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Search-Based Regression 
Testing Optimization
Nagwa R. Fisal, Suez Canal University, Egypt

Abeer Hamdy, British University in Egypt, Egypt

Essam A. Rashed, Suez Canal University, Egypt

ABSTRACT

Regression testing is one of the essential activities during the maintenance phase of software
projects.Itisexecutedtoensurethevalidityofanalteredsoftware.However,asthesoftwareevolves,
regressiontestingbecomesprohibitivelyexpensive.Inordertoreducethecostofregressiontesting,it
ismandatorytoreducethesizeofthetestsuitebyselectingthemostrepresentativetestcasesthatdo
notcompromisetheeffectivenessoftheregressiontestingintermsoffault-detectioncapability.This
problemisknownastestsuitereduction(TSR)problem,anditisknowntobeanNP-complete.The
paperproposesamulti-objectiveadaptedbinarybatalgorithm(ABBA)tosolvetheTSRproblem.
Theoriginalbinarybat(OBBA)algorithmwasadaptedtoenhanceitsexplorationcapabilitiesduring
thesearchforaPareto-optimalsurface.TheeffectivenessoftheABBAwasevaluatedusingsixJava
programswithdifferentsizes.Experimentalresultsshowedthatforthesamefaultdiscoveryrate,the
ABBAiscapableofreducingthetestsuitesizemorethantheOBBAandtheBPSO.

KeywORdS
Binary Bat Algorithm, Multi-Objective Optimization, Mutation Testing, Regression Testing, Search-Based 
Software Engineering, Software Testing, Test Suite Reduction

INTROdUCTION

Assoftwaretestingisknowntobeanexpensiveprocess,open-sourcesoftwareisusuallyreleased
with several bugs; e.g., at the early releases of Mozilla and Eclipse, about 170 and 120 bugs
respectively were reported daily (Abeer Hamdy & El-Laithy, 2020; Abeer Hamdy & Ellaithy,
2020;AbeerHamdy&Ezzat,2020).Itisessentialtodesignacost-effectivetestplanthatdetectsas
manydefectsaspossiblebeforethereleaseoftheopen-sourcesoftwaretoensurethequalityofthe
deliveredsoftware.Especially,duringthemaintenancephase,enhancementsandmodificationsare
madetothesoftware,whichnecessitatesthedevelopmentandexecutionofnewtestcasestotestthe
modifications;inadditiontothere-executionoftheearliertestcases,totestthesoftwarestability
afterenhancements(Catal&Mishra,2013).Testingthebehaviorofthewholesystemundertest
(SUT)beforereleaseandaftereachmodificationiscalledregressiontesting(Leung&White,1989;
Rosero,Gómez,&Rodríguez,2016).Thecostofregressiontestingincreasesovertimeduetothe
increaseinthetestsuitesize.So,itisimportanttofindthesmallestrepresentativesubsetofthetest
suitewithoutcompromisingthefault-detectioncapabilityoftheoriginaltestsuite(Gotlieb&Marijan,
2014;Nadeem&Awais,2006).Thisproblemisknownastestsuitereductionproblem(TSR).One
waytoassessthecapabilitiesofthereducedtestsuite,indiscoveringbugs,isthroughtheutilization
ofafault-basedtestingtechniquecalledmutationtesting.Mutationtestingcalculatesascoreforthe
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testsuitewhichindicatesitscapabilitiesondiscoveringbugsintheSUT(Jia&Harman,2010).The
TSRproblemisknowntobeacombinationaloptimizationproblemthatcanbedescribedasaset
coveringproblemwhichisknowntobeNP-complete(Gary&Johnson,1979).Inpractice,thereis
noefficientsolutionforNP-completeproblems.However,suboptimalsolutionscouldbefoundusing
search-basedoptimization(SBO)algorithms(Chen&Lau,1998).Batalgorithm(BA)isarecentand
efficientSBOalgorithm,whichmimicstheecholocationbehaviorofbatstofindaglobaloptimal
solution(Yang,2010).TheperformanceoftheBAwasreportedintheliteraturetobesuperiorto
otherSBOalgorithmssuchastheparticleswarmoptimization(PSO)(Eberhart&Kennedy,1995;A
Hamdy&Mohamed,2019)andGeneticalgorithms(GA)(AbeerHamdy,2014),overthemajority
ofbenchmarkfunctionsandrealapplications.

Aims and Contributions
Theaimofthispaperistoreducethecostoftheregressiontesting,throughreducingthetestsuite
sizeusingtheBA.Ourcontributionstoaccomplishthisaimaresummarizedasfollows:

• ProposingmodificationstotheOriginalBinaryBatAlgorithm(OBBA)(Mirjalili,Mirjalili,&
Yang,2014)toenhanceitsexplorationandexploitationcapabilities;sotoreduceitsoccasionally
failuretoconvergetoglobaloptimumsolutions.

• FormulatingtheTSRproblemintermsoftwoobjectiveswhichare:thecostofthereducedtest
suiteandthemutationscore.Then,applyingthevariableweightedsummethod(Yang,2011)
toguidetheAdaptedbinaryBA(ABBA)searchforthenon-dominatedsolutionsthatforma
Pareto-optimalsurface.

• EvaluatingtheperformanceoftheABBAagainsteachoftheOBBAandtheBinaryParticle
SwarmOptimizationBPSO(Bansaletal.,2011)insolvingthemulti-objectivesTSRproblem
oversixJavaprogramsofdifferenttestsuitesizesanddifferentnumberofmutants.

Therestofthepaperisorganizedasfollows:Section2introducessomeimportantpreliminaries
for thiswork.Section3discusses theprevious studies that tackled theTSRproblem.Section4
presentsthemulti-objectiveadaptedbinarybatalgorithmforsolvingtheTSRproblem.Section5
discussestheexperimentsandresults.Finally,Section6concludesthepaperandintroducespossible
extensionstothiswork.

BACKGROUNd

TestSuiteReductionProblem

Given:AtestsuiteTS  whichincludesd testcases,andasetofn mutants mu mu
n1

, ,…{ } ,that
shouldbekilledtoprovideanadequatetestingoftheSUT.Eachtestcase tc

j
cankilloneor

moremutantsmu
i
.

Problem:FindanadequatesubsetT S TS
'

⊆ thatcankillasmanyaspossiblenumberofmutants
andincludesasfewaspossiblenumberoftestcases.Thesetwoobjectivesarecontradictory;
thisisthereasonweformulatedtheTSRproblemasamulti-objectiveoptimizationproblem.

