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ABSTRACT

Softwareevolutionismandatorytokeepitusefulandfunctional.However,thequalityoftheevolving
softwaremaydegradeduetoimproperincorporationofchanges.Qualitycanbemonitoredbyanalyzing
thetrendsofsoftwaremetricsextractedfromsourcecodeasthesemetricsrepresentthestructural
characteristicsofasoftwaresuchassize,coupling,inheritanceetc.Ananalysisofthesemetrictrends
will give insight to software practitioners regarding effects of software evolution on its internal
structure.Thus,thisstudyanalyzesthetrendsof14object-oriented(OO)metricsinawidelyused
mobileoperatingsystemsoftware,Android.ThestudygroupstheOOmetricsintofourdimensionsand
analyzesthetrendsofthesemetricsoverfiveversionsofAndroidsoftware(4.0.2-4.3.1).Theresults
ofthestudyindicatecertaininterestingpatternsfortheevaluateddimensions,whichcanbehelpful
tosoftwarepractitionersforoutliningspecificmaintenancedecisionstoimprovesoftwarequality.
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1. INTRODUCTION

Softwarehas revolutionizedall aspectsofour life.However,onceoperational, itneedsconstant
upgradeandchangeinordertomaintainitsusefulness.Therecouldbevariousreasonsforasoftware
toevolvewhichincludeschangeinrequirements,rectificationofexistingerrorsor technological
advancement in the software’s environment (Malhotra and Khanna, 2017). A prime concern of
softwaredevelopersiseffectivesoftwaredesignsothatchangesinasoftwaredonotresultinitspoor
quality.Thus,weneedtoconstantlymonitorsoftwarequality,inordertoensuresuccessfulsoftware
productswithsatisfiedcustomers.

Anefficientmethodtopredictsoftwarequalityistousevariousmetricsextractedfromsource
code.ThesemetricsdepictvariouscharacteristicsofaclassinanOOsoftwaresuchasitsreusability,
itsdependenceonotherclasses, itscohesiveness,size,etc.Themetricsarearepresentativeofa
software’sinternalstructure.Though,previousliteraturestudies(ElishandAl-Khiaty,2013;Luet
al.,2012;MalhotraandKhanna,2017)havesuccessfullyestablishedanumberofsoftwarequality
predictionmodelswiththehelpofthesesoftwaremetrics,therehavebeenfewstudieswhichanalyze
thetrendsofthesemetricsinanevolvingsoftware.Thereisanurgentneedtoanalyzethetrends
ofthesemetricsastheywillbehelpfultosoftwarepractitionersin:a)understandingtheeffectsof
evolutiononthesoftware’squality;b)assessingasoftware’sinternalstructureandtakingproper
correctiveactionstoavoiditsdegradation;andc)planningandallocationofproperresourcesduring
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maintenance.Simply,predictionofproblematicpartsdoesnotleadtosoftwarequalityimprovement.
Theessenceofanalyzingmetricsvaluesistooutlineasystematicplanwhichstrengthensasoftware’s
internalstructureandpreventsitsdegeneration.

Thisstudyassessesthetrendsdepictedby14OOmetricsinfiveapplicationpackagesofapopular
mobileoperatingsystem(OS),Android.WehavechosenAndroidOSforevaluationasthesoftwareis
open-sourceinnatureandtherehasbeenasteepriseinitsdemandsinceitslaunch.Theclassesfrom
fiveapplicationpackagesofAndroidsoftwarenamelyGallery2,Email,Contacts,CalendarandMMS
wereanalyzedoverfiveversions(4.0.2,4.0.4,4.1.2,4.2.2and4.3.1).The14investigatedOOmetrics
werecategorizedinfourdimensionsaccordingtheOOcharacteristictheyrepresent.Thesedimensions
includecoupling,cohesion,sizeandinheritance.Foreachofthefourdimensions,weexaminedthe
trendsofOOmetrics.Inordertoexaminethetrends,weextractedtheclasseswhichwerecommon
toeachofthefiveinvestigatedversionsofthesoftware.Thesecommonclasseswerethendivided
intotwocategoriesi.e.changedclasses(CC)andunchangedclasses(UCC)onthebasisofwhether
aclasshadundergonechangeinanyofthefiveinvestigatedversionsornot.Thecharacteristicsof
bothcategoriesofclasseswereexaminedtoascertaingeneralizedtrends.Furthermore,theactually
changedclassesineachconsecutiveversionwerealsoobservedonthebasisofchangeinitsmetric
valuesalongeachdimension.Thechangeinmetricvaluesweredividedintothreecategoriesviz.
“Constant”,“Increasing,”and“Decreasing.”

Thetrendsobservedgiveinsightintosoftwareevolutionprocessandcanbeusedbysoftware
practitionersforimprovedsoftwaredesign.Thesecanhelpineffectivemaintenanceactivitiesand
developmentofbetter-qualitysoftwareproducts.

Thecurrentstudyisorganizedinninesections.Section2statesrelatedliteraturestudies.Section
3and4discussesthevariousmetricsinvestigatedinthisworkandthehypothesisinvestigatedby
the authors with respect to metric trends. Section 5 states the process of collecting metric data
fromthesourcecode.Section6discussesthetrendsofOOmetricsandevaluatestheacceptance
orrejectionoftheinvestigatedhypothesis.Acomparisonoftheobtainedresultswiththeliterature
studiesispresentedinSection7.ThethreatsofthestudyarementionedinSection8andtheresults
aresummarizedinSection9.

2. RELATED wORK

Variousstudiesinliteraturehavedevelopedsuccessfulmodelstopredictsoftwarechange(Elishand
Al-Khiaty,2013;Luetal.,2012;MalhotraandKhanna,2017)andmaintainabilityeffort(Fioravanti
andNesi,2001;ThamburajandAloysius,2017)byusingOOmetricsaspredictors.Although,these
studiesevaluatethequalityofthesoftwareonthebasisofOOmetrics,theydonotanalyzethetrends
ofthesemetricsovervariousversionsofasoftware.

