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Abstract

Testsuiteminimizationtechniquesattemptto reducethe
cost of savingand reusingtestsduring softwae mainte-
nance by eliminating redundanttestsfrom test suites. A
potentialdrawbad of thesetechniquesds thatin minimizing
a testsuite they mightreducethe ability of thattestsuiteto
reveal faults in the softwae. A recentstudyshowedthat
minimizationcanreduceestsuitesizewithoutsignificantly
reducingthe fault detectioncapabilitiesof testsuites. To
further investigatethis issue we performedan experiment
in which we compaedthe costsand benefitof minimizing
testsuitesof various sizesfor several programs. In con-
trastto the previousstudy our resultsreveal that the fault-
detectioncapabilitiesof testsuitescanbe seserely compo-
misedby minimization.

1 Introduction

Becausdestdevelopmentis expensve, software devel-
opersoften save the testsuitesthey develop for their soft-
ware,sothatthey canreusehosesuitedaterasthesoftware
undegoesmaintenance.As the software evolves, its test
suitesalsoevolve: new testcasesareaddedo exercisenew
functionality or to maintaintestadequag. As aresult,test
suite sizeincreasesand the costsof managingand using
thosetestsuitesincreases.

Therefore researcherbave investigatedhe notion that
whenseveraltestcasesn atestsuiteexecutethe samepro-
gramcomponentghattestsuitecanbereducedo asmaller
suitethatguaranteesquivalentcoverage.Thisresearclinas
resultedin the creationof varioustest suite minimization
algorithms(e.g.,[2, 7, 8]).

Themotivationfor testsuiteminimizationis straightfor
ward: by reducingtest suite size we reducethe costsof
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executing,validating,and managingthosetest suitesover
future releaseof the software. A potentialdravback of
minimization, however, is thatin minimizing a test suite
we maysignificantlyalterthefault-detectingapabilitiesof
thattestsuite. This tradeof betweenthe time requiredto
execute,validate,and manageestsuites,andthe fault de-
tectioneffectivenes®f testsuites,is centralto any decision
to employ testsuiteminimization.

A recentstudy[14] suggestshattestsuiteminimization
mayproducedramaticsavingsin testsuitesize,atlittle cost
to the fault-detectioreffectivenessf thosetestsuites. To
furtherexplorethisissue we performedanexperiment.Our
experiment,however, revealedresultsquite differentfrom
thoseof the previous study The following sectionsof this
paperreview therelevantliterature describeourexperimen-
tal design,analysis,and results,and compareour results
with previousresults.

2 Test SuiteMinimization Summary and Lit-
erature Review

2.1 Test suite minimization

The test suite minimization problemmay be statedas
follows|[7, p. 272]:

Given Testsuite TS, a setof testcaserequire-
mentsry, 7o, - - -, T, thatmustbe satisfiecto pro-
vide the desiredtest coverageof the program,
andsubsetof TS, Ty, T, .. ., T,, oneassociated
with eachof the r;s suchthatary oneof thetest
caseg; belongingto T; canbeusedto testr;.

Problem Find a representatie setof testcases
from TS thatsatisfiesall of ther;s.



The r;s in the foregoing statementan representvarious
testcaserequirementssuchassourcestatementgjecisions,
definition-useassociationyr specificatioritems.

A representatie setof testcaseghat satisfiesall of the
r;S mustcontainat leastonetestcasefrom eachT;; sucha
setis calleda hitting setof thegroupof setsTy, Ts, . . ., T},.
To achiere a maximumreduction,it is necessaryo find
the smallestrepresentatie setof testcases.However, this
subsetof the testsuiteis the minimum cardinality hitting
set of the T;s, and the problem of finding sucha setis
NP-completd4]. Thus,minimizationtechniquegesortto
heuristics.

Severaltestsuiteminimizationheuristicshave beenpro-
posede.g.,[2, 7, 8]); in thiswork we utilize the methodol-
ogy of Harrold, Gupta,andSoffa[7].

2.2 Previousempirical work

A numberof empirical studiesof softwaretestinghave
beenperformed. Someof thesestudies,suchasthosere-
portedin Reference$3, 9, 13], provide only indirectdata
aboutthe effectsof testsuite minimizationthroughconsid-
erationof the effects of testsuite size on costsand bene-
fits of testing. Otherstudies,suchasthe studyreportedin
Referencd5], provide only indirectdataaboutthe effects
of testsuite minimizationthrougha comparisorof regres-
siontestselectiortechniqueshatpracticeor do notpractice
minimization?

A recentstudy by Wong, Horgan,London,and Mathur
[14], however, directly examinesthe costs and benefits
of test suite minimization. We refer to this study asthe
“WHLM” study;we summarizets resultshere.

TheWHLM studyinvolvedtencommonC UNIX utility
programsjncludingnine programgangingin sizefrom 90
to 289linesof code,andoneprogramof 842linesof code.
For eachof theseprogramsthe researchereandomlygen-
eratedan initial testcasepool containing1000testcases.
However, if ary two testcase®xecutedhe sameexecution
tracein a program the researchersandomlyexcludedone
of thosetestcasedrom the pool: the numberof testcases
in theresultantestpoolsvariedbetweer61 and862.

The researchersiext generatedmultiple distinct test
suitesfor thetenprogramspy randomlyselectingestcases
from the associatedest casepools. The researcherslid
not attemptto achieve ary particularcoverageof the code;
measurementsken afterthetestsuitesweregeneratedn-
dicatedthatthetestsuitesachieved block coverageranging
from 50% to 95%. Referencgl4] reportstestsuite sizes

LWhereagninimizationconsidersa programandtestsuite, regression
testselectionconsidersa program,testsuite,and modified programver-
sion, and selectstest casesthat are appropriatefor that versionwithout
removing themfrom the testsuite. The problemsof regressiortestselec-
tion andtestsuite minimizationare thusrelatedbut distinct. For further
discussiorof regressiortestselectiorseeReferencg12].

in termsof averagegver groupsof testcaseghatachieved
similar coverage89testsuitesbelongedo groupsin which
averagetestsuitesizerangedfrom 12 to 27 testcasesand
933 test suitesbelongedto groupsin which averagetest
suitesizerangedrom 1 to 7 testcases.

Theresearcherenlistedgraduatestudentdo inject sim-
ple mutation-like faultsinto eachof the subjectprograms.
The researchersexcludedfaultsthat could not be detected
by ary testcase. All told, 183 faulty versionsof the pro-
gramswereretainedor usein thestudy

To assesshe difficulty of detectingthesefaults,the re-
searchersneasuredhe percentagesf testcasesin theas-
sociatedestpools,thatwereableto detecthefaults. Of the
183faults,75 (41%)were“Quartile I” faultsdetectabléy
fewerthan25% of theassociatetiestcases39 (21%)were
“Quartile II” faultsdetectabldy betweer25% and50% of
theassociatetkstcases20(11%)were“Quartilelll” faults
detectabldy betweerb0% and 75% of the associatedest
casesand49 (27%)were“Quartile IV” faultsdetectabldy
atleast75%of theassociatedestcases.

The researchersninimized their test suitesusing AT-
ACMIN [8], a heuristic-basedninizationtool that found
“exact solutionsfor minimizationsof all testsuitesexam-
ined” [14, page42]. This minimizationwasdonewith re-
spectto all-usesdataflav coverage(i.e., sizewasreduced
while keepingall-usescoverageconstant). Theresearchers
measuredhe reductionin testsuite size achiezed through
minimization,andthereductionin fault-detectioreffective-
nessof theminimizedtestsuites.

Theresearcherdraw the following overall conclusions
from the study:

e As the block coverageachieved by test suites in-
creasesminimization producesgreatersavings with
respecto thosetestsuites atratesrangingfrom 1.19%
(for 50-55%block coveragesuites)to 44.23%(for 90-
95%block coveragesuites).

e As the block coverageachieved by test suitesin-
creasesminimization producesgreaterlossesin the
fault-detectioreffectivenessf thosesuites.However,
lossedn fault detectioreffectivenessveresmallcom-
paredto savingsin testsuitesize: thoselossesanged
from 0% (for 50-55%block coveragesuites)to 1.45%
(for 90-95%block coveragesuites).

e Fault difficulty partially determinedwhether mini-
mizationcausedossesn fault-detectioreffectiveness:
effectivenessreductionsfor Quartile-l1 and Quartile-
Il faultswere.39% and .66%, respectiely, while ef-
fectivenesseductiondor Quartile-lll andQuartile-1V
faultswere.098%and0%, respectiely.

The authorscautionthattheir obsenationsarebasedon
asinglestudyandmaynotapplyto programsandtestsuites



with differentcharacteristicsandthey emphasizeéhe need
for furtherstudies.They thenconclude:

Data collected during experimentation have
shavn thatwhenthe size of a testsetis reduced
while theall-usescoveragds keptconstantthere
is little or noreductionin its faultdetectioreffec-
tivenessThis obsenationleadsusto believe that
testcasesthat do not add coverageto a testset
arelikely to beineffective in detectingadditional
faults[14, page50].

2.3 Open questions

The WHLM study leaves a numberof openquestions.
Many of thesequestiongoncerrtheextentto whichthere-
sultsobseredin thatstudygeneralizao othertestingsitu-
ations.Amongthe openquestionsarethefollowing, which
motivatethe presentvork.

1. How doesminimizationfarein termsof costsandben-
efitswhentestsuiteshave a wider rangeof sizesthan
thetestsuitesutilizedin the WHLM study?

2. How doesminimizationfarein termsof costsandben-
efitswhentestsuitesarecoverage-adequate?

3. How does minimization fare in terms of costsand
benefitswhentestsuitescontainadditionalcoverage-
redundantestcasesincluding multiple testcaseghat
executeequivalentexecutiontraces?

Testsuitesin practiceoften containtestcaseslesigned
not for code coverage,but rather designedto exercise
productfeaturesspecificatioritems,or exceptionalbeha-
iors. Suchtestsuitesmay containlarger numbersof test
casesandlargernumberof coverage-redundamindtrace-
redundanttest cases,than those utilized in the WHLM
study It is importantto understandhe cost-benefitrade-
offs involvedin minimizing suchtestsuites.

3 TheExperiment
3.1 Hypotheses

H1: Test suite minimization can produce savings on
coverage-adequategverage-redundanestsuites.

H2: As the size of suchtestsuitesincreasesthe savings

associateavith minimizing thosetestsuitesincreases.

H3: Testsuiteminimizationcancompromisehe fault de-
tectioneffectivenessf coverage-adequatepverage-
redundantestsuites.

H4: As the size of suchtestsuitesincreasesthe reduc-
tion in fault-detectioneffectivenessassociatedwith
testsuiteminimizationincreases.

3.2 Measures

To investigateour hypothesesve needto measurethe
costsandsavings of testsuiteminimization.

3.21 Measuring savings.

Testsuiteminimizationletstestersspendesstime execut-
ing testcasesgxaminingtestresultsandmanaginghedata
associatedvith testing. Thesesavings in time are depen-
denton the extentto which minimizationreducedestsuite
size. Thus,to measurghe savingsthatcanresultfrom test
suite minimization, we measurethe percentageeduction
in testsuite sizeresultingfrom minimization,asgiven by
(F=Fi=l  100).

This approachmales several assumptions:it assumes
that all testcaseshave uniform costs,it doesnot differen-
tiate betweercomponent®f costsuchasCPUtime or hu-
mantime,andit doesnotdirectlymeasureghecompounding
of savingsthatresultsfrom usingthe minimizedtestsuites
over a successiorf subsequenteleases.This approach,
however, hasthe advantageof simplicity, and usingit we
candraw several conclusionghatareindependenof these
assumptions.

3.22 Measuring costs.

Thereare two coststo considerwith respectto testsuite
minimization.

Thefirst costis the costof executinga minimizationtool
to producethe minimizedtestsuite. However, a minimiza-
tion tool canberunfollowing thereleasef aproduct,auto-
maticallyandduringoff-peakhours,andunderthis process
the costof runningthe tool may be noncritical. Moreover,
having minimized a testsuite, the costof minimizationis
amortizedover theusesof thatsuiteon subsequerproduct
releasesandthusassumegprogressiely lesssignificancen
relationto othercosts.

The secondcostto consideris more significant. Test
suiteminimizationmay discardsometestcaseghat, if ex-
ecuted,would reveal defectsin the software. Discarding
thesetestcasegeduceghe fault detectioneffectivenesf
the testsuite. The costof this reducedeffectivenesanay
be compoundedatherthanamortizedover usesof thetest
suiteon subsequenproductreleasesandthe effectsof the
missedfaultsmay be critical. Thus,in this experiment,we
focusonthecostsassociatewvith discardingault-revealing
testcases.

We consideredwo methoddgor calculatingreductionsn
fault detectioreffectiveness.

On a per-test-case basis: Oneway to measurdghe cost
of minimizationin termsof effectson fault detectiongiven
faulty program P andtestsuite T, is to identify the test
casesn T thatrevealafaultin P butarenotin T,,;,. This



guantitycanbenormalizedy thenumberof fault-revealing
testcasesin T. One problemwith this approachis that
multiple testcasesmay reveal a given fault. In this case
sometestcasesould be discardedvithout reducingeffec-
tivenessthis measurgenalizesuchadecision.

On a per-test-suite basis: Anotherapproachs to clas-
sify theresultsof testsuiteminimization,relatve to agiven
faultin P, in oneof threeways: (1) notestcasdn 7' is fault-
revealing,and,thus,notestcasen T,,;, is fault-revealing;
(2) sometestcasein bothT andT,,;, is fault-revealing;or
(3) sometestcasein T is fault-revealing,but notestcasen
T,nin is fault-revealing. Casel denotessituationsin which
T isinadequateCase? indicatesa useof minimizationthat
doesnot reducefault detection,and Case3 capturessitua-
tionsin which minimizationcompromise$ault detection.

For this experimentwe baseour measurementsf cost
onthesecondapproachFor eachprogram,our measuref
reducedeffectivenesss the percentagef faultsfor which
T,.:» containgofault-revealingtestcasesbut T' doescon-
tainfault-revealingtestcasesMorepreciselyif | F'| denotes
the numberof faultsrevealedby T overthefaulty versions
of programP, and|F,;,,| denoteghe numberof faultsre-
vealedby T,,;, over thoseversionsthe percentageeduc-
tion in fault-detectioreffectivenesof minimizationfor P,
T, andT ;. is givenby (% * 100).

Notethatthis methodof measuringhecostof minimiza-
tion calculateostrelative to a fixed setof faults. This ap-
proachalsoassumeshatmissedfaultshave equalcosts,an
assumptiorthattypically doesnotholdin practice.

3.3 Experimental instrumentation

3.3.1 Programs.

We usedseren C programsassubjectyseeTable1). Each
programhasavarietyof versionsgachcontainingonefault.
Eachprogramalsohasalargeuniverseof inputs. Thesepro-
grams,versionsandinputswereassembledby researchers
at SiemensCorporateResearcHor a study of the fault-
detectioncapabilitiesof control-flov and data-flav cover-
agecriteria[9]. We describethe otherdatain the tablein
thefollowing paragraphs.

