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ABSTRACT

Changesaremadefrequentlyinsoftwaretoincorporatenewrequirements.Thechangesmadetoone
classarenotlimitedtothatparticularclass,buttheyalsoaffectotherentities.Earlyidentificationof
thesechangeproneentitiesisveryessentialforminimizingfuturefaultsinthesoftwareapplications.
Thus,itisveryimportanttodevelopqualitymodelsforidentifyingtherippleeffectofchangedclasses
toeffectivelyutilizethelimitedresourcesduringthesoftwaredevelopmentlifecycle.Association
ruleminingisapopularapproachsuggestedinliterature,butamajorlimitationofthisapproachis
itsinabilitytogeneraterecommendationsincaseofnewadditionofclasses.Thisarticlesuggeststhe
developmentofpredictionmodelusinglearningtechniquestoovercomethislimitation.Theauthors
evaluatetheperformanceofthirteenstatistical,ML,andsearch-basedtechniquesusingeightopen
sourcesoftwareapplicationsinthiswork.Thefindingsofthisstudyarepromisingandsupportthe
applicationofSBTandMLtechniquesforrippleeffectidentification.
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INTROdUCTION

Software systems undergo numerous changes throughout their life span. Rectification and
enhancementsare twomainfactorsresponsiblefor thesechangesmade tosoftwareapplications.
Software maintenance is a very important phase in the development life cycle and it has been
observedthatitemploysthelion’sshareofthetotalallocatedexpense.Researchershavefoundthat
rippleeffectiscapableofpicturingtheextentofchangeeffectontherestofthesoftwareapplication
(Arvanitou,Ampatzoglou,Chatzigeorgiou,&Avgeriou,2015).Black(2006)havestudiedtherole
ofrippleeffectinsoftwareevolutionandtheyfounditverybeneficialinthesoftwaremaintenance
phase.“Itcanhighlightmoduleswithhighrippleeffectaspossibleproblemmoduleswhichmaybe
especiallyusefulinpreventivemaintenance.Itcanshowtheimpactintermsofincreasedrippleeffect
duringperfectiveandadaptivemaintenancewherethefunctionalityofaprogramisbeingmodified
oritsenvironmenthaschanged,”accordingtoBlack(2006).

Rippleeffect identificationaimstoclassifythoseclasses thataremodifiedasaftereffectsof
changesmadetoasoftwareapplication.Thesechangeproneclassesdemandallocationofadditional
resources like labor, budget and time for their thorough testing and meticulous tracking. Good
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planningandallocationhelpinminimizingerrorsleadstogoodqualitysoftware.Thus,ithelpsin
betteroptimizationandproficientexploitationofprevailingresources.

Inthispaper,weproposedevelopmentofqualitymodelsbyestablishingthecorrelationamongst
object-oriented(OO)metricsandrippleeffectofpairofclasses.Theproposedmodelisdeveloped
usinglearningtechniques.Differentlearningtechniques(statistical,machinelearning[ML]orSearch
BasedTechniques[SBT])areavailabletoourdisposal.Theselectionofeffectivelearningtechnique
isamajorchallenge.AgrawalandSingh(n.d.)studiedthecorrelationamongstOOsoftwaremetrics
and rippleeffect recently.Predictionmodelwasderivedusing statistical technique in thiswork.
Performingathoroughsearchofrelevantliterature,wefoundthat thepotentialofotherlearning
techniquessuchasMLandSBThasnotbeenexploredyetforrippleeffectidentificationstudies.

MLappliesinstructedproceduresthatacceptandexamineentereddatatoforecastoutputvalues
withinlimits.Whennewdataisprovidedasinputtotheseprocedures,theylearnandadjusttheir
functionsforimprovedresultsandthusbecomeintelligentwiththepassageoftime.SBTareoneof
themostemergingpracticesintherecentyears.Theyperformiterativesearchacrossthecomplete
solutionuniverseandidentifytheoptimumornearoptimumsolution.Itstartswithsetofcandidate
solutionsandcalculate thefitnessforeachcandidate.Mutation,crossover, reproductionorother
selectiontechniquesarethenappliedtoselectthebestcandidateforfuturegenerations(Eiben&
Smith,2003).Untilthedesiredqualityofresultsisobtained,thealgorithmgoesongeneratingfuture
generations.SeveralstudiesinliteraturesupporttheusefulnessofSBTtosolvesoftwareengineering
problemsthathavecertaininconsistencies,noperfectanswerornopinpointrulesforeffectivesolutions
(Harman&Jones,2001).Therippleeffectidentificationforchangeproneclassesrevealssimilar
behavior.Therearenopreciserulesandattimesinsufficientdatawhenidentifyingrippleeffectof
changedclassesinsoftwareapplications.

Westudytheefficiencyofthestatisticaltechnique(Logisticregression),fiveMLandsevenSearch
BasedTechniquesforrippleeffectidentificationandcomparetheirresultsusingnon-parametrictest.
Weevaluatetheten-foldvalidationresultsforvalidatingtheproposedpredictionmodelsdeveloped
withdifferentlearningtechniques.Thefollowingresearchquestionsareexploredinthispaper:

RQ1:AretheOOmetricsofclassesassociatedwiththerippleeffect?
RQ2:CanweuseSBTandMLtechniquesforrippleeffectidentificationproblems?
RQ3: How is the relative performance of different techniques for ripple effect identification of

changedclasses?

Thedataforourstudyiscollectedfromeightopensourcesoftwareapplicationsdevelopedin
javatoinvestigatetheanswerstotheaboveresearchquestions.Thepredictionmodelisbuiltusing
eachtechniqueandthenwecomparetheirperformancewiththehelpofROCmeasures.Friedman
statisticalnon-parametrictestisappliedtoevaluatetherelativeperformanceofproposedprediction
models.ThestudyrevealsthattheperformanceofmostoftheMLandSBTbasedmodelsisbetter
thantheonesprovidedbystatisticaltechnique.Moreover,theresultsobtainedfromSBTandML
techniquesarecomparabletoeachother.

Theorganizationoftherestofthepaperisasfollows.Therelevantrelatedliteratureisdiscussed
insection2.Theresearchmethodologyispresentedinsection3.Section4statestheempiricaldata
collection;Section5specifiestheresultsofourstudy.Section6presentstheconclusionsofourstudy
andthefuturestudydirections.

RELATEd wORK

Thechangeabilitysub-characteristicindicatestheeaseofmodifyingsoftware.Itrelatesmetricsfor
quantifyingthesoftwareattributesthatconcludeabouttheeffortrequiredforalteration,environmental
changeordefectelimination(ISO/IEC9126-1,2001).Changecouplingidentificationisanimportant
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