eded faults. We believe that this result is due to the
small number of mutants that were placediinpas. In fact, the total number of mutants fgfopas, eight, is much

less than the numbers of mutants placed in other progranishwéried from 127 to 2907, and is in fact close to the
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Figure 6: APFD boxplots, all programs, for results with hagiéeeded faults (replicated from [9]). The horizontal
axes list techniques, and the vertical axes list fault detecate.

number of hand-seeded faults for the program, five.

Similar to the results of Experiment 1, results of Experit2ahow that non-control test case prioritization tech-
niques (assessed using mutation faults) outperformecatet test suites, and some non-control techniques were
better than randomly ordered test suites. Comparing thessdts with those using hand-seeded faults (see Figure 5)
on the same object programs and test suites, we also obsatvsibnilarities and dissimilarities, and these observa-

tions are somewhat different from the observations dravaveb
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First, unlike observations drawn from Experiment 1, botbuits using mutation and hand-seeded faults show
similar trends and distribution patterns: all non-contemhniques are better than the untreated technique, totaf-c
age techniques are worse than randomly ordered test st $he variance between corresponding techniques is not
much different. This observation also supports our conjeategarding the relationship between numbers of fautts an
prioritization results Galileo andnanoxml have larger number of hand-seeded faults, 35 and 33, reggdgcthan
the object programs used in the Experiment 1. When we caniidenumber of hand-seeded faults per version, the
difference between two groups of programs persists: whiléeo andnanoxml have 3.9 and 5.5 faults per version
on average, respectively, JUnit object programs have 53115, and 1.4 faults on average per version, respectively

Overall, results with mutation faults reveal higher fawdtettion rates and more outliers than those with hand-
seeded faults. In particular, the total techniques usingtion faults show more visible differences: farlileo, these
techniques yield much higher fault detection rates anddpssad of data with outliers; for nanoxml, they yield higher
fault detection rates, but more spread of data.

The total techniques are worse than randomly ordered tésesdor results using both mutation and hand-seeded
faults, and this trend is more apparent with hand-seeddtsfaDne possible reason for this trend is the location of
faults in the program and the code coverage ability of teisésthat reveal those faults. For example, some faults in
nanoxml cause exception handling errors, and thus test cases tieal those faults tend to have small amounts of
code coverage because once a test case reaches the |dtaticases an exception handling error, then the program
execution is terminated with a small portion of code exemtis

From these observations, we infer that studies of pri@iitin techniques using small numbers of faults may lead
to inappropriate assessments of those techniques. Sntalselts, and possibly biased results due to large sampling

errors, could significantly affect the legitimacy of findgfjom such studies.

7.3 Mutation versus Hand-Seeded Faults: Fault Detection Aibty

To further understand the results just described, we censidiew of the data similar to that considered by Andrews
et al. [1] when comparing mutation to hand-seeded faultsypaoing the fault detection abilities of test suites on
mutation faults and hand-seeded faults, and noting how pdinfjs differ from those of Andrews et al. [1].

To obtain this view of the data we measured fault detectitesréor our six object programs following the exper-
imental procedure used by Andrews et al.. In their studygfarh program, 5000 test suites of size 100 were formed
by randomly sampling the available test p6dh our case, since the numbers of test cases for our objegtars are
relatively small compared to those available for the Siesmaograms andpace, we randomly selected between 20
and 100 test suitéof size 10 for each version of each program.

Figure 7 shows the fault detection abilities of the testesuitreated by our sampling process, measured on our

mutation and hand-seeded faults. The upper row presentionufault detection rates for the four programs used

4The authors experimented using various test suite size2Q1G0, and 100), but these other sizes obtained similaltses
5The number of test suites selected varied depending on thbenof test cases available in the pools for the programs.
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Figure 7: Fault detection ability boxplots for selected Briest suites across all program versions. The horizontal
axes list techniques, and the vertical axes list fault (otamt) detection ratios.

in Experiment 18 where JUnit test suites were employed, and the lower roweptssesults of mutation (left side)
and hand-seeded (right side) fault detection rates for tbgrams used in Experiment 2, where TSL test suites were
employed. The vertical axes indicate fault detection stichich are calculated for each test sufiten each program
versionV by the equatioDm(S)/Nm(V'), whereDm(S) is the number of mutants detected Byand Nm(V) is

the total number of mutants .

