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ABSTRACT

Thesoftwaretestingeffortsandcostsaremitigatedbyappropriateautomaticdefectpredictionmodels.
So far,manyautomatic softwaredefectprediction (SDP)modelsweredevelopedusingmachine
learningmethods.However,itisdifficultfortheenduserstocomprehendtheknowledgeextracted
from thesemodels.Further, theSDPdata isofunbalanced innature,whichhampers themodel
performance.Toaddresstheseproblems,thispaperpresentsahybridweightedSVMBoost-basedrule
extractionmodelsuchasWSVMBoostandDecisionTree,WSVMBoostandRipper,andWSVMBoost
andBayesianNetworkforSDPproblems.TheextractionoftherulesfromtheopaqueSVMBoostis
carriedoutintwophases:(i)knowledgeextraction,(ii)ruleextraction.Theexperimentalresultson
fourNASAMDPdatasetshaveshownthattheWSVMBoostandDecisiontreehybridyieldedbetter
performancethantheotherhybridsandWSVM.
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INTRoDUCTIoN

MostoftheITorganizations,beforethedeliveryofaproduct,theyarenotverysureaboutthequality
oftheproduct.Theproductcouldbehighqualityorlowquality.Softwaretestingeffortsandcosts
aresubsidedbyusingeffectivesoftwarecodedefect,predictionmethods.Usually,thesoftwaredefect
predictionmodelsidentifythebug-pronesoftwareartifactsinsoftwareprojectssothatthequality
assurance teamcan allow limited resources in an effectiveway for testing the softwareprojects
(Nam,2014).

Inordertodevelopeffectivedefectpredictionmodelsmachinelearningtechniquesaredevised
prominentlyusedbesidesstatisticalmethods.Alongwithtraditionmachinelearningmethodslike
Navie Bayes, Decision Trees, Linear and Non-Linear Regression advanced methods like group
methodofdatahandling,SupportVectorMachineswerealsoadopted todeviceeffectivedefect
predictionmodels.

However,theclassimbalancenatureoftheSoftwareDefectPrediction(SDP)dataisacritical
issueindevelopingeffectivemodels,wherethemachinelearningalgorithmsfailtoexhibitbetter
predictionsfromunderrepresenteddefectclass(Wang&Yao,2013).Manysolutionsareproposed
to develop effective SDP models using conventional classification algorithms and the methods
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thataddresstheclassimbalanceproblem.However,theknowledgeextractedfromthesemodelsis
notmuchabletocomprehendbythenaiveusers.Fromtheexplorativestudiesofclassimbalance
problem, it is identified that (Japkowicz&Stephen,2002) theSupportVectorMachines (SVM)
islesssensitivetoclassimbalanceproblemandBoostingofWeightedSupportVectorMachines
(WSVM) is used to improve the model performance further. Addition to this, the SDP models
buildwithSVMsareexhibitedgoodperformancescomparedwithotheralgorithms(Gray,Bowes,
Davey,Sun,&Christianson,2009).Usually,theSVMidentifiesthedecisionboundaryintheform
ofseparatinghyperplaney=W x+bamongtheclasses,whereWisthewidthandbisthebiasof
thehyperplane.However,thenaiveuserseldomunderstandstheextractedknowledgeintheformof
mathematicalmodels.

TodevelopefficientSDPmodel,whichcanimprovedefectpredictionratebycounteringclass
imbalanceproblemaswell ashavingexplanationability in the formof If-then rules, thispaper
proposesthreehybridruleextractionmodelsusingWSVMBoost.ThehybridsincludeWSVMBoost
andDecisionTree (DT),WSVMBoostandRIPPER,WSVMBoostandBayesianNetwork(BN).
DuetotheirabilitytorepresentthelearnedknowledgeintheformofifthenelseruleDecisionTree
(DT),RIPPERandBayesianNetwork(BN)areusedforextractingrulesformlearnedWSVMBoost
boundary.TheperformanceoftheproposedapproachisvalidatedusingG-MeanandF-Measure
performancemeasures.