Counselletal.(2006)interpretedtheutilityandsignificanceofthreecohesionmetrics.Inorder
todosotheyvalidatedthemetricsobtainedfromthreeC++softwaresystems.Nasserietal.(2008)
investigatedsevenopen-sourcesoftwaresystemstoassessthepatternsdepictedbyfourinheritance
metrics.Theirstudyconcludedthatsoftwaresystemstendtoincreaseinsizebyaddingagreater
numberofnewclassesi.e.“breadth-wise”ratherthanaddingclassessomewhereintheinheritance
hierarchyi.e.“depth-wise”.AstudybyMubaraketal.(2010)evaluatedtherelationshipbetweentwo
couplingmetricsi.e.“fan-in”and“fan-out”usingfiveopensourcesoftwaresystems.Theyfounda
correlationbetweenthesemetricsinmajorityoftheinvestigatedsystems.

A study by Lee et al. (2007) rigorously analyzed the evolution of an open source system,
JFreeChart. Their study confirmed gradual increase in the number of classes in majority of the
releases.However,thisincreaseinnumberofclasseswasfoundcorrelatedwithcouplingmetrics,and
notcohesionmetrics.AstudybyAleneziandZarour(2015)evaluatedthe“modularity”evolutionof
twoopen-sourcesoftwaresystemsbyanalyzingOOmetricscorrespondingtocoupling,cohesionand
complexity.Theyfoundthatthemodularityoftheinvestigatedsystemsdidnotimprovewithtime.
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Theyfurtherextendedtheirstudytoincludetwootheropen-sourceprojectsandfoundsimilarresults
withrespecttomodularity(AleneziandZarour,2016).However,ontheotherhand,theyfoundthat
thedefectdensityshowedimprovementintheinvestigatedsystemswithtime.

AstudybySainietal.(2018)investigatedwhetherthereisanydifferencebetweenthequalityof
clonedmethodsandnon-clonedmethodsbyvalidating3562open-sourceprojectsdevelopedinJava
language.Thequalitywasassessedbyevaluatingthevaluesof27softwaremetricspertainingtothe
categoriesofsize,documentationandmodularity.Theirresultsshowthatwhencontrollingforsize,
therewasnostatisticallysignificantdifferencebetweenthequalityofclonedandnon-clonedmethods
inmajorityoftheobservedmetrics.Kaur(2015)analyzedthemaintenanceactivityofareusable
softwarecomponent,whichisopen-sourceisnature.Theyspecificallyassessedtwosoftwaremetrics
namely,DepthofInheritanceTree(DIT)andClasstoLeafDepth(CLD).Theyfoundthatduring
maintenanceactivity,itislikelythatnewclassesareaddedatshallowlevels,however,classesmaybe
removedfromanylevelintheinheritancehierarchyincludingdeeplevels.SinghandBhattacherjee
(2014)assessedfourcomplexitymetricsincludingWeightedMethodsperClass(WMC)in38versions
ofJFreeChart.Theyconcludedthatincreaseincomplexitydecreasestheunderstandabilityofthe
software. Alenezi and Almustafa (2015) assessed the complexity evolution for five open-source
projectsbyanalyzinglineofcode(LOC)andcyclomaticcomplexity(CC)metricsovertenreleases
ofthesoftwaresystems.Theyconfirmedthatsoftwareevolutionhasledtoincreaseincomplexity
oftheobservedsystems.

Asindicatedabove,thereareveryfewstudieswhichhaveanalyzedmetrictrends.Thus,itis
importanttoconductmoresuchstudiestovalidatepreviousfindingsandunderstandthestructureof
anevolvingsoftware.Moreover,majorityofthesestudieshavefocusedononlyonedimensioni.e.
eitherinheritanceorcomplexityorcohesionoranyother.Therefore,anextensivestudywhichcovers
metricsbelongingtomultipledimensionsiscrucialtounderstandtheireffectoneachotherandon
softwareevolution.Thecurrentstudyevaluates14metricsbelongingtofourdifferentdimensionsand
usesAndroid,apopularopen-sourcesoftwareforvalidation.Furthermore,wecompareourresults
withpreviousstudiestostrengthentheobtainedconclusions.

3. OO METRICS ANALyZED IN THE STUDy

Thevariousmetricsinvestigatedinthestudycorrespondingtothedimensionstheyaddressarestated
inTable1.TheseOOmetricshavebeencommonlyusedbyvarious researchers in the software
engineeringcommunity.ThedefinitionsofthesemetricsarestatedinTable1(https://www.spinellis.
gr/sw/ckjm/doc/metric.html).

4. HyPOTHESIS

Foreachofthefourdimensions,theauthorsformulateasetofhypotheses,whichareassessedby
analyzingthetrendsofthemetricsmentionedinTable1.

A. HypothesisforSizeMetrics
◦ H1 (WMC):Thenumberofmethodsinaclassincreasesasthesoftwaresystemevolves.

(Null Hypothesis:Thenumberofmethodsinaclassdecreasesasthesoftwaresystemevolves.)
◦ H2 (NPM):Thenumberofpublicmethodsinaclassincreasesasthesoftwaresystemevolves.

(Null Hypothesis:Thenumberofpublicmethodsinaclassdecreasesasthesoftwaresystem
evolves.)

◦ H3 (AMC):Inanevolvingsoftwaresystem,thereisanincreaseinaveragemethodsizeof
aclass.
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(Null Hypothesis:Inanevolvingsoftwaresystem,theaveragemethodsizeofaclasswill
remainconstant.)

◦ H4 (LOC):TheLOCofaclassincreasesasthesoftwaresystemevolves.
(Null Hypothesis:TheLOCofaclassdecreasesasthesoftwaresystemevolves.)

B. HypothesisforCohesionMetrics

Asthesoftwareevolves,classesshouldbedesignedinamannertoincreasetheircohesiveness.
AlowervalueofLCOMandLCOM3indicatesbettercohesiveness.Onthecontrary,ahighervalue
of CAM represents a more cohesive class. A strong overlap among attribute types and method
parametersisanindicationofstrongcohesion.IfCAMislow,methodsmaybecoupledtoeachother
viaattributesresultingincomplexclassdesign.

• H5 (LCOM):TheLCOMvaluesofaclassdecreaseasthesoftwaresystemevolves.
(Null Hypothesis:TheLCOMvaluesofaclassincreaseasthesoftwaresystemevolve.)

