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ABSTRACT
The knowledgeof interclasstest dependenceis important in de-
ciding classtestorder, facilitating the designof an ef�cient inte-
gration test plan. However to date,interclasstest dependenceis
de�ned basedon a classdiagramcalledthe ObjectRelationDia-
gram (ORD), which canonly capturethesyntacticalrelationships
betweenclasses,andintroducesspuriousdependencesnotexisting
in implementation. We explore a semantics-basedde�nition for
interclasstestdependence.A safeapproximationalgorithmis de-
signedandimplementedto calculateinterclasstestdependenceac-
cordingto thegivende�nition. Thealgorithmpropagatessemantic
dependencesat method-level granularityand is parameterizedby
the precisionof the correspondingprogramanalysis. We experi-
mentwith nine benchmarksandfour differentanalysiscon�gura-
tions. The empirical resultsshow that the algorithm is practical
in termsof time cost. On average,the algorithm with the most
precisecon�guration recognizes75.24%of thedependencesfrom
theORD-basedapproachasspurious.Thealgorithmis ratherac-
curatein that it discoversdependencecyclespreciselyin 6 out of
9 benchmarks(asevaluatedby humaninspection).Thealgorithm
uncoversadditionalopportunitiesfor concurrenttestingin eachof
thebenchmarks,with anon averagegainof 52.5%over theORD-
basedde�nition.
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1. INTRODUCTION
Object-oriented(OO) programmingintroducesnew challenges

for testingbecauseof its languagefeaturesof encapsulationand
polymorphism[4, 28]. Classis thekernelconceptin bothOOpro-
grammingandOOtesting.A classusuallyrequiresotherclassesto
implementits functionalities(e.g., its parentclass,a server class,
etc).As aresult,theexecutionof aclassdoesnotsolelydependon
its own implementation,but alsoontheimplementationsof its pre-
requisiteclasses.Intuitively speaking,if classB's implementation
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affectsclassA's test result, thereis an interclasstestdependence
from A to B. A andB arecalledthesource andthe target classof
thedependencerespectively.1

Interclasstest dependenceis important in decidingclassinte-
grationtestorder, facilitatingthedesignof anef�cient integration
testplan [18]. Sucha planmustclarify the testfocusfor eachin-
tegrationstepfor the convenienceof testcoverageevaluationand
debugging[4]. Becausethesourceclassof a dependencerequires
the target classto implementits functionalities,it is desirableto
integrateand test the sourceclassafter the target classhasbeen
tested.If thereis nodependencecycleandthedependencegraphis
a directedacyclic graph(i.e., DAG), the reversetopologicalorder
of theDAG canbeuseddirectlyastheclassintegrationorder. The
existenceof dependencecyclescomplicatestheproblem.Thereare
two approachesto addresscycles: (i) to integrateall of theclasses
in acycle in onestepandtestthemasaclusterthatis usuallymore
costlyto testanddebug thana singleclassbecauseof theenlarged
testscopeandbroadenedtest focus[4], or (ii) to breakthe cycle
by constructingteststubs.A teststubis a partial implementation
of the targetclassthatsimulatestheneededfunctionalities,andis
usuallydif�cult to construct[3]. Clearly, obtaininginterclasstest
dependencesasaccuratelyaspossiblemayeliminatespuriousde-
pendencesthatcontributeto cycles.In thecaseswheredependence
cyclesdo exist, moreprecisedependenceswill keepcycle sizeas
smallaspossible.

A moreprecisedependencegraphmay help to parallelizeinte-
grationtestactivities andspeedup the testprocess.Theexistence
of interclasstestdependencesserializestestactivities, sinceeach
target classmustbe testedbeforeits correspondingsourceclass.
Classesