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ABSTRACT

Codesmellisaninherentpropertyofsoftwarethatresultsindesignproblemswhichmakesthesoftware
hardtoextend,understand,andmaintain.Intheliterature,severaltoolsareusedtodetectcodesmell
thatareinformallydefinedorsubjectiveinnatureduetovaryingresultsofthecodesmell.Toresolve
this,machineleaning(ML)techniquesareproposedandlearntodistinguishthecharacteristicsof
smellyandnon-smellycodeelements(classesormethods).However,thedatasetconstructedbythe
MLtechniquesarebasedonthetoolsandmanuallyvalidatedcodesmellsamples.Inthisarticle,
insteadofusingtoolsandmanualvalidation,theauthorsconsidereddetectionrulesforidentifying
thesmellthenappliedunsupervisedlearningforvalidationtoconstructtwosmelldatasets.Then,
appliedclassificationalgorithmsareusedonthedatasetstodetectthecodesmells.Theresearchers
foundthatallalgorithmshaveachievedhighperformanceintermsofaccuracy,F-measureandarea
underROC,yetthetree-basedclassifiersareperformingbetterthanotherclassifiers.
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INTRoDUCTIoN

Codesmellsorbadcodesmellsreferstoananomalyinthesourcecodethatmayresultindeeper
problemswhichmakessoftwaredifficulttounderstand,evolve,andmaintain.Accordingto(Booch,
2006)smellisakindofstructureinthecodethatshowsaviolationofbasicdesignprinciplessuchas
Abstraction,Hierarchy,Encapsulation,Modularity,andModifiability.Evenifthedesignprinciples
areknowntothedevelopersduetoinexperience,thecompetitionthatisinthemarketanddeadline
pressureareleadingtoviolationoftheseprinciples.Fowleretal.(Fowler,1999)havedefined22
informalcodesmellswhichareremovedthroughrefactoringtechniques.Thesetechniquesareused
toenhancetheinternalstructureofthecodewithoutvaryingtheexternalbehaviourandtoimprove
thequalityofthesoftware.The(Opdyke,1992)authorshavedefined72refactoringtechniques.

Therearevariousmethodsandtoolsavailableintheliteraturetodetectthecodesmells.Each
techniqueandtoolproducesdifferent(Fontana,2012).Bowesetal.(Bowes,2013),comparedtwo
codesmelldetectiontoolsonmessagechainingandshowndisparityofresultsbetweenthem.The
threemainreasonsforvaryingresultsare:1)Thecodesmellscanbesubjectivelyinterpretedbythe
developers,andhencedetectedindifferentways.2)Agreementbetweenthedetectorsislow,i.e.,
differenttoolsorrulesdetectadifferenttypeofsmellfordifferentcodeelements.3)Thethreshold
valueforidentifyingthesmellcanvaryforthedetectors.

ThisarticlepublishedasanOpenAccessArticledistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://cre-
ativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorofthe

originalworkandoriginalpublicationsourceareproperlycredited.



International Journal of Rough Sets and Data Analysis
Volume 6 • Issue 2 • April-June 2019

35

Toaddresstheabovelimitations,inparticularthesubjectivenature,Fontanaetal.(Fontana,
2016)proposedamachinelearning(ML)techniquetodetectfourcodesmells(LongMethod,Data
Class,FeatureEnvy,LargeClass)withthehelpof32classificationtechniques.Theauthorshave
built4datasets,oneforeachsmell.Thesedatasetshavebeenpreparedbasedonthetoolsandmanual
labellingprocess.Toolsareusedtoidentifywhetherthecodeelements(instances)aresmellyor
not.But the toolsmayproduce some falsepositive instances so, theauthorsmanuallyvalidated
theinstancestoavoidthebiasness.Inthispaper,insteadofusingtoolsandmanualvalidation,the
authorshavepreparedtwonewmethodlevelcodesmelldatasetsofFowleretal.(Fowler,1999)from
theliterature;basedonthedetectionrulesandunsupervisedlearningi.e.,clusteringtovalidatethe
instancesassmellyornot.

Intheproposedwork,anattemptismadetodetecttwocodesmellsnamelyShotgunsurgery
andMessagechainingwithsupervisedlearningtechniques.Itisanapplicationofmachinelearning
(ML)classificationapproachusedforcodesmelldetection.Itusesknowndatatodeterminehow
thenewinstancesshouldbeclassifiedintobinaryclassificationi.e.,basedonthemetricsusedfora
particularmethod,theMLapproachhelpsinclassifyingamethodtobepronetocodesmellornot.In
thispaper,thedatasetinstancesaremethodsof74heterogeneousjavasystems.Themetricsofobject-
orientedsystemshavebeencomputedonmethodinstances,whicharethefeaturesorattributesofthe
dataset.Foreachsmell,onedatasetispreparedbyusingdetectionrulesfromtheliterature(Ferme,
2013).Theresearchersappliedarandomstratifiedsamplingonthemethodinstancestobalancethe
datasets.Sampleinstancesofthedatasetarevalidatedthroughunsupervisedlearningandaddedtothe
trainingdataset.Thenappliedsomeknownclassificationalgorithmsonthetraineddatasetstodetect
thecodesmells,byusing10-foldcrossvalidationmethod.Toevaluatethosealgorithms,standard
metricmeasuressuchasF-score,accuracyandtheareaundertheROCareused.Theexperimented
algorithmshaveachievedhighperformanceinboththesmells.

Thepaperisbeenarrangedasfollows;Thesecondsection,introducesaworkrelatedtodetection
ofcodesmells;Thethirdsection,definestwoproposedapproachesofcodesmelldetections;Thefourth
section,detectingcodesmellsusingMLapproach;Thefifthsection,presentsexperimentalresults;
Thesixthsection,presentsthecodesmelldetectionrules;andthefinalsection,givesconclusion
andfuturedirections.

ReLATeD woRK

Accordingto(Kessentini,2014)approachesofcodesmelldetectionareclassifiedinto7categories(i.e.,
cooperative-basedapproaches,visualization-basedapproaches,search-basedapproaches,probabilistic
approaches,metric-basedapproaches,symptomsbasedapproaches,andmanualapproaches).Inthe
manualapproachdevelopersandmaintainersfollowdifferentreadingguidelinestodetectsmells.
Asit requireshumaninvolvement, itconsumesmoretimefor largesystems.In themetric-based
approach,smelldetectionisbasedonsourcecodemetrics.Symptomsbasedapproachusesdifferent
notations todetect smells.But theproblemwith this approach is, it requires analysis toconvert
symptomsornotationsintodetectionalgorithms.Probabilisticapproachisbasedonapplyingfuzzy
logicrulestodetectsmells.Thevisualizationapproachusessemi-automatedprocessestodetectand
visualizethesmellswiththeintegrationofhumancapabilities.Buttheproblemwiththisapproach
isthat,itrequireshumaneffort,withincreaseinlargesystems.Thesearch-basedapproachapplies
differentalgorithmstodetectthesmells.MostofthetechniquesuseMLapproaches.Thesuccess
ofthisapproachdependsuponthetrainingdatasets.Thecooperativeapproachperformsdifferent
activitiesinacooperativeway.

Fontanaetal.(2015)proposedadetectionstrategyforthecodesmells.Theauthorshavederived
metricthresholdstodetectcodesmells,fromabenchmarkof74javasoftwaresystems.

Fontanaetal.(2016)experimentedandcomparedthesupervisedMLalgorithmstodetectthe
codesmells.Theauthorshaveused74javasystemstopreparethetrainingdatasetwhicharemanually
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validatedinstances.Thenused16differentclassificationalgorithmsandinadditiontoit,boosting
techniquesareappliedon4codesmellsviz.,LongMethod,DataClass,FeatureEnvy,andLargeClass.

Inthisproposedapproachanattemptismadetodetecttwoadditionalcodesmellscalledshotgun
surgeryandmessagechainingthroughMLclassificationtechniques.InFontanaetal.(FontanaF.A.,
2016)advisors(Tools)areusedtoidentifywhethertheclassissmellyornot,buttheauthorshave
consideredthetoolstobesubjectivetoerrorsandnotbiased.So,theywentformanualvalidationon
theinstances.Butintheproposedapproach,theresearchershaveusedthecodesmelldeterministic
rulesfromliterature(FontanaF.A.,2015)toidentifywhethertheclassissmellyornotandinsteadof
manualvalidationunsupervisedlearningisused.Intheproposedwork,thetrainingdatasetsizeislarger
thanthepreviouswork.Alargedatasetwouldgeneralizetheinstanceseffectively.Inbothproposed
andpreviouswork,thetreebasedclassifiersaregivingbetterperformancethanotherclassifiers.

CoDe SMeLL BASICS

Inthiswork,theresearchershaveconsideredtwocodesmellsamong22codesmellsidentifiedby
Fowleretal.(Fowler,1999),toexperimentonthesmelldetectionapproach.Thereasonforchoosing
thesetwocodesmellsistocoverpotentialproblemsrelatedtoobject-orientedqualitydimension
calledcoupling.Couplingistherelationalstrengthbetweenentitiesofthesystems.Highcoupling
maynegatively impact thesoftwarequalitydimension. InTable1, the researchershaveoutlined
theselectedcodesmellsandreportedthesmelldefinitions.Thereareusuallytwolevelsofaffected
entitiesinthecodesmelli.e.,classlevelandmethodlevelandeachcodesmellaffecteitheranintra
orinterclass.Intraclassmeanscodesmellaffectingasingleentityinthesourcecodeandinterclass
meanscodesmellaffectingmorethanoneentityinthesourcecode.Inthispaper,workiscarried
outonmethodlevelsmells.

Shotgunsurgerysays,tointroduceasmallnewchange,adeveloperhastochangemanyclasses
andmethods,andmostofthetimewritesduplicatedcode,whichviolatesthe“Don’tRepeatYourself”
principle.

Themessagechaining,codesmellrefertoaparticularclassormethodwhichhashighcoupling
withotherclassesormethodsinchain-likedelegations,i.e.,methodsthatcontainlongsequencesof
methodcallstogetdatafromotherclasses.

CoDe SMeLL DeTeCTIoN USING MACHINe LeARNING APPRoACH

The application of ML classification approach is to detect the code smell using known data to
determinehowthenewdatamustbeclassifiedintoabinaryclassification(codeissmellyornot),
Figure1describestheflowofactivitiesintheproposedapproachtodetectcodesmells.

Thesummaryoftheflowchartwillbedescribedhere.Followingsectionswillgiveadetailed
explanationofoneeachactivitiesoftheresearchersapproachduringthecodesmelldetection.

Table 1. Selected fowler code smell

Name of Code Smell Affected Entities Intra / Inter Impacted on Object 
Oriented Quality 

Dimensions

ShotgunSurgery Method Interclass Coupling

Messagechaining Method Interclass Coupling
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• Acollectionof74heterogeneousjavasystemsarebeencollectedandconsideredasinputinstances
(methods)forcreationofthedataset.

• Fromthegiven74systems,metricsextractionwasdonefromall the levelssuchasProject,
Package,ClassandMethod.Thesemetricsbecomefeaturestothedataset.

• Forthebinaryclassificationofcodesmells,classvariablesareconsidered.Toassignclassvariable
(smellyornot)theresearcherschosencodesmellrulesfromtheliterature.

• The above steps result in a dataset which is imbalanced. The researchers applied a random
stratifiedsamplingonthemethodinstancestobalancethedatasets.

• Sampleinstancesofthedatasetarevalidatedthroughunsupervisedlearningandaddedtothe
trainingdataset.

• Knownsupervisedclassificationalgorithmsareappliedonthetrainingdataset.
• Amongthesupervisedclassificationalgorithms,J48andJRIPproduceshumanreadablecode

smellrules.

Collection of Java Software Systems
Inordertopreparecodesmellclassificationdataset,javasoftwaresystemsarecollectedfrom(Fontana
F.A.,2016).Theauthorhasprovidedacollectionof74javasystemswiththecompiledversion,
collectedfrom(Tempero,Anslow,Dietrichetal.,2010).The74systemsarehavingdifferentsizes
andvariousapplicationdomains.Table2 reports, thecharacteristicsofall74projects.Thedata
selectedarelargeenoughtoexperimentontheMLalgorithms.Thelargedatasetwouldleadtomore
generalizedMLalgorithmresults.Thenumberofinstances(methods)createthedataset.

extracting All Code Level Metrics
Themetricsofsourcecodeareusedtoidentifytheproblemsandevenusedtoimprovethequalityof
thesoftwaresystem.Thevarioustypesofmetricsusedtomeasuresourcecodepropertiesarecoupling,
encapsulation,cohesion,complexity,sizeandinheritance.Softwarequalitydimensionscoverdifferent
aspectsofthesourcecode.Usually,metricsarecategorizedintothree:Process,Resource,andProduct.

1. Process Metrics:Theseare themetricsused tomeasure theeffectivenessandefficiencyof
variousprocess.Processmetricsarerelatedtofunctionpoints,percentageofdefectivedetection,
defectivedensityetc.

Figure 1. Flow of activities to detect the code smells
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2. Resource Metrics: These are the metrics used to measure the quantity of cost, defects,
productivity,scheduleandestimationofvariousprojectdeliverablesandresources.Resource
metricsarealsorelatedtoschedule,cost,productivityandnumberofdevelopers.

3. Product Metrics:Theseare themetricsused tomeasure the internal structureof software.
Productmetricsarerelatedtosoftwarequalitydimensionslikecoupling,encapsulation,cohesion,
complexity,sizeandinheritance.

Inthispaper,theresearchersparticularlyfocusedonproductmetricsbecause,softwarerefactoring
changestheinternalstructureofthesoftware.Asmentionedintheabovedefinition,productmetrics
measures the internal structureof software.The sixobjectoriented softwarequalitydimensions
arerelatedtocode-smellcharacteristics.Inappendixsection,Figure7listedthemetricswhichare
categorizedintoqualitydimensionsandwiththeirabbreviations.Eachdimensionisrelatedtofew
metricslistwhicharementionedbelow,thatareindependentvariableofthedataset:

• Size:Thesizeof thesystemdependsuponnumberofpackages,numberofclasses,number
ofmethods,andnumberof linesofcodeandsoon.Larger thesystem, themoredifficult it
is tomanage.SizerelatedmetricsareLOC,LOCNAMM,NOM,NOPK,NOCS,NOA,and
NOMNAMM.

• Complexity:Itismeasuredbasedonthelevelofdifficultyinunderstandingthestructureofthe
class(Bansiya,JagdishandDavis,CarlG.,2002).Asthecomplexityoftheclassincreases,it
wouldbehardtounderstandit.ComplexityrelatedmetricsareCYCLO,WMC,WMCNAMM,
AMW,MAXNESTING,WOC,CLNAMM,NOP,NOAV,ATLD,NOLV,andAMWNAMM.

• Cohesion:Itisusedtomeasurethestrengthofrelatednessamongmethodsandattributesina
class(Balmas,FrancoiseandBergel,AlexandreandDenier,SimonandDucasse,Stephaneand
Laval, JannikandMordal-Manet,KarineandAbdeen,HaniandBellingard,Fabrice,2010).
CohesionmetricsareLCOM5,TCC.

• Coupling: It isused tomeasure the strengthofdependenceamong theobjects inadesign.
Therefore,thestrongerthecouplingbetweentheobjects,themoredifficulttochange,understand,
andcorrect.CouplingrelatedmetricsareFANOUT,ATFD,FDP,RFC,CBO,CFNAMM,CINT,
CDISP,CC,andCM.

• Encapsulation:Itisdefinedasbindingofdataandbehaviorwithinasingleblockcalledclass.
Withoutencapsulationinclassesanunauthorizedpersoncanabletoaccessitdirectly.Themetrics
relatedtoencapsulationareLAA,NOAM,andNOPA.

• Inheritance:Is-arelationshipbetweenclassesismeasuredbyinheritance.Thatmeansacquiring
the properties of one class to another class. The level of nested classes depends upon the
relationshiprelatedtotheinheritancehierarchy.Asthecomplexityofthehierarchyincreases
understanding it becomedifficult, becauseof the inheritedmethods andattributes from the
ancestorclasses.InheritancerelatedmetricsareDIT,NOI,NOC,NMO,NIM,andNOII.

Theobjectorientedmetrics (product)aregrouped into fourcategoriescalledclass,method,
packageandproject(LAB.(n.d)).Theircorrespondingfewmetricsarelistedbelow,intheTable3.
Thesemetriclevelsfollowthecontainmentrelation,i.e.,classispresentinapackage,methodis

Table 2. Summary of 74 projects

Number of Projects Number of Lines 
in All Projects

Number of 
Packages in All 

projects

Number of Classes 
in All Projects

Number of Methods 
in All Projects

74 6,785,568 3420 56,225 4,15,995
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presentinaclassetc.Thereareusuallytwolevelsofaffectedentitiesinthecodesmelli.e.,class
levelandmethodlevel.Inthispaper,researchersareworkingonmethodlevelsmells.Themethod
levelsmells,notonlyincludesmethodlevelmetrics,butalsoincludesclass,packageandproject
levelmetricsinthedatasetasanindependentvariable.

Rules for Smell Detection
Thesupervisedclassificationalgorithmneedsatrainingdatasetwhichconsistsofinstances(methods
orclasses),features(alllevelmetrics)andclasslabels(codesmells).Inthedatasetpreparation,the
classlabelshouldspecifywhetheramethodoraclassinstanceisaffectedbythecodesmellornot.The
dataof74systemsarelargeenoughandheterogeneous.Hence,itisdifficulttoassignclasslabelsfor
suchlargedatasetandrequiresmassivehumanintervention.Thisgavewaytocreateadataset,using
samplingapproach.Thesimplestmethodofsamplingmethodisrandomsampling.Even,random
samplinggiveslesscodesmellsinthisdomain,i.e.,theselectedinstancesarelessaffectedbythe
codesmellsinthetrainingdataset.Hereinthiscase,theresearchersassignedclasslabelinstances
withthehelpofdetectionrulesproposedintheliterature(Ferme,2013).Theresearcherslabelled1
asanaffectedinstanceand0asanunaffectedinstance.Thedetectionapproach,composedofbinary
logicalconditions(AND,OR).Figure2andFigure3shows,shotgunsurgeryandmessagechaining
detectionrulesrespectively.Theseruleswillhelptodetectwhetherthemethodinstancesaresmelly
ornot.Thereasonforchoosingthesedetectionrulesisthat,thethresholdofthemetricsarederived
fromabenchmarkofselected74softwaresystem(FontanaF.A.,2015).ThemetricsCC,CM,and
FANOUTareusedtoidentifythecharacteristicsoftheshotgunsurgerysmell.Similarly,MaMCL,
NMCS,andMeMCLareused to identify thecharacteristicsof themessagechainingsmell.The
computationofthesemetricsaredefinedin(Ferme,2013).Theoutcomeofthisstepresultsinadataset.

Unsupervised Learning
Theresearchershaveappliedunsupervisedlearning(clustering)ontheentiremethodleveldataset
toknowthenumberofclustersthatcanbeformed.Inthiswork,themethodinstancescanbeeither
smellyornot.So,thetwoclustersareconsideredtobebinaryclassifiers.Thealgorithmusedfor
clusteringisk-means.Themethodinstanceswhichareaffected(positive)bytheaboverulesare
comparedwiththeformedclusterstovalidatetheinstances.Iftheinstanceproducessameclusteras
it’slabelthenitisconsideredelsediscardedfortrainingdataset.

Table 3.Object oriented metrics

Project Level Metrics Package Level Metrics Class Level Metrics Method Level Metrics

NOPK,NOCS,NOI,
NOMNAMM,LOCetc.

NOCS,NOMNAMM,
NOI,LOC,NOMetc.

NOII,NOAM,NOCS
NMO,ATFDetc.

CYCLO,NOP,NMCS
LOC,LAAetc

Figure 2. Shotgun surgery detection strategy



International Journal of Rough Sets and Data Analysis
Volume 6 • Issue 2 • April-June 2019

40

Stratified Random Sampling on Datasets
Table4reports,theresultsafterapplyingdetectionrulesontheentireQualitusCorpusdataset.

ItcanbeobservedfromTable4thatthenumberofnegativelyaffectedinstancesaremorewhen
comparedtopositivelyaffectedinstances.Usingofopensourcesystem,resultedinincreaseofnegative
instances.Opensourcesystemsareusedtoproducethesourcecodewithpoorquality(Stamelos,
2002).Therecentstudyindicatesthattheopensourcesystemsandcommercialsystemsarehaving
almostthesamecodequality(Spinellis,2008).Fromtheobservationitwasfoundthatwhencompared
tocommercial systems,pureopensourcesaregivingbetter softwarestructures (Spinellis,2008;
Capra,2011).TheQualitasCorpus(Tempero,Anslow,Dietrichetal.,2010)hasboth“pureopen
source”and“opensource”systemswherethereisacommercialparticipation.Thus,itisobserved
thataffectedsmells(i.e.,positiveinstances)detectedusingopensourcesystemsareless.Thisleads
tohighlyimbalanceddatasets(He,2009).Tobalancethedataset,theresearchershaveusedstratified
randomsamplingapproachwhichisorganizedasfollows:

• Foreachproject,groupthenegativeinstancesforthedataset.
• Randomly,samplethenegativeinstancesofeachgroupuntilapproximatelythedoubleofthe

positiveinstancesareobtained.
• Forpositiveinstances,unsupervisedlearning(clustering)isusedforvalidation.
• Theobtainedpositiveandnegativeinstancesareplacedinthetrainingdataset.

Anoverviewof theprocedure is shown inFigure4.Thiscoversdifferentdomain instances
havingdifferentcharacteristics.

eXPeRIMeNTATIoN AND ReSULTS

experimental Setup
Researchershaveusedtheapplicationofsupervisedlearningfortheexperimentsandselectedsix
known classification algorithms such as Bayesian networks, support vector machines, K-nearest
neighbours,rulelearner,decisiontrees,ensemblemethod(Randomforest)andWEK(Hall,2009)
tool toprovide the implementationsof the selectedalgorithms. Ingeneral, treebasedclassifiers

Figure 3. Message chain detection strategy

Table 4. Detection strategies of two smells on entire dataset

Code Smells Method Instances Positive Instances Negative Instances

Shotgunsurgery 415995 600 415395

Messagechaining 415995 673 415321
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areperformingbetterthantheotherclassifiersin(FontanaF.A.,2016)detectingthecodesmells.
Followingstepsgivesashortdescriptionoftheselectedalgorithms:

1. J48 (C4.5) algorithm(Quinlan,1993):Decisiontreetriestorecursivelypartitionthedataset
intosubsetsbyevaluatingthenormalizedinformationgain(differenceinentropy)resultingfrom
choosinganattributeforsplittingthedata.Theattributewiththehighestinformationgainisused
foreverystep.Thetrainingprocessstopswhentheresultingnodescontaininstancesofsingle
classesornosuchattributethatcanbefoundwithinformationgain.Theauthorshaveusedthe
defaultparameterssupportedbyWEKAwhicharegivenbelow.
1. Criterion: It defines the function to measure the quality of split. J48 support Entropy

(measurethelevelofimpurity)forinformationgain.
2. minNumObj:Minimumnumberofinstancesrequiredtosplittheinternalnodes.Bydefault,

thevalueis2.
3. Confidence vector:Theparameteraltered to test theeffectivenessofpost-pruningwas

labelledbyWEKAastheconfidencefactor.Itbuildsafulltreeandthenworkbackfrom
theleaves,applyingastatisticaltestateachstage.Bydefault,thevalueis0.25.

2. Random Forest(Breiman,2001):Itgeneratesdifferentdecisiontreesbasedonrandomlyselected
attributesandinstances.Thesetreesbecomeaforestcalled“randomforesttree”.Itconducts
votingonalltheinstancestodecidetheclassinstancebasedonpollingresult.Thedefaultrandom
foresttreeparametersinWEKAareasfollows:
1. maxDepth:Itindicateshowdeepthetreecanbe.Thedeeperthetree,themoresplitsit

has,andcapturesmoreinformationaboutthedata.Bydefault,thevalueis0(unlimited)
meansthenodesareexpandeduntilallleavesarepureoruntilallleavescontainlessthan
minimumnumberofinstances.

2. numTrees:Thenumberoftreestobegenerated.Bydefaultthevalueissetto10.
3. minFeatues:Thenumberofattributestobeusedinrandomselectionis7.

3. JRip(Cohen,1995):Itimplementsapropositionalrulelearnerbasedonassociationrules.Itis
usedtoextracthumanunderstandablerulesforcodesmells.

Figure 4.  
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4. Naive Bayes(John,1995):Itisasupervisedclassificationalgorithmbasedontheassumption
thatoccurrenceofcertainattributeisindependentofoccurrenceofotherattribute.

5. Sequential minimal optimization (SMO)(Platt,1998):Itisrestrictedtobinaryclass.Toapply
supportvectormachinetheresearchersshouldimplementtheSMOalgorithminordertotrain
theinstances.

6. K-nearest neighbours (k=2) (Ah, 1991): The learning is also known as “instance based”
learning.Itisbasedonsimilarity(distance)calculationbetweeninstances.Intheclasses–to-
clusterevaluation,theresearchersverifiedthatthenumberofclustersare2inboththedatasets.
Theerrorratewasminimalfor2clusters,whencomparedtoothers.

Researchersusedthecrossvalidation(10-fold)techniquetoevaluatepredictivemodelstofind
thebestalgorithmsfortheexperimentation.Theyhaveappliedthreestandardperformancemeasures
forMLalgorithms.

• Accuracyisthepercentageofcorrectprediction.Itisinsufficienttoselectamodelwhen,the
positiveandnegativeinstancesareimbalanced,butthiswillneveroccurinthisapproach.As
theresearchershavebalancedtwodatasetswithstratifiedrandomsampling.

• F-Measureisthe2*((precision*recall)/(precision+recall))i.e.,harmonicmeanofprecision
andrecall.

• Area under ROC allows visualizing the performances of the classifier across all possible
classificationthresholds,thushelpingtochooseathresholdthatapproximatelybalancessensitivity
andspecificity.

Dataset Results
Afterapplyingstratifiedrandomsampling,theresearchershaveobtainedtwotrainingdatasets(one
foreachcodesmell)whicharespecifiedinTable5.InTable4,600positiveinstancesaredetectedby
theshotgunsurgeryrule.Onapplyingunsupervisedlearningontheobtainedinstances,141instances
belongtoothercluster.So,researchersremovedthoseinstancesandaddedremaininginstancesto
thetrainingdatasetofshotgunsurgerywhicharereportedinTable5.Similarly,among673positive
instancesdetectedbymessagechainingrule,190instancesbelongtootherclusterareremovedand
remainingareaddedtothetrainingdatasetandreportedinTable5.Fromthetable,itcanbeobserved
thatthedatasetsarewellbalancedintermsofpositiveandnegativeinstances.Thesupervisedlearning
willtakethesedatasetsasinputandtrainstheMLalgorithms.

Algorithms Results
Theresultsoftheproposedmethodoftwocodesmell(ShotgunSurgery,MessageChaining)datasets
with10-foldcrossvalidationandperformancemetricsareshowninTable6andTable7,respectively.

ItcanbeobservedfromTable6report,J48andJRipbothgives100percentageaccuracy.These
two algorithms have given the best performance when compared to other algorithms, while the
worstperformanceisshownbyNaiveBayesbasedonF-measureandaccuracyperformancemetrics.
AccordingtotheareaundertheROCmetric,thebestperformancegotfromJ48,JRipandRandom
Forest.TheworstperformancegotfromK-nearestneighbors(K=1).

Table 5. Training datasets of two smells

Training Dataset Method Instances Positive Instances Negative Instances

Shotgunsurgery 1717 459 1258

Messagechaining 1889 483 1406



International Journal of Rough Sets and Data Analysis
Volume 6 • Issue 2 • April-June 2019

43

ItcanbeobservedfromtheTable7reportthat,JRipgivesthebestperformance,whiletheworst
performanceisachievedbyNaiveBayesbasedonF-measureandaccuracyperformancemetrics.
AccordingtotheareaundertheROCmetric,bestperformanceisobtainedbyJRip,whiletheworst
performanceisseeninK-nearestneighbours(K=1).

Classifiers Comparison with RoC Curve
ROCcurveisgenerallyusedtovisualizethebinaryclassifiersperformanceoverallpossiblethresholds,
andAUC(arguably)isusedtoshowtheadvisablewayofsummarizingtheperformanceintoasingle
value.ROCcurveisa2Dgraphinwhich,specificity(falsepositiverate)isplottedonx-axisand
sensitivity(truenegative)isplottedony-axis.TheareaundertheROCcurverangesbetween0and
1.Thecommonruletoevaluatetheclassificationalgorithmperformanceistofindtheareaunder
theROC(A-ROC)(Fawcett,2006).

• IfA-ROC<0.5means,somethingwrong;
• IfA-ROC=0.5means,itisnotagoodprediction;
• If0.5<A-ROC<0.6means,itisapoorprediction;
• If0.6<A-ROC<0.7means,itisafairprediction;
• If0.7<A-ROC<0.8means,itisanacceptableprediction;

Table 6. Shotgun surgery cross validation results

10-Fold Cross Validation

Classifier
True 

Positive 
Rate

False 
Positive 

Rate
Precision Recall Accuracy F-Measure

Area 
Under 
ROC

J48 100 0 100 100 100 100 1.00

JRip 100 0 100 100 100 100 1.00

Random
Forest 99.9 0 99.9 99.9 99.8 99.9 1.00

SMO 94.5 0.074 94.6 94.5 94.4 94.5 0.93

KNN(k=2) 87.5 0.264 87.2 87.5 87.4 86.9 0.92

NaiveBayes 86.8 0.210 86.8 86.8 86.8 86.8 0.93

Table 7. Message chaining cross validation results

10-Fold Cross Validation

Classifier True 
Positive 

Rate

False 
Positive 

Rate

Precision Recall Accuracy F-Measure Area 
Under 
ROC

J48 99.6 0.005 99.6 99.6 99.6 99.6 0.99

JRip 99.6 0.001 99.6 99.6 99.5 99.6 0.99

Random
Forest

99.5 0.002 99.5 99.5 99.5 99.5 0.99

SMO 99.4 0.002 99.4 99.4 99.4 99.4 0.99

KNN(k=2) 96.1 0.073 96.1 96.1 96.1 96.1 0.98

NaiveBayes 95.1 0.017 95.9 95.1 95.1 95.3 0.98
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• If0.8<A-ROC<0.9means,itisanexcellentprediction;
• IfA-ROC>=0.9means,itisanoutstandingprediction;
• IfA-ROC=1means,itisaperfectprediction.

Table6andTable7reportsthattheresultobtainedfordifferentclassifierscanbecompared
withthehelpofareaunderROCcurveontwosmellsshowninFigure5andFigure6,respectively.

ItcanbeobservedfromtheFigure5andFigure6that,alltheclassifiersofthetwosmellsin
areaunderROCcurvearegettingclosetovalue1andfromtheseobservations,itcanbesaidthat
theexperimentalresultshaveachievedhighperformanceunderROCmetric.

CoDe SMeLL DeTeCTIoN RULeS

ThealgorithmsJ48andJRipgivesthehumanreadabledetectionrulesfortheshotgunsurgeryand
themessagechaining.

Shotgun Surgery
Forshotgunsurgery,J48producesdecisiontree,whichcanbeexpressedintermsoflogicalconditions
(AND,OR).
(CC_method > 4) AND  (FANOUT_method > 2)

Theruledetectsshotgunsurgery,ifthemethodhasmorethanfourclasses,callthemethodand
themethodissubjectedtobeingchanged.Thesetwoconditionsareincludedintheshotgunsurgery
definition.

Forshotgunsurgery,JRipproducesthefollowingrule.
(CC_method  >=  5) AND (FANOUT_method >= 3)

ThisgivesthesameruleasJ48algorithm,i.e.,bothJ48andJRipsalgorithmgivesthesamerule
forshotgunsurgery.

Figure 5. Shotgun surgery area under ROC curve
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Message Chaining
For Message chaining, J48 produces decision tree, which can be expressed in terms of logical
conditions(AND,OR).

(MeMCL_method > 0) AND (MaMCL_method >=3) OR (1)

(MeMCL_method>0)AND(NMCS_method>2)OR (2)

(MeMCL_method>0)AND(NMCS_method<=2)AND(CINT_method>5)OR (3)

(MeMCL_method>0)AND(NMCS_method<=2)AND(MaMCL_method>2)OR (4)

Therulesdetectmessagechainingoccurances,whenatleastoneoftheabovefourconditionsis
verified.Thefirst,secondandfourthrulesarepartlyinthemessagechainingdefinitionandinthe
thirdrule,thirdconditionisnotlinkedwiththecodesmelldefinition.

Forthemessagechaining,JRipproducesthefollowingrule.

(NMCS_method>=3)AND(MaMCL_method>=3)

Somepartsofthedetectionrulesareplacedinthemessagechainingdefinition.
InJ48,andJRipalgorithm,allrulesofconditionsproducedarepartoftheconceptualdefinitionof

messagechain,exceptone(CINT_method > 5)conditionwhichisnotapartofconceptualdefinition.
Thisisbecause,thereisanoiseinthedataset.

Figure 6. Message chaining area under ROC curve
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CoNCLUSIoN AND FUTURe DIReCTIoNS

Inthispaper,theresearchershaveevaluatedandcomparedbothcodesmelldetection(theshotgun
surgeryandthemessagechaining)datasetswiththehelpofsupervisedMLtechniques.Thistechnique
isusedtoevolveanewinstancetocheckwhetheraparticularcodesmelliscorrectlyclassifiedor
not.Thismethodologycanbeutilizedtodetectothercodesmellalso.

Theresearchersusedtwodetectionrulesfromtheliteraturetoidentifythecodesmells.Theserules
produceimbalanceddataset.Inordertobalancethetrainingdataset,researchershaveusedstratified
randomsampling.Thenappliedunsupervisedlearningonthepositiveinstancestoremovesomeof
thefalsepositiveinstances.Researchershaveconsideredsixknownlearningalgorithmstodetectthe
codesmellsinthedataset.Toevaluatetheperformancesofeachalgorithm3standardperformance
measuresareused,i.e.F-measure,accuracyandareaundertheROC.Forshotgunsurgery,thebest
performanceisshownbyJ48,JRipalgorithmsandforthemessagechaining,thebestperformance
isproducedbyJRip.BoththealgorithmsJ48andJRipprovidethehumanunderstandablerules.

Toimprovetheperformance,attributeselectionalgorithmisusedinML.Bydefault,anattribute
selectionisdonebyrandomforestalgorithmanditisnotedthatithasperformedbetterthanKNN
andnaivebayesalgorithm.Infuture,anattemptcanbemadetoexploretheperformancesofKNN
andnaivebayeswiththehelpoffeatureselection.
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APPeNDIX : SoFTwARe MeTRICS CATeGoRIZeD INTo QUALITy DIMeNSIoNS

Figure 7. Software metrics categorized into quality dimensions
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