Table 1. OO metrics

Attribute Metric with Definition

Size

WeightedMethodsperClass(WMC)isthesumofallmethodcomplexities.Acomplexityvalueof1
isallocatedtoeachmethod,thusitisarepresentativeofnumberofaclass’smethods(Chidamberand

Kemerer,1994).

NumberofPublicMethod(NPM)countsallpublicmethodsofaclass.

AverageMethodComplexity(AMC)computestheaveragenumberofjavabinarycodesasa
representativeofmethodsize.

LinesOfCode(LOC)countsthenumberoflinesinjavabinarycodeofaclass.

Cohesion

LackofCohesioninmethods(LCOM)representsacountofpairsofmethodsofaspecificclassthat
donotshareanyoftheclass’smembersandarehencenotrelated(ChidamberandKemerer,1994).

Cohesionamongmethods(CAM)ofaclassestimatestheconnectivityamongstclassmethodsonthe
basisoftheirparameterlist.Asummationofdifferentparametertypesusedbyallmethodsofaclassis
dividedbytheproductoftotalcountofmethodsofaclassandthetotalnumberofdifferentparameter

types.

LCOM3(Henderson-Sellers1998)iscomputedasdefinedinEquation1.

( ( )) ) / ( )1 1
1v
v m m
ji

v
λ − −

=∑ (1)

m:No.ofmethods,v:No.ofattributes;λ(v):No.ofmethodsthataccessvariablev.

Coupling

Couplingbetweenobjects(CBO)representsthenumberofcoupledclassestoaspecificclass
(ChidamberandKemerer,1994).Itisthesumofbothafferentcouplings(Ca),whichrepresentsthe

countofclassesusingaspecificclass(fan-in)andefferentcoupling(Ce),whichrepresentstheclasses
whichareusedbyaspecificclass(fan-out)(Martin,2002).Afferentcouplingcanalsobetermedas

exportcouplingandEfferentcouplingasimportcoupling.

ResponseForaClass(RFC)estimatesthenumberofmethodswhichrespondifaspecificclass
receivesamessage(ChidamberandKemerer,1994).

Inheritance

DepthofInheritanceTree(DIT)representstheleveloftheclassintheinheritancetree(Chidamberand
Kemerer,1994).

NumberofChildren(NOC)countsthenumberofimmediatesubclasses(ChidamberandKemerer,
1994).

MeasureoffunctionalAbstraction(MFA)iscomputedastheratioofinheritedmethodstothetotal
numberofaccessiblemethodsofaclass.
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• H6 (LCOM3):Variableusageinaclass(lowerLCOM3values)improvesasthesoftwaresystem
evolves.
(Null Hypothesis:Thedesignoftheclassesdeteriorateswithrespecttovariableusage(higher

LCOM3values)asthesoftwaresystemevolves.)
• H7 (CAM):Duetoevolutioninasoftwaresystem,cohesionintermsofCAMvaluesincrease.

(Null Hypothesis:Due toevolution inasoftwaresystem,cohesion in termsofCAMvalues
decreases.)
C. HypothesisforCouplingMetrics

Asthesoftwareevolves,theclassesshouldbedesignedinsuchamannerthattheirdependency
oneachotheri.e.theircouplingdecreases.

• H8 (Ca):Aclassdepictslowerexportcouplingasthesoftwaresystemevolves.
(Null Hypothesis:Aclassdepictshigherexportcouplingornochangeinitsexportcoupling

valuesasthesoftwaresystemevolves.)
• H9 (Ce):Aclassdepictslowerimportcouplingasthesoftwaresystemevolves.

(Null Hypothesis:Aclassdepictshigherimportcouplingornochangeinitsimportcoupling
valuesasthesoftwaresystemevolves.)

• H10 (CBO):Aclassbecomeslooselycoupled(lowerimportandexportcoupling)asthesoftware
systemevolves.
(Null Hypothesis:Aclassbecomestightlycoupled(higherimportandexportcoupling)orthere

isnochangeinitscouplingvaluesasthesoftwaresystemevolves.
• H11 (RFC):Aclasshaslowerresponsesetintermsofnumberofmethods(decreaseinRFC

values)asthesoftwaresystemevolves.
(Null Hypothesis:Aclasshashigherresponsesetintermsofnumberofmethods(increasein

RFCvalues)asthesoftwaresystemevolves.
D. HypothesisforInheritanceMetrics

• H12 (DIT):Theinheritancehierarchy(DITvalue)wouldincreaseasthesoftwaresystemevolves.
(Null Hypothesis:Theinheritancehierarchy(DITvalue)wouldremainsameasthesoftware

systemevolves.
• H13 (NOC):Moresubclasseswillbeextendedfrompreviouslyexistingclasses(increaseinNOC

value),asthesoftwaresystemevolves.
(Null Hypothesis:Nonewsubclasseswillbeextendedfrompreviouslyexistingclasses(constant

NOCvalue),asthesoftwaresystemevolves.
• H14 (MFA):Aclassuseshighernumberofinheritedmethods(increaseinMFAvalue)asthe

softwaresystemevolves.
(Null Hypothesis:Thenumberofinheritedmethodsusedbyaclassremainsconstant(constant

MFAvalue)asthesoftwaresystemevolves.

5. EMPIRICAL DATA COLLECTION

ThestudyusesAndroidOSforempiricalvalidationasit isapopularopen-sourceprojectwhich
encapsulatesapproximately80%ofthemobileOSmarket.Fiveversions(4.0.2,4.0.4,4.1.2,4.2.2,
and4.3.1)ofGallery2,email,contacts,calendarandMMSapplicationpackageswerecollectedusing
defectcollectionandreportingsystem(DCRS)tool(Malhotraetal.,2014).ThetoolcomputesOO
metricswiththeaidofCKJMtool(http://gromit.iiar.pwr.wroc.pl/p_inf/ckjm/metric.html).Thechange
statisticsi.e.numberoflinesinserted,modifiedorremovedinclasseswereextractedbyassessing
thechangelogsfromGITrepository.Wefirstcomputedchangebetweentwoconsecutiveversions
ofanapplicationpackage.However,inordertoanalyzetrends,weextractedtheclassescommonto
allthefiveversionsofanapplicationpackagei.e.classesthatwereexistentthroughoutfromversion
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4.0.2-4.3.1.Thenumberofcommonclassesineachapplicationpackageandthepercentageofchanged
classesinconsecutiveversionsofeachpackageforthecommonclassesismentionedinTable2.The
tablealsostatestheactualnumberofcommonclasses(“ActualChangedClass”)whichchangedwhile
progressingfromoneversiontoanother.Forinstance,90classeschangedoutofthecommonclasses
whileprogressingfromversion4.0.2-4.0.4.Itshouldbenotedthattheactualchangedclassesarea
cumulativefigurecomputedbyanalyzingallthefiveapplicationpackages.

