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Abstract

Testcaseprioritization techniquesscheduletestcasesfor
executionin anorderthatattemptsto maximizesomeobjec-
tive function. A varietyof objectivefunctionsare applica-
ble; onesuch functioninvolvesrateof fault detection— a
measureof howquickly faultsaredetectedwithin thetesting
process.An improvedrateof fault detectionduring regres-
sion testingcanprovide fasterfeedback on a systemunder
regressiontestand let debuggers begin their work earlier
thanmightotherwisebepossible. In thispaper, wedescribe
several techniquesfor prioritizing testcasesandreportour
empirical resultsmeasuringtheeffectivenessof thesetech-
niquesfor improvingrateof fault detection.Theresultspro-
vide insights into the tradeoffs amongvarious techniques
for testcaseprioritization.

1. Intr oduction

Softwaredevelopersoften save the test suitesthey de-
velopfor their software,sothat they canreusethosesuites
later asthe softwareevolves. Suchtestsuitereuse,in the
form of regressiontesting,is pervasive in the software in-
dustry[15] and,togetherwith otherregressiontestingactiv-
ities,canaccountfor asmuchasone-halfof thecostof soft-
waremaintenance[3, 13]. Runningall testcasesin anexist-
ing testsuite,however, canconsumean inordinateamount
of time. For example,oneof our industrialcollaboratorsre-
portsthatfor oneof its productsthatcontainsapproximately
20,000lines of code,runningthe entiretestsuiterequires
sevenweeks.In suchcases,testersmaywantto ordertheir
testcasesso that thosetestcaseswith the highestpriority,
accordingto somecriterion,arerun first.

Test case prioritization techniques [21] scheduletest
casesfor regressiontestingin anorderthatattemptsto max-
imize someobjective function. For example,testersmight
wish to scheduletestcasesin an order that achievescode
coverageat the fastestrate possible,exercisesfeaturesin

order of expectedfrequency of use, or exercisessubsys-
temsin an order that reflectstheir historicalpropensityto
fail. Whenthe time requiredto executeall testcasesin a
testsuite is short, testcaseprioritization may not be cost-
effective — it may be most expedientsimply to schedule
testcasesin any order. Whenthe time requiredto run all
testcasesin thetestsuiteis sufficiently long, however, test
caseprioritizationmaybebeneficial.

In this paper, we describeseveral techniquesfor priori-
tizing testcasesandwe empiricallyevaluatetheir ability to
improverateof fault detection— ameasureof how quickly
faultsaredetectedwithin thetestingprocess.An improved
rate of fault detectionduring regressiontesting can pro-
vide earlierfeedbackon a systemunderregressiontestand
let developersbegin debuggingandcorrectingfaultsearlier
thanmightotherwisebepossible.

Our resultsindicatethat testcaseprioritizationcansig-
nificantly improve the rateof fault detectionof testsuites.
Furthermore,our resultshighlight tradeoffs betweenvari-
ousprioritization techniques.In the next section,we pre-
ciselydescribethetestcaseprioritizationproblemandout-
line several prioritization techniques.Subsequentsections
presentourexperimentaldesign,analysis,andconclusions.

2. TestCasePrioritization

Testcaseprioritizationtechniquesscheduletestcasesin
an executionorderaccordingto somecriterion. The pur-
poseof this prioritization is to increasethe likelihoodthat
if the testcasesareusedfor regressiontestingin thegiven
order, they will morecloselymeetsomeobjectivethanthey
would if they wereexecutedin someotherorder.

Testcaseprioritizationcanaddressa widevarietyof ob-
jectives,includingthefollowing:

1. Testersmaywish to increasetherateof fault detection
– that is, the likelihoodof revealingfaultsearlierin a
run of regressiontests.



2. Testersmay wish to increasethe rateof detectionof
high-riskfaults,locatingthosefaultsearlierin thetest-
ing process.

3. Testersmaywish to increasethe likelihoodof reveal-
ing regressionerrorsrelatedto specificcodechanges
earlierin theregressiontestingprocess.

4. Testersmaywish to increasetheir coverageof cover-
ablecodein thesystemundertestat a fasterrate.

5. Testersmay wish to increasetheir confidencein the
reliability of thesystemundertestat a fasterrate.

In practice,and dependingupon the choice of objec-
tive,thetestcaseprioritizationproblemmaybeintractable:
for certainobjectives,an efficient solution to the problem
would provide an efficient solution to the knapsackprob-
lem [8]. Thus,testcaseprioritization techniquesaretypi-
cally heuristics.A goalof this work is to investigate,for a
specificobjective function,severalsuchheuristics.

2.1. Prioritization for Rate of Fault Detection

Givena particularobjective,variousprioritizationcrite-
ria may be appliedto a testsuitewith the aim of meeting
thatobjective. For example,to attemptto meetthefirst ob-
jective statedabove, we may prioritize testcasesin terms
of the failure rates,measuredhistorically, of the modules
they exercise.Alternatively, we mayprioritize testcasesin
termsof their increasingcost-per-coverageof codecompo-
nents,or in termsof their increasingcost-per-coverageof
featureslisted in a requirementsspecification.In any case,
the intent behindthe choiceof a prioritization criterion is
to increasethe likelihoodthat the prioritized testsuitecan
bettermeetthe objective thanwould an ad hoc or random
orderingof testcases.

In thiswork, we focuson thefirst objective listedabove:
increasingthe likelihood of revealing faults earlier in the
testingprocess.We describethis objective, informally, as
oneof improving our testsuite’s rateof fault detection: we
describea measurefor this in Section3.2. Themotivation
for meetingthisobjective is clear:animprovedrateof fault
detectionduringregressiontestingcanprovide fasterfeed-
backonthesystemundertest,or earlyevidencethatquality
goalshave not beenmet; it can also let debuggersbegin
theirwork earlierthanmight otherwisebepossible.

We considernine different testcaseprioritization tech-
niques.Table1 lists thesetechniques;wenext discussthem
in anorderthatfacilitatestheir presentation.
���

: No prioritization. To facilitateour empiricalstudy,
oneprioritization“technique”thatweconsideris simplythe
applicationof notechnique;thisletsusconsider“untreated”
testsuites.Note,however, that thesuccessof anuntreated

Code Mnemonic Description���
unordered noprioritization(control)���
random randomizedordering�	�
optimal orderedto optimize

rateof fault detection�	

branch-total prioritize in orderof coverage

of branches���
branch-addtl prioritize in orderof coverage

of branchesnotyet covered�	�
FEP-total prioritize in orderof totalprobability

of exposingfaults��

FEP-addtl prioritize in orderof totalprobability

of exposingfaults,adjustedto
considereffectsof previoustests�	�

stmt-total prioritize in orderof coverage
of statements�	�

stmt-addtl prioritize in orderof coverage
of statementsnotyet covered

Table 1. A catalog of prioritization techniques.

testsuitein meetinganobjectivemaydependupontheman-
nerin which it is initially constructed.

���
: Random prioritization. Also to facilitateour empir-

ical study, weapplyrandomprioritization,in whichweran-
domly orderthetestsin a testsuite.

���
: Optimal prioritization. As we shall discussin Sec-

tion 3, to measurethe effects of prioritization techniques
on rateof fault detection,our empiricalstudyutilizes pro-
gramsthatcontainknown faults.Wecandetermine,for any
test suite, which test casesexposewhich faults, and thus
we candetermineanoptimalorderingof testcasesin a test
suitefor maximizingthat suite’s rateof fault detection.In
practice,of course,this is not a practical technique,as it
requiresknowledgeof which testcaseswill exposewhich
faults;however, by usingit in ourstudy, wegaininsightinto
thesuccessof otherpracticalheuristics.

���
: Total branch coverage prioritization. By instru-

mentinga program,we can determine,for any test case,
the numberof decisions(branches)in that programthat
were exercisedby that test case. We can prioritize these
test casesaccordingto the total numberof branchesthey
coversimplyby sortingthemin orderof totalbranchcover-
ageachieved. This prioritizationcanthusbeaccomplished
in time �������������! for programscontaining� branches.

��"
: Additional branch coverage prioritization. Total

branchcoverageprioritizationschedulestestcasesin theor-
derof totalcoverageachieved.However, having executeda
testcaseandcoveredcertainbranches,moremaybegained
in subsequenttestcasesby coveringbranchesthathave not
yetbeencovered.Additionalbranchcoverageprioritization
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iteratively selectsa testcasethatyieldsthegreatestbranch
coverage,thenadjuststhe coverageinformationon subse-
quenttestcasesto indicatetheir coverageof branchesnot
yetcovered,andthenrepeatsthisprocess,until all branches
coveredby at leastonetestcasehavebeencovered.

Having scheduledtestcasesin this fashion,we may be
left with additional test casesthat cannotadd additional
branchcoverage.We couldorderthesenext usingany pri-
oritization technique;in this work we orderthe remaining
testcasesusingtotalbranchcoverageprioritization.

Becauseadditional branch coverageprioritization re-
quiresrecalculationof coverageinformation for eachun-
prioritizedtestcasefollowing selectionof eachtestcase,its
costis #�$�%'&)( for programscontaining% branches.

*�+
: Total statementcoverageprioritization. Totalstate-

mentcoverageprioritizationis thesameastotalbranchcov-
erageprioritization,exceptthattestcoverageis measuredin
termsof programstatementsratherthandecisions.

*�,
: Additional statementcoverageprioritization. Ad-

ditional statementcoverageprioritizationis thesameasad-
ditionalbranchcoverageprioritization,exceptthattestcov-
erageis measuredin termsof programstatementsrather
than decisions. With this techniquetoo, we require a
methodfor prioritizing the remainingtestcasesaftercom-
pletecoveragehasbeenachieved,and in this work we do
this usingtotal statementcoverageprioritization.

*�-
: Total fault-exposing-potential (FEP) prioritization.

Statement-and branch-coverage-basedprioritization con-
sideronly whetherastatementor branchhasbeenexercised
by a testcase. This considerationmay maska fact about
testcasesandfaults:theability of afault to beexposedby a
testcasedependsnot only on whetherthetestcasereaches
(executes)a faulty statement,but also, on the probability
that a fault in that statementwill causea failure for that
testcase[19]. Althoughany practicaldeterminationof this
probabilitymustbeanapproximation,we wishedto deter-
minewhethertheuseof suchanapproximationcouldyield
a prioritization techniquesuperiorin termsof rateof fault
detectionthantechniquesbasedon simplecodecoverage.

To obtain an approximation of the fault-exposing-
potential (FEP) of a test case,we use mutation analysis
[6, 9]. Givenprogram. andtestsuite / , for eachtestcase021 / , for eachstatement3 in . , wedeterminethemutation
score4536$�3	7 0 ( to bethe ratio of mutantsof 3 exposedby

0
to total mutantsof 3 . We thencalculate,for eachtestcase098

in / , an award value for
098

, by summingall 4:36$;3<7 098 (
values. Total fault-exposing-potentialprioritization orders
thetestcasesin a testsuitein orderof theseawardvalues.

Sucha techniquecould conceivably be muchmoreex-
pensive to implement than a code-coverage-basedtech-
nique, however if such a techniqueshows promise, this

might motivatea searchfor cost-effective methodsto ap-
proximatefault-exposingpotential.
*�=

: Additional fault-exposing-potential (FEP) prioriti-
zation. Analogousto theextensionsmadeto total branch
(or statement)coverageprioritization to additionalbranch
(or statement)coverageprioritization,we extendtotal FEP
prioritization to createadditional fault-exposing-potential
(FEP)prioritization. This lets us accountfor the fact that
additionalexecutionsof a statementmay be lessvaluable
thaninitial executions.In additionalFEPprioritization,af-
ter selectinga testcase

0
, we lower theawardvaluesfor all

othertestcasesthatexercisestatementsexercisedby
0
.

2.2. RelatedWork

In [21], Wong, Horgan, London and Agrawal suggest
prioritizing testcasesaccordingto thecriterionof increas-
ing costper additionalcoverage. An implied objective of
this rankingis to revealfaultsearlierin thetestingprocess.
The authorsrestrict their attention,however, to prioritiza-
tion of testcasesfor executionon a specificmodifiedver-
sionof aprogram,andto prioritizationof only thesubsetof
testcasesselectedby a saferegressiontestselectiontech-
nique(e.g.[2, 4, 18, 20]) from thetestsuitefor theprogram.
Theauthorsdonotspecifyamechanismfor prioritizing the
remainingtestcasesafter full coveragehasbeenachieved.
Theauthorsdescribea casestudyin which their technique
is appliedto aprogramof 5000linesof code,andevaluated
againstten faulty versionsof that program,andconclude
thatthetechniquewascost-effective in thatapplication.

In this work, we further investigatecoverage-basedpri-
oritization, but we examinea wide rangeof prioritization
techniques,andwe focuson general,ratherthanmodified-
version-specific,prioritization.

3. The Experiment

3.1. Research Questions

We areinterestedin thefollowing researchquestions.

Q1: Can test caseprioritization improve the rate of fault
detectionof testsuites?

Q2: How do thevarioustestcaseprioritizationtechniques
presentedin Section2 compareto oneanotherin terms
of effectson rateof fault detection?

3.2. Efficacy and APFD Measures

To addressour researchquestions,we requiremeasures
with which we canassessandcomparethe effect of using
variousprioritizationtechniques.
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Analogousto measuringanantibiotic’s potencyandav-
erage activity, we can seekto measurea prioritized test
suite’s efficacyandaverage fault detection. An antibiotic’s
potency is a measureof how well the drug cankill bacte-
ria. In muchthesameway, a testsuite’s efficacy is a mea-
sureof its fault detectingability. Althoughin generala test
suite’sefficacy cannotbemeasureddirectlyandis oftenap-
proximatedby variouscoverageor adequacy measures,in
ourexperimentwe work with programsthatcontainknown
faultsandefficacy is measuredbyhow many of theseknown
faultsa testsuitecandetect.

An antibiotic’s averageactivity is a measureof how
quickly thebacteriaarekilled. A fastactingantibioticex-
hibits earlierantibacterialbehavior thana slow acting an-
tibiotic. Similarly a fastdetectingprioritized testsuiteex-
hibits earlier fault detectionthana slow acting prioritized
testsuite.(It is importantto notethatchangingatestsuite’s
detectionratehasno effecton its efficacy.)

As a measureof how rapidly a prioritized testsuitede-
tectsfaults,we useaweightedaverageof thepercentageof
faultsdetected,or APFD, over the life of the suite. These
valuesrangefrom 0 to 100; higherAPFD numbersmean
faster(better)fault detectionrates.Thus,althoughnot a di-
rect measureof the rateof fault detection,the APDF does
allow us to comparethe ability of different prioritization
techniquesto createfasterdetectingtestsuitesthroughthe
orderingof testcases.

To illustrate this measure,considersomeexamplepro-
gram with 10 faulty versionsanda setof 5 test cases,A
throughE. Table2 shows thefault detectingability of each
of the5 testcases.

TestCase Fault
1 2 3 4 5 6 7 8 9 10

A X X
B X X X X
C X X X X X X X
D X
E X X X

Table 2. Test suite and list of faults exposed.

Supposewe placethe testcasesin orderA–B–C–D–E
to form a prioritizedtestsuite > . Figure1 (left) shows the
percentageof undetectedfaults versusthe fraction of the
test suite > used. After running test caseA, 2 of the 10
faultsweredetected;thus80% of the faults remainunde-
tectedafter ?@ of testsuite > hasbeenused.After running
testcaseB, 2 morefaultsaredetectedandthus60%of the
faults remainundetectedafter A@ of the testsuitehasbeen
used. In Figure1 (left), the areainsidethe inscribedrect-
angles(dashedboxes) representsthe weightedpercentage
of faultsundetectedover the correspondingfraction of the
testsuite. Thesolid linesconnectingthecornersof the in-

scribedrectanglesinterpolatethedropin thepercentageof
undetectedfaults.This interpolationis a granularityadjust-
mentwhenonly asmallnumberof testcasescompriseatest
suite;thelargerthetestsuitethesmallerthis adjustment.

Figure1 (right) correspondsto Figure1 (left) but shows
the percentageof detectedfaultsversusthe fraction of the
test suite used. The curve representsthe cumulative per-
centageof faultsdetected.Theshadedareaunderthecurve
representstheweightedaverageof thepercentageof faults
detectedover the life of the testsuite. This areais thepri-
oritizedtestsuite’saveragepercentagefaultsdetectedmea-
sure;theAPFD is 50%in this example.

Figure 2 reflectswhat happenswhen the order of test
casesis changedto E–D–C–B–A. Let uscall thisprioritized
test suite B . Figure 2 (left) clearly depictsthat no faults
remainundetectedafter C@ of test suite B hasbeenused.
This increasein the rateof detectionis reflectedin Figure
2 (right); theAPFD over the entiresuitehasrisento 64%,
indicating B is “f asterdetecting”than > .

Figure3 showstheeffectsof usingaprioritizedtestsuiteD
whosetestcaseorderingis C–E–B–A–D. By inspection,

it is clearthat this orderingresultsin the earliestdetection
of themostfaultsandillustratesanoptimalordering.From
Figure3 (right) weseethattheAPFDof testsuite

D
is 84%,

thebestof thethree.
Thus to comparethe effects of the prioritization tech-

niqueson test suites,our experimentinvestigateschanges
in APFD.

3.3. Subjectsand Methods

3.3.1 Programs.

We usedsevenC programsassubjects(seeTable3). These
programsperform a variety of tasks: tcas is an aircraft
collision avoidance system, schedule2 and sched-
ule arepriority schedulers,tot info computesstatistics
given input data,print tokens andprint tokens2
are lexical analyzers, and replace performs pattern
matchingandsubstitution. Eachprogramhasa variety of
versions,eachcontainingonefault. Eachprogramalsohas
a largeuniverseof inputs(testpool). Theseprograms,ver-
sions,andinputswereassembledby researchersatSiemens
CorporateResearchfor a studyof thefault-detectioncapa-
bilities of control-flow anddata-flow coveragecriteria[11].
Wedescribetheotherdatain thetablein thefollowingpara-
graphs.

3.3.2 Faulty versions,test cases,and test suites.

The researchersat Siemenssought to study the fault-
detectingeffectivenessof coveragecriteria.Therefore,they
createdfaulty versionsof thesevenbaseprogramsby man-
ually seedingthoseprogramswith faults,usuallyby modi-
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Figure 1. APFD for prioritized test suite E : 50%.
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Figure 2. APFD for prioritized test suite F : 64%.
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Figure 3. APFD for (optimal) prioritized test suite G : 84%.
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Lines No. of TestPool TestSuite
Program of Code Versions Size Avg. Size
tcas 138 41 1608 6
schedule2 297 10 2710 8
schedule 299 9 2650 8
tot info 346 23 1052 7
print tokens 402 7 4130 16
print tokens2 483 10 4115 12
replace 516 32 5542 19

Table 3. Experiment subjects.

fying asingleline of codein theprogram.Theirgoalwasto
introducefaultsthatwereasrealisticaspossible,basedon
their experiencewith realprograms.Tenpeopleperformed
the fault seeding,working “mostly without knowledgeof
eachother’swork” [11, p. 196].

For eachbaseprogram,the researchersat Siemenscre-
ateda large testpool containingpossibletestcasesfor the
program. To populatethesetest pools, they first created
an initial suiteof black-boxtestcases“accordingto good
testingpractices,basedon thetester’s understandingof the
program’s functionality and knowledgeof specialvalues
andboundarypointsthatareeasilyobservablein thecode”
[11, p. 194], using the category partition methodand the
SiemensTest SpecificationLanguagetool [1, 16]. They
thenaugmentedthissuitewith manually-createdwhite-box
test casesto ensurethat eachexecutablestatement,edge,
anddefinition-usepair in the baseprogramor its control-
flow graphwasexercisedby at least30 testcases.To ob-
tain meaningfulresultswith theseededversionsof thepro-
grams,the researchersretainedonly faults that were“nei-
ther too easynor too hard to detect” [11, p. 196], which
they definedasbeingdetectableby at most350andat least
3 testcasesin thetestpoolassociatedwith eachprogram.

To obtainsampletestsuitesfor theseprograms,we used
the testpools for the baseprogramsandtest-coveragein-
formation about the test casesin thosepools to generate
1000 branch-coverage-adequate test suites for eachpro-
gram.Moreprecisely, to generateatestsuiteH for basepro-
gram I from testpool H�J , we usedtheC pseudo-random-
numbergeneratorrand, seededinitially with theoutputof
theC times systemcall, to obtainintegersthatwe treated
as indexesinto HKJ (modulo L HKJ�L ). We usedtheseindexes
to selecttestcasesfrom HKJ ; we addedeachtestcaseM to
H only if M addedto the cumulative branchcoverageof I
achieved by the test casesaddedto H thus far. We con-
tinuedto addtestcasesto H until H containedat leastone
testcasethatwould exerciseeachexecutablebranchin the
baseprogram.Table3 lists theaveragesizesof thebranch-
coverage-adequatetest suitesgeneratedby this procedure
for thesubjectprograms.

3.3.3 Prioritization and analysistools.

To performtheexperiment,we requiredseveral tools. Our
testcoverageandcontrol-flow graphinformationwaspro-
vided by the Aristotle programanalysissystem[10]. We
createdprioritization tools that implementthe techniques
outlinedin Section2. To obtainmutationscoresfor usein
theFEPprioritizationswe usedtheProteummutationsys-
tem[5].

3.4. Experiment design

The experimentwasrun usinga NPORQ factorialdesign
with 1000APFDmeasurespercell; thetwo categoricalfac-
torswere:

S Thesubjectprogram(7 programs,eachwith a variety
of modifiedversions).

S Theprioritizationtechnique(unordered,random,opti-
mal, branch-total,branch-addtl,FEP-total,FEP-addtl,
stmt-total,stmt-addtl).

For each subject program I , the prioritization tech-
niquesT�U through T�V wereappliedto eachof the1000sam-
ple test suites,yielding 8000 prioritized test suites. The
original testsuite(not reordered)wasretainedasa control;
for analysisthis wasconsidered“prioritized” by technique
T�W . TheAPFD valuesof these63000prioritizedtestsuites
werecalculatedandusedasthestatisticaldataset.

3.5. Results

An initial indicationof how eachprioritizationtechnique
affecteda test suite’s rate of detectioncan be determined
from Figure4, which presentsboxplotsof the APFD val-
uesof the 9 categoriesof prioritized test suitesfor each
programandan all-programtotal.W (Refer to Table 1 for
a legendof the techniques.)T W is the control group. T U is
the randomprioritizationgroup. T�X is the optimalprioriti-
zationgroup. Examiningthe boxplotsof T�X with thoseof
T W and T U , it is readilyapparentthatoptimalprioritization
greatlyimprovedthe rateof fault detection(i.e., increased
APFD values)of thetestsuites.Examiningtheboxplotsof
the otherprioritization techniques,T�X through T V , it seems
that all producesomeimprovement. However the overlap
in APFD valuesmandatesformal statisticalanalysis.
Y
A boxplot is a standardstatisticaldevice for representingdatasets

[12]. In theseplots, eachdataset’s distribution is representedby a box
anda pair of “whiskers”. The box’s heightspansthe central50% of the
dataandits upperandlower endsmarktheupperandlower quartiles.The
middleof thethreehorizontallineswithin thebox representsthemedian.
The“whiskers”aretheverticallinesattachedto thebox; they extendto the
smallestandlargestdatapointsthatarewithin the outlier cutoffs. These
outlier cutoffs aredefinedto lie at1.5 timesthewidth of theinnerquartile
range(thespanof thebox) from theupperandlower pointsin thatrange.
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Figure 4. APFD boxplots (vertical axis is APFD score): By program, by technique.
(SeeTable1 for a legendof thetechniques.)
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Using the SAS statistical package[7] to perform an
ANOVA analysis,we wereable to reject the null hypoth-
esisthat the APFD meansfor the varioustechniqueswere
equal( Z = [ \6] ), confirmingour boxplotobservations.How-
ever theANOVA analysisindicatedstatisticallysignificant
cross-factorinteractions:programshaveaneffectonAPFD
values. Thus generalstatementsabout techniqueeffects
mustbequalified.

While rejectionof thenull hypothesistells usthatsome
techniquesproducestatisticallydifferentAPFD means,to
determinewhich techniquesdiffer from eachotherrequires
runningamultiple-comparisonprocedure[17]. Of thecom-
monly usedmeansseparationtests,we electedto usethe
Bonferronimethod— for its conservatismandgenerality.

Using Bonferroni, the minimum statisticallysignificant
differencebetweenAPFD meanswas calculatedfor each
program. Thesearegiven in Table4. The techniquesare
listed within eachprogramsub-tableby their APFD mean
values,from higher(better)to lower (worse).Groupinglet-
terspartitionthetechniques;techniquesthatarenotsignifi-
cantlydifferentsharethesamegroupingletter.

Examiningthesesub-tablesaffirm whattheboxplotsin-
dicated:thatall theheuristictechniquesprovidedsomesig-
nificant improvementin rateof fault detection. Although
therelative improvementprovidedby eachtechniqueis de-
pendenton the program,the All Programssub-tabledoes
suggestthat the FEP-basedheuristics(additionalFEPpri-
oritizationandtotalFEPprioritization)mayperformsome-
whatbetterthantheothers.

4. Discussion

This experiment,like any other, hasseveral limits to its
validity, theprimaryonesbeingthreatsto externalvalidity
that limit our ability to generalizeour results.Our primary
concerninvolvesthe representativenessof theartifactsuti-
lized. The subjectprograms,thoughnontrivial, aresmall
andlargerprogramsmaybesubjectto differentcost-benefit
tradeoffs. Also, thereis exactly oneseededfault in every
subjectprogram; in practice,programshave much more
complex error patterns.Finally, the testsuiteswe utilized
representonly one type of test suite that could appearin
practice.Thesethreatscanonly beaddressedby additional
studiesutilizing a greaterrangeof artifacts.

Keepingthis in mind,our dataandanalysisnevertheless
provide insights into the effectivenessof test casepriori-
tization generallyandinto the relative effectivenessof the
prioritization techniquesthat we examined. We now dis-
cusstheseinsightsand their possibleimplicationsfor the
practicalapplicationof testcaseprioritization.

Perhapsof greatestpracticalsignificance,our dataand
analysisindicate that test caseprioritization can substan-
tially improve the rateof fault detectionof testsuites.All

of theheuristicsthatwe examinedproducedsuchimprove-
mentsoverallandin only onecase,onschedule, did any
heuristicnot outperformthe untreatedor randomlypriori-
tizedtestsuites.

Overall in our study, additionalFEPprioritization out-
performed all prioritization techniquesbasedon cover-
age.Furthermore,total FEPprioritizationoutperformedall
coverage-basedtechniquesotherthantotalbranchcoverage
prioritization. However, theseresultsdid vary acrossindi-
vidual programsand,whereFEP-basedtechniquesdid out-
performcoverage-basedtechniques,thetotalgainin APFD
wasnot great.Theseresultsrun contraryto our initial intu-
itions andsuggestthatgiventheir expense,FEP-basedpri-
oritization may not be ascost-effective ascoverage-based
techniques.

Again consideringoverall results,it is interestingthat
total branchcoverageprioritizationoutperformsadditional
branchcoverageprioritizationandthattotal statementcov-
erageprioritization outperformsadditionalstatementcov-
erageprioritization. Theseeffects,too, vary acrossthe in-
dividual programs. Nevertheless,the worst-casecostsof
totalbranchandstatementcoverageprioritizationaremuch
lessthantheworst-casecostsof additionalbranchandstate-
mentcoverageprioritization; this suggeststhat the lessex-
pensive total-coverageprioritizationschemesmaybemore
cost-effectivethanadditional-coverageschemes.

Anothereffect worth noting is thatgenerally(on five of
thesevenprograms)randomlyprioritizedtestsuitesoutper-
formeduntreatedtestsuites.We conjecturethat this differ-
enceis dueto the type of testsuitesandfaultsusedin the
study. As describedin Section3.3,our testsuitesweregen-
eratedfor coverageby greedilyselectingtestcasesfrom test
pools;theorderin whichtestcaseswereaddedto suitesdur-
ing this processconstitutestheir untreatedorder. We sus-
pectthat this processcausedtestcasesaddedto the“ends”
of thetestsuitesto cover(onaverage)harderto reachstate-
mentsthantestcasesaddedto the “beginnings”of the test
suites. The faultsembeddedin the Siemensprogramsare
relatively hardto detect;a disproportionatenumberreside
in harder-to-reachstatementsandaredetected(on average)
by testcasesthatareaddedlaterto thetestsuites.Random
prioritization essentiallyredistributestest casesthat reach
andexposethesefaults throughoutthe testsuites,causing
thefaultsto bedetectedmorequickly.

5. Conclusionsand Future Work

In this paper, we have describedseveral techniquesfor
testcaseprioritizationandempiricallyexaminedtheir rela-
tive abilitiesto improvehow quickly faultscanbedetected
by thosesuites. Our resultssuggestthat thesetechniques
canimprovetherateof faultdetectionof testsuitesandthat
this resultoccursevenfor theleastsophisticated(andhence
leastexpensive) techniques.
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print tokens
Grouping Mean Technique

A 92.5461 optimal
B 80.8842 branch-addtl
C 78.2727 FEP-addtl

D C 76.8573 branch-total
D E 76.4770 FEP-total
D E 76.4647 stmt-total

E 74.8199 stmt-addtl
F 57.2829 random
G 42.6163 untreated

df= 8991MSE=155.0369Critical Valueof T= 3.20
Minimum SignificantDifference=1.7808 ( ^ = _ `)a )

print tokens2
Grouping Mean Technique

A 90.5152 optimal
B 78.3211 FEP-addtl
C 76.1678 branch-addtl
C 75.8848 stmt-total
C 75.7985 FEP-total
C 75.5995 stmt-addtl
C 74.8830 branch-total
D 55.9729 random
E 49.3272 untreated

df= 8991MSE=124.203Critical Valueof T= 3.20
Minimum SignificantDifference=1.5939 ( ^ = _ `)a )

replace
Grouping Mean Technique

A 91.6901 optimal
B 80.0171 FEP-total
B 79.6959 FEP-addtl
C 77.1355 stmt-total
C 76.8482 branch-total
D 66.5639 branch-addtl
E 62.3795 stmt-addtl
F 54.4460 untreated
F 54.0668 random

df= 8991MSE=110.782Critical Valueof T= 3.20
Minimum SignificantDifference=1.5053 ( ^ = _ `)a )

schedule
Grouping Mean Technique

A 85.7074 optimal
B 60.6765 branch-addtl
B 59.8694 stmt-total
B 59.8484 FEP-addtl
B 59.6161 branch-total
B 59.4430 FEP-total
C 51.4087 random
C 50.4418 stmt-addtl
D 41.9670 untreated

df= 8991MSE=222.3662Critical Valueof T= 3.20
Minimum SignificantDifference=2.1327 ( ^ = _ `)a )

Table 4. Bonferroni means separation tests.

schedule2
Grouping Mean Technique

A 90.1794 optimal
B 72.0518 FEP-addtl
B 70.6432 branch-total

C B 70.2513 branch-addtl
C D 68.0438 FEP-total

D 67.5409 stmt-total
E 63.7391 stmt-addtl
F 51.3077 random
G 47.0302 untreated

df= 8127MSE=280.635Critical Valueof T= 3.20
Minimum SignificantDifference=2.5199 ( ^ = _ `)a )

tcas
Grouping Mean Technique

A 83.8845 optimal
B 78.9253 stmt-total
B 78.7998 FEP-total
B 78.5781 branch-total
C 75.1880 FEP-addtl
D 73.3552 branch-addtl
E 68.5357 stmt-addtl
F 50.1038 random
F 49.4311 untreated

df= 8973MSE=148.5302Critical Valueof T= 3.20
Minimum SignificantDifference=1.7447 ( ^ = _ `)a )

tot info
Grouping Mean Technique

A 85.4258 optimal
B 77.5442 FEP-addtl

C B 76.8218 FEP-total
C D 75.8798 branch-addtl
E D 74.8807 branch-total
E 73.9979 stmt-total

F 71.4503 stmt-addtl
G 60.0587 random
H 53.1124 untreated

df= 8991MSE=110.4918Critical Valueof T= 3.20
Minimum SignificantDifference=1.5033 ( ^ = _ `)a )

All Programs
Grouping Mean Technique

A 88.5430 optimal
B 74.4501 FEP-addtl
C 73.7049 FEP-total

D C 73.2205 branch-total
D 72.9030 stmt-total

E 71.9919 branch-addtl
F 66.7502 stmt-addtl
G 54.3575 random
H 48.2927 untreated

df= 62055MSE=162.9666Critical Valueof T= 3.20
Minimum SignificantDifference=0.6948 ( ^ = _ `)a )

          Means with the same grouping letter
                are not significantly different. 

 

9



Theresultsof our studysuggestseveralavenuesfor fu-
turework. First,weareperformingadditionalstudiesutiliz-
ing otherprogramsandtypesof testsuites.To investigate
a wider rangeanddistribution of faults,we arealsogath-
eringdatain which thesuccessof prioritizationtechniques
is measuredagainstthesetof mutationsof thesubjectpro-
grams.Finally, weareinvestigatingalternativemeasuresof
prioritizationeffectiveness.

Second,becauseour analysisrevealeda sizeableper-
formancegapbetweenprioritizationheuristicsandoptimal
prioritization,andourFEP-basedtechniquesdid not bridge
this gap,we are investigatingalternative techniquesbased
on sensitivity analysis[19] that may provide a moresuit-
ableapproach.Techniquesthat incorporatestaticmeasures
of fault-proneness[14] mayalsobeof interest.

Finally, the testcaseprioritization problem,in general,
hasmany morefacetsthanwehavehereconsidered.For ex-
ample,we have consideredonly onepossibleprioritization
objective; otherobjectives,suchasthoselisted in Section
2, arealsoof interest. Furthermore,the testcaseprioriti-
zationtechniquesthatwe have examinedcanbe described
as“generalprioritizationtechniques”in thesensethat they
areappliedto a baseversionof a program,with no knowl-
edgeof thelocation(or probablelocation)of modifications
to thesoftware,in thehopesof producinga testcaseorder-
ing that will be effective over subsequent(and asyet un-
known) versionsof the software. Suchgeneraltechniques
couldalsoincorporateinformationonprobabilitiesof mod-
ification. Alternative techniquescouldutilize knowledgeof
the location of modificationsto prioritize test casesfor a
particularmodifiedversion.

Throughtheresultsreportedin thispaper, andthis future
work,wehopeto providesoftwarepractitionerswith useful,
cost-effective techniquesfor improving regressiontesting
processesthroughprioritizationof testcases.
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