Thepaperisorganizedintofivesections.TherelatedworkispresentedinSection2.Section
3depictstheproposedhybridmethods.Thediscussionofobtainedresultsisdepictedinsection4.
Finally,thispaperconcludesinSection5.

RELATED WoRK

ResearchersuseddifferentanalysistechniquesrangingfromStatisticstoMachineLearning(Nam,
2014)(Kamei&Shihab,2016)foreffectivepredictionmodels.Recently,Lietal.,categorizedthe
recentSDPeffortsintomachinelearning-basedpredictionalgorithms,methodstomanipulatingthe
dataandmechanismsforeffort-awareprediction(Li,Jing,&Zhu,2018).NagappanandBallapplied
(Nagappan&Ball,2005)PREfastandPREfixstatisticalanalysistoolsforpredictingdefectsand
reported82.91%accuracyofthemodel.Fromthestudies,whichadoptedmachinelearningtechniques,
NaiveBayes(Menzies,Greenwald,&Frank,2007)reported71%accuracy,aBayesiannetworkof
MetricsandDefectProneness(Okutanetal.,2014)reported72.5%averageaccuracy.TheSupport
VectorMachines(Grayetal.,2009)asbaselearnersachieved80%accuracy.Fromthecombined
modelsofSupportVectorMachines(SVM)andProbabilisticNeuralNetwork(PNN)(Al-Jamimi
& Ghouti, 2011) reported 87.62% accuracy. Neural Network (NN), Decision Tree (DT), PART,
LogisticRegression(LR)andAdaBoost(Arisholm,Briand,&Johannessen,2010)andachieved
75.6%averageAccuracy.

Thereareworksthatappliedbothtraditionalmachinelearningmethodsandthemethodsthat
address theclass imbalanceproblem.Wangetal.,explores thesignificanceofconsideringclass
imbalanceprobleminSDPdata to improve thedefectpredictionrate (Wang,&Yao2013)).An
extensivesystematicstudywithsevenbaseclassifiers,seventeenimbalancedlearningmethodson
twenty-sevenSDPdatasetsconcludedthat,adoptingclass imbalancemethodsisbeneficialwhen
theimbalancerateiseitherhighormoderate.Thatclassimbalancemethodandcorrespondingbase
classifierchosencarefully(Song,Guo,&Shepperd,2018).ThemethodsthataretailoredtoSDP
suchasCodingbasedMulti-ClassifierModelling(Sun,Song,&Zhu,2012)hadaccomplishedwith
84%accuracy.Astudy(Lessmann,Baesens,Mues,&Pietsch,2008)incomparisonwith22different
classificationalgorithmsover10NASAMDPdatasetsreportedthatRandomForestyieldedthe
bestmeanrankintermsofperformance.Recently,WeightedLeastSquareSupportVectorMachine
studiedonSDPproblemandyielded77%ofF-measure.
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InfewotherstudiesfeaturerankingmethodssuchasCorrelationRanking(CR),InformationGain
(IG),ensembleoffeaturerankingmethods(Chandrashekar&Sahin,2014;Gao,Khoshgoftaar,&
Napolitano,2015;Xu,Liu,Yang,An,&Jia,2016)areappliedonseveralbaseandensemblelearners
andconcludedthatfeaturerankingwithensemblesimprovedthedefectpredictionratesignificantly.
ExceptfortheDTbasedmodels,theotherSDPmodelsarepoorinexplanationability.However,in
thiscase,itisdifficultforthetestarchitecttocomprehendtheknowledgeasthemodelsareofopaque
duetotheirrichmathematicalmodeling.Thus,limitsthedecisionofoptimalresourceallocationfor
softwaretesting.

Thereare researchefforts inextractingexplainableknowledge fromopaquemodels suchas
Support Vector Machines (SVM) and Neural Networks (NN) (Barakat & Bradley, 2010; Zięba,
Tomczak,Lubicz,&Świątek,2014).Thesemethodsworkontheprincipleofextractingtheknowledge,
re-labelingthetrainingdata,whichincludesinducingtherulesonthenewtrainingdata.Though,
thereareprominentruleextractionmethodstoextractmeaningfulrulesfromNN,asabaseclassifier
SVMhasbeenexhibitedbettergeneralizationabilitiesonclassimbalanceproblemcomparedwith
otherbaseclassifiers(Zughrat,Mahfouf,Yang,&Thornton,2014)(YuchunTang,Yan-QingZhang,
Chawla,&Krasser,2009).Therefore, thispaperfocusesondevelopingeffectiveSDPmodelsby
extractingrulesfromWSVMBoostusingruleextraction-basedlearningalgorithms.

BACKGRoUND

Weighted SVM
AWeightedSupportVectorMachineclassifier(WSVMBoost)(Benjamin&Japkowicz,2010)is
usedtocopewiththeclass imbalanceproblem.Itboosts theoutliersubtletyproblemofsupport
vectormachine(SVM)forclassimbalanceproblem.Theelementalintentionistoempowerdifferent
weightstodivergentpointssuchthattheWSVMtrainingalgorithmdeterminesthedecisionsurface
correspondingtotherelativeimportanceofdatapointsinthetrainingdataset.InWSVMtheweights
areprovokedbykernel–basedpossibilisticc–means(KPCM)algorithm.Theobjectivefunctionin
equation(1)forWSVMincludestwocostparameters,C+andC−toperceivehighpriorityfordefect
classusuallywhichisequaltotheimbalanceratioofthedataset.

min(W,,b,ξ)(1/2)║W║2+C+ƩN+
i│yi=+1ξi+C-ƩN-

i│yj=-1ξj (1)

forallk:[Wxk+b]≥(1–ξk),whereξk=max[0,1-yk(wkxk+b)] (2)

Here,N+andN−arethenumberofdefectsandnormalclasssamplesrespectively.

Rule Extraction Methods
DT (J 4.8):
Thisalgorithmin(Quinlan,1986)exploitsagreedystrategytobuildupatreestructureoftraining
datasetstoclassifythetestdataset.Thevitalperceptionbehinddecisiontreeisasfollows:Opening
fromthetrainingdata,wedesiretoconstructapredictivemodel,whichisgeneralizedtothetree
structure.Theobjectiveistoattainasplendidclassificationwiththenominalfigureofdecisions.
Theleafnodesofthedecisiontreeserveaspredictedvariableordecisionwhereasthenon-leafnodes
serveasattributes.Thekeyalgorithmfordecisiontreeis:Openingfromtheperfecttrainingdata,
chooseanattribute,sothatgivesthebestsplit,buildchildnodesbasedonthebestsplit,forevery
iterationthebestattributetosplitisselectedbyusingInformationGainorGiniIndexorHellinger
distance.Theconstructionofthetreeabolishedwhenalltheattributesaredousedtosplitfurther.
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Formerlythetreeisbuild-upinthisfaditmayoverfitsforthegivendata.Bypracticingpruning,
onecanobtainoptimalrules.Inthiswork,wehaverecycledJ4.8algorithmforourexperiments.J4.8
framesamulti-waytreeusingInformationGainastheattributeselectioncriteriaforsplittingthedata.

Ripper
RepeatedIncrementalPruningtoProduceErrorReduction(RIPPER)isadirectmethodinbuilding
theclassificationrules;itextractsrulesdirectlyfromthewholedata.Itispositionedonassociation
ruleswithReducedErrorPruning(REP).Thisalgorithmisdesignedindifferentstages:Growthstage,
Pruningstage,Optimizationstage,andSelectionstage.Inthegrowthstage,aruleisgrownbygreedily
addingattributestotheruleuntiltheruleconfirmedthebenchmark.Intheprunestage,everyrule
isprunedincrementallybygrantingthepruningofthefinalarrangementoftheattributes,untilthe
criteriameet.Intheoptimizationphase,allthedevelopedrulesarefurtheroptimizedbyi)greedily
joiningtheattributestotheinitialruleii)byindividuallydevelopinganewrule.Intheselection
stage,themostelegantrulesareconsidered,andtheremainingrulesarediscardedfromthemodel.

Bayes Network
BayesNetwork(Okutanetal.,2014)isagraphicalrepresentationusedtoresolvetheprobabilistic
authoritativerelationshipsbetweensoftwaremetricsanddefects.ItisaDAG(DirectedAcyclicGraph)
consistsofEedgesandVvertices,whichserveasthejointprobabilitydistributionofasetofvariables.
Bythis,eachvertexservesasavariable,andeveryedgeservesasacausalimpactofonevariableto
itssuccessorinthenetwork.WhenBayesNetworkisusedinaffiliationwithstatisticaltechniques,
thegraphicalmodelhashandfulpreferencesfordatamodeling.BayesNetworkcanpromptlyhandle
fragmentarydatasets.Itisagraphicalmodelthatcomfortablyencodestheprobabilitydistribution.

Performance Measures
To measure the efficiency of the developed Software Defect Prediction models (Fawcett, 2006)
G-MeanandF-Measureareusedasperformancemetrics.

G–Mean:Itisthegeometricmeanofpositiveclassaccuracyandnegativeclassaccuracy.

G-mean=√(accuracyofpositiveclass*accuracyofnegativeclass) (3)

F–Measure:Ameasurethatassociateswithprecisionandrecall,itistheharmonicmeanof
precisionandrecall,theuniversalF–Measureis:

F-Measure=(β*precision*recall)/(Precision+recall) (4)

Where,precisiondefinesthetrade-offbetweenTrue PositiveandFalse Positiverateswhereas
recalldefinestheTrue Positiverateandβisauser-definedparameter.Usually,itsvalueisconsidered
as2.

Friedman’s Ranking Test
Itisanonparametricstatisticaltest,usedtoidentifythedifferencesbetweenthedistributionscaused
bydifferenttestattempts.Initially,eachofthedistributionsrankedbetween1ton,wherenisthe
largestrankamongthedistribution(Demšar,2006).HereFriedman’srankingisusedtoidentifythe
methodwithbestaveragemeanrankingcomparedwithothermethodsoncetheirperformanceis
rankedonalldatasets.ToapplytheFriedman’srankingtestthedatashouldmeetsomerequests,like
datamustbeunique;thesamplestoodfashionedwitharandomsamplingmethod.
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PRoPoSED HyBRID WSVM BooST BASED RULE EXTRACTIoN METHoDS

Proposedhybridruleextractionmethodslearnintwophases.

Prediction Phase
Inthisphase,theweakweightedSVM(Benjamin&Japkowicz,2010)isboostedfort=1to‘n’times,
where‘n’istheuser’sinput.Ineveryiteration,theweightsofmiss-classifiedinstancesareincreased
suchthat,theycanbeclassifiedinnextiterations.Thefinaltargetpredictionofeachsampleisthe
signofthesumofthepredictionsofallnweaklearners.Onceafterpredictingtheclasslabelsofthe
wholedataset,theactualtargetsarereplacedwiththenewpredictedclasslabelsandreferredasP.

Rule Extraction Phase
In this phase rule, extraction algorithms such as decision tree, RIPPER, Bayesian Network are
learnedonpredicteddatasetPobtainedonpreviousPredictionPhase.Consequently,threehybrid
ruleextractionmethodsWSVMBoostandDecisionTree,WSVMBoostandRIPPER,WSVMBoost
andBayesianNetworkwiththefinalpredictionsintheformofif-thenrulesresulted.Figure1depicts
aflowdiagramforproposedhybridswithtwophases.

DATASET DESCRIPTIoN AND EXPERIMENTAL SETUP

Dataset Description
Proposed hybrids are validated on four defect prediction datasets from NASA MDP repository
(SayyadShirabad&Menzies,2005).Thesedatasetsarehaving21methodlevelmetrics,including
1classlabel.ThestatisticaldetailsoftheconsidereddatasetsarepresentedinTable1.HereDrefers
toDefectclassandNDreferstoNonDefectclass.

Experimental Setup
DifferentclassifiersDecisionTree(J4.8),RIPPER,BayesNetworkareconsideredfromWekaSoftware
(Witten,Frank,&Eibe,2005).ThebaselearnerWSVMisconsideredfromLibSVM(Chang&Lin,
2011)andWSVMBoostisimplementedonMATLABMEXinterface.Theresultspresentedoneach
datasetaretheaverageoftheG-meanandF-measureperformancesoftheten-foldcross-validation.
Incross-validation,eachsampleincross-validationisatleasttrainedonceandtestedoncesothat
effectivegeneralizationistakenplacewithoutlosingeithermodelingortestingcapabilities.