Pareto Optimal Concepts
Inmulti-objectiveoptimizationproblems,thereisnosinglesolutionbutasetofmultipletrade-off
solutions(Ngatchou,Zarei,&El-Sharkawi,2005).Thevectorofdecisionvariablesthatoptimizes
theconsideredobjectivefunctionsandsatisfytheproblemconstrainsiscalledaParetofront.Thus,
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theParetofrontisasetofParetosolutionswhicharenotdominatedbyanyothersolutionasshown
inFigure1.Asolution x x x x

n
= 


1 2

, ,..., issaidtodominateasolution y y y y
n

= 

1 2

, ,..., ,ifand
onlyify isnotbetterthan x foranyobjective i n= 1 2, ,..., ,andthereexistatleastoneobjective
x
i
in x whichisbetterthanitscorrespondingobjective y

i
in y .Abettersolutionmeansithasa

minimumvaluewhentheproblemisminimizationandonthecontraryinmaximizationproblem.
Onthecontrary,twosolutionsaresaidtobenon-dominatedwhennoneofthemdominatestheother.
Figure1depictsthedifferencebetweendominatedandnon-dominatedsolutionsandrepresentsthe
Paretofront.Inthefigure,theobjectivefunctions f1 and f 2 aretobeminimized.Itisobviousthat
solution A dominates solution D because f A f D1 1( ) < ( )  and f A f D2 2( ) < ( ) . Moreover the
solutionsA B C,  and arenon-dominatedsolutionsbecausenoneofthemisbetterthantheothers
inbothobjectives;asA isthebestforobjective f1 ,whereasC isthebestfor f 2 objective,and
B isbetterthanA forobjective f 2 andbetterthanC  ortheobjective f1 .Thesetofhigh-quality
solutions of the multi-objective optimization problem is called the Pareto optimal set, and its
representationintheobjectivespaceistheParetofront.Thissetsatisfytwoproperties:(i)anysolution
foundisdominatedbyatleastonesolutionintheParetoset,and(ii)everytwosolutionsintheset
arenon-dominatedtoeachother.GeneratingtheParetofrontassiststhedecisionmakertotakean
informeddecisionthroughprovidinghimwithawiderangeofsolutions,Paretoset,thatareoptimum
fromdifferentpointofview.

Particle Swarm Optimization Algorithm
PSO is one of the swarm intelligence algorithms that was proposed in 1995 by Eberhart et al.
(Eberhart&Kennedy,1995).Itisinspiredbythesocialbehaviorofbirdflocksthatcollaboratively
worktogethertoreachthepointthathasthemostresources.Thewholeflockiscalledswarm,while
eachbirdintheswarmiscalledaparticle.Eachparticleisasolutioninthesearchspaceandhas
threeattributesnamely,velocity,position,andbestexploredpositionbytheparticle.Thevelocity
attributeguides theparticlemotion to its nextposition.Theparticle’sposition isupdated every
iterationaccordingto:(i)theparticle’scurrentvelocityvalue,(ii)theglobalbestpositionthatwas
foundbytheswarm,and(iii)thebestexploredpositionfoundbytheparticle.ThePSOalgorithm
iteratesforapredeterminednumberofiterationsoruntilaminimumerrorvalueisachieved.PSO
wasoriginallydevelopedforrealvaluedspaces,butin1997,Kennedyetal.(Kennedy&Eberhart,
1997)introducedabinaryversionofPSO(BPSO)fordiscreteoptimizationproblems.IntheBPSO

Figure 1. A sample representation of dominated, non-dominated solutions and a Pareto front
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particle’spositionisrepresentedusingabinaryvalue,0or1.Thevelocityofaparticleisdefinedas
theprobabilitythataparticlechangesitsposition.

Bat Algorithm
Batalgorithm(BA)isaoneoftherecentmetaheuristicswarmintelligenceoptimizationalgorithms
whichisproposedbyYang(Yang,2010).BAwasinspiredbythebehaviorofthemicro-bats.Abat
b
i
fliesrandomlywithvelocityV

i
atpositionX

i
withafrequencyF

i
,varyingwavelengthλ

i i i
V F= 

and loudness A
i
 tosearchforafood/prey ina d dimensionalsearchspace.TheBAstartswith

generatingrandomlytheinitialpopulationofbats.Thevaluesoftheparametersofeachbatb
i
are

updatedovertheiterationsaccordingtoEq.(1)-Eq.(3):

V t V t X t Gbest F
i i i i
+( ) = ( )+ ( )−( )1  (1)

X t X t V t
i i i
+( ) = ( )+ +( )1 1  (2)

F F F F
i min max min
= + −( )β  (3)

where,F
i
isthe i thbatfrequencyvalue,F

min
and  F

max
aretheminimumandmaximumfrequency

valuesrespectively,β isarandomnumberofauniformdistribution,𝐺𝑏𝑒𝑠𝑡 is the current global best
location (solution). The bats perform a random walk procedure which is defined by Eq. (4) for
exploringthespace:

X X A
new old

t= + ε  (4)

where, ε isarandomnumberintherange −

1 1, .At istheaverageloudnessofallthebatsattime

t .ItcouldbestatedthattheBAisabalancedcombinationofthePSOandtheintensivelocalsearch
algorithms.Thebalancebetweenthesetwotechniquesiscontrolledbybothloudness A( ) andthe
pulseemissionrate r( ) whichareupdatedaccordingtoEq.(5)andEq.(6):

A t A t
i i
+( ) = ( )1 α  (5)

r t r exp t
i i
+( ) = ( ) − −( )



1 0 1 γ  (6)

where,α andγ areconstants;α .isanalogoustothecoolingfactorinthesimulatedannealing(SA).
Mirjaliliet al.(Mirjalilietal.,2014)proposedtheOBBAtosolveoptimizationproblemsinthe

binarysearchspace.IntheOBBAthebat’spositionischangedfromonetozeroorviceversabased
ontheprobabilityofthebat’svelocityaccordingtoEq.(7)andEq.(8):
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v V t arctan V t
i
k

i
k+( )( ) = +( )











1
2

2
1

π
π  (7)

x t
x t if rand v V t

x ti
k i

k
i
k

i
k

+( ) = ( ) < +( )( )
( )

−

1
11( )        

            if rand v V t
i
k≥ +( )( )








1
 (8)

wherex t
i
k ( ) andV t

i
k ( ) isthepositionandvelocityof i thparticleatiterationt ink thdimension,

and( )x t
i
k ( ) −1 isthecomplementofx t

i
k ( ) .

LITeRATURe ReVIew

Researchersproposedasignificantnumberofapproachestoreducethesizeofthetestsuite,withno
lossofquality(Bhatia,2020;Mohapatra,Mishra,&Prasad,2020;Xue&Li,2020).TSRapproaches
canbecategorizedintothreemaincategories:(i)Greedybased(Assi,Masri,&Trad,2018;Lin,
Tang,Wang,&Kapfhammer,2017),(ii)Clusteringbased(Covielloetal.,2018)and(iii)Search
based(Geng,Li,Zhao,&Guo,2016;Xue&Li,2020).

Greedybasedapproachesutilizeoneofthegreedyalgorithmstodeterminethereducedtestsuite
basedonthecurrentbeststrategy.Overeachiterationgreedyalgorithmaddstothereducedtestsuite
thetestcasethathasthehighestcoverage(localoptimalsolution);itstopswhenthedesiredpercentage
ofcoverageisreached.Greedyapproachesareabletofindaminimal-cardinalitytestsuitebutwith
somelossinfault-detectioncapability.Ontheotherhand,clusteringbasedapproachesutilizeone
ormoreoftheclusteringalgorithmstogroupsimilartestcasestogetheraccordingtoapredefined
similaritymeasure.Thenasamplingmechanismisappliedtoselectoneormoretestcasesfrom
eachclustertobeincludedinthereducedtestsuite,while,therestofthetestcasesarediscarded.
Finally,search-basedapproachesemployheuristicalgorithmstosearchforanear-optimalsolution.
Afitnessfunctionbasedoncostand/oreffectivenessmeasuresisusedtoguidethesearch.Search-
basedapproachescouldbeclassifiedaccordingtothesearchalgorithmutilizedintosingleobjective
(Mohanty,Mohapatra,&Meko,2020;Sun&Wang,2010)ormulti-objectiveoptimization(Coviello
etal.,2018;Gupta,Sharma,Pachariya,&Sciences,2020;Khan,Lee,Javaid,&Abdul,2018;Wang,
Ali,&Gotlieb,2015;Weietal.,2017;Yoo&Harman,2007).