6. METRIC TRENDS

Thetrendsofmetricswereanalyzedforallthefourdimensionsforalltheinvestigatedapplication
packages of the study. This section states the trends corresponding to each metric dimension.
AsdiscussedinSection1, thecommonclasseswerecategorized intoCCandUCC.Also, those
classeswhichactuallychangedbetweentwospecificconsecutiveversionswereidentifiedashaving
“Constant”, “Increasing” or “Decreasing” trends in consecutive versions. A class is categorized
ashavinga“Constant”trendifthevalueofaspecificmetricdoesnotchangefortheclasswhile
transmittingfromversionAtoconsecutiveversionB.Aclasstrendistermedas“Increasing”ifthe
valueofaspecificmetricincreasedfortheclasswhiletransmittingfromversionAtoconsecutive
versionB.Similarly,a“Decreasing”trendrepresentsthedecreaseinmetricvalueascomparedtothe
metricvalueobservedintheversionAthanthemetricvaluewhenitwastransferredtoconsecutive
versionB.

6.1 Trends of Size Metrics
Four metrics corresponding to class size were analyzed namely WMC, NPM, AMC and LOC.
Figure1(a)depictsthemeanvaluesofthesemetricsoverallthefiveversions(4.0.2-4.3.1)forCC
andUCC.Accordingtothefigure,itmaybenotedthattheCChavehighermeanvaluesthanUCC.
Forinstance,inGallery2,themeanNPMvaluesofCC(13)isgreaterthanthatofUCC(5).The
medianvaluesdepictedinFigure1(b)alsoshowasimilartrend.Anexceptiontothesetrendswasthe
E-mailapplicationpackage.Therewasnotmuchdifferenceinthemeanandmedianmetricvaluesof
WMC,NPMandAMCforthepackage.Moreover,thedifferenceinAMCvalueswasonlyvisiblein
MMSapplicationpackage.Inalltheotherapplicationpackages,therewasnotmuchchangeinthe
meanvaluesoftheAMCmetricforCCandUCC.AnanalysisofLOCmetricvaluesinFigure1(a)
indicatesadifferenceof10%-70%inthemeanLOCvaluesofCCandUCC.

Wealsoobservethetrendfrequencyofthefourobservedsizemetricsforalltheactualchanged
classes(referTable1)inconsecutiveversions.Thenumberofclassesdepicting“constant”(Const.),
“increasing”(Inc.)and“decreasing”(Dec.)trendsisdepictedinTable3.Aprominenttrendforthe

Table 2. Dataset details

Application 
package

No. of 
common 
classes

Percentage Change (%)

4.0.2-4.0.4 4.0.4-4.1.2 4.1.2-4.2.2 4.2.2- 4.3.1

Gallery2 184 15.2 35.3 34.8 27.7

Email 465 4.1 73.5 65.6 1.5

Contacts 156 5.1 42.3 10.9 8.3

Calendar 74 29.7 60.8 16.2 55.4

MMS 191 6.8 35.6 52.4 7.8

ActualChangedClasses 90 431 496 127
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LOCmetricwasincreaseinclasssizeas47%(4.0.2-4.0.4),35%(4.0.4-4.1.2)and41%(4.2.2-4.3.1)of
actualchangedclassesshowedan“increasing”trend.Though,only16%classesshowedan“increasing”
trendin4.1.2-4.2.2.Thiswasbecausein50commonclasses,theaddedanddeletednumberoflines
weresame,leadingtonochangeinclasssize.ThenextpopulartrendforLOCmetricwas“constant”
followedbythe“decreasing”trend.Anincreaseinclasssize,maynotalwaysleadtoincreaseinnumber
ofclassmethods(WMC)andinnumberofpublicmethods(NPM).Thus,mostclassesdepicteda

Figure 1. Mean and median values of size metrics
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“constant”trendforWMCandNPM.However,apartfromversion4.1.2-4.2.2,23%-39%ofclasses
depictedan“increasing”trendforthesemetrics.Itmaybenotedthat97%-99%ofclassesdepicted
aconstanttrendforAMCmetric.Thus,accordingtotheabovediscussion,hypothesisH1,H2and
H4areacceptedandH3isrejected.TheauthorsaccepthypothesisH1andH2,as“increasing”isthe
mostcommontrendafter“constant”andeverychangemightnotresultinchangeofNPMorWMC.

Furthermore,wealsoconductedWilcoxonsignedranktestat𝛼 = 0.05 with the mean size metric
valuesi.e.WMC,NPM,AMCandLOC(ofallthefiveapplicationpackages)ofCCandUCCto
ascertainifCCexhibithighervaluesforsizemetrics.Thep-valueofthetestwascomputedas0.001
indicatingsignificantdifferencesbetweenmeansizemetricvaluesofCCandUCC.Wilcoxontest
resultspointedoutthatlargersizemetricsareexhibitedbyCCclasses.

6.1.1 Observations Corresponding to Size Metrics

• ThemeanclasssizeintermsofLOC,NPMandWMCismuchhigherforCCascomparedtoUCC.
ThisindicatesthatclassestendtoincreaseinsizeintermsofLOC,numberoftotalmethodsand
numberofpublicmethods.However,theaveragemethodsizeofeachclassdoesnotvarymuch
duetoevolution.Thesetrendsindicatethatadditionalfunctionalityorcorrectionoferrorslead
toagreaternumberoflinesofcodeandmorenumberofmethodsofaclass,specificallypublic
methodsasthereishighdifferenceinmeanvaluesofWMCandNPM.However,ingeneralthe
sizeofmethodsofaclassdonotvarymuch.