Unlike the results of the Andrews et al. study, our resulty véidely across and between programs with different
types of test suites. The result font shows relatively low fault detection ability, which meahstt mutants irunt
were relatively difficult to detect, and this might be caubgdany of several factors. As two possibilities, test cases
for ant do not have strong coverage of the program, and the subs#iesd test cases that we randomly grouped
have relatively little overlapping coverage. We specuthét the latter effect is a more plausible cause of diffeesnc

since theant test suite taken as a whole can detect all mutants. In othetsythe test suite farnt may have fewer

6Since the results of hand-seeded fault detection rated! fioua programs are similar to the result fgtopas, we omitted them.
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coverage-redundant test cases compared to the test swithe fSiemens programs agghice.

Results forrmi-security are more similar to those of the Andrews et al. study (meangate: 0.75) than those
of other programs; the fault detection rates (APFD metinc)ini-security are similar to those fospace (means for
func-total and func-addtl are 94 and 96, respectively). Aaitioned in the discussion of results fort, the test suite
for xml-security might contain many redundant test cases, or each groupt@itess might cover more functionality
in the program than the test cases dot. To further consider this point, we compared the ratio ofibenber of
test cases fount (at the test-method level) to the number of class files (the sf the program) fount and xzmi-
security. The last version ofint has 877 test cases and 627 class files (ratio: 877/627 = ai3®}he last version of
xmi-security has 83 test cases and 143 class files (83/143 = 0.38)s means that, proportionallyml-security
has a smaller number of test cases relative to program sareaht, favoring the suggestion that each group of test
cases might cover more functionality as a reason for itsérigult detection ratio.

Fault detection values fgtopas have a large spread; this result is also due to the small nuafipeutants in the
program. The first version has only one mutant, so the fauttatien ratio for this version can be just two distinct
numbers, 0 or 1. The fault detection ratio fpneter also appears to be low, but it does have a normal distribution
with a couple of outliers.

The fault detection ability of hand-seeded faults obseimeolur earlier study and reconsidered here, overall, is
similar to the result seen on the mutation faultgiopas. We conjecture that this is primarily due to the small nursber
of faults in these cases. Event, which has the largest number of hand seeded faults in thtgllays results similar
to those onjtopas with mutation faults, because five out of eight versionsof contain only one or two faults, and
thus the majority of fault detection ratios present O or Ligal

While results among programs with JUnit test suites varyalyidesults of mutation detection rates frgaiileo
andnanoxrml show more consistent trends. The distributions of detectites are a bit skewed, but close to a normal
distribution, and in particular the fault detection ratstdbution fornanoxzml is very close to that measured fgrace
in the Andrews et al. study (mean: 0.75, max: 0.82, min: 0762 :0.77, and 25%: 0.74). The fault detection rate on
hand-seeded faults for these two programs also appeagsdtiffthan that of the JUnit object programs. As shown in
Figure 7 (lower right), these fault detection rate valuesadso skewed, but show some variability.

From the two sets of analyses of mutation and hand-seedidié&ection rates, we also observe that the two types
of test suites considered are associated with differeiiit d@tiection rates. The methods used to construct tesissuite
might be a factor in this case: JUnit test suites performtesits of Java class files, so the code coverage achieved by
these test cases is limited to the class under test. TSLu#essin contrast, perform functional system-level tests

which cover larger portions of the code than unit tests.

"We also measured the ratio using the number of lines of calead the number of class files, and found results consisttimthese: forant,
877/80.4KLOCs = 10.9 test cases per 1KLOCs;dfoil-security, 83/16.3KLOCs =5 test cases per 1KLOCs.
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7.4 Practical Implications

While our results show that there can be statistically $icgmt differences in the rates of fault detection achiewed b
various test case prioritization techniques applied ta jmaegrams with JUnit and TSL test cases, the improvements
seen in rates of fault detection cannot be assumed to bdqalcsignificant. Thus, we further consider the effect
sizes of differences to see whether the differences we wbdéhrough statistical analyses are practically meaningf
[29]. Table 13 shows the effect sizes of differences betweemcontrol and control techniques; we calculated these
effect sizes only in cases in which the differences betwemriral and non-control techniques showed statistical
significance. With the exception of one case (effect size3=f@x. galilco), the effect sizes range from 0.6 to 4.7,
which are considered to be large effect sizes [6], so we carited the differences we observed in this study are

indeed practically significant.

