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ABSTRACT

Regression testing is an expensive process used to vafiuzate
fied software. Test case prioritization techniques imprtbeecost-
effectiveness of regression testing by ordering test caisels that
those that are more important are run earlier in the testioggss.
Many prioritization techniques have been proposed andeecil
shows that they can be beneficial. It has been suggestedyéowe
that the time constraints that can be imposed on regresssimg
by various software development processes can strongytéfie
behavior of prioritization techniques. Therefore, we amtdd an
experiment to assess the effects of time constraints oroste and
benefits of prioritization techniques. Our results showt tirae
constraints can indeed play a significant role in deterngiriath
the cost-effectiveness of prioritization, and the reltiost-benefit
tradeoffs among techniques, with important implicatianglie use
of prioritization in practice.

Categories and Subject Descriptors
D.2.5 [Software Engineering: Testing & Debugging—testing tools

General Terms
Experimentation, Measurement, \erification

Keywords
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1. INTRODUCTION

After modifying software, developers typically regressitest
it, both to validate changes and to detect whether new fhaks
been introduced into previously tested source code. R&igres
testing can be time-consuming and expensive: it is not uacom
mon for regression test suites to require days or weeks tdaun
completion, with expensive equipment and engineeringscasdo-
ciated [3, 22, 30]Test case prioritizatiotechniques help with this,
by ordering test cases such that those that are more impaitan
run earlier in the testing process. Prioritization can feearlier
feedback to testers and management, and allow engineeegjito b
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debugging earlier. It can also increase the probabilityiffiasting
ends prematurely, important test cases have been run.

To date, a great deal of research on test case prioritizatsn
been performed, most of it on specific prioritization tecjuas
(e.g.,[12, 18, 20, 28]). A common approach for empiricatlydy-
ing these techniques (e.g., [8, 11, 17]) is to first obtainouar pro-
grams, modified versions, faults, and test suites. Thenppm®re
prioritization techniques are run on the test suites, aedéisult-
ing ordered suites are executed, with measurements takibeiof
effectiveness at satisfying test objectives (typicallygrms of the
rates at which they detect faults or cover source code). Adim
tion of this approach to studying prioritization is that ibdels the
regression testing process as one in which organizationalrof
their test cases.

In practice, however, software development processen ofie
posetime constraintson regression testing. For example, under
incremental maintain-and-test processes such as nighilg-and-
test, the time required to execute all test cases can exbedihte
available, and under batch maintain-and-test processagich
long maintenance phases are followed by long system tgstiases,
market pressures can force organizations to suspendgédsfore
all test cases have been executed.

It has been conjectured [7, 15, 32] that time constraints may
affect the costs and benefits of test case prioritizatiohrtiggies.
Indeed, as time constraints increase, engineers may nezdito
increasingly larger numbers of test cases, and the reguikist-
ing efforts may miss increasingly larger sets of faults. dearsets
of missed faults in turn result in increased costs later engbft-
ware lifecycle, through lost revenue, decreased customst, ind
higher maintenance costs.

We also conjecture that the effects of time constraints mag-m
ifest themselves differently across different test cagarifization
techniques. That is, some techniques will perform more ss le
cost-effectively than others as the time constraints iradam re-
gression testing increase.

If these conjectures are correct, engineers may be abletto be
ter manage their regression testing activities by usingripization
techniques that are most appropriate for their softwareldpment
processes, given the time constraints those processesémpae-
gression testing. We have therefore designed and impletent
controlled experiment to examine the effects of time camsts.

The results of our experiment show that the conjectures: hold
time constraints matter. In fact, in the cases we examinbdnwo
time constraints applied, prioritization was not even @ffgctive.
When time constraints applied, on the other hand, priatiimn be-
gan to yield benefits, and in general, greater constraistdtes in
greater benefits. Moreover, in this case, prioritized teges sig-
nificantly outperformed unordered or randomly ordered ¢ases,



suggesting that failing to prioritize is the worst choiceatif Fi-
nally, time constraints did affect prioritization techoep differ-
ently: some techniques were much more stable than othengiin t
response to increased constraints. Our analysis of refistissses
these effects and several further practical implications.

The rest of the paper is organized as follows. Section 2 déss.
background information and related work relevant to ptization
techniques and their assessment. Section 3 presents dyrdgu
sign, Section 4 presents our data and analysis, and Secti@ 5
cusses our results and their further implications. Fin&bction 6
presents conclusions and discusses possible future work.

2. BACKGROUND AND RELATED WORK

Let P be a program, leP’ be a modified version oP, and let
T be a test suite foP. Regression testing attempts to validate
In practice [22], engineers often reuse all of the test casasT
to testP’; however, thigetest-allapproach can be expensive [30].

Researchers have studied various methods for improvingpiste
effectiveness of regression testingegression test selection tech-
niques(surveyed in [26]) reduce testing costs by selecting, filom
a subset of test cases to execute/®¥n These techniques reduce
costs by reducing testing time, but unless theysafe[27] they
can omit test cases that would otherwise have detected fatits
can raise the costs of software.

Test case prioritization techniqudge.g., [10, 12, 15, 17, 18,
20, 28, 30, 32, 33]) offer an alternative approach to imprgvie-
gression testing cost-effectiveness. Prioritizationiogrove cost-
effectiveness in two ways. First, prioritization can hetgieeers
reveal faults early in testing, allowing them to begin dejing ac-
tivities earlier in the testing cycle than might otherwisedwssible.
In this case, entire test suites may still be executed, avpithe
potential drawbacks associated with omitting test cased,cast
savings come from achieving greater parallelization ofudging
and testing activities. Second, in the case in which tesiigyi-
ties are cut short and test cases must be omitted, pridiitizaan
improve the chances that important test cases will have bren
cuted. In this case, cost savings related to early faultctiete (by
those test cases that are executed) still apply, and adalitieene-
fits accrue from lowering the number of faults that might otfise
be missed through less appropriate runs of partial testsuit

2.1 Test Case Prioritization Techniques

Various prioritization techniques have been proposed amulre
ically studied. Most of these techniques depend primarilxode
coverage information. Code coverage information is olethiby
instrumenting a program such that portions of its source ¢edy,
method entries, statements, or basic blocks) that areisgdrby
test cases can be measured.

Given the results of running tests on instrumented codegtal“t
coverage” prioritization technique [28] orders test casgsrms of
the total number of code components (e.g., methods, statsme
or blocks) that they cover. One way to improve “total-cogera
techniques is to add feedback, using an iterative greedyapp in
which each “next” test case is placed in the prioritized otdking
into account the effect of test cases already placed in tferoFor
example, an “additional-block-coverage” technique [28)rtizes
test cases in terms of the numbers of new (not-yet-covetedk®
they cover, by iteratively selecting the test case thatiotvee most
not-yet-covered blocks until all blocks are covered, theeating
this process until all test cases have been prioritized.