• Itwasalsoobservedthatduringevolution,themostcommontrendwasincreaseinclasssize.
Thus,weobservethatinveryfewcases,theclasssizedecreasesduringevolution.Thismay
indicatethatthoughnewfunctionalityisaddedintermsofmethodsorlinesofcode,itisrare
thattheevolutionleadstodecreaseinclasssize.

• Since,inmajorityofcasestheAMCmetricexhibitedconstanttrendforchangedclasses,itmay
bedecipheredthattheaddedlinesofcodegenerallyleadtocreationofnewmethods.Itisrare
thatthesizeofanalreadyexistingclassmethodwouldincrease.

6.2 Trends of Cohesion Metrics
Inordertoanalyzethecohesivecharacteristicsoftheclasses,themean(Figure2),median(Table4),
minimumandmaximumvaluesofthreemetricsnamelyLCOM,LCOM3andCAMwereexamined
overallthefiveversionsoftheapplicationpackages.AlowervalueforLCOMandLCOM3isdesired
butforCAMahighervalueisdesired.ItwasobservedfromFigure2(a)thattheUCCexhibited
bettercohesivenessascomparedtotheCCusingLCOMvalues.Asshowninthefigure,forcalendar
applicationpackage,themeanvalueofLCOMforUCCwas24.However,themeanLCOMvalue
forCCwasfoundtobe296.Similarly,asdepictedinTable5,therewasalargedifferenceinthe
medianLCOMvaluesofUCC(10)fortheCalendarapplicationpackageascomparedtotheLCOM

Table 3. Version specific size metric trends

Size 
Metrics

4.0.2-4.0.4 4.0.4-4.1.2 4.1.2-4.2.2 4.2.2-4.3.1

Const. Inc. Dec. Const. Inc. Dec. Const. Inc. Dec. Const. Inc. Dec.

WMC 51 35 4 266 112 53 417 66 13 70 42 15

NPM 59 28 3 288 100 43 426 54 16 84 33 10

AMC 89 0 1 419 5 7 487 2 7 125 1 1

LOC 40 42 8 217 152 62 399 80 17 54 52 21
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valuesofCC(66).However,theLCOMmetricdoesnothaveafixedscale,asthemaximumvalue
thatcanbeattainedbythemetricisdependentonthenumberofpairsofmethods.Thus,inorderto
actuallyconcludethattheLCOMvalueislowandaclassiscohesive,wehavetotakeintoaccountthe
numberofmethodpairs.Forinstance,anLCOMvalueof2whenthenumberofmethodpairsis4is
differentfromanLCOMvalueis2andthenumberofmethodpairsis50.Theclassismorecohesive
inthelattercase.Thus,weanalysetheLCOM3andCAMmetricsforabetterevaluationofcohesion
ofclassesastheLCOMmetrichasbeencriticizedinliterature(Counselletal.2006;Gupta1997).

TheLCOM3metriccomputesthecohesivenessofaclassbytakingintoaccounttheeffective
useofvariousclassvariables.AccordingtoLCOM3valuesdepictedinFigure2(b),theCCobtained
alowermeanvalueascomparedtotheUCC.Forinstance,theCCobtainedameanLCOM3value
of1.25,whiletheUCCobtainedameanLCOM3metricof1.67forMMSapplicationpackage.A
similartrendobservedbyanalysingthemedianvalues(Table4).Thisindicateslowercohesiveness
oftheUCCwhenevaluatedusingtheLCOM3metric.Onthecontrary,thedefinitionofCAMmetric
indicatescomputationofaclass’scohesivenessbyevaluatingthetypesofmethodparameters.ACAM
valuenearerto1ispreferredforawell-designedcohesiveclass.Accordingtothevaluesdepicted
inFigure2(b),themeanvaluesofCAMmetricishigherforUCCascomparedtotheCC.Forthe
Emailapplicationpackage,theCCexhibitameanCAMvalueof0.4ascomparedtothemeanCAM
valueof0.6forUCCgroup.AsimilartrendcanbeobservedfromthemedianvaluesofCAMmetric
(Table4).ThisindicateshighercohesivenessoftheUCC,whenevaluatedbyusingtheCAMmetric.
Theseobservationsleadtoaveryinterestingpattern.TheCCaremorecohesivethanUCCcategory,
whenwecomputecohesionaccordingtoeffectiveuseofvariousclassattributes.However,theCC
classesexhibitalowercohesionwhenthetypesofparametersusedinthemethodisevaluated.Thus,
theCCwerebetterdesignedwithrespecttovariableusagebutpoorlydesignedwithrespecttotypes
ofparameterswhencomparedwiththeUCC.

WealsoobservedtheminimumvaluesobtainedbytheLCOM3metricwhichwereallinthe
rangeof1.01-1.07inalltheapplicationpackagesoftheAndroidsoftware.Avalueof1.01ormore
indicatesextremelydeficientcohesivenatureofaclass.Suchclasses shouldbe redesignedas it
indicatesineffectivevariableusage.Also,classeswereobservedwithanLCOM3valueof2.Again,
suchpoorlydesignedclassesshouldberestructuredtoimprovetheircohesiveness.

TheversionspecifictrendsofcohesionmetricsaredepictedinTable5.Itmaybenotedthata
changeinclassmaynotalwaysleadtochangeincohesionmetrics.Thus,“constant”trendisobserved
inalargenumberofclasses.However,weanalyzethe“increasing”and“decreasing”trendstoevaluate
thehypothesisandobservehowcohesionmetricschangewithevolution.Theprominenttrendsin
cohesionmetricswereincreaseinLCOMvalues(13%-39%),decreaseinLCOM3values(12%-38%)

Figure 2. Mean values of cohesion metrics
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anddecreaseinCAMvalues(11%-36%)ofclassesinvariousconsecutiveversionsoftheinvestigated
applicationpackages.Thus,hypothesisH6isaccepted,whileH5andH7arerejected.

6.2.1 Observations Corresponding to Cohesion Metrics

• The investigation of mean and median values of the three-cohesion metrics indicate poor
cohesivenessoftheCCwhencohesionwasevaluatedusingtheLCOMmetric.However,after
analyzingLCOM3metricandtheCAMmetricvalues,weobservebetteruseofvariousvariables
inCC(lowLCOM3values)butpooruseofparametertypes(lowCAMvalues)whencompared
toUCC.

• Theanalysisofmedian,minimumandmaximumvaluesindicateanLCOM3valueofgreater
thanone,whichrepresentspoorclassdesignwithrespecttocohesiveness.Certainclassesalso
exhibitedanextremelypoordesignwithanLCOM3valueof2indicatingcompulsiverestructuring
oftheclassduetonegligenceofitscohesiveness.

• MajorityofclasseswhichevolvedduringtheinvestigatedversionsoftheAndroidsoftwaredid
notexhibitanychangeinthevaluesoftheircohesionmetrics.However,theothertrendsindicate
changesmadetoaclassduringevolutionledtodecreaseinLCOM3andCAMmetricvaluesand
increaseinLCOMvaluesintheAndroidsoftware.Thismeanstheclassesexhibitbetteruseof
differentvariablesbutpooruseofparametertypes.

6.3 Trends of Coupling Metrics
The coupling dimension was categorized by four metrics viz. CBO, Ca, Ce and RFC. Figure 3
representsthemeanvaluesofcouplingmetricsoveralltheinvestigatedversions(4.0.2-4.3.1)ofthe
Androidsoftware.Wealsoanalyzedthemedianvalues(Table6),theminimumandthemaximum
valuesofthecouplingmetricsobtainedbyclassesoverallthefiveversionsforbothCCandUCC.
AfteranalyzingFigure3,itwasobservedthatthemeanvaluesofcouplingmetricsarehigherforCC
ascomparedtoUCCinmostofthecases.Forinstance,themeanCBOvaluesofCCinGallery2,
Email,ContactsandCalendarpackageswasdoublethemeanCBOvaluesofUCCintheseapplication

Table 4. Median values of cohesion metrics

Application 
Package LCOM (CC)

LCOM 
(UCC)

LCOM3 
(CC)

LCOM3 
(UCC)

CAM 
(CC) CAM (UCC)

Gallery2 78 15 1.1 1.3333 0.2963 0.4643

Email 21 15 1.2 1.3333 0.4 0.5

Contacts 45 10 1.1111 2 0.2716 0.45

Calendar 66 10 1.0909 1.3333 0.2407 0.48

MMS 28 6 1.1429 2 0.325 0.6667

Table 5. Version specific cohesion metric trends

Cohesion 
Metrics

4.0.2-4.0.4 4.0.4-4.1.2 4.1.2-4.2.2 4.2.2-4.3.1

Const. Inc. Dec. Const. Inc. Dec. Const. Inc. Dec. Const. Inc. Dec.

LCOM 51 35 4 266 112 53 417 66 13 70 42 15

LCOM3 52 4 34 272 53 106 422 13 61 72 14 41

CAM 49 12 29 246 74 111 415 27 54 65 28 34
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packages.Similarly, themedianvaluesofCCwerealsogreater thanUCC inall theapplication
packages.AsimilartrendwasshownbythemeanvaluesofCa,CeandRFCcouplingmetrics.This
indicatesthataclasswithhighercouplingvaluesispronetochangeinfutureversions.However,itmay
benotedthatmedianCavaluesweresamei.e.0forbothCCandUCCclassesinalltheapplication
packages.ThistrendindicatesthattherewereveryfewclasseswithaCavalue,indicatingalow
numberofclassesexhibitingexportcouplingintheapplicationpackages.

TheCBOmetricdepictsacumulativeofCaandCemetricsinmajorityofthecases.Inorderto
analysethenumberofclasseswhichexhibitedexportorimportcoupling,weobservedthenumberof
classesforeachapplicationpackagewhichattainedanon-zerovalueforCaorCemetricsintheCC
category.Wefoundalargernumberofclassesexhibitinganon-zeroCevaluethanthoseexhibitinga
non-zeroCavalue.Thisindicatesthatwhileevolution,thereweremorenumberofclassesexhibiting
importcouplingascomparedtoexportcoupling.

WealsoassessedclasseswhichexhibitedhigherCevaluestoassesswhethertheyalsoexhibit
highCavaluesandviceversa.Wealsofoundthatinmajorityofthecases,classeswithhighestCa

Figure 3. Mean values of coupling metrics

Table 6. Median values of coupling metrics

Application 
Package CBO (CC) CBO (UCC) Ca (CC) Ca (UCC) Ce (CC) Ce (UCC) RFC (CC) RFC (UCC)

Gallery2 3 2 0 0 1 1 14 7

Email 1 0 0 0 1 0 8 7

Contacts 1 0 0 0 1 0 11 6

Calendar 1 0 0 0 1 0 13 6

MMS 2 1 0 0 1 0 9 5
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valueshavequitelowCevaluesandviceversa.Onlyinveryfewcases,classeswithbothhighCa
andCevalueswerefound.

Table7statesthetrendsofcouplingmetrics.Accordingtothetable,themajority(76-98%)of
Ca,CeandCBOmetricsexhibiteda“constant”trend.However,fortheRFCmetricapartfromthe
“constant”trend,the“increasing”trendwasquitepopular(26-39%)inalltheversionspecifictrends
exceptforversions4.1.2-4.2.2.Itmaybenotedthatchangeinclassmaynotalwaysleadtochange
inRFCvalues.Accordingtothediscussedtrends,hypothesisH8,H9,H10,andH11arerejected.

AWilcoxonsignedranktestwasconductedat𝛼 = 0.05 to test whether all mean coupling metric
valuesi.e.CBOCa,CeandRFC(ofallthefiveapplicationpackages)ofCCandUCCaredifferent.
Thecomputedp-valueofthetestwaslessthan0.001signifyingsignificantdifferencesbetweenmean
couplingmetricvaluesofCCandUCC.TheWilcoxontestresultssymbolizedhighercouplingmetric
valuesforCCindicatingevolutionleadstotightlycoupledclasses.

6.3.1 Observations Corresponding to Coupling Metrics

• Theanalysisofmeanandmedianofcouplingmetricsindicatesthataclasswithhighercoupling
valuesispronetochangeinfutureversionsasCCexhibitedhighercouplingmetricvalues.

• Asnumberofclasseswithanon-zerovalueforCemetricarehigherthananon-zerovalueforCa
metric,itindicatesthatahighernumberofclasseshaveatendencyofbeingdependentonother
classes(importcoupling).However,thiscouldbeanissueasitleadstodecreasedmaintainability,
understandabilityandreusability.

• Ingeneral,theclassesexhibitedeitherhighimportcoupling(ahighCevalue)orahighexport
couplingcharacteristic(ahighCavalue).ItwasraretofindaclasswithhighvaluesofbothCa
andCe.Suchclassescanbetermedascriticalclassesaschangesinthemshouldbecarefully
administeredasmultipleclassescanleadtoachangeinsuchclasses.Moreover,achangein
suchacriticalclasswouldbepropagatedtoalargenumberofotherclassesduetohighoutgoing
dependencyofsuchaclass.

• Majorityofclassesdidnotexhibitanychangeinthevaluesoftheircouplingmetricsduring
evolution.However,iftherewasachangeinaclass,therearehigherchancesofincreasingthe
dependencyofclassesduringevolutionratherthandecreasingtheirdependenciesonotherclasses.

6.4 Trends of Inheritance Metrics
TheinheritanceattributeofclasseswascharacterizedbythreemetricsDIT,NOCandMFA.Figure
4depictsthepercentageofclasseswhichusedanyoftheinheritanceattribute(i.e.haveanon-zero
value)inanyofthefiveinvestigatedversions.Accordingtothefigure,alltheclassesusedtheDIT
attributeincorrespondingapplicationpackagesasallclassesaredescendantoftheobjectclass(Java

Table 7. Version specific coupling metric trends

Coupling 
Metrics

4.0.2-4.0.4 4.0.4-4.1.2 4.1.2-4.2.2 4.2.2-4.3.1

Const. Inc. Dec. Const. Inc. Dec. Const. Inc. Dec. Const. Inc. Dec.

Ca 88 2 0 411 16 4 479 11 6 113 5 9

Ce 82 8 0 379 35 17 471 20 5 104 11 12

CBO 80 10 0 371 42 18 462 27 7 96 15 16

RFC 51 35 4 266 112 53 417 66 13 70 42 15
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language).Therefore,weanalysedpercentageofclasseswithDITvaluegreaterthan1,tounderstand
itsactualusage.Figure4showsthat5%-16%ofclassesexhibitedaDITvalueofgreaterthan1.The
NOCandMFAmetricswererarelyusedbyclasses(NOC:4%-13%&MFA:0%-10%).

WealsoobservedtheminimumandmaximumvaluesobtainedbytheDIT,NOCandMFAmetrics
inallthedatasets.ItwasfoundthatthemaximumvaluesofinheritancemetricsarehigherforCCas
comparedtoUCC.Themeanandmedianvaluesofinheritancemetricsdidnotgivemuchinformation
asinmajorityofthecasesthemeanandmedianvaluesofNOCwas0andthatofDITwas1.

Weanalysedthenumberofclasseswhichdepictedanon-zeroNOCvalueandaDITvalue>1
foreachapplicationpackageforCCandUCC.TheCCexhibitedgreaterNOCandDITvaluesthan
UCC.Also,mostoftheclasseswerefoundhavingeitheroneortwochildren,therewereveryfew
caseswithclasseshavingthreeormorechildren.Similarly,thoughtherewerecertainnumberof
classeshavingDITvalueof1or2,therewereveryfewclasseswithDITvalueofthreeormore.Only
1%ofCCclassesexhibitedanon-zerovalueforMFAmetrics.

Accordingtothetrendsobserved(Table8)byactualchangedclassesinconsecutiveversions,
majority (94-100%) of them did not exhibit any change in inheritance metric values and were
“constant”.Onlyveryfewclasses (0-0.04%)depictedan“increasing”or“decreasing”.Thus,we
rejecthypothesisH12,H13andH14.

6.4.1 Observation Corresponding to Inheritance Metrics

• AstheinvestigatedapplicationpackagesweredevelopedinJavalanguage,alltheclassesexhibit
aDITvalueofgreaterthanoneasallclassesarederivedfromtheJavaobjectclass.However,the
numberofclassesexhibitingaDITvalueofgreaterthanone,anon-zeroNOCvalueandanon-
zeroMFAvaluewasverylow.Thisindicatesthatinheritanceisrarelyusedintheinvestigated
datasets.

• AnobservationofDITmetricvaluesindicatesthattherewerefewclasseswithDITvaluesof
2and3andhardlyanyclasseswithDITvalueof4and5.Thisindicatesthatinheritancelevels

Figure 4. Classes exhibiting inheritance attributes
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don’tgotoodeepintheinvestigateddatasets.Similarly,anobservationofNOCvaluesindicate
fewclasseswiththreeormorechildren.Thus,classesintheinvestigateddatasetsrarelygrowto
largebreadths.Generally,theyonlyhaveoneortwochildren.

• Ananalysisofmaximumandminimumvaluesof inheritancemetrics indicatehighervalues
exhibitedbyCC.This impliesclassesexhibitinghigher inheritancecharacteristicsaremore
pronetochangesduringevolutionofthesoftware.

• The trendsobservedby inheritancemetrics indicate that 94%-100%of classes exhibitedno
changeintheirDITandNOCvalues.Thus,itisrarethatachangeduetoevolutionmightaffect
inheritanceattributeofaclass.

7. COMPARISON OF RESULTS wITH LITERATURE STUDIES

Thissectioncomparestheresultsobtainedinthestudywiththeresultsobtainedinexistingliterature
studies.Table9reportstheobservationobtainedfromaspecificliteraturestudywithrespecttoa
softwaredimensionandourcorrespondingresults.

Table 8. Version specific inheritance metric trends

Inheritance 
Metrics

4.0.2-4.0.4 4.0.4-4.1.2 4.1.2-4.2.2 4.2.2-4.3.1

Const. Inc. Dec. Const. Inc. Dec. Const. Inc. Dec. Const. Inc. Dec.