Themulti-objectiveTSRoptimizationaimsatestablishinganacceptabletradeoffbetweenthe
mentionedcostandeffectivenessmeasures.However,accordingtoasurveystudyconductedbyKhan
et al.(Khanetal.,2018)themajorityofthepreviousTSRsearchbasedapproaches(79%)aresingle-
objectiveoptimization.TheworkofYooandHarman(Yoo&Harman,2007)isconsideredthefirst
workthatappliesmulti-objectiveoptimizationfortestsuiteminimization.Theyutilizedtwoversions
of thenon-dominated sortinggenetic algorithm II (NSGA-II) and implemented aweighted sum
greedytechnique.TheyprovedexperimentallythattheNSGAIIissuperiortothegreedyapproaches
incaseofmulti-objectiveoptimization.Genget al.(Gengetal.,2016)utilizedNSGA-IIheuristic
algorithmtominimizetestsuiteandachievehighfaultdetectionrateandfaultlocalizationaccuracy.
Theirexperimentsshowpromisingresultsinthereductionpercentageofthetestsuitewithhighfault
detectionrateandfaultlocalizationaccuracy.Wanget al.(Wangetal.,2015)aimedatreducingthe
testsuiteofproductlinessoftware.Theyproposedthreeweight-basedgeneticalgorithms,where
thedifferentobjectivesareweightedsummedtogethertoformasingleobjectivefitnessfunction
thatguidestheGAduringthesearchforaparetofront.Theycomparedtheperformanceoftheir
proposedweight-basedgeneticalgorithmstotheperformanceofsevenotherpopularmulti-objective
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searchalgorithmsincluding:NSGA-II,strengthparetoevolutionaryalgorithms(SPEA)andSpeed-
constrained Multi-objective Particle Swarm Optimization (SMPSO). Their experimental results
showedthattheRandom-Weightgeneticalgorithmisthesuperioralgorithm.Weiet al.(Weietal.,
2017)proposedamany-objectiveoptimizationapproachbasedonmutation testing for test suite
reduction.Theyusedthemutationscoreasamajorobjectivetighterwithcostandsomestandard
well-knowncoveragecriteriasuchas:statementcoverage,branchcoverage,andModifiedCondition/
DecisionCoverage.Theycomparedamongsixevolutionarymulti-objectiveoptimizationalgorithms
includingNSGAIIandseveralvariantsofthemulti-objective’sdecomposition-basedevolutionary
algorithm(MOEA/D).TheirexperimentalresultsshowedthesuperiorityoftheNSGAIIoversmall
programsbutoverlargeprograms(space)theMOEA/Dwassuperior.Theyalsoshowedthattheusing
the“mutationscore”inthefitnessfunctionimprovedtheperformance.Guptaet al.(Guptaetal.,2020)
proposedacodeandmutantcoveragebasedmulti-objectiveapproachfortestsuitereductionusing
NSGA-IIalgorithm.Theirexperimentsshowedpromisingresultinthereductionpercentageofthe
testsuiteandtheirfaultdetectioncapability.Agrawalet al.(Agrawal,Choudhary,Kaur,&Pandey,
2019)proposedfaultcoverage-basedtestsuiteoptimizationmethodbasedonHarrolds–Gupta–Soffa
(HGS).Theirperformancemeasuresarefaultcoverage,executiontimeandreducedoptimizedtest
suitesize.ExperimentalresultsshowedthattheirutilizedtechniqueoutperformstheGreedymethod,
AdditionalGreedy,HGS,andEnhancedHGS.

Theapproachproposedinthispaperisasearch-basedapproach.Theauthorsadaptedoneofthe
recentheuristicalgorithmsOBBAwhichproveditssuperiorityoverotherevolutionaryalgorithmsin
differentcontexts(Chawla&Duhan,2015;Jayabarathi,Raghunathan,&Gandomi,2018).However,
theOBBAoccasionallyfailstodiscovertheglobalbestsolutionforsomemultimodalfunctions;
inaddition,theOBBAisusedforsolvingsingleobjectiveoptimizationproblems.So,weproposed
modificationstotheOBBAandutilizedittominimizethetestsuitesize,withoutlossinitsfault
detectioncapability.Inthispaperthefaultdetectioncapabilityofthetestsuitewasassessedusing
themutationtesting,asmutationtestinghasbeenrecommendedbyanumberofresearchersasan
effectivemethodforassessingthequalityofatestsuite.Walsh(Walsh,1985)empiricallyfoundthat
mutationtestingismoreeffectivethanstatementandbranchcoverage.Additionally,Franklet al.
(Frankl,Weiss,&Hu,1997)andOffuttet al.(Offutt,Pan,Tewary,&Zhang,1996)confirmedthat
findingfaultsusingmutationtestingismorepowerfulthanusingdataflow-basedtesting.Finally,
therecentempiricalstudyofAndrewset al.(Andrews,Briand,Labiche,&Namin,2006)reported
thatthemutationanalysisispotentiallyusefulinevaluatingandcomparingtestsuites.

PROPOSed MULTI-OBJeCTIVe ABBA FOR TSR

TSR Solution encoding

Considerthateachbatb
i
hasapositionvectorX

i
 thatrepresentsasolutiontotheTSRproblem,

i.e.,eachX
i
representsareducedtestsuite.X

i
isencodedasabinaryvectorX

i
=(x

i1
, x

i2
,….,

x
id

,where,disthesizeoftheoriginaltestsuite(thetotalnumberoftestcases),eachbitx
ij

corresponds
toatestcasetc

j
,thebitvalueisequalto“1”or“0”.Thevalueof“1”/”0”meansthattc

j
isincluded/

excludedinthetestsuite,respectively.
Each tc

i
isrepresentedusingabinaryvectorofsizen,wherenisthetotalnumberofmutants

ofaSUT,tc mu mu mu
i i i in
= …( )1 2

, , , ,whereabitmu
ij

correspondstothemutantnumber j .The
valueofthebitmu

ij
issettoequal“1”/”0”if tc

i
kill/donotkillthemutantnumber j .
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Adapted Binary Bat Algorithm (ABBA)
Generally,thecharacteristicsofanysearchalgorithmincludingtheBAisaffectedbytwocrucial
capabilitieswhichare:1)explorationand2)exploitation.Explorationistheabilityofanalgorithm
tofindpromisingsolutionsbysearchingvariousunknownregions.While,exploitation leads the
algorithmtothebestsolutionamongthediscoveredones.Explorationcapabilitycangetthealgorithm
awayfromalocaloptimumitgetsstuckin;whileexploitationcapabilityincreasestheconvergence
speedofanalgorithm.ToenhancetheperformanceofanysearchalgorithmincludingtheBA,it
isimportanttokeepthebalancebetweentheglobalandlocalsearch,suchthattheglobalsearch
isamplifiedattheearlyiterations.Whilethelocalsearchisamplifiedatthelateiterationssothe
algorithmconvergestotheglobaloptimum.