RESULTS AND DISCUSSIoN

PresentedhybridsarecomparedwiththebaseWSVMtovalidatetheexpressivecapabilitiesofthe
‘if-then’rules.Table2presentstheperformanceoftheconsideredhybridsandbaseWSVMclassifier

Table 1. Dataset description

S. No. Dataset No. Of 
Attributes

No. of Instances D:ND Imbalanced 
Rate

1 CM1 22 498 34:315 9.16

2 KC1 22 2109 326:1783 5.46

3 KC2 22 522 107:415 3.87

4 PC1 22 1109 77:1032 13.4
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intermsofbothDefective(D)andNon-DefectiveclassG-Mean.FromTable2itisobservedthatthe
baseWeightedSupportVectorMachine(WSVM)classifierresultedinpoorperformance(<80%)
comparedwithallhybridruleextractionmethods.Amongthehybridruleextractionmethods,itis
observedthat,thehybridofWSVMBoostandDecisionTreeexhibitedbetterperformanceoveralldata
sets.WhereasthehybridofWSVMBoostandRipperWSVMBoostandBayesianNetworkresulted
withthesecond-bestperformanceforKC1andPC1datasets.Ontheotherhand,WSVMBoostand
BayesianNetworkyeildedsecondbestperformancewithCM1andKC2datasets.Toidentifythe
winneramongthepresentedhybridruleextractionmethodsandbaseWSVMclassifier,theG-Mean,
andF-MeasureperformancemeasuresarerankedusingFriedman’sRanking(Demšar,2006).The
Friedman’sRanking isastatisticalmethodto identify thedifferencesamongtheexperimentsby
rankingeachattempt(Table3).Finally,thewinnerisidentifiedwithameanrankingofG-Mean
andF-Measureperformancesoftheconsideredmethods.FromTable3itcanbeidentifiedthatthe
hybridofWSVMBoostandDecisionTree(J4.8)yieldedbetterFriedman’smeanrankoverboth
F–Measure:4.0andG–Mean:4.0.ThehybridofWSVMBoostandRipper,WSVMBoostand
BayesianNetworkyieldednextbestmeanrank.ObtainedrulesofKC2foreachofthehybridsare
presentedinRules1,2,3.

Rule1:WSVMBoost+DecisionTree
v <= 0.018584 
|   b <= 0.011364 
|   |   loc <= 0.059028 
|   |   |   total_Op <= 0.022124: ND (1190.0/1.0) 
|   |   |   total_Op > 0.022124 
|   |   |   |   ev(g) <= 0.053846 
|   |   |   |   |   uniq_Opnd <= 0.033333: D (2.0) 
|   |   |   |   |   uniq_Opnd > 0.033333: ND (35.0/1.0) 
|   |   |   |   ev(g) > 0.053846: D (2.0) 
|   |   loc > 0.059028 
|   |   |   uniq_Op <= 0.027027: ND (20.0) 
|   |   |   uniq_Op > 0.027027: D (12.0/3.0) 
|   b > 0.011364 
|   |   uniq_Opnd <= 0.083333 

Figure 1. Flow diagram for proposed hybrid approaches
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|   |   |   ev(g) <= 0.038462 
|   |   |   |   lOCode <= 0.049618 
|   |   |   |   |   uniq_Opnd <= 0.075 
|   |   |   |   |   |   i <= 0.082617 
|   |   |   |   |   |   |   v(g) <= 0.044444 
|   |   |   |   |   |   |   |   i <= 0.048482: D (2.0) 
|   |   |   |   |   |   |   |   i > 0.048482: ND (5.0/1.0) 
|   |   |   |   |   |   |   v(g) > 0.044444: D (6.0) 
|   |   |   |   |   |   i > 0.082617: ND (67.0/2.0) 
|   |   |   |   |   uniq_Opnd > 0.075 
|   |   |   |   |   |   loc <= 0.045139: ND (6.0/1.0) 
|   |   |   |   |   |   loc > 0.045139: D (9.0) 
|   |   |   |   lOCode > 0.049618 
|   |   |   |   |   lOBlank <= 0 
|   |   |   |   |   |   e <= 0.003127: ND (2.0) 
|   |   |   |   |   |   e > 0.003127: D (3.0) 
|   |   |   |   |   lOBlank > 0: D (9.0) 
|   |   |   ev(g) > 0.038462: D (10.0) 
|   |   uniq_Opnd > 0.083333: D (17.0) 
v > 0.018584: D (712.0/2.0) 
Number of Leaves :      18 
Size of the tree:      35