DIT 90 0 0 430 0 1 495 0 1 124 3 0

NOC 90 0 0 423 6 2 493 3 0 120 2 5

MFA 90 0 0 430 0 1 496 0 0 126 1 0

Table 9. Comparison with literature studies

Literature Study Dimension Observation from Literature Study Our Results

Leeetal.(2007) Size Numberofclassesi.e.theoverallsizeofthe
softwareincreasesgraduallywitheachrelease.

Weonlyevaluatethetrendsofcommonclasses,
thecommonCCtendtoincreaseinsizeover
variousreleasesofthesoftware,ratherthan

decrease.

Singhand
Bhattacherjee(2014)

Size IncreaseinWMCvaluesasthesoftware
evolves.

Classestendtoincreaseinsizeintermsoftotal
methods(WMC).

Aleneziand
Almustafa(2015)

Size IncreaseintotalLOCvaluesofasoftwareas
itevolves.

Onlytrendsincommonclasseswereassessed.
CCtendtoincreaseinsizeintermsofLOC.

AleneziandZarour
(2015,2016)

Cohesion IncreaseinLCOM,LCOM3andCAMmetric
valuesduringevolution.

Highernumberofclasseswithdecreasing
LCOM3andCAMvalues.Theincreasingtrend
waspopularforonlytheLCOMmetricvalues.

AleneziandZarour
(2015,2016)

Cohesion Modularitymeasures(alsowithrespectto
cohesion)arenotimprovingwithtime.

Certainclasseswerefoundwithalarming
LCOM3values.

Mubaraketal.(2010) Coupling Presenceof“key”classeswhichexhibithigh
fan-in(Ca)andfan-out(Ce).

Confirmtheexistenceof“key”classes.Weterm
itas“critical”classes.Suchclassesareveryfew
innumberandneedtobeadministeredcarefully

duringevolution.

Nasserietal.(2008)
andKaur(2015)

Inheritance Higherprobabilitythatnewclassesinan
evolvingsoftwareareaddedatlevels1or2in

theinheritancehierarchy.

MostoftheclassesexhibitedeitheraDITvalue
of1or2indicatingshallowinheritancelevels.
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8. THREATS TO VALIDITy

Inordertoensuretheconstructvalidity,weneedtobecertainthattheselectedmetricsareaccurate
representationsoftheircorrespondingconcepts(Zhouetal.,2009).Previousresearchstudies(Briand
etal.,1998;Briandetal.,1999)haveinvestigatedtheaccuracyofsomeofthemetricsusedinthis
study,ensuringconstructvalidity.Itmaybethecasethatapartfromtheeffectoftheevolutionon
softwarestructure,themetrictrendsmaybeinfluencedbydeveloperexperienceorsoftwaredomain.
Wehavenotaccountedfortheconfoundingeffectofthesefactors.Thismaybeapossiblethreatto
internalvalidity.ThestudyalsousesWilcoxonsignedranktest,anon-parametrictesttostatistically
validatethetrendsofsizeandcouplingmetrics.Thisreinforcestheconclusionvalidity.

TheresultsofthestudyareextractedbyvalidatingthevariousversionsofAndroidsoftware,
whichisapopularopen-sourceoperatingsystem.Although,theresultsmayholdvalidforavariety
ofopen-sourcesystems,especiallytheonesbelongingtotheoperatingsystemdomain,thereisa
needtofurthervalidatethesemetrictrendsonopen-sourcesystemsbelongingtootherdomains.This
isessentialtofurtherenhancetheexternalvalidityoftheobtainedresults.Asthestudyinvestigates
open-sourcesystems,itaidsitsreplicability.

9. CONCLUSION

Thisstudyanalyzedtheevolutionpatternsof14OOmetricsonfiveapplicationpackagesofthe
Androidsoftware.TheOOmetricswerecategorizedintofourdimensionscorrespondingtosize,
coupling,cohesionandinheritance.Themetricsforcommonclassesinfiveversions(4.0.2,4.0.4,
4.1.2,4.2.2,and4.3.1)ofeachapplicationpackagewereevaluatedandclassesineachapplication
packagewerecategorizedasChangedClasses(CC)orUnchangedClasses(UCC).Thetrendsof
actualchangedclassesbetweenconsecutiveversionswerecategorizedas“Constant”,“Increasing”
or“Decreasing”.Theobservationscanbesummarizedasfollows:

• TheCCexhibitedhigherchancesofincreaseinclasssize,highercouplingvalues,bettervariable
usage,pooruseofparametertypesandhigherinheritancecharacteristicsascomparedtoUCC.

• Themostcommontrendofactualchangedclassesbetweenconsecutiveversionswasincrease
insizemetrics(WMC,NPMandLOC),RFCcouplingmetricandLCOMcohesionmetric,no
changeininheritanceandothercouplingmetrics(Ca,Ce,CBO),anddecreaseinLCOM3and
CAMcohesionmetrics.

• Itwasobservedthatincreaseinclasssizewasgenerallyattributedtoadditionofnewmethodsin
aclass.Thereisahigherprobabilitythatanimportcouplingwouldleadtoincreaseincoupling
characteristicofaclassratherthananexportcoupling.

• Poordesignofclasseswithrespecttocohesionisattributedtoinadequateuseofparametertypes.
However,CCexhibitedeffectiveusageofclassvariables.

• Itwasobservedthatveryfewclassesexhibitedtheinheritanceattributeandclasseswhichused
inheritance,didnotexhibitdeepinheritancelevelsorlargenumberofsubclasses.

Thus,aclasswithlowercouplingvaluesandhighercohesionvaluesisbettersothatchanges
during software evolutiondonot lead to excessivedeteriorationof the class structure.Software
practitionersshouldalsoensurethatthesizeandcomplexityofaclassismanageablesothatchanges
duetosoftwareevolutioncanbeeasilyincorporated.Infuture,wewouldliketoexplorehowchange
inmetricvaluesaffectvarioussoftwareattributessuchasmaintainability,understandabilityorfault
density.Furthermore,theobservedtrendsmaybeevaluatedonotheropen-sourcesoftwaretoenhance
thegeneralizabilityoftheobtainedresults.
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