Table 13: Experiment Objects and Associated Data

Control | Non-control Effect Size
ant | jmeter | xml-security | jtopas | galileo | nanoxml

orig block-total 1.0 0.5 2.7 - 0.3 2.0
orig block-addtl 1.4 0.7 2.4 4.7 2.0 2.9
orig method-total || 1.0 0.5 2.7 - 0.9 2.0
orig method-addtl|| 1.4 0.7 2.7 4.5 1.7 2.7
rand block-total 0.6 - 14 - - -
rand block-addtl 1.3 - 0.8 - - 0.8
rand method-total || 0.6 - 1.4 - - -
rand method-addtl|| 1.2 - 1.4 - - -

Even though the foregoing analysis of effect size indic#ttespractical significance of the differences that we
observed in our statistical analyses, a further practssaie to consider is the relationship between the associastsl
of prioritization techniques and the benefits of applyingnth In practice, prioritization techniques have assodiate
costs, and depending on the testing processes employedtlrdcost factors, these techniqgues may not provide
savings even though providing higher rates of fault dedecti

Our previous study [9] investigated issues involving casis practical aspects of prioritization results. The study
considered models of two different testing processeshtatd incremental testing, and used the resulting models to
consider the practical implications for prioritizationsteeffectiveness across the different approaches. Ruithe
study investigated the practical impact of empirical resstélative to the four Java programs with JUnit test suiteb a
seeded faults used in Experiment 1, with respect to diffe¥elindelaysvalues, which represent the cumulative cost
of waiting for faults to be exposed while executing a testesuirhe study showed that several of the prioritization
techniques considered did indeed produce practicallyifidgnt reductions in delays relative to costs, and thug, tha

these techniques could be cost-effectively applied inagtleertain situations.
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Because Experiment 1 utilized the same set of Java prograthdnit tests for which the foregoing analysis
showed practical benefits, the analysis utilized in [9], @adesults, are applicable in this case as well. Because
our results using mutation faults exhibit better fault d&éta rates for non-control techniques than those using-han
seeded faults, we expect better practical savings in tpstiats relative to these faults in at least the cases corside

in Experiment 1.

8 Conclusions and Future Work

Studies on the possible usage of mutation faults for cdett@xperiments with testing techniques have been over-
looked prior to the work by Andrews et al. [1]. Whereas Andsest al. consider the usage of mutation faults on C
programs and on the relative fault detection effectivenéssst suites, however, we consider this issue in the contex
of a study assessing prioritization techniques using riartdéults, focusing on Java programs.

We have examined prioritization effectiveness in termsté of fault detection, considering the abilities of selvera
prioritizationtechniques to improve the rate of fault dien of JUnitand TSL test suites on open-source Java sgstem
while also varying other factors that affect prioritizatieffectiveness. Our analyses show that non-control test ca
prioritization can improve the rate of fault detection otlbdypes of test suites, assessed relative to mutatiorsfault
but the results vary with the numbers of mutation faults aittl the test suites’ fault detection ability.

Our results also reveal similarities and dissimilaritiesAreen results using hand-seeded and mutation faults, and
in particular, different data spreads between the two wesewved. As discussed in Section 7, this difference can
be partly explained in relation to the sizes of the mutatawrtfsets and hand-seeded fault sets, but more studies and
analysis should be done to further investigate this effect.

More importantly, comparing our results to those colledtedarlier studies with hand-seeded faults, our results
reveal several implications for researchers performingigoal studies of test case prioritization techniques] an
testing techniques in general. In particular, mutatiortamnay provide a low-cost avenue to obtaining data sets on
which statistically significant conclusions can be obtdirneith prospects for assessing causal relationships.

For future work we intend to perform various controlled exypents using larger object programs, and using dif-
ferent types of mutation faults and testing techniquesettegalize our findings. We also intend to perform additional
controlled experiments that use three different types oft$real, hand-seeded, and mutation faults) to invegtiga
further the findings by Andrews et al..

Through the results reported in this paper, and our planaeod work, we hope to provide useful feedback to
testing practitioners wishing to practice prioritizatji@rhile also providing alternative choices to researchdrs wish
to evaluate their testing techniques or testing stratagsexy various resources that may be available. If our and the
Andrews et al. results are generalized through replicatadiess, then we can expect significant cost reduction for

controlled experiments compared to the cost of experimeitbshand-seeded faults.
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