Techniques such as these, in which test case orderings sed ba
solely on coverage and calculated by relatively simple réigms,
predominate in the literature and have been the most extnsi

studied (e.g., [11, 28, 30, 33]). Various other algorithrineyv-
ever, have also been proposed. Jeffrey and Gupta [12] firasen
algorithm that prioritizes test cases based on their coecoéstate-
ments in relevant slices. Leon and Podgurski [17] preseatif
zation techniques based on distributions of execution IpeofiLi
et al. [18] present search-based algorithms. Kim and P{tegr
present a technique for “history-based test prioritizatiavhich,
while not ordering individual test cases, does prioritize subsets
of test cases selected across a succession of releaseshdwaky
et al. [19] present a prioritization technique that usescage in-
formation along with data on test execution times and esécha
fault severities. Walcott et al. [32] present a techniquet tom-
bines information on test execution times with code coveriag
formation, and utilizes a genetic algorithm to obtain testecor-
derings. Finally, Mirarab and Tahvildari [20] present teicues
that use Bayesian networks to prioritize test cases.

Most studies of prioritization techniques to date (e.g.1[B 17])
have focused on the effects of prioritization on rate oftfaetec-
tion or rate of code coverage, under the scenario in whictesatl
cases are executed. The potential importance of time @ontstr
has been suggested in prior work [7, 15, 32], and two recadies
[9, 32] have utilized levels of time constraints while intigating
prioritization effectiveness. To date, however, no cdferbstudy
specifically examining the effects of time constraints oonitiza-
tion has been conducted.

To formally examine the effects of time constraints on testec
prioritization, in this work we consider two sets of apprioes: the
conventional coverage-based approaches outlined abeser{ded
as total-coverage and additional-block-coverage), ange&ian-
network-based techniques. These heuristics represeatgbeth-
mically simplest and most complex techniques proposed te, da
respectively, and thus offer a spectrum of technique casts ¢ne
would expect, benefits) along which to conduct our study.

Bayesian-network-based (BN) techniques [20] attempt @ ca
ture the causal relations between variables that affeabtieome
of a test case as conditional probabilities. For exampkefdahow-
ing causal relations can be stated: 1) changing a softwareegit
(e.g., component, method, or function) megusefaults to be in-
troduced, 2) low quality magausea software element to be more
fault-prone than others in the event of a change, and 3) #sepce
of a fault in a software element caausethe test cases covering
that element to reveal the fault. To capture these causslars as
conditional probabilities, BN techniques use informatéxtracted
from the software system. For the example just cited, thidies
using: 1) change analysis to find the software elements neddifi
between consecutive versions, 2) metric-based predictiodels
of software quality (e.g., fault-proneness models [2, 3&]psti-
mate the conditional probability of introducing a fault whe soft-
ware element changes, and 3) test coverage informationitosgs
the conditional probability that a test case will reveal adltfa

Once all of these probabilities have been estimated, BN-tech
nigues use a Bayesian Network to incorporate the informatito
a single model. A Bayesian Network is a graph of random vari-
ables connected using arcs that indicate conditional dkpernes
between the corresponding variables [13]. For the cauktions
mentioned earlier, a Bayesian Network can be constructsliagn
in Figure 1, where represents the number of software elements to
be evaluated anth represents the number of test cases. For each
software element, aC'E; variable in the first layer represents the
event of change, and @niFE; variable in the second layer indicates
whether a fault exists in that element. An arc fror@'&; variable
to an F'E; variable indicates that'E; is conditioned onC'E;, a
conditional dependence that is estimated using qualityiosd(i.e.



Change Fault-proneness Test Coverage

Figure 1: A Bayesian Network Structure for BN Techniques

a fault-proneness model). Finally, in the third lay&ryvariables
represent the probability of revealing a fault for each taste and
are conditioned on th&' E variables using coverage information.

In a Bayesian Network, values of variables that are knowen, (i.
observed variables) can be fixed, and probabilistic infezeaigo-
rithms can be used to find the conditional distribution of dfiger
variables. In the Bayesian Network of Figure 1, the value§' f
variables can be fixed (according to change data), the lulisioin
of T variables can be inferred, and the resulting valueg' ofiri-
ables can be used to prioritize the test cases. The morelpecha
test case is to detect a regression fault, the earlier itldrappear
in the prioritized order.

Just as feedback is used in code-coverage-based pritatiza
techniques, it can also be used by BN techniques. For thigogar
test cases are added to the prioritized order in iteratibmgach
iteration, first, the probabilistic inference is perform#ten, one or
more test cases that have higher probabilities of reve&inigs are
added to the prioritized order; finally, those test casesraked
as observed variables with no probability of revealing dtfathe
iterations are halted when all the test cases have been &olties
final order. For details on the algorithm see [21].

2.2 Evaluating Prioritization Techniques

To investigate the cost-effectiveness of prioritizatieahniques,
we utilize the economic model presented in [7]. The model cap
tures costs and benefits of techniques relative to particataes-
sion testing processes, considering techniques in ligthteaf busi-
ness value to organizations, in terms of the cost of applyfireg
technigques and how much revenue they help organizatiomsnobt
The regression testing process that the model corresporisishte
common process in which system modifications are perforned o
a period of time (which might range from a day to several weeks
or months) and then regression testing is used (overnight,soic-
ceeding days or weeks) to assess those modifications.

The model involves two equations. The first equation capture
costs related to the salaries of the engineers who perfagrassion
testing (to translate time spent by engineers into monefnes),
and the second captures revenue gains or losses relatedrgesh
in product release time (to translate time-to-release imvoetary
values). Significantly, the model accounts for costs andefiisn
across entire system lifetimes, rather than on snapshetssingle
releases) of those systems, through equations that caladats
and benefitacross entire sequences of system releables model
also accounts for the use of incremental analysis techsi(gig.,
reliance on previously collected data where possible rdttea on
complete recomputation of data); however, in this workjnapsify
the factors studied, we do not consider such techniques.

The two equations that comprise the model are as followsn3er

Table 1: Terms and Coefficients

Term Description
S software system
i index denoting a releas®; of S
n the number of releases of the software system
u unit of time (e.g., hours or days)
CS (1) time to setup for testing activitieS;
CO; (i) time to identify obsolete tests fc;
CO,(1) time to repair obsolete tests {6},
CAi, () | time to instrument all units in
CAy-(2) | time to collect traces for test casesSp_ ;
CR(1) time to execute a technique itself h
CE(1) time to execute test cases Spn
CV,4(i) | time to apply diff tools to the outputs of test cases runsn
CVi(i) (human) time for checking the results of test cases
CF (1) cost associated with a missed fault after the deliverg,of
CD(1) cost associated with delayed fault detection feedback;on
REV revenue in dollars per unit
PS average hourly programmer’s salary in dollars per unit
ED (1) expected time-to-delivery in unitsfor .S; when testing begins
ain (1) coefficient to capture reductions in costs of instrumeaotefor .S;
due to the use of incremental analysis techniques
as (1) coefficient to capture reductions in costs of the trace ctitla for S;
due to the use of incremental analysis techniques
b(i) coefficient to capture reductions in costs of executing alidiating
test cases fof; due to the use of incremental analysis techniques
c(i) number of faults that are not detected by test suit&pn

Cost = PS x i(CS(Z) +CO; (i) + CO.(3)
i=2
4 (i) * CVi(i) + (i) * CF () (1)

Benefit = REV Xn:(ED(i) — (CS(i) + CO;(i) + CO (i)
=2
+ am(i — 1) * CAi7L(’i — 1) + at7-(i — 1) * CAﬁ-(’i — 1) + CR(Z)
+b(3) * (CEG) + CVi(i) + CVa(i) + CD(@))  (2)

In addition to capturing the costs related to the activitieslved
in prioritizing and running tests, this model captures twionary
costs and benefits of concern when evaluating prioritinateh-
niques. FirstCD (i) captures costs related to delayed fault detec-
tion feedback (and thus, benefits related to reductions laydg
this cost occurs whether time constraints are present or $ect-
ond, CF' (i) captures costs related to faults missed in regression
testing, this cost occurs when time constraints forcertggt end
prior to execution of the entire test suite.