Rule2:WSVMBoost+Ripper
(v >= 0.018776) and (locCodeAndComment <= 0.083333) => defects=D 
(667.0/0.0) 
(v >= 0.013638) and (uniq_Opnd >= 0.083333) => defects=D 
(74.0/5.0) 
(v >= 0.01084) and (e >= 0.002577) and (i <= 0.084948) and (v(g) 
>= 0.066667) => defects=D (19.0/0.0) 
(total_Opnd >= 0.021028) and (loc >= 0.059028) and 
(locCodeAndComment <= 0.083333) and (n >= 0.027125) => defects=D 
(14.0/0.0) 
(lOComment >= 0.045455) and (loc >= 0.065972) => defects=D 
(7.0/1.0) 
(b >= 0.011364) and (i <= 0.046359) => defects=D (4.0/0.0) 
(i >= 0.133378) and (loc >= 0.052083) and (loc >= 0.0625) => 
defects=D (3.0/0.0) 

Table 2. F-Measure and G-Mean performance, superscript represents the Friedman’s ranking

Data 
Set

WSVM WSVMBoost 
+ 
BN

WSVMBoost 
+ 
RIPPER

WSVMBoost 
+ 
DT

F-Measure
G-Mean

F-Measure
G-Mean

F-Measure G-Mean F-Measure G-Mean

D ND D ND D ND

CM1 0.70261 0.74211 0.716 0.87 0.8483 0.746 0.91 0.8372 0.811 0.939 0.8684

KC1 0.73091 0.72741 0.96 0.976 0.9692 0.976 0.986 0.9813 0.978 0.987 0.9824

KC2 0.67771 0.77611 0.939 0.968 0.9583 0.937 0.968 0.9512 0.951 0.976 0.964

PC1 0.79121 0.77801 0.627 0.791 0.7532 0.777 0.914 0.8433 0.796 0.919 0.8594
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 => defects=ND (1321.0/3.0) 
Number of Rules: 8

Rule3:WSVMBoost+BayesianNetwork
LogScore Bayes: -30601.284763589785 
LogScore BDeu: -30908.326530872 
LogScore MDL: -31003.013745034103 
LogScore ENTROPY: -30417.48510272746 
LogScore AIC: -30570.48510272746

CoNCLUSIoN

ThispaperproposesthreehybridruleextractionmethodssuchasWSVMBoostandDecisionTree,
WSVMBoost andRIPPERandWSVMBoost andBayesianNetwork isproposed to improve the
defectpredictionrateaswelltoimprovetheexplanationabilityofthemodeltotheenduser.From
theexperimentalresultsonfourdatasets,itcanbeidentifiedthatproposedhybridsyieldedbetter
performancethanthebaseWeightedSupportVectorMachine(WSVM)andtheextractedknowledge
intheformofifthenelserulescanalsobewellcomprehendedbytheendusers.

FUTURE WoRK

InfutureweareplanningtocomparetheproposedhybridswithotherWSVMBoosthybrids,suchas
fuzzyrulelearningmethods,toidentifythebestmodelthatbettersuitstheSDPproblem.Bothcross-
validationandholdoutmethodwithvalidationsetareplannedtobeusedforperformanceevaluation.

Table 3. Friedman’s mean ranking

WSVM
WSVMBoost 

+ 
BN

WSVMBoost 
+ 

RIPPER

WSVMBoost 
+ 

DT

F-Measure 1 2.25 2.75 4

G-Mean 1 2.5 2.5 4
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