3.3.2 Faulty versions, test cases, and test suites.

The researchersaat Siemenssoughtto study the fault-
detectingeffectivenes®f coveragecriteria. Thereforethey
createdaulty versionsof the sevenbaseprogramsby man-
ually seedingthoseprogramswith faults,usually by mod-
ifying a singleline of codein the program.In a few cases
they modified betweentwo andfive lines of code. Their
goalwasto introducefaultsthatwereasrealisticaspossi-
ble, basedntheir experiencewith realprograms.Tenpeo-
ple performedthe fault seedingworking “mostly without

Lines No. of TestPool
Program | of Code | Versions Size Description
totinfo 346 23 1052 informationmeasure
schedulel 299 9 2650 priority scheduler
schedule2 297 10 2710 priority scheduler
tcas 138 41 1608 altitudeseparation
printtok1 402 7 4130 lexical analyzer
printtok2 483 10 4115 lexical analyzer
replace 516 32 5542 patternreplacement

Table 1. Experimentabubjects.

knowledgeof eachotherswork” [9, p. 196].

For eachbaseprogram,the researcherat Siemenscre-
ateda large testpool containingpossibletestcasedor the
program.To populatethesetestpools,they first createdan
initial setof black-boxtestcases‘accordingto goodtest-
ing practices,basedon the testers understandingf the
programs functionality and knowledge of specialvalues
andboundarypointsthatareeasilyobsenablein the code”
[9, p. 194], usingthe categyory partition methodand the
SiemensTest SpecificationLanguagetool [1, 11]. They
then augmentedhis setwith manually-createdvhite-box
testcaseso ensurethat eachexecutablestatementgdge,
and definition-usepair in the baseprogramor its control
flow graphwas exercisedby at least30 testcases.To ob-
tain meaningfulresultswith the seededrersionsof the pro-
grams,the researchersetainedonly faultsthat were “nei-
thertoo easynortoo hardto detect’[9, p. 196], whichthey
definedasbeingdetectabldy atleastthreeandat most350
testcasesn thetestpool associateavith eachprogram.

Figurel shavsthesensitvity to detectiorof thefaultsin
theSiemensersiongelativeto thetestpools;theboxplotg
illustrate that the sensitvities of the faults vary within
and betweenversions,but overall fall between.05% and
19.77%.Thereforeall of thesefaultswere,in theterminol-
ogy of the WHLM study “Quadrant” faults,detectabldy
fewerthan25%of thetestpoolinputs.

To investigateour hypotheseswve required coverage-
adequateest suitesthat exhibit redundang in coverage,
andwe requiredthesein a rangeof sizes.As anadequag
criteriawe choseedge coverage: acoveragecriteriasimilar
to decisioncoveragebut definedon controlflow graphs?

2A boxplotis a standardstatisticaldevice for representinglatasets
[10]. In theseplots, eachdatasets distribution is representetby a box.
Thebox’s heightspanghe central50%of thedataandits upperandlower
endsmarktheupperandlower quartiles.Themiddleof thethreehorizontal
lineswithin the box representshe median. The vertical lines attachedo
theboxindicatethetails of thedistribution.

3A testsuiteT is edge-corerage adequatefor programp iff, for each
edgee in eachcontrol flow graphfor someprocedurein P, if e is dy-
namically exercisable thenthereexists at leastonetestcaset € T' that
exercisese. A testcaset exercisesanedgee = (n1,n2) in controlflow
graphG iff ¢ causesxecutionof the statementissociatedvith n1, fol-
lowedimmediatelyby the statemenassociatedavith no.
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Figure 1. Boxplotsthatshaw, for eachof theseven pro-
gramsthedistribution,overtheversionof thatprogram of
the percentagesf inputsin the testpoolsfor the program
thatexposefaultsin thatversion.

We usedthe Siemengestpoolsto obtainedge-coerage
adequatetest suitesfor each subjectprogram. Our test
suitesconsistof a varying numberof test casesselected
randomlyfrom the associatedestpool, togetherwith ary
additionaltestcasegequiredto achiere 100%coverageof
coverableedgest We madeno attemptto avoid addingtest
caseghatachieve equivalentexecutiontracesto testsuites;
thus,multiple testcasesn thetestsuitefor a programmay
traversethe samepathsthroughthat program. However,
we did not add ary particulartest caseto ary particular
testsuitemorethanonce. To ensurethat thesetest suites
would possessarying rangesof coverageredundang, we
randomlyvariedthenumberof randomlyselectedestcases
over sizesrangingfrom 0 to .5 timesthe numberof lines of
codein the program. Altogether we generated 000 test
suitesfor eachprogram.

Figure 2 provides a view of the rangeof sizesof test
suitescreatedby the procesgust described.The boxplots
illustratethatfor eachsubjectprogramourtestsuitegener
ationproceduregyieldedauniverseof testsuitesof sizesthat
are relatively evenly distributed acrossthe rangeof sizes
utilized for thatprogram.

Analysisof thefault-detectioreffectivenesof thesetest
suites shaws that, except for eight of the test suitesfor
schedul e2, everytestsuiterevealedat leastonefaultin
the setof faulty versionsof the associateghrogram. Thus,
althougheachfaultindividually is difficult to detectrelative
to the entiretestpoolfor the program almostall (99.9%)of
the testsuitesutilized in the studypossessedt leastsome
fault-detectioreffectivenesselative to the setof faulty pro-
gramsutilized.