Theupdateformulaofthebatvelocities,V t
i
+( )1 ,includestwocomponents.Thefirstcomponent

isthepreviousvelocityofthebat,V t
i ( ) ,whichisresponsiblefortheglobalsearch(exploration).

As,V t
i ( ) directsthebattokeepitsvelocityanddirection,thusitoverflowsthesearchspace.While

thesecondcomponent, ( )X t Gbest F
i i( )− ,isresponsibleforthelocalsearch(exploitation).Asit

directs all thebats to a regionnear to thebest-foundglobal solution (𝐺𝑏𝑒𝑠𝑡 ). So, the following
modificationswereproposedtotheV t

i
+( )1 formula:Firstly,multiplyingthetermV t

i ( ) byan
inertiaweightfactor " "w ,whichisgivenbyEq.(9).Thevalueofw willdecreaselinearlyover
iterations. The inertia weight was recommended by a number of previous studies that aimed at
enhancingeachoftheBA[11]andthePSO(Bansaletal.,2011;Xin,Chen,&Hai,2009):

w w w w
iter

iter
= − −( )










max max min
max

 (9)

wherew
max

andw
min

arepre-determinedconstant iter iter is the current iteration number  ,
max


isthemaximumnumberofiterations.

Theothersuggestedmodificationistoassumethateachbatemitstwofrequenciesinsteadof
onebeforethebatdecidesonitsmovingdirection.Thefirstfrequencyisdirectedtowardsthelocation
of theGbest ,while the second frequency isdirected towardsa randomly selectedbest solution
discoveredoverthepreviousiterationsRbest .Anyofthepreviouslydiscoveredbestsolutionscould
beacandidateforaglobaloptimumsolution.Thiswayeachbatbenefitsfromtheexperiencesofthe
otherbats.Consequently,Eq.(1)isamendedasfollows:

V t w V t X t Gbest F X t Rbest F
i i i i i i
+( ) = ( )( )+ ( )−( ) + ( )−( )1

1 2
 (10)

F F F F
i i i i1 2

1= = −( )δ δ,  (11)

δ δ= ( ) −min
max

1
iter

iter  (12)
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whereRbest isarandomlyselectedbestsolutionotherthantheGbest . δ increasesnon-linearly
fromδ

min
to1whichincreasestheimpactofthelocationoftheGbest overtheiterations,sothebats

convergetotheGbest .

Multi-Objective Fitness Function
Theformulationofthefitnessfunctioniscrucialfortheevolutionaryalgorithms;asitisusedfor
assessingthediscoveredsolutionsandconsequentlyguidesthesearchprocess.Inthispaper,theaim
oftheABBAistoselectfromagiventestsuitethesmallestsetoftestcasesthatcouldkillthelargest
numberofmutants;whicharetwocontradictoryobjectives.Toformulatethefitnessfunction,we
usedtheweightedsummethodwhichissimpleandtraditionalmethodformulti-objectiveoptimization.
itproducesaparetooptimalsetofsolutionsbychangingtheweightsamongtheobjectivesfunctions.
Yang(Yang,2011)showedexperimentallythattheweightedsummethodforcombiningthemulti-
objectives intoasingle-objectiveisveryefficientevenwithhighlynonlinearproblems,complex
constraintsanddiverseParetooptimalsets.Moreover,Wanget al.(Wangetal.,2015)showedthat
theweighted-basedGA(multi-objectiveGAbasedonweightedsummethod)issuperiortosome
popularmulti-objectivealgorithms,e.g.,NSGAIIandSPEA.Thefitnessfunctionusedinthiswork
isdefinedbyEq.(13)andEq.(14),thebestsolutionistheonethatmaximizesthe fitness :

fitness weight
Killed mu

mu
weight

tc

Reduced TS
= +

1 2
*

 
*

 
 (13)

weight weight
iter iter

iterinit

n

1
1 1= + −( ) −









max

max

,wweight weight
2 1

1= −  (14)

where Killed mu isthenumberofkilledmutantsbythereducedsizetestsuite, mu isthetotal
numberofmutants, tc isthetotalnumberoftestcases, Reduced TS isthesizeofthereduced
testsuite,weight weight

1 2
, aretheweightsusedtofindtheparetooptimalsetofsolutionsandthey

aredefinedusingEq.(14).Where,weight
init

denotestheinitialvalueofweight
1
,iter isthecurrent

iterationnumber,and𝑛 is a modulation index. With the increase in the iteration the value of weight
1


increasesfromweight
init

to1,whereasweight
2

decreasefrom(1-weight
init

)to0.Thevaluesof
weight and weight

1 2
   determine the importanceof eachobjective to the fitness function.Large

valuesofweight
1
,thesolutionswithlargenumberofkilledmutantsaremorepreferred.Incontrary

withlargevaluesofweight
2

,thesolutionswithminimumnumberoftestcasesaremorepreferred.
Thedifferentvaluesofweight weight

1 2
, producedifferentnon-dominatedsolutionswithsufficient

diversity;sotheParetofrontcanbeapproximatedcorrectly.Algorithm1showsthebasicstepsof
themulti-objectiveABBA.

eXPeRIMeNTS ANd ReSULTS

Research Questions
Theexperimentsweredesignedtoanswerthefollowingresearchquestions:
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RQ1:DoestheperformanceoftheABBAsurpassestheperformanceoftheOBBAandtheBPSO
insolvingthetestsuitereductionproblem?

RQ2:IstheABBAscalable,i.e.Howdoestheincreaseinthetestsuitesizeandthenumberofmutants
impacttheperformanceoftheABBA?

data Sets
Weusedafreeavailabledataset (1),whichwasusedinpreviousstudies(Offutt,Lee,etal.,1996;
Offutt&Lee,1994;Pargas,Harrold,&Peck,1999;Polo,Piattini,&García‐Rodríguez,2009;Usaola,
Mateo,&Lamancha,2012).ThedatasetincludessixJavaprograms;theircharacteristicsarelisted
inTable1,whicharethesoftwaresizeintermsoftheLineofCode(LOC),numberoffirst-order
mutants( mu )generatedbytheMuJavatool(2),andthetestsuitesize( tc )whichareautomatically
generatedusingtestoojtool(3).TheprogramsarearrangedinTable1accordingtothetestsuitesize
fromthesmallesttothelargest.Itshouldbenotedthatthevalueofthe( tc )isnotproportionalto
thevalueofthe( mu )orthe(LOC).

Performance Metrics
Threemetricswereusedintheperformanceevaluationwhichare:(1)thefitnessfunctionvalues
fitness ,(2)Speedofconvergencetothebestsolutionmeasuredintermsofthenumberofiterations
i and(3)thefaultdetectionrate(FDR)ofthetestsuitecalculatedusingequation(15)asfollows:

FDR
Number of killed mutants

Total number of mutants
=

   

   
 (15)

Thehigherthevalueofthe( fitness ),thebetteristhediscoveredsolution.Thehigherthevalue
oftheFDR,themorecapableisthetestsuiteondiscoveringthefaults.Thelowerthevalueofthe(
i ),indicatesthatthealgorithmconvergesfastertothebestsolution.