3. EMPIRICAL STUDY

As our economic model shows, the cost-effectiveness of-prio
itization involves interactions between several factansjuding
(1) the cost of applying a prioritization technique, indhgl pre-
requisite analyses, (2) the costs of executing tests andatialg
test results, (3) the costs of delayed fault detection faekiband
(4) the costs of missing faults. When no time constraintstefac-
tor (4) does not apply; when time constraints exist, alldestan be
affected. What we wish to study empirically is the ways in ethi
tradeoffs among these factors, and ultimately in the cesgefits of
particular prioritization heuristics, are affected asdigonstraints
vary. This leads to the following research questions:

RQ1: Given a specific test case prioritization technique, agtim
constraints vary, in what ways is the performance of that
technique affected?

and coefficients used in the model are shown in Table 1. Sec- RQ2: Given a specific time constraint on regression testing, in

tion 3.2.2 provides further descriptions of these terms aoeffi-
cients and how their values are collected for our experiment

what ways do the performances of test case prioritization
techniques compare under that constraint?



To address these questions, we performed a controllediexper
ment. The following subsections present, for this expenimeur
objects of analysis, variables and measures, experimar sed
design, and threats to validity. Following this presentatin Sec-
tion 4 we present our data and analysis, and in Section 5 wagis
practical implications of the results.

3.1 Objects of Analysis

We used five Java programs from the SIR infrastructure [6bas o
jects of analysisant, xml-security jmeter, nanoxm] andgalileo.
Ant is a Java-based build tool, similar bmke but extended us-
ing Java classes instead of shell-based commalmisteris a Java
desktop application used to load-test functional behaaat mea-
sure performanceXml-securityimplements security standards for
XML. Nanoxmlis a small XML parser for JavaGalileois a Java
bytecode analyzer. Several sequential versions of eatiesétpro-
grams are available. The first three programs are providgdJiu-
nit test suites, and the last two are provided with TSL (Tescs
fication Language) test suites [23].

Table 2 lists, for each of our objects of analysis, data casto-
ciated “Versions” (the number of versions of the object paog),
“Classes” (the number of class files in the latest versiohatf pro-
gram), “Size (KLOCs)” (the number of lines of code in the &ite
version of the program), and “Test Cases” (the number ofttests
available for the latest version of the program).

Table 2: Experiment Objects and Associated Data

Objects Versions | Classes Size Test | Mutation
(KLOCs) | Cases| Faults
ant 9 627 80.4 877 412
jmeter 6 389 43.4 78 386
xml-security 4 143 16.3 83 246
nanoxml 6 26 7.6 216 204
galileo 16 87 15.2 912 2494

To address our research questions we require object pregram
that contain faults, so we utilized mutation faults proddeith
the programs [8]. Because our focus is regression testidglan
tection of regression faults (faults created by code matifics),
we considered only mutation faults located in modified mésho
The total numbers of mutation faults considered for our cityjeo-
grams, summed across all versions of each program, is shown i
the rightmost column of Table 2.

3.2 Variables and Measures

3.2.1 Independent Variables

Given our research questions, our experiments maniputeted
independent variableime constraintsndprioritization technique

Variable 1: Time Constraints

The time constraints imposed on regression testing by wasoft-
ware development processes directly affect regressitingesost-
effectiveness by limiting the amount of testing that can ke p
formed. Thus, to assess the effects of time constraintsfistr
independent variable controls the amount of regressidimges

For the purpose of this study, we utilize faime constraint lev-
els TCL-0, TCL-25, TCL-50, and TCL-75. TCL-O0 represents the
situation in which no time constraints apply, and thus ntirigss
omitted; i.e., testing can be run to completion. TCL-25, T8I,
and TCL-75 represent situations in which time constraihtaten
the testing process (reduce the amount of testing that caore)
by 25%, 50%, and 75%, respectively.

To implement time constraint levels, for simplification, as-
sume that all of the test cases for a given object program have
equivalent execution times — this assumption is reasoriableur
object programs for which test execution time varies oniyhsly.

We then manipulate the number of test cases executed toabtai
sults for different time constraint levels. For examplethie case of
TCL-25, for each versio®; of object progranmt and for each pri-
oritized test suitdl; for S;, we halt the execution of the test cases

in T; on S; as soon as 75% of those test cases have been run (thus
omitting 25% of the test cases).

Variable 2: Prioritization Technique

We consider twacontrol techniques and founeuristic prioritiza-
tion techniques. We further classify the four heuristicht@ques
into two groups, namelynon-feedback techniqueshd feedback
techniquesTable 3 summarizes these techniques.

Table 3: Test Case Prioritization Techniques

Group Label | Technique Description
control To original original order
Tr random random order
non- Tcc total CC prioritize on coverage of blockg
feedback | Thn total BN prioritize via Bayesian Network
feedback | Tccf | additional CC | prioritize on coverage of blockg
with feedback mechanism
Thnf | additional BN | prioritize via Bayesian Network
with feedback mechanism

Control techniques are those that are used as experimental con-
trols; these do not involve any “intelligent” algorithmg fardering
test cases. We consider two such techniques, “originad) énd
“random” (Tr). To utilizes the order in which test cases are exe-
cuted in the original testing scripts provided with the abjpro-
grams, and thus, serves as one potential representaticeioéht
practice”. Tr utilizes random test case orders (in our experiment,
averages of runs of multiple random orders) and thus, pesval
baseline for technique comparison that abstracts awaydssitpe
vagaries of a single control order.

Heuristictechniques attempt to improve the effectiveness of test
case orders. As heuristic techniques, as described inoBezt,
we utilize two methodologies: conventional coverage-ta€&C)
prioritization and Bayesian Network-based (BN) prioatipn. As
shown in Table 3, for each of these methodologies we consider
two techniques: one that incorporates feedback and oneltfest
not. Note that BN techniques use class-level coveragernrdton,
whereas CC techniques use block-level information. Furthe-
cause BN techniques must be configured via parameters, \ize uti
results obtained from a prior empirical study [21] to sekggpro-
priate parameter values.

3.2.2 Dependent Variable and Measures

Our dependent variable is a relative cost-benefit valueymed
by applying the economic model presented in Section 2.2\gusi
a further calculation described below (Equation 3). Thet eosl
benefit components are measured in dollars. The cost com{zone
include several constituent measures, which we collecsefbla
lows. To measure costs that involve human activities weameat
times required by two graduate students to perform theitiegv

Cost Components

Cost of test setup(CS). This includes the costs of setting up the
system for testing, compiling the version to be tested, andig-
uring test drivers and scripts.