4To randomly selecttest casesfrom the test pools, we usedthe C
pseudo-random-numbgeneratofrand”, seedednitially with the output
of the C “time” systemcall, to obtainan integer which we treatedasan
index ¢ into thetestpool (modulothesizeof thatpool).
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Figure 2. Boxplotsthatshav, for eachof the sevenpro-
grams,the distribution of sizesamongstthe unminimized
testsuitesfor thatprogram.

3.3.3 Test suite minimization tools.

To performthe experimentswe requireda testsuite min-
imizationtool. We implementedhe algorithmof Harrold,
Guptaand Soffa [7] within the Aristotle programanalysis

system6].
3.4 Experimental design

3.4.1 Variables.

The experimentmanipulatedwo independentariables:

1. Thesubjectprogram(7 programsgachwith a variety
of faulty versions).

2. Test suite size (between0Q and .5 times lines-of-
codetestcasegandomlyselectedrom the testpool,
togetherwith additional test casesas necessaryto
achieve 100%coverageof coverableedges).

We measuredhreedependentariables:

1. For eachprogramP andtestsuiteT’, we measuredhe
sizeof theminimizedversionof thatsuite, T},

2. On eachrun, with programP, faulty versionP’, and
testsuiteT', whethemneor moretestcasesn T reveals
thefaultin P’.

3. On eachrun, with programP, faulty versionP’, and
testsuiteT},;,,, whetheroneor moretestcasesn T,
revealsthefaultin P'.

3.4.2 Dedgn.

This experimentusesa full-f actorial designwith 1000re-
peatedneasuresThatis, for eachsubjectprogramwe cre-
ated1000edge-cwerage-adequatestsuitesfrom the test



pools.For eachtestsuite,we thenappliedthe minimization
techniqueandevaluatedthe fault detectioneffectivenesf
theoriginalandminimizedtestsuites.

3.4.3 Threatsto validity.

In this sectionwe discusssomeof the potentialthreatsto
thevalidity of our studies.

Threatsto internal validity are influencesthat can af-
fectthedependemntariablesvithouttheresearchesknowl-
edge,andthatthusaffect any suppositiorof a causalrela-
tionship betweenthe phenomenainderlyingthe indepen-
dentand dependentariables. In this study our greatest
concerngor internalvalidity involve thefactthatwe do not
controlfor the structureof the subjectprogramsor for the
locality of programchangesandthat we utilize only one
type of testsuite. To limit problemsrelatedto this, we run
our testsuiteminimizationalgorithmon eachtestsuiteand
eachsubjectprogram.

Threatsto externalvalidity are conditionsthatlimit our
ability to generalizeour results. The primary threatsto
externalvalidity for this study concernthe representatie-
nessof the artifactsutilized. First, the subjectprograms,
thoughnontrivial, are small, and larger programsmay be
subjectto differentcost-benefitradeofs. Also, thereis ex-
actly oneseededaultin every subjectprogram;in practice,
programshave much more comple error patterns. Fur
thermore,the faults were all deliberatelychosen(by the
Siemengesearchergp be faultsthatwereneithertoo dif-
ficult nortoo easyto detect. Finally, the testsuiteswe uti-
lized represenbnly onetype of testsuitethatcould appear
in practice,if a mix of non-coverage-basednd coverage-
basedestingwerebeingutilized. Thesethreatscanonly be
addressedly additionalstudies utilizing a greaterangeof
artifacts.

Threatgo constructwvalidity arisewhenmeasuremerih-
strumentsdo not adequatelycapturethe conceptshey are
supposedo measure For example,in this experimentour
measure®f costand effectivenessare very coarse: they
treatall faultsasequallysevere,andall testcasesasequally
expensve.

4 Dataand Analysis

Our analysisstratgyy hasthreesteps.First, we summa-
rize the dataon testsuitesizereductionandfault-detection
effectivenesgeduction. Thenwe compareour resultswith
theresultsof theWHLM study anddiscusgactorshatmay
be responsibldor differencedbetweerthe results. Finally,
in Sectionb, we summarizeour resultsandmake additional
obsenations.
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Figure 3. Boxplotsthatshav, for eachof the sevenpro-
grams thedistribution of sizesamongsthe minimizedtest
suitesfor thatprogram.

41 Test suitesizereduction

Figure 3 depictsthe sizesof the minimizedtest suites
for the seven subjectprograms. As the figure shaws, the
minimizedsuiteshave averaggmedian)sizesrangingfrom
5(fort cas)to12(forr epl ace)—betweerB7%and95%
smallerthantheaveragesizesof theoriginaltestsuites.The
minimized suitesfor eachprogramalso demonstratdittle
variancen size:t cas shaving theleastvariancgbetween
4 and5 testcases)andpr i nt t okl shaving the greatest
(betweerb and14testcases)Minimized testsuitesizefor
agivenprogramis thus,for our programsandminimization
tool, relatively stable.

Figure4 depictsthesavings(percentageeductionin test
suite size) producedby minimizationin termsof the for-
muladiscussedh Section3.2.1,for eachof thesubjectpro-
grams. The datafor eachprogramP is representedby a
scatterplotontainingapointfor eachof the 1000testsuites
utilized for P; eachpointshows the percentagsizereduc-
tion achievedfor atestsuiteversughesizeof thattestsuite
prior to minimization. Visual inspectionof the plots indi-
catesa sharpincreasen testsuite sizereductionover the
first quartileof testsuitesizes taperingoff assizeincreases
beyondthefirst quartile. The datagivesthe impressionof
fitting alogarithmiccurve.

To verify the correctnesof this impression,we per
formedlogarithmicregressioron thedatadepictedn these
plots,andcalculatedhe squareof the Pearsomproductmo-
mentcorrelationcoeficient, 2.5 Table2 shavs theregres-
sion results: they indicate a relatively stronglogarithmic
correlationbetweernreductionin testsuitesize (savings of
minimization)andinitial testsuitesize.

512 isadimensionlesédex thatrangedrom zeroto 1.0,inclusive, and
reflectsthe extentof the correlationbetweertwo datasets.An r2 valueof
1.0indicatesa perfectlylinear relationshipwith no noise,whereasanr?
valueof zeroindicatesarandomrelationshig[10].
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program regressiorequation r?

totinfo y = 13.82Ln(x) + 30.31 | 0.75
schedulel|| y = 15.38Ln(x) + 24.20 | 0.80
schedule2|| y = 15.20Ln(zx) + 25.19 | 0.80
tcas y = 24.31Ln(z) — 3.95 | 0.88
printtokl || y = 12.76Ln(z) + 31.69 | 0.80
printtok2 || y = 12.11Ln(z) + 34.22 | 0.78
replace y = 16.73Ln(z) + 7.07 | 0.85

Table 2. Correlationbetweertestsuitesizereductionand
sizeof initial testsuite.

Our experimentalresults supportour hypothesis(H1)
that test suite minimization can producesavings in test
suite size on coverage-adequatesoverage-redundartest
suites. The resultsalso supportour hypothesigH2) that
as test suite size increasesthe savings producedby test
suite minimizationincrease.Analysisof the datasuggests
thatthe increasan savingsis logarithmicin theincreasen
testsuite size. The savings increaseat a rapid rate across
(approximately)the first quartile of test suite sizes— a
rangethat correspondsn our study to test suite sizesof
up to one-eightithe numberof statementin the program.
Significantly theseresultsarerelatively consistentacross
the seven subjectprogramsdespitethe differencesn size,
structure andfunctionalityamongthoseprograms.

4.2 Fault detection effectivenessreduction

Figure5 depictsthe cost(reductionin fault detectionef-
fectiveness)ncurredby minimization,in termsof the for-

muladiscussedn Section3.2.2,for eachof the sevensub-
ject programs.The datafor eachprogramP is represented
by a scatterplotontaininga point for eachof the 1000test
suitesutilized for P; eachpoint shaws the percentagee-
ductionin fault detectioneffectivenessobsened for a test
suiteversughesizeof thattestsuiteprior to minimization.

The scatterplotshawv that the fault detectioneffective-
nessof testsuitescan be severely compromisedy mini-
mization. For example,on r epl ace, the largestof the
subjectprogramsminimizationreducedault-detectioref-
fectivenesdy over 50%for morethanhalf of thetestsuites
considered.Also, althoughin a small percentag®f cases
minimizationdoesnot reducefault-detectioreffectiveness
(e.g.,onpri ntt okl),therearemary casesn which min-
imization reducesthe fault-detectioneffectivenessof test
suitesby 100%(e.g.,onschedul e2).

Visualinspectionof the plots suggestshat reductionin
fault detectioneffectivenessslightly increasesastestsuite
sizeincreasesTestsuitesin thesmallessizerangesio pro-
duceeffectivenesdossesf lessthan50% morefrequently
thanthey producelossesin excessof 50%, a situationnot
true of the larger testsuites. Even the smallesttestcases,
hawever, exhibit effectivenesseductionsn mostcasesfor
example,on r epl ace, testsuitescontainingfewer than
50 testcasesexhibit an averageeffectivenesgeductionof
nearly40%,andfew suchsuitesdo notloseeffectiveness.

Theseresultssupportour hypothesigH3) thattestsuite
minimizationcancompromisehefault-detectioreffective-
nessof coverage-adequatepverage-redundaréstsuites.
However, the results only weakly supportour hypothe-
sis (H4) that as test suite size increasesthe reductionin
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Figure 5. Percentagesductionin fault-detectioreffectivenessasaresultof minimization,versussizesof initial testsuites.Hori-
zontalaxesdenotethesizeof theinitial testsuitesandverticalaxesdenotethepercentageeductionin fault-detectioreffectiveness.

the fault-detectioreffectivenesof thosetestsuiteswill in-
crease.

In contrasto the scatterplotshaving sizereductionef-
fectivenessthe scatterplotshaving reductionin fault de-
tection effectivenessdo not give a strong impressionof
closelyfitting any curve or line: thedatais muchmorescat-
teredthanthedatafor testsuitesizereduction.Ourattempts
to fit linear, logarithmic,andquadratiaegressiorcurvesto
the datavalidatethis impression: the datain Table 3 re-
vealslittle linear, logarithmic,or quadraticcorrelationbe-
tweenreductionin fault detectioneffectivenessandinitial
testsuitesize.

One additional feature of the scatterplotsof Figure 5
bears mentioning: on several of the graphs, there are
markedly visible “horizontallines” of points. In the graph
for pri ntt ok1, for example thereareparticularlystrong
horizontallines at 0%, 20%, 25%, 33%, 40%, 50%, 60%,
and67%. Suchlinesindicatea tendeng for minimization
to excludeparticularpercentagesf faultsfor the programs
onwhichthey occut

This tendeng is partially explainedby our useof a dis-
cretenumberof faultsin eachsubjectprogram.Givenatest
suite that exposesk faults, minimization can exclude test
caseghat detectbetween0 andk of thesefaults, yielding
discretepercentagesf reductionsin fault-detectioreffec-
tiveness. For pri ntt ok1, for example,thereare seven
faults,of which the unminimizedtestsuitesmayreveal be-
tweenzeroandsesen. Whenminimizationis appliedto the
testsuitesfor pri ntt ok1, only 19 distinct percentages
of fault detectioneffectivenesseductioncanoccur: 100%,

86%, 83%, 80%, 75%, 71%, 67%, 60%, 57%, 50%, 43%,
40%, 33%, 29%, 25%, 20%, 17%, 14%, and0%. Eachof
thesepercentagesxcept29% and 100%is evidentin the
scatterploffor pri ntt ok1. With all pointsoccurringon
thesel6 percentagesheappearancef linesin thegraphis
unsurprising.

It follows thatasthe numberof faultsutilized for a pro-
gramincreasesthe presencef horizontallines shouldde-
creasethisis easilyverified by inspectingthe graphs con-
sideringin turn pri nt t okl with 7 faults,schedul el
with 9, schedul e2 with 10, printtok2 with 10,
t oti nf o with 23,r epl ace with 32,andt cas with 41.

This explanation, however, is only partial: if it were
complete, we would expect points to lie more equally
amongthe variousreductionpercentageéwith allowances
for thefactthattheremaybe multiple waysto achieve par
ticularreductiorpercentages)lhefactthattheoccurrences
of reductionpercentagesire not thus distributed reflects,
we believe, variancein faultlocationsacrosshe programs,
coupledwith variancein test coveragepatternsof faulty
statements.

4.3 Comparison to previousempirical results

Both the WHLM study and our study supportour hy-
pothesedH1 andH2, thattestsuite minimizationcan pro-
ducesavings (in testsuite size reduction),and that these
savzingsincreasewith testsuitesize. Both studiesalsosup-
port, to somedegree, hypothesisH4, that reductionsin
fault-detectioneffectivenessincreaseas test suite size (or



program regressiorine 1 r?

regressiorine 2 r?

regressiorine 3 r

totinfo y=0.11z +29.66 | 0.11
schedulel| y = 0.15z +38.92 | 0.12
schedule2| y = 0.28x + 34.86 | 0.16
tcas y = 0.68x + 34.89 | 0.38

printtokl | y = 0.16x + 22.48 | 0.18
printtok2 | y = 0.07x + 12.44 | 0.11
replace y=0.11x +42.67 | 0.20

y = 8.68Ln(z) + 2.70 | 0.16
y = 10.03Ln(x) + 9.25 | 0.15
y = 17.70Ln(z) +17.12 | 0.20
y = 22.18Ln(x) — 16.23 | 0.47
y = 14.68Ln(z) + 26.34 | 0.20
y = 6.91Ln(x) +11.13 | 0.14
y = 13.07Ln(x) + 4.82 | 0.26

y = —0.002z> + 0.45z + 19.03 | 0.16
y = —0.002z> + 0.47z +29.80 | 0.15
y = —0.004z? + 0.89z +17.07 | 0.21
y = —0.020z> + 2.18z + 13.41 | 0.46
y = —0.001z> + 0.44x + 10.94 | 0.20
y = —0.001z> +0.19z + 6.84 | 0.13
y = —0.001z> + 0.41z + 26.79 | 0.28

Table 3. Correlationbetweerreductionin fault detectioreffectivenessandsizeof initial testsuite.

in thecaseof theWHLM study aspercentagef block cov-
erageachiesedby testsuites)increases.

The two studiesdiffer substantially however, with re-
spectto hypothesisH3. The authorsof the WHLM study
concludethat, for the programsand test casesthey stud-
ied: (1) testsuitesthat do not add coverageare not likely
to detectadditionalfaults,and(2) effectivenesseductionis
insignificanteven for testsuitesthat have high block cov-
erage.This conclusioncontrastsmarkedly with our results,
andwe would like to know the cause®f this difference.

A preciseanswetto this questionis outsideof the scope
of this work, asit requiresa controlledcomparatie study
We suggessereral potentialcauses.

The subjectprogramsutilized by the two studiesdif-
fered,andall but one of our programswerelargerthanall
but oneof theWHLM programs However, all subjectpro-
gramscontainedewerthan1000linesof code.

The WHLM study used ATAC for minimization,
whereaour study utilized the algorithmof Referencd7].
Referencg14] reportsthat the ATAC approachachieved
minimaltestselectioronthe casestudied;we have notyet

determinedvhetherour algorithmwas equally successful.

However, if our algorithmis lesssuccessfuthanthe algo-
rithm usedin the WHLM study we would expectthis to
causeausto understatgossiblereductionsn faultdetection
effectiveness.

Althoughbothstudiesutilized seededaultsthatmaybe
accuratelydescribedas“mutation-like”, all of thefaultsuti-
lizedin our studywereQuartilel faults,whereaonly 41%
of thefaultsusedn theWHLM studywereQuatrtilel faults.
Easily detectedaultsarelesslikely to go unrecognizedn
minimizedtest suitesthan faults that are more difficult to
detect;thus, we would expectour resultsoverall to shav
greaterreductionsin fault-detectioreffectivenesghanthe
WHLM study However, the authorsof the WHLM study
did separatelyeportresultsfor Quartilel faults,andin their
study minimizedtestsuitesmissedfew of thesefaults.

A morelikely causeof differencesstemsfrom the fact
thatin the WHLM study testsuiteswereminimizedfor all-
usescoverage whereasour study minimizedfor all-edges
coverage. All-uses coveragerequiresmoretest casesand

greatercodecoverageoverall thanall-edgescoverage.The
authorsof the WHLM study suggesthat, had they mini-
mized with respectto block coverage,“both the size and
effectivenesseductionsof the minimized test setswould
have beensubstantiallygreaterthanfor minimizationwith
respecto all-usescoverage’[14, page43].

In our opinion, the factorlikely to be mostresponsible
for differencesin resultsin the two studiesinvolves the
typesof testsuitesutilized. The WHLM study usedtest
suitesthat were not coverage-adequatendthat were rel-
atively small comparedo our testsuites. Overall, 933 of
the 1022testsuitesutilized in the WHLM studybelonged
to groupsof testcasesvhoseaveragesizesdid not exceed
7 testcasesSmalltestsuitesizereduceopportunitiedoth
for minimization,andfor reductionin fault-detectioreffec-
tivenessFurtherdifferencesn testsuitesstemfrom thefact
thatthe testpoolsusedin the WHLM studyassourcedor
testsuitesdid notcontaintrace-redundanéstcasesanddid
not necessarilycontainary minimumnumberof testcases
per covereditem. Thesedifferencesmay contributeto re-
ducedredundang in test coveragewithin test suites,and
reducethe likelihoodthat minimizationwill excludefault-
revealingtestcases.

Furtherunderstandingf the factorsthat causedhe dif-
ferencedn the resultsof the two studieswould be useful;
we leave this for futurework.

5 Summary and Conclusions

As we discussecbarlier, this experimentlike ary other,
hasseverallimits to its validity. In particular theselimits
includeseveralthreatgo externalvalidity thatlimit ourabil-
ity to generalizeour results;thesethreatscanbe addressed
only by additionalexperimentatiorwith a wider variety of
programsfaults,andtestsuites.Keepingthis in mind, we
draw thefollowing conclusions.

Our resultsstrongly supportour first threehypotheses:
giventestsuitesthat are coverage-adequat@nd coverage-
redundanttest suite minimization can provide significant
savingsin testsuitesize. Thesesavingscanincreaseasthe
size of the original testsuitesincreasesandthesesasings



are relatively highly correlated(logarithmically) with test
suite size. However, minimization can significantly com-
promisethefault-detectiorabilitiesof suchtestsuites even
whenthetestsuitesarenot particularlylarge.

Our resultsonly marginally supportour fourth hypothe-
sis: degreeof reductionin faultdetectioreffectivenessloes
notmarkedlyincreaseastestsuitesizeincreasesMoreim-
portantly we did not obsene a closecorrelationbetween
fault detectioneffectivenessand test suite size. Concev-
ably, thepresencef discretenumbersf faultsin ourexper
imentalsubjectamay have influencedthis result: givenan
effectively infinite (or at leastsignificantlylarger) number
of faultsour resultsmight have differed. Neverthelessthe
resultssupportan hypothesighat somefactorsotherthan
testsuite size play a significantrole in lossof fault detec-
tion effectiveness.

A comparisonof our resultswith thoseof the WHLM
study revealssimilaritiesin all but oneimportantrespect:
the two studiesdiffer substantiallyin termsof the costsin
fault-detectioreffectivenesghatthey attribute to testsuite
minimization. We have suggestedeveral possiblereasons
for this difference,and we are pursuingfurther studiesto
investigateheissuein greaterdepth.In particular we will
soonrepeatour studyusingminimizationfor all-usescov-
erage.

Finally, of particularsignificanceo testingpractitioners
is thefactthatour resultsdemonstrat@o clearcost-benefit
tradeofs associatedvith the useof testsuiteminimization.
In our study astestsuite sizeincreasedthe savings pro-
videdby minimizationincreasedbut regardles®f thelevel
of savings provided, potentiallossesin fault-detectioref-
fectivenessvariedwidely. This is unfortunate becauseas
testers,we prefersituationsin which the risks inherentin
our testingprocessegelatemeasurablyo the effort we put
into thoseprocessesin suchcaseswe can balancethose
risksagainsthe costsof our efforts. Thus,we would prefer
thattherisksinherentin reducingtestsuitesizebe related
to to the potentialfor savings resultingfrom reducingtest
suitesize. Theresultsof this studysuggesthatsucharela-
tionshipmaynot hold.

Given this fact, and the suggestionthat some factor
otherthantestsuite sizeinfluencesthe reductionin fault-
detectioreffectivenesshatattendsninimization,apossible
conclusionis thatwe may not wantto minimizetestsuites
strictly in termsof codecoverage. Alternative minimiza-
tion stratgjies,whosecost-benefitradeofs aremoreclear
couldbebeneficial.
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