Astheevolutionaryalgorithmsarestochastic,Nindependentrunswereperformedovereach
dataset(inthispaperNwassettoequal10).Thenthemeanandstandarddeviation(SD)ofeach
metricwascalculatedattheendoftheruns.ThemeanandSDof f arecalculatedbyEqs.(16),(17)
respectively:

mean f N
k

N

k
=










=
∑

1

/  (16)

SD
f mean

N
k

N

k
=

−
=∑ 1

2( )
 (17)

where,Nisthenumberofruns, f
k

isthefitnessofthebestsolutiondiscoveredduringtherunnumber
k .

ThesmallerthevalueoftheSD,themorerobustisthealgorithm,assmallSDvaluesindicate
thatthealgorithmcanfindacceptablesolutionsinthedifferentruns,withsmalldiscrepancy.
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Parameter Setting
The selection of the parameter values of the evolutionary algorithms has an impact on their
performance.Theauthorsexperimentedwiththemostrecommendedvaluesfortheparametersin
literature(Carvalho,daRocha,Silva,daFonsecaVieira,&Xavier,2017).Table2liststheparameter
valuesthatachievedthebestperformance.Table3liststhevaluesofweight1andweight2which
wereusedtocalculate10non-dominatedsolutionsontheParetosurface.

Results
ThefitnessmeanandSDvaluesofthenon-dominatedsolutionsfoundbyeachoftheABBA,OBBA
andBPSO,andtheircorrespondingconvergencespeeds,measuredintermsofthemeanandSDof

Algorithm 1. Multi-objective adapted binary bat algorithm (ABBA)

Table 1. Experimental Software Under Test (SUT)

SUT LOC mu tc

MBisectOk 31 44 25

MFourBall 47 168 96

MMidOK 59 138 125

MFindOk 79 179 135

MTringle 61 239 216

MBubCorrect 54 70 256
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thenumberofiterationsrequiredtodiscoverthebestsolutionsareshowninTable4.Table5liststhe
sizesofthereducedtestsuites,theircorrespondingnumberofkilledmutantsandfaultdetectionrates.

Answer to RQ1
It could be observed from Table 4, that the ABBA algorithm surpasses both of the BPSO and
OBBAintermsofthemeanfitnessvaluesofthediscoverednon-dominatedsolutions,acrossthesix
Javaprograms.Moreover,thefitnessstandarddeviationvaluesofthe10non-dominatedsolutions
discoveredbytheABBAareverysmall;mostofthemareequaltozeroorapproacheszerowhich
indicatestherobustnessoftheABBA.However,theBPSOcouldconvergetosolutionsclosetothe
onesdiscoveredby theABBAover thesmall sizeprogramMBisectOK,e.g. thenon-dominated
solutions(NDS)number1,4,7and9oftheMBisectOkprogram.

In terms of the convergence speed, the ABBA could converge to the best solutions in less
numberofiterationsthantheOBBAoverthesixJavaprogramsexceptMBisectOk(NDS2,7,8,9,
10),MbubCorrect(NDS8,10)andMTringle(NDS9);where, theOBBAconvergedfaster than
theABBA.Nevertheless,theABBAconvergedtobettersolutionsthantheonesdiscoveredbythe
OBBA.So.ItcouldbestatedthattheOBBAwasprematurelyconvergedinthesecases.Itshouldbe

Table 2. Parameter settings for ABBA, OBBA, and BPSO

Parameter Value

ABBA OBBA IBPSO

Populationsize 40 40 40

Maxiteration 100 100 100

Stoppingcriterion Maxiteration Maxiteration Maxiteration

F
min 0 0 -

F
max 2 2 -

A 0.9 0.9 -

r 0.1 0.1 -

ε [-1,1] - -

α 0.9 0.9 -

γ 0.9 0.9 -

w
max

,w
min 0.8,0.4 - -

Modulationindex,n 2 - -

δ
init 0.6 - -

C C
1 2
, - - 1.5,1.2

W - - 2

Maxvelocity - - 6
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notedthattheMBisectOk,MbubCorrectandMTringleareofdifferentsizes.Furthermore,itcould
beobservedthattheABBAconvergesfasterthantheBPSOacrossthesixJavaprograms.

Intermsofthesizeofthereducedtestsuitesandtheirfaultdetectioncapabilities,ascouldbe
observedfromTable5theABBA,incomparisontotheBPSOandtheOBBA,wasabletodiscover
thesmallestreducedtestsuiteacrossthreeprogramsofdifferentsizes,MBisectOk,MbubCorrectand
MfindOk.Moreover,thereducedtestsuitesdiscoveredbytheABBAhavethehighestfaultdetection
capabilities,intermsofthenumberofkilledmutantsandFDR.

AcrosstheMfourBall,MFindOk,MMidOKprograms,thesolutionsfoundbytheABBA,in
comparisontotheOBBAandtheBPSO,eitherhavethehighestfaultdetectioncapabilitiesbutatthe
expenseofthesizesofthediscoveredreducedtestsuites,e.g.MfourBallprogram;orthesolutions
havethesmallestreducedtestsuitesizesbutwithlessfaultdetectioncapabilities.So,theselectionof
thebestsolutionacrossMfourBall,MFindOk,MMidOKdependsonthetesters’targetsandtesting
budgets.

Fig.1showssampleconvergencecurvesoftheABBA,OBBAandBPSOoverthesixprograms.
AscouldbeobservedthattheABBAconvergefasterandtobettersolutions,intermsofthefitness
functionvalues,thantheOBBAandtheBPSO,althoughtheparameterssettingsofbothoftheABBA
andtheOBBAarethesame.

Answer to RQ2
WeexperimentedwithsixJavaprogramswithdifferentsearchspacesizes.Thesizeofthetestsuite
andthenumberofmutantsaretheindicatorsofthesizeofthesearchspace.Ascouldbeobserved
fromtable4that theperformanceoftheABBA,intermsofthemeanandSDofbestfitness, is
superiortotheOBBAandtheBPSOoverthesixprogramsofdifferentsearchspacesizes,which
indicatesthattheABBAisscalable.

CONCLUSION ANd FUTURe wORK

Thispaperproposedasearch-basedoptimizationmethodologyforreducingthecostoftheregression
testing, through reducing the size of the test suite, with minimum or no loss of fault discovery
capabilities.TheproposedmethodologyisbasedonformulatingtheTSRproblemasamulti-objective
optimizationproblem,intermsofthetestsuitesizeandmutationscore.Then,theoriginalBBAwas
modifiedtoenhanceitsexplorationcapabilitiesandboostitsperformance.Finally,aweightedsum
strategywasutilizedtoguidetheABBAduringthesearchforaParetofront.

TheeffectivenessoftheproposedABBAinsolvingtheTSRproblemwasevaluatedusingsix
Javaprograms.Theexperimental resultsshowedthat theperformanceof theproposedABBAis
superiortoeachoftheOBBAandBPSO.Inadditionto,theABBAconvergedtothebestsolutions
fasterthaneachoftheOBBAandtheBPSO.

Asafurtherextensionforthiswork,weplantoredefinethefitnessfunctionbyconsideringmore
objectivessuchastestsuiteexecutiontimeandbranchcoverage.Inaddition,differentweighting
mechanismswillbetriedandcomparedtothiswork.Finally,Co-evolutionbasedontheABBAmay
beconsideredtooptimizethemutationtestingwhileoptimizingtheregressiontesting;asthemutation
testingisknowntobeexpensivebuteffectiveinassessingthequalityofatestsuite.

Table 3. Weights used during experiments to generate 10 non-dominated solutions (NDS) which represents the Pareto front

NDS 1 2 3 4 5 6 7 8 9 10

Weight1 0.6 0.676 0.744 0.804 0.856 0.9 0.936 0.964 0.984 0.9960

Weight2 0.4 0.324 0.256 0.196 0.144 0.1 0.064 0.036 0.016 0.0040
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Table 4. Comparison among the fitness values (fitness) and the convergence speed (i) of the 10 non-dominated solutions 
(NDS) discovered by the ABBA, OBBA AND BPSO

NDS Algorithm MEAN ± STD. DEV
MBisectOk MBubCorrect MFindOk MFourBall MMidOK MTringle

1 ABBA fitness 10.57 ± 0 8.34 ± 1.46 54.60 ± 0 38.62 ± 0.02 8.34 ± 1.46 11.53 ±3.25
i 15.33 ± 8.09 91.60 ± 6.28 68.50 ± 12.25 60.20 ± 23.06 69.70 ± 19.30 94.22 ± 5.95

OBBA fitness 10.52±0.06 2.72±0.24 4.34±0.97 4.34±0.97 4.69±1.08 2.99±0.33
i 28.30±17.72 91.50 ± 8.20 92.90±8.41 88.50±9.31 88.80±9.19 95.00±4.03

BPSO fitness 10.57±0.01 2.71±0.19 4.69±1.04 12.59±4.28 5.84±1.76 2.94±0.38
i 67.60±22.08 98.40±1.58 98.70±1.06 98.60±1.96 99.50±0.85 99.40±0.97

2 ABBA fitness 8.75 ± 0 8.01 ± 2.73 44.42 ± 0 31.36 ± 0.02 8.01 ± 2.73 8.03 ± 1.25
i 29.11±29.03 93.10 ± 5.53 65.60 ± 9.82 61.00 ± 29.82 73.20 ± 18.28 95.11±6.68

OBBA fitness 8.73±0.03 2.36±0.17 3.69±0.53 9.31±7.96 4.72±1.29 2.66±0.32
i 19.30 ± 11.88 94.80±3.36 80.80±15.16 77.40±17.06 79.10±15.06 93.80 ± 5.21

BPSO fitness 8.74±0.01 2.32±0.13 3.94±0.43 5.70±0.90 4.07±0.47 2.63±0.16
i 68.80±24.12 99.20±1.03 99.30±1.06 98.40±1.58 99.70±0.48 99.00±1.33

3 ABBA fitness 7.11 ± 0.01 5.73 ± 1.33 35.16 ± 0.31 24..84 ± 0.02 5.73 ± 1.33 7.58 ± 1.47
i 25.44 ± 22.60 90.60 ± 8.14 58.00 ± 17.00 52.20 ± 25.62 74.10 ± 14.06 91.00 ± 5.36

OBBA fitness 7.07±0.06 2.13±0.08 3.22±0.64 4.86±2.87 3.74±1.36 2.21±0.20
i 38.50±22.87 91.00±7.56 81.30±10.93 81.90±10.87 93.50±16.85 92.70±8.62

BPSO fitness 7.10±0.01 2.08±0.14 3.11±0.35 5.62±2.61 3.58±0.47 2.11±0.12
i 70.80±26.33 99.60±0.84 99.60±0.70 98.50±1.90 99.50±2.21 99.30±0.82

4 ABBA fitness 5.67 ± 0 4.87 ± 0.77 27.26 ± 0 19.10 ± 0.02 4.87 ± 0.77 5.58 ± 1.60
i 20.56 ± 18.92 90.90 ± 7.46 59.50 ± 12.26 68.30 ± 24.10 76.70 ±17..78 93.11±5.01

OBBA fitness 5.65±0.03 1.86±0.10 2.54±0.37 5.49±5.02 3.18±1.25 1.80±0.08
i 30.60±21.48 93.50±3.75 88.70±12.20 79.90±12.35 79.60±6.36 91.90 ± 8.10

BPSO fitness 5.67 ± 0 1.82±0.11 2.82±0.30 4.46±1.03 3.08±0.56 1.84±0.10
i 78.50±10.76 98.80±1.48 98.70±1.64 98.90±1.10 99.30±0.85 99.70±0.70

5 ABBA fitness 4.42 ± 0 3.70 ± 0.61 20.13 ± 0.35 14.14 ± 0.02 3.70 ± 0.61 3.82 ± 0.72
i 20.44 ± 9.88 92.70 ± 7.63 69.20 ± 11.13 55.70 ± 23.31 67.40 ± 21.57 93.78 ± 5.80

OBBA fitness 4.31±0.13 1.61±0.06 2.13±0.24 3.84±3.64 2.34±0.25 1.58±0.07
i 31.90±22.20 92.90±7.65 91.50±6.11 79.80±12.67 89.30±7.15 92.50±9.92

BPSO fitness 4.41±0.01 1.61±0.07 2.45±0.33 3.25±0.64 2.48±0.23 1.58±0.09
i 81.80±9.11 99.80±0.42 99.00±0.94 99.00±1.56 99.50±1.08 99.10±0.74

6 ABBA fitness 3.36 ± 0.01 2.95 ± 0.84 14.40 ± 0 9.93 ± 0.03 2.95 ± 0.48 3.18 ± 0.92
i 19.89 ± 15.83 91.70 ± 6.06 68.20 ± 10.46 57.80 ± 23.71 75.20 ± 20.57 94.56 ± 4.33

OBBA fitness 3.29±0.09 1.49±0.06 1.80±0.26 2.14±0.25 1.92±0.20 1.40±0.04
i 26.10±22.48 92.50±7.92 89.30±13.48 81.70±14.68 87.00±13.50 96.20±4.54

BPSO fitness 3.35±0.02 1.40±0.03 2.03±0.22 3.44±2.37 2.03±0.23 1.37±0.03
i 64.00±18.01 98.60±2.01 99.00±1.25 99.60±0.97 99.60±0.97 99.80±0.42

7 ABBA fitness 2.49 ± 0.01 2.36 ± 0.36 8.96 ± 1.36 6.48 ± 0.03 2.36 ± 0.36 2.07 ± 0.29
i 26.33±21.42 90.60 ± 5.48 54.80 ± 10.38 67.20 ± 19.72 69.90 ± 16.3 91.56 ± 5.08

OBBA fitness 2.46±0.04 1.29±0.04 1.55±0.11 1.72±0.21 1.56±0.10 1.24±0.02
i 18.40 ± 16.81 94.10±4.01 91.90±8.33 71.40±19.13 85.00±15.63 93.30±5.60

BPSO fitness 2.49 ± 0.01 1.27±0.01 1.58±0.10 2.41±1.45 1.64±0.17 1.22±0.02
i 74.10±6.97 99.50±0.85 99.30±1.06 98.20±1.23 99.50±0.53 99.50±0.71

8 ABBA fitness 1.82 ± 0 1.70 ± 0.10 5.73 ± 0.30 3.80 ± 0.03 1.70 ± 0.10 1.45 ± 0.08
i 29.67±20.35 93.90±4.53 69.30 ± 17.21 73.70 ± 16.79 76.80 ± 12.39 93.56 ± 6.88

OBBA fitness 1.76±0.06 1.16±0.02 1.30±0.05 1.41±0.09 1.33±0.10 1.13±0.01
i 21.00 ± 13.44 92.70 ± 7.62 89.90±14.70 79.10±14.55 89.80±9.73 94.40±4.65

BPSO fitness 1.80±0.04 1.15±0.01 1.35±0.12 1.54±0.13 1.35±0.09 1.13±0.01
i 76.50±25.25 99.10±1.37 98.20±1.93 98.50±1.27 99.20±0.92 98.90±1.20

9 ABBA fitness 1.33 ± 0.01 1.31 ± 0.09 3.05 ± 0.31 1.36 ± 0 1.31 ± 0.09 1.19 ± 0.03
i 22.22±26.71 90.00 ± 9.83 68.50 ± 20.70 56.90 ± 23.41 79.30 ± 15.41 91.44±6.06

OBBA fitness 1.30±0.04 1.07±0.01 1.13±0.03 1.17±0.04 1.13±0.03 1.06±0.01
i 21.90 ± 14.04 93.90±6.98 89.90±7.48 74.90±16.13 85.90±14.83 87.20 ±10.26

BPSO fitness 1.33 ± 0.01 1.06±0.01 1.14±0.03 1.21±0.07 1.14±0.02 1.05±0
i 75.60±20.22 95.90±11.23 98.50±1.27 99.00±1.25 99.60±0.52 99.60±0.52

10 ABBA fitness 1.05 ± 0 1.08 ± 0.02 1.54 ± 0 1.08 ± 0.01 1.08 ± 0.02 1.04 ± 0
i 42.22±30.97 92.50±6.08 64.30 ± 13.65 54.30 ± 21.68 76.50 ± 14.16 88.56 ± 11.28

OBBA fitness 1.04±0.01 1.02±0 1.03±0.01 1.04±0.01 1.03±0.01 1.01±0
i 21.90 ± 18.78 89.40 ± 8.37 90.50±6.52 83.40±12.03 90.30±9.32 91.60±7.88

BPSO fitness 1.05 ± 0.01 1.02±0 1.03±0.01 1.05±0.01 1.03±0.01 1.01±0
i 71.90±16.63 99.40±0.84 98.40±2.22 99.50±0.71 99.40±0.70 99.20±0.92
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Table 5. Comparison among the 10 non-dominated solutions discovered by the ABBA, OBBA and BPSO in terms of the fault 
detection rate (FDR), number of killed mutants (KM) and size of reduced test suite (RTS)

NDS Algorithm MEAN ± STD. DEV

MBisectOk MBubCorrect MFindOk MFourBall MMidOK MTringle

1 ABBA FDR 95.45 ± 0 96.3 ± 0.32 99.4 ± 0 37.4±4.02 41.6±11.06 73.7±30.08

KM 42 ± 0 67.9 ± 0.32 178 ± 0 63.2±4.02 57.40±
11.06

161.60±30.08

RTS 1 ± 0 13.88 ± 2.70 1 ± 0 1 ± 0 1.1 ± 0.31 8.4±2.32

OBBA FDR 86.4±4.09 97.1±0 99.4±0 83.4± 20.99 94.7± 8.62 87.7±16.29

KM 38±4.09 68±0 178±0 140.1 ± 20.99 130.7 ± 8.62 209±16.29

RTS 1±0 48.6±5.19 15.3±3.80 7.9±2.42 12.6±2.41 35.5±3.66

BPSO FDR 95.0±0.6 97.1±0 99.4±0 61.7±15.33 94.4±6.7 87.9± 8.31

KM 41.8±0.6 68±0 178±0 103.6±15.33 130.3±6.7 210.1 ± 8.31

RTS 1±0 50.6±4.14 13.6±1.78 6.3±1.49 11.9±1.52 34.4±3.02

2 ABBA FDR 95.45 ± 0 97.0 ± 0 99.4±74.21 37.6±3.85 41.2±3.65 67.7±23.96

KM 42 ± 0 68 ± 0 142.80±74.21 58.8±3.85 56.80±3.65 164.20±23.96

RTS 1 ± 0 13.75 ± 2.66 1 ± 0 1 ± 0 1.1 ± 0.32 9.5 ± 1.72

OBBA FDR 92.5±1.55 97.1±0 99.4 ± 0 75.4±30.37 91.7±11.55 91.6 ± 9.33

KM 40.7±1.55 68±0 178 ± 0 126.6±30.37 126.5±
11.55

219 ± 9.33

RTS 1±0 49.5±4.85 14.9±2.47 4.9±1.97 10.6±2.84 35±4.30

BPSO FDR 95.0±0.6 97.1±0.32 99.4 ± 0 82.6± 25.13 95.1± 11.12 86.2±13.72

KM 41.8±0.6 67.9±0.32 178 ± 0 138.7 ± 25.13 131.2 ± 
11.12

206±13.72

RTS 1±0 50.6±4.14 13.6±1.78 6.3±1.49 11.9±1.52 34.4±3.02

3 ABBA FDR 95.0 ± 0.63 97.1±2.83 79.8 ± 0 35.0±4.98 46.9±26.62 78.7±32.72

KM 41.8 ± 0.63 67±2.83 178 ± 0 58.9±4.98 64.70±
26.62

173.30±32.72

RTS 1 ± 0 14.63 ± 2.56 1 ± 0 1 ± 0 1 ± 0 8.2 ± 1.99

OBBA FDR 89.5±3.23 97.1 ± 0 99.4±0 71.2±34.58 97.0 ± 4.92 94.1 ± 7.94

KM 39.4±3.23 68 ± 0 178±0 119.6±34.58 133.8 ± 4.92 255 ± 7.94

RTS 1±0 47.3±2.75 14.8±3.79 7.1±2.56 12.2±4.61 37.3±5.56

BPSO FDR 94.5±0.8 97.1 ± 0 99.4±0 83.2± 30.12 94.9±9.27 92.8±9.69

KM 41.6±0.8 68 ± 0 178±0 139.7 ± 30.12 130.3±9.27 221.7±9.69

RTS 1±0 49.5±5.33 14.9±2.08 5.7±1.77 11.3±1.95 39.3±3.53

4 ABBA FDR 95.45 ± 0 95.7 ± 0.42 99.4±73.58 35.1±4.06 40.1±8.42 72.5±29.21

KM 42 ± 0 67.8 ± 0.42 143.10±73.58 62.3±4.06 55.40±8.42 179.30±29.21

RTS 1 ± 0 12.88 ± 2.80 1 ± 0 1 ± 0 1.3 ± 0.68 9.20 ± 2.62

OBBA FDR 93.0±1.58 97.1±0 99.4 ± 0 76.7±42.40 91.8±14.41 95.9± 2.57

KM 40.9±1.58 68±0 178 ± 0 128.9±42.40 126.7±
14.41

229.3 ± 2.57

RTS 1±0 47.7±5.16 15.8±2.78 6.4±3.34 11.4±3.20 41.2±3.08

BPSO FDR 95.5 ± 0 97.1±0 99.4 ± 0 82.0 ± 30.60 94.9± 4.33 95.7±4.89

KM 42 ± 0 68±0 178 ± 0 137.8 ± 30.60 130.9 ± 4.33 228.8±4.89

RTS 1 ± 0 49.8±5.33 13.4±2.12 5.3±1.34 11±2.45 40.1±4.36

5 ABBA FDR 95.45 ± 0 96.9 ± 0.42 79.9±73.58 37.1±4.06 41.2±5.47 75.0±29.21

KM 42 ± 0 67.8 ± 0.42 143.10±73.58 62.3±4.06 56.90±5.47 179.30±29.21

RTS 1 ± 0 13.86 ± 2.34 1 ± 0 1 ± 0 1 ± 0 10.30 ± 2.31

OBBA FDR 83.2±6.35 97.1±0 99.4 ± 0 97.6±40.20 95.8± 0.32 97.7± 1.26

KM 36.6±6.35 68±0 178 ± 0 142.6±40.20 132.2 ± 0.32 233.6 ± 1.26

RTS 1±0 48.7±3.68 15.7±2.90 7.2±3.05 12.1±2.33 42.1±3.81

BPSO FDR 95.0±0.6 97.1±0 99.4 ± 0 85.7± 25.01 94.7±8.88 96.7±2.35

KM 41.8±0.6 68±0 178 ± 0 144 ± 25.01 130.7±8.88 231.2±2.35

RTS 1±0 49±4.27 12.7±2.71 6±1.94 10.9±1.59 41.8±4.89

continued on following page
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NDS Algorithm MEAN ± STD. DEV

MBisectOk MBubCorrect MFindOk MFourBall MMidOK MTringle

6 ABBA FDR 41.8 ± 0.63 96.4±0.71 99.4 ± 0 36.5±5.33 41.5±2.38 78.6±27.23

KM 41.8 ± 0.63 67.5±0.71 178 ± 0 61.3±5.33 57.30±2.38 187.90±27.23

RTS 1 ± 0 12.75 ± 1.98 1 ± 0 1 ± 0 1 ± 0 9.80 ± 3.05

OBBA FDR 87.5±4 97.1 ± 0 99.4±0 93.9± 17.21 97.7 ± 2.53 98.5± 1.64

KM 38.5±4 68 ± 0 178±0 157.7 ± 17.21 134.8 ± 2.53 235.3 ± 1.64

RTS 1±0 43.6±4.85 16±3.80 7.8±1.69 12.3±2.00 42.3±3.27

BPSO FDR 94.1±0.92 97.1 ± 0 99.4±0 78.8±41.94 93.6±9.90 97.9±3.49

KM 41.4±0.92 68 ± 0 178±0 132.3±41.94 129.1±9.90 234±3.49

RTS 1±0 51.5±3.47 12.4±2.41 5.5±3.24 10.9±2.29 44.6±3.27

7 ABBA FDR 95.0 ± 0.63 96.9± 0.42 97.9±73.58 35.9±5.10 41.8±15.72 86.4±19.42

KM 41.8 ± 0.63 67.8 ± 0.42 143±73.58 60.3±5.10 57.70±
15.72

206.60±19.42

RTS 1 ± 0 11.63 ± 2.67 1.1 ± 0.32 1 ± 0 1.1 ± 0.32 11.7 ± 3.06

OBBA FDR 91.8±1.9 97.1±0 99.4 ± 0 95.9± 12.49 97.7±2.71 99.8± 0.70

KM 40.4±1.9 68±0 178 ± 0 161.1 ± 12.49 134.7±2.71 238.5 ± 0.70

RTS 1±0 46.9±5.15 14.5±2.99 8±2 12.5±2.12 46±3.27

BPSO FDR 95.0 ± 0.60 97.1±0 99.4 ± 0 87.4±33.79 98.1± 3.30 99.4±1.84

KM 41.8 ± 0.60 68±0 178 ± 0 146.9±33.79 135.4 ± 3.30 237.6±1.84

RTS 1 ± 0 48.7±1.34 13.7±2 5.7±2.58 11.7±2.98 48.3±4.45

8 ABBA FDR 95.0 ± 0 97.1 ± 0 89.7±55.34 35.8±5.15 42.0±6.01 95.0±7.41

KM 42 ± 0 68 ± 0 160.50±55.34 60.1±5.15 57.90±6.01 227±7.41

RTS 1 ± 0 12.25 ± 1.58 1 ± 0 1 ± 0 1 ± 0 15.9 ± 2.58

OBBA FDR 88.9±2.62 97.1±0 99.4 ± 0 98.5± 1.64 98.4±3.08 100± 0.32

KM 39.1±2.62 68±0 178 ± 0 165.4 ± 1.64 135.8±3.08 238.9 ± 0.32

RTS 1±0 46.3±4.97 14.9±2.23 7.8±1.87 12.6±3.13 47.9±3.81

BPSO FDR 93.9±0.6 97.1±0 99.4 ± 0 98.2±33.79 95.7± 3.30 99.9±1.84

KM 41.8±0.6 68±0 178 ± 0 146.9±33.79 135.4 ± 3.30 237.6±1.84

RTS 1±0 48.7±1.34 13.7±2 5.7±2.58 11.7±2.98 48.3±4.45

9 ABBA FDR 95.45 ± 0.63 96.6 ± 0 89.7±55.34 99.3±0.42 41.4±13.13 98.4±2.88

KM 41.8 ± 0.63 67.6 ± 0 160.50±55.34 166.8±0.42 57.20±
13.13

235.1±2.88

RTS 1 ± 0 13.50 ± 4.14 1 ± 0 4 ± 0 1.1 ± 0.32 15 ± 2.77

OBBA FDR 91.4±1.83 97.1±0 99.4 ± 0 99.4 ± 0.94 99.9± 0.42 100 ± 0.0

KM 40.2±1.83 68±0 178 ± 0 167 ± 0.94 137.8 ± 0.42 239 ± 0.0

RTS 1±0 47.7±3.19 15±2.83 8.3±1.64 14±2.70 49±4.94

BPSO FDR 95.0±1.55 97.1±0 99.4 ± 0 99.2±4.03 99.1±10.39 100±0.68

KM 41.3±1.55 68±0 178 ± 0 165±4.03 132.1±
10.39

238.7±0.68

RTS 1±0 48.7±2.87 13.5±4.03 6.1±1.59 11.4±3.34 47.5±4.03

10 ABBA FDR 95.0 ± 1.05 97.1 ± 0 99.4 ± 0 99.3±0.42 99.1±1.06 100 ± 0

KM 43 ± 1.05 68 ± 0 178 ± 0 166.8±0.42 136.70±
1.06

239 ± 0

RTS 1.1 ± 0.3 13 ± 3.38 1 ± 0 4.2 ± 0.42 5 ± 0.67 20.6 ± 1.51

OBBA FDR 99.5±0.6 97.1±0 99.4±0 99.9 ± 0.6 100.0± 0 100±0.0

KM 43.8±0.6 68±0 178±0 167.8 ± 0.6 138 ± 0 239±0.0

RTS 2.6±0.8 47.4±4.43 16.4±3.17 9.1±1.52 13.7±3.09 46±4.16

BPSO FDR 97.3±0.68 97.1±0 99.4±0 99.8±0.97 99.9±0.32 100±0

KM 42.8±0.98 68±0 178±0 167.6±0.97 137.9±0.32 239±0

RTS 1.6±0.8 49.2±4.87 14.4±2.06 7.8±1.93 13.2±2.15 53.9±4.25

Table 5.. Continued
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Figure 2. Sample convergence curves of the ABBA, OBBA and BPSO over the dataset
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