Cost of identifying obsolete test case6C0;). This includes the
costs of manual inspection of a version and its test casdgjeter-
mination, given modifications made to the system, of thedases
that must be modified for the next version.

Cost of repairing obsolete test case6CO,). This includes the
costs of examining and adjusting test cases and test dramadshe
costs of observing the execution of adjusted tests andrdrive

Cost of supporting analysis(CA). This includes the costs of in-
strumenting programs{4;,) and collecting traces({4,.).

Cost of regression testing technique executiofCR).This is the
time required to execute a prioritization technique itself

Cost of test execution CE). The time required to execute tests.

Cost of test result validation (automatic via differencing (C'Vy).
This is the time required to run a differencing tool on tedipots
as test cases are executed.

Cost of test result validation (human)(CV;). This is the time
required by engineers to inspect comparisons of test aitput

Number and cost of missed fault§c and CF'). To capture the cost
of missed faults, for each application of a test case pization
technique, we first measure the numbef faults that could have
been detected by the entire suite but that were missed byrithre p
itized suite. Determining the cost of these missed faulte/dver,
is more difficult. Given the many factors that can contrittoteand
the long-term nature of, this cost, we cannot obtain thissue=adi-
rectly. Instead, we rely on data provided in [29] to obtaitineates
of the cost of missed faults.

Cost of delayed fault detection feedbackCD). To measure the
cost of delayed fault detection, for each application of iari-
zation technique we measure the rate of fault detectionbéxli
by the prioritized test suite. Then, following [19], we tsdate this
into the cumulative cost (in time) of waiting for each faudt e
exposed while executing test cases under the prioritizéeror

Revenue(REV). We cannot measure revenue directly, so we es-
timate it by utilizing revenue values cited in a survey oftaaire
products ranging from $116,000 to $596,000 per empldy8e-
cause our object programs are relatively small, we use tladiessh
revenue value cited, and an employee headcount of ten.

Programmer salary (PS). We cannot measure this metric directly
so we estimate it. We rely on a figure of $100 per person-hour,
obtained by adjusting an amount cited in [14] by an appropria
cost of living factor.

Expected time-to-delivery (ED). Actual values forED cannot
be obtained for our object programs. Thus, rather than kzku

The second approach calculatetative cost-benefit valugn
which the cost-benefits of techniques are determined velat
those of a baseline technique. This approach does not eseplir
ues for ED; moreover, it normalizes the cost-benefit values calcu-
lated for techniques relative to a shared baseline, remglehieir
comparison independent of particular choice€/af.

We chose the second approach, selecting the random order of
test cases as a baseline, and utilizing mean values aclaevesis
30 different random orders to obtain baseline values. Thésaf
mean values across multiple runs limits the effect of chamcthe
baseline value. It also produces more reliable comparitioas
could be obtained with a single instance of an alternatiselize
such as the original test case order, which might exhibitraqudar
trend that would be propagated to the outcomes of all corsgasi

To determine theelative cost-benefidf prioritization technique
T with respect to baseline technighase we use the equation:

(Benefity — Costy) — (Benefitpgse

- COStbase) 3)

When Equation 3 is applied, positive values indicate tha ben-
eficial compared tdase, and negative values indicate otherwise.
Hereafter, for simplicity, we use the termdst-benefitsto refer

to thesecost-benefits relative to random orders

3.3 Experiment Setup

To perform prioritization, the CC and BN techniques require
coverage information and fault data. The BN techniques @so
quire data related to code changes and software qualityasetr

We obtained code change information usandmar k [5] as a
byte code differencing tool, and we obtained quality mstfiom
the Chidamber-Kemerer metrics suite [4] usingdk¢ mprogram?

We obtained coverage information by running test cases on ou
object programs instrumented usiSgf ya [16]. The resulting
information lists which test cases exercised which blockshie
program; a previous version’s coverage information is tied to
prioritize a current version’s set of test cases. In the cd<$gN
techniques, block coverage data is abstracted to the e@asktb
determine the percentage of blocks covered in a particldasc

Our economic model measures the costs and benefits of regres-
sion testing techniques across sequences of program nersio
obtain the fault data required to investigate our reseaugstipns
using this model, for each version of each program we ranglesl
lected severahutant groupgrom the set of that version’s mutation
faults. Each mutant group contained at most 10 mutants.,Taen
each program, we obtained 38quences of mutant groupyg ran-
domly selecting a mutant group for each version of that @nogr

ED, we use Equation 3 to compare techniques (see the following  14"cjlect data we considered each object program in turd, an

discussion); this causes the valuer to be cancelled out.

Other coefficients The values of coefficients;, (7), a:-(¢), and
b(7) are setto 1 because these coefficients are meant to captre, p
portionally, reductions in cost due to the use of incremestal-
ysis techniques, which, as Section 2.2 mentions, we choais® n
consider in this experiment.

Relative Cost-benefit

We considered two approaches for comparing techniquesfirshe
approach calculates absolute cost-benefit values for eabhigue,
using Equations 1 and 2 (Section 2.2). A drawback of this ap-
proach, however, is that it requires data or estimates ipartato

the ED variable, and it is difficult to find such data or reasonable
estimates for our object programs.

http://www.culpepper.com

for each version of that program and each selected mutanp doo

that version, applied each prioritization technique aritected the
appropriate values for cost variables (as indicated ini@e8t2.2).

(In the case of the random technique, we did this for 30 difier
random orders, and averaged the results.) For cost vasipbten-
tially affected by time constraintsQF, CV,, CV;, CF, ¢, CD),

we collected or calculated their values for each time cairgtr
level. All machine times were measured on a PC running SUSE
Linux 9.1 with 1GB RAM and a 3 GHZ processor.

We used the collected cost variable values to calculatéivela
cost-benefit values (using Equation 3) for each of the fization
techniques, at each level of time constraints, on each oblbfesct
programs. Each of these calculations required us to cadcthe
relative cost-benefit of the given technique (following firecess

2http://www.spinellis.gr/sw/ckjm/



described in Section 3.2.2) at the given time constrairgl lemd on
the given program, for each of the 30 sequences of mutanpgrou
created for that program. These resulting relative cosefienum-
bers serve as the data for our subsequent andlysis.

3.4 Threats to Validity

This section describes the threats to the validity of owlystand
the approaches we used to limit the effects of these threats.

External Validity. The Java programs that we study are relatively
small (7K - 80K), and their test suites’ execution times ak r
atively short. Complex industrial programs with differesttar-
acteristics may be subject to different cost-benefit tréidedrhe
testing process and the cost of faults we used are not repaese
tive of all processes used or fault costs observed in pectte
examine only four prioritization heuristics, and the pitiaation
and instrumentation tools that we used in this study areoprpes,
and thus may not reflect the performance of more robust indust
tools. Our faults are derived through code mutation, arttbalgh
there is some evidence that mutation faults can be repasenof
real faults for purposes of experimental evaluation of fifecéve-
ness of testing techniques [1], the distribution of mutatiaults
used in our study may not match distributions of faults foimd
practice. Control for these threats can be achieved ontyugir
additional studies with wider populations of programs aadltf,
different testing processes and prioritization technigufferent
fault severities and fault distributions, and improvedsoo

Internal Validity. The inferences we have made about the effects
of time constraints could have been affected by other factone
factor involves potential faults in the tools that we usedddect
data. To control for this threat, we validated our tools ovesal
simple Java programs. A second factor involves the actual va
ues we used to calculate costs, some of which required dgtima
We estimated the costs of test setup, finding obsolete tegtsir-
ing obsolete tests, and validating outputs by measuringithe
taken by graduate students to perform these tasks. Thesvaleie
used for revenue and costs of missing and correcting fargtela
tained from surveys found in the literature, but such vakssbe
situation-dependent; for example, Perry and Stieg [24$¢me a
different set of fault costs. Finally, our BN and CC priarétion
techniques were implemented by different programmersgehievy

in our study design we were careful to utilize identical sofalr all
common tasks (e.g., instrumentation and test executidatectto
the prioritization and measurement processes.

Construct Validity. While our economic model is the most com-
prehensive model created to date for use in assessing segres
testing techniques, the dependent measures that we hasid e
to capture costs and benefits relative to this model are eabrity
possible measures. Furthermore, other testing costs paired
by the model, such as the costs of initial test case developrimg-
tial automation, and test suite maintenance, might playoitamt
roles and influence overall costs and benefits in particelstirtg
situations and organizations.

4. DATA AND ANALYSIS

To provide an overview of the collected data, Figure 2 presen
boxplots that show cost-benefit results for all technigtiese con-
straints, and programs. The figure is composed of 20 subfigure
The four columns of subfigures present results for time caimt
levels TCL-0, TCL-25, TCL-50, and TCL-75, respectively. eTh
five rows present results for each of the object programgerres

3Complete data sets can be obtained from the first author.

tively. To facilitate visual comparisons across constrdévels,
cost-benefit scales are fixed per program (across rows). ®@ue t
wide differences in cost-benefit scales across differeognams,
however, we use different scales per program.

Each subfigure contains boxplots for six prioritizatiorhieiques
(Table 3 presents a legend of the techniques) showing thrébdis
tion of cost-benefits in dollars for those techniques, far given
object program and constraint level. The horizontal axigezo
sponds to techniques, and the vertical axis correspondesb ¢
benefits in dollars (recall that these are relative cosebincalcu-
lated as described in Section 3.2.2). Higher values ineligegater
cost-benefits. The two leftmost boxplofer @and To) present data
for the control techniques, and the rest present data fofaine
heuristics. Because we measured results (for each appiiocaft
a technique on a given program and constraint level) aclose3
quences of mutant groups (see Section 3.3), the number af dat
points represented by each boxplot in each subfigure is 30.

We begin with a descriptive analysis of the data in the basplo
considering the performance of the heuristics in comparisdghe
control techniques as time constraints vary. Examiningbtte
plots for each object program in the first column (TCL-0) of+i
ure 2, we see that none of the heuristics appear to be cosfitiah
compared to the original techniqugdf for the first two object pro-
grams ant andjmete. On the other programs, differences be-
tween techniques in the first column are difficult to see, hut o
subsequent statistical analysis provides more details.

As the time constraint level changes, the relationship eetw
techniques changes. Across all three time constraints {2%&L
TCL-50, and TCL-75), in all cases but orjenéteron Tcc), feed-
back techniques appear to be more beneficial than the coediol
niques. Cost-benefit gains appear to increase as time aostin-
crease. In the case of non-feedback techniques, resujtsieerss
programs. For example, oant and xml-security control tech-
niques appear to be worse than non-feedback techniquesasand
time constraints increase, the cost-benefit gap betwedrottath-
niques and non-feedback techniques widens. On other pnsgra
there is no specific common trend visible between non-fegdba
and control techniques.

Next, to formally address each of our research questions, we
wish to compare the effects that occur for given technigsdsee
constraints change, and then compare the effects that betueen
techniques at each given level of time constraints. Thewotg
sections provide, for each of our research questions in toesta-
tistical analyses and results relevant to that questiore ¢idtcuss
further implications of the data and results in Section 5.)

For our statistical analysis, we followed a process welhlest
lished in prior studies of test case prioritization (e.§,,11, 28])):
we used the Kruskal-Wallis non-parametric one-way anslgsi
variance followed by Bonferroni’s test for multiple comsans [25].
We used the Kruskal-Wallis test because our data did not theet
assumptions for using ANOVA: our data sets do not have equal
variance, and some have severe outliers. For multiple cosypes,
we used the Bonferroni method for its conservatism and gdiber
We used the Splus statistics packhgeperform the analysis. Be-
cause results vary substantially across programs, we zeththe
data for each program separately.

4.1 Effects of Time Constraints on Techniques
Our hypothesis associated with RQ1 {$i11) the cost-benefits

between time constraints differTo test this hypothesis, we per-

formed the Kruskal-Wallis test (df = 3) for each technique p®-

“http://www.insightful.com/products/splus
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Figure 2: Cost-benefit boxplots, all programs, techniquesand time constraints.




Table 4: Kruskal-Wallis Test Results for RQ1

Program To Tce Tbn Tcef Tonf
chi. p-val. | chi. p-val. | chi. p-val. | chi. p-val. [ chi. p-val.
ant 50 | < 0.0001 44 | < 0.0001 62 | < 0.0001 84 | < 0.0001 74 | < 0.0001
jmeter 41 | < 0.0001 10 0.018( 7.4 0.057 34 | < 0.0001 36 | < 0.0001
xml-security [ 17 0.0005| 66 [ <0.0001| 46 | <0.0001| 104 [ <0.0001| 87 | < 0.0001
nanoxml 100 | < 0.0001 28 | < 0.0001 59 | < 0.0001 99 | < 0.0001 27 | <0.0001
galileo 92 | < 0.0001 97 | < 0.0001 78 | < 0.0001 97 | < 0.0001| 111 | < 0.0001

Table 5: Bonferroni Test Results for RQ1: Comparing across Tme Constraint Levels per Technique and Program

Technique ant jmeter xml — security nanoxrml galileo

TCL [ Mean | Grp || TCL | Mean | Grp TCL [ Mean | Grp || TCL | Mean | Grp || TCL | Mean | Grp

To 0 -352 | A 25 2243 | A 0 -60 [ A 25 1861 [ A 0 -3335 [ A

25 -1779 | A 0 56 | AB 25 61 | A 0 -459 | A 25 -19544 | B

50 -3768 | A 50 -1978 BC 75 1735 | AB 75 -19064 | B 50 -28598 | C

75 -11201 | B 75 -5126 C 50 -3427 B 50 -20965 | B 75 -38088 | D

Tcc 50 2977 | A 25 988 [ A 75 4456 | A 50 189 | A 0 -3984 [ A

25 1578 | A 50 164 | A 50 2845 | B 25 =249 | A 25 -19135 | B

75 1310 | A 0 -516 | A 25 2812 | B 0 -416 | A 50 -19983 | B

0 -1088 | B 75 -1644 | A 0 -163 | C 75 -2850 | B 75 -41699 | C

Tbn 75 6391 | A 50 1428 | A 75 3942 | A 0 -304 | A 50 11502 | A

25 3399 | B 25 1193 | A 50 2842 | A 25 -1304 | A 25 5772 | B

50 3248 | B 75 841 | A 25 2806 | A 50 -5357 | B 75 2684 | C

0 -980 | C 0 512 | A 0 -171 | B 75 -5922 | B 0 -1166 | D

Tccf 75 6743 | A 75 4666 | A 75 6150 | A 75 6178 | A 75 21880 | A

50 5106 | A 50 2855 | AB 50 4224 | B 50 3406 | B 50 21476 | A

25 2667 | B 25 1684 BC 25 2819 | C 25 3157 | B 25 14365 | B

0 -1198 | C 0 -497 cll o -155 | D 0 -127 | C 0 -985 | C

Thnf 75 6983 | A 25 3801 | A 75 4454 | A 50 1535 [ A 75 29886 | A

50 2002 | B 75 3639 | A 50 3434 | B 75 877 | A 50 22379 | B

25 1783 | B 50 3010 | A 25 2616 | B 0 37| A 25 15458 | C

0 -1030 | C 0 -487 | B 0 -163 | C 25 -143 | A 0 150 | D

gram, at a significance level of 0.05, over the four time c@nst
levels. Table 4 shows the results of this analysis for the fieuris-
tics andTo. Results forTr are not meaningful in this context, since
it is the baseline used in our relative cost-benefit calaatCon-
sidering all techniques and programs, in all cases other Tia
applied tojmeter(24 of the 25 cases), the hypothesis is supported.

We next performed multiple pair-wise comparisons for each+
nique other than the random technique using Bonferrors tegtich
determine the significance in group mean differences in alysis
of variance testing. Table 5 presents the results of thestg wath
a Bonferroni correction [25]. In the table, data is orgadiper
technique (rows) and per program (columns), for each tegcieni
and program listing the four time constraint levels in teohtheir
mean cost-benefit values, from higher (better) to lower $aprWwe
use group letters (columns with headers “Grp”) to partittomtime
constraints such that time constraints’ results that atesigmifi-
cantly different share the same group letter. For exampkeré-
sults of Tccffor ant show that TCL-75 and TCL-50 are not statisti-
cally significantly different (they share group letter At CL-25
(group letter B) is statistically significantly differeroin the other
three groups and so is TCL-0 (group letter C).

As the table shows, the results from multiple pair-wise camp
isons reveal different trends between time constraintsnantech-
niques and object programs. In the case of the original tqakn
(To), the results show that in all cases but tyagterandnanoxml
at TCL-25) negative cost-benefit values were observed, winic
dicates that in most cases the original technique was wbese t
the (random) baseline. Overall, cost-benefit values deerkas
time constraint levels increased (from TCL-0 to TCL-75)stivas
particularly evident in the case ghlileo, on which there were sta-
tistically significant differences between all time coasits.

The trends we observe fdio change, however, when we con-
sider heuristics. In the case of non-feedback techniquiesgnd

Thn), negative cost-benefit values were observed in all cases in

which no time constraints applied (TCL-0). When time coaisitis

applied, techniques produced positive cost-benefit vatueshe
three object programs that have JUnit test caaas jmeter, and
xml-security in all but one caselcconjmeter, TCL-75), with val-
ues usually trending upwards as time constraints incréasethe
two programs that have TSL test casesnoxmlandgalileo, how-
ever, results and trends were mixed.

In the case of feedback techniques, the positive effectgief p
oritization, together with upward trends as time constrémels
increase, are more obvious. Cost-benefit values increasttha
constraints increased in all cases but tywogterandnanoxmlfor
Tbnf), and in these two cases, differences between time comistrai
levels were not significant. Further, even in cases in whiah-n
feedback techniques were not cost-beneficiahoxmliandgalileo),
feedback techniques produced positive cost-benefit values

4.2 Effects Among Techniques at Given Lev-
els of Time Constraints

Our hypothesis associated with RQ2 {$12) the cost-benefits
between test case prioritization techniques diffEw. test this hy-
pothesis, we performed the Kruskal-Wallis test (df = 5) facte of
the four time constraint levels per program, at a signifiealegel
of 0.05, over the six techniques. Table 6 shows the resultkisf
analysis for the four time constraint levels. The hypothésisup-
ported in all 20 cases.

We next performed multiple pair-wise comparisons for e&ole t
constraint level using the Bonferroni tests. Table 7 prestre re-
sults of the Bonferroni tests with a Bonferroni correctitmthe ta-
ble, data is organized per time constraint level (rows) aogm@m
(columns), for each listing the six techniques in terms efitmean
cost-benefit values, from higher (better) to lower (wors&yain,
group letters indicate statistically significant diffeces.

As the table shows, the results from multiple pair-wise camp
isons show different trends between techniques among tane ¢
straint levels and object programs. In the case in which me ti
constraints applied (TCL-0), all control techniques weztdr than



Table 6: Kruskal-Wallis Test Results for RQ2

Program TCL-0 TCL-25 TCL-50 TCL-75
chi. p-val. | chi. p-val. | chi. p-val. | chi. p-val.
ant 162 | < 0.0001 92 | < 0.0001 87 | <0.0001| 109 | < 0.0001
jmeter 122 | < 0.0001 34 | <0.0001 24 0.0002 45 | < 0.0001
xml-security [ 125 | < 0.0001 | 123 | < 0.0001 | 113 [ < 0.0001 | 80 | < 0.0001
nanoxml 152 | < 0.0001 | 123 | < 0.0001 | 148 [ < 0.0001 | 146 | < 0.0001
galileo 160 | < 0.0001| 164 | < 0.0001 | 165 [ < 0.0001 | 163 | < 0.0001

Table 7: Bonferroni Test Results for RQ2: Comparing across €chniques per Time Constraint Level and Program

TCL ant Jmeter xml — security nanoxrml galileo

Tech. Mean | Grp Tech. | Mean | Grp Tech. | Mean | Grp Tech. Mean | Grp Tech. Mean | Grp

ol Tr 00| A Tr 00| A Tr 00| A Tr 00| A Thnf 150 | A

To -352 | B To -56 | B To -60 | B Tecf -127 | B Tr 00| A

Tbn -980 | C Tbnf -487 | C Tecf -155 | C Tbnf -143 | B Tecf -985 | B

Thnf 1030 | CD Tccf -497 | C Tcc -163 | C Tbn -304 | C Tbn -1166 | B

Tcc 1080 D Thn 512 | C Thnf -164 | C Tcc -416 | D To -3335 | C

Tcecf 1198 | E Tcc 516 | C Thn -171 | C To -459 | D Tcc 3984 | D

25 || Thn 3399 [ A Thnf 3801 [ A Tcecf 2819 [ A Tecf 3157 [ A Tbnf 15358 [ A

Tecf 2667 | A To 2243 | AB Tcc 2812 | A To 1861 | B Tecf 14365 | A

Thnf 1783 | AB Tccf 1684 | ABC Thn 2806 | A Thnf 1535 | B Tbn 5772 | B

Tcc 1578 | AB Thn 1193 BC Tbnf 2616 | A Tr 00| C Tr 00| C

Tr 0.0 BC Tcc 988 BC Tr 00| B Tcc -249 | CD Tcc 19135 | D

To -1779 C Tr 0.0 C To -61 | B Thn -1304 D To 19544 | D

50 || Tccf 5106 | A Tbnf 3010 [ A Tccf 4224 | A Tcecf 3406 | A Thnf 22379 | A

Tbn 3248 | AB Tccf 2855 [ A Thnf 3434 | A Thnf 877 | AB Tcecf 21476 | A

Tcc 2977 | AB Tbn 1428 | AB Tcc 2845 [ A Tcc 189 B Tbn 11502 | B

Tbnf 2002 BC Tcc 164 | AB Tbn 2842 | A Tr 0.0 B Tr 00| C

Tr 0.0 C Tr 00| AB Tr 00| B Tbn -5357 | C Tcc 19983 | D

To -3768 | D To 1978 B To -3427 | C To -20965 | D To 28598 | E

75 || Thnf 6983 [ A Tccf 4666 | A Tccf 6150 [ A Tcecf 6178 [ A Thbnf 29886 | A

Tecf 6743 | A Thnf 3639 [ A Tcc 4456 | A Tbnf 37| B Tecf 21880 | B

Tbn 6391 [ A Tbn 841 | AB Tbnf 4454 | A Tr 00| B Tbn 26884 | C

Tcc 1310 | B Tr 0.0 | ABC Tbn 3942 [ A Tcc -2850 | BC Tr 00| C

Tr 00| B Tcc 1644 BC Tr 00| B Tbn -5922 C To 38088 | D

To 11201 | C To 5126 C To 1735 | B To -19064 | D Tcc 41699 | D

heuristics for the object programar, jmeter, andxml-security
that have JUnit test cases. Resultsrianoxmlandgalileo, how-
ever, differ, with the random technique significantly supeto
heuristics in all but one cas@lfnf on galileo), and the original
technique significantly inferior to all but one heuristiccf).

In the cases in which time constraints applied (TCL-25, TCL-
50, and TCL-75), however, the relationships between coteoh-
niques and heuristics differ. At TCL-25, heuristics oufpened
the control techniques, but the results varied across anogyr For
example, all heuristics were better than both control teghes on
ant andxml-security while on the other three programs feedback
techniques were usually but not always better than conéai-t
niques, and non-feedback techniques were less consistent.

Further, the relationship between heuristics differed mitime
constraints applied foant and jmeter. In the case ofant, Thn
outperformedThbnf (though not statistically significantly) at TCL-
25 and TCL-50, but this relationship changed at TCL-75. k& th
case ofimeter, differences between heuristics were not statistically
significant when no time constraints applied, but when time-c
straints applied, the ranking between heuristics stayeds#time
even though the statistical significance of differencea/ben them
changed. The other three programs display steady relaijpsbe-
tween heuristics with only a couple of exceptions.

As time constraints increased further (TCL-50 and TCL-7&),
ant and xml-security heuristics continued to perform better than
the control techniques (ranking-wise); in particularfefiénces be-
tween all heuristics and the control techniquesdoit-securityand
differences between all heuristics and the original teqptaiforant
were statistically significant. The other three progranetdgd sim-
ilar results, with a few exceptions; heuristics were alwbgster
(ranking-wise) than the original technique for both timeswaint
levels, and often better than the random technique.

5. DISCUSSION

We now draw on the results of our analyses, together with ad-
ditional consideration of our data, to derive several icggiions of
these results. Of course, the reader should keep in mindhtbats
to validity for this study, and in particular, the fact thatplications
drawn here may differ under testing scenarios in which theega
associated with cost factors differ.

Figure 3 presents lineplots of the mean benefit values obderv
in our study for each prioritization technique, at each ticoa-
straint level, for each program. These lineplots summaheena-
jor trends in our results visually, and together with therfat anal-
ysis of Section 4, facilitate our discussion of results. yraéso
provide a way to consider the further question: in what waythe
effects of time constraints vary across different techegfuBear-
ing this question in mind, we now discuss the major findingsuf
experiment and the practical implications of the results.

Time constraints matter.

Our analysis of results showed that our hypotheses (H1 ahdtd2
both supported in a vast majority of cases: for each giveoriica-
tion technique, the cost-benefits between time constrdiffesed;
for each given time constraint level L, the cost-benefitsvben
techniques differed. Further, as we can observe from Figutiee
effects of time constraints on differences between teclenipst-
benefits increased as time constraint level increased.

In this study we also observed that when no time constraints
applied, we gained little from employing prioritizationurestics.
This result was surprising, as it is quite different from thsults of
prior empirical studies of prioritization (e.g., [11, 15/} which
have concluded that heuristics are more effective thamaidech-
niques. We believe that this difference is due to the fadtitharior
work, prioritization benefits have been measured in ternssople



measures of rate of fault detection. The results of thisystudy-
gest, in fact, that using simple rate of fault detection mess to
assess prioritization techniques may be misleading, aadhtore
comprehensive economic models can lead to quite differemt c
clusions about the cost-effectiveness of heuristics.

The worst thing you can do is not prioritize.

We observed that the original test case order was almostysalwa
worse than the test case order produced by prioritizationistecs.
Even at TCL-0, the original test case order was inferior wséh
produced by prioritization heuristics on two of the five pams
(nanoxmland galileo). Moreover, the original order became in-
creasingly worse as time constraint levels increased: iderisg
the 15 observed points of TCL increases (from TCL-0 to TCI.-25
TCL-25 to TCL-50, and TCL-50 to TCL-75 on each of the five
programs) in 11 of these 15 cases (five statistically siganiti; the
cost-benefits of the original order decreased as TCL inetkdsig-
ure 3 clearly shows this trend: the original orders’ lingplslope
downwards, while others more often slope upwards.

Our results might also be interpreted as suggesting thaistef
randomized test case orders is preferable to using anpitoaigi-
nal” orders. However, recall that our results for the randeoh-
nique involve averages of multiple runs, and individualdam or-
ders may vary widely in performance.

These results do show that when time constramight apply
the worst thing that engineers can do is to not practice same f
of test case prioritization. Furthermore, we expect thiglication
to hold even more strongly in cases in which fault costs azatgr.

Time constraints affect techniques differently.

For prioritization heuristics, the cost-benefit values vbserved
tended to increase as time constraint levels increasethibutend
varied across techniques. The following lists observation each
heuristic relative to the 15 observed points of TCL increase

e Tccfalways produced greater cost-benefits as TCL increased
(15 increases, 9 of them statistically significant).

Thnfoften produced greater cost-benefits as TCL increased
(12 increases, 8 of them statistically significant).

Tbnwas less stable in producing cost-benefits as TCL in-
creased (9 increases, 5 of them statistically significant).

e Tccwas least stable (8 increases, 3 statistically significant)

Feedback techniques were more effective than their naitbesk
counterparts, not only in terms of producing greater cestefits,
but also in terms of being consistently better as time cairgttev-
els increased. Non-feedback techniques were also guilfyeof
forming quite poorly; in particular, ogalileo the performance of
Tccwas as bad as that of the original order. In other words, feed-
back techniques are more stable than non-feedback ted@miqu
the presence of variations in time constraints. Such diffees
in stability between feedback and non-feedback technidnaes
been observed previously [11] in relation to non-time-t@ised
evaluations, and attributed to relationships betweenetestution
patterns and the locations of faults (non-feedback tectasioyary
more widely when test cases that expose faults executévedyat
few functions); a similar pattern appears to hold in thisecas

Further inspection of our data and cost factors also sugglest
existence of interaction effects between prioritizatiechinique ex-
ecution time and rate of fault detection. In general, in theemce
of time constraints, techniques that had lower executistsq@’'R)
tended to perform better than those with higher executisisco
As time constraints increased, however, techniques yigldarlier
fault-detection became more cost-effective, irrespecti’execu-
tion cost. Following up on these observations, we deterdh{ie
our surprise) that BN techniques tended to have lower cosaser-
age than CC techniques. One plausible explanation forghisait
BN techniques use class-level coverage information, vase@C
techniques use block-level information. For example, & ¢hse
of ant, while the number of instrumentation points for the class-
level coverage information is 627, the number of instruragon
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Figure 3: Cost-benefit lineplots, all programs, all technigies, all time constraints.




points for the block-level coverage information is morenti&@00.
The use of finer-grained coverage data leads to longer tgeéni
execution times, but on the other hand, gives CC technicaed (
especially Tccf) an edge in terms of early fault detection.

Practical implications for prioritization.

increased time constraints, and this in turn may cause fésgtr
cases to be executed, and larger numbers of faults to bednisse
such cases, choosing techniques for which analysis costgydhe
testing phase can be minimized may be important.

6. CONCLUSIONS AND FUTURE WORK

So far we have discussed our major findings and some surprises \\e have presented a study assessing the effects of time con-

seen in the results of our experiment. The next natural tpresto
ask involve the practical implications of the results. Wgibheawith
practical implications for prioritization.

We have already noted that when time constraints may apply,

choosing to not prioritize may be problematic. When no tirme-c
straints apply, on the other hand, we found that heuristieewf-
ten not beneficial. Does this mean that engineers should set u
prioritization when they expect not to face time constisint

The answer to this question must be qualified depending an cha

acteristics of the organizations’ regression testing @sees. Two
additional factors (suggested above) should be considétg¢dhe
cost of delayed fault detection and (2) technique executimts. In
the first case, greater costs associated with delayed feigdttion
increase the potential for techniques to be beneficial. drsdtond
case, if technique execution costs are low relative to tretscof
other activities in the testing process, the use of heusi$tas less
potential to negatively impact overall cost-benefits. Ntz the
first factor is in turn affected by the cost of test executiomore
lengthy test execution phases (such as when manual testing i
volved) render fault detection delays more costly. On oyjeab
programs, test execution time is relatively short compaogech-
nique execution time, and these two factors together remelgts-
tics often non-beneficial.

Our results also indicate that among prioritization teghes,
feedback techniques are the best choice when organizddoas
time constraints in testing. Both of the feedback techréque
studied Tccfand Thnf) were similar in their abilities to produce
cost-benefits overall: when we compare them across all tome ¢
straint levels and program3bnf outperformedTccf9 times (two
statistically significant), an@iccfoutperformedrbnfll times (three
statistically significant). On the other harit;cfconsistently led to
cost-benefit increases as time constraints increased easgiBonf
was less predictable in this respect, and this may faeof

Practical implications for testing processes.

Our results also have implications for testing processes. oRe
thing, an organization’s choice of prioritization techméqcould

reasonably be influenced by the testing processes they use. F

example, for an incremental testing process such as nightlg-
and-test, the likelihood of being forced to constrain testctivi-
ties due to time restrictions is higher than for a batch naénand-
test process, given sufficiently long-running regressest suites.
Process implications may also extend to the types of te&tng
ing performed; if execution of test cases (or checking otilts}
is largely manual, this increases the likelihood that amoization
will face time constraints. In both of these cases, processider-
ations favor prioritization.

The relationship between testing processes and the cobeof t
analysis needed to support prioritization is also impdrtaecause
in practice, the costs that are practically significant foriaritiza-
tion technique in a given context can vary with the regressist-
ing process used. For example, in a typical batch maintaéhtast
process, analysis costs can be distributed across theenairde
and testing phases, while in a more incremental testingessa
greater proportion of analysis costs may be relegated taette
ing phase. In the latter case, analysis costs may actualty tie

straints on the costs and benefits of test case prioritizagoh-

niques. Our results show that time constraints can indegyl gl
significant role in determining both the cost-effectivenetprior-

itization techniques, and the relative cost-benefit tréidesimong

techniques.

Of course, as with all empirical studies, our results musinbe
terpreted in light of limitations (Section 3.4), and manytloése
limitations can be addressed only through further studiesddi-
tional artifacts. One class of further study that would betipalarly
germane concerns differences involving types and digtdbs of
faults, and ranges of fault costs. For example, we saw Thet
was more consistently cost-effective thainfas time constraints
increased and this suggests tiatfmight be preferable tdbnf
These results, however, are based on artifacts for whidh dés+
tributions were random, and thus may not conform to distidins
such as those assumed by fault proneness models. This naigit h
lessened the power of BN techniques, which partially relypab-
abilities captured by such models.

A second class of further study involves other types of firaa-
tion techniques. We chose to study the two techniques teahar
simplest and most complex presented to date, as these mesen
range of potential technique costs and presumably ben&étsh-
nigues that incorporate test execution time into theirrization
[19, 32] might also be of interest given their attention todj but
for such studies to capture effects related to test exettitioes,
objects of study including tests having a relatively wideiaace
in execution times would be required. Note that the tectenjone-
sented in [32] is also capable of including testing time taiists
up front in its calculations, and this might render its parfance
of interest in time-constrained situations; however, gaghhique
does require that one know in advance how long one will betable
execute tests, a restriction we did not wish to impose in tudys

Our results also led to several further practical implicasi. The
most interesting of these implications for further resbaomn our
view, involve software testing and development processes,re-
gression testing techniques.

For example, our results suggest that regression testitigrwi
constrained software development processes might be ireginy
manipulating test prioritization technique costs. If agaization
knows that they cannot execute all of their regression,tésta po-
tentially, they can lower analysis costs by prioritizingvée tests,
an approach that we could call “partial prioritization”. rié@ pri-
oritization approaches will require data on test execuiioes, and
will need to estimate expected execution times followinglifica-
tions with sufficient precision.

A second example of further work related to processes atd tec
niques involves the use of incremental supporting analy#es
mentioned in Section 2, our cost model facilitates the memsent
of costs and benefits related to the use of incremental progrel-
ysis techniques (e.g., for instrumentation and probe piacg) to
support prioritization, but we did not explore these in thisrk.
The results of this study suggest that these approaches waigh
in cost-effectiveness across different development astihggpro-
cesses (e.g., batch versus incremental). Techniquestter mver-
aging incremental analysis techniques within various foofrtime-
constrained processes could be useful.



Finally, efforts such as those just described can be dideate
other common testing processes, such as test-first metmes)
for which time constraints may play an even more importal&.ro

Ultimately, given further studies and technique developimee
expect this research to help test engineers better manageaéh
gression testing efforts by enabling them to select tegingesses
and prioritization techniques that are most appropriateHeir or-
ganizational and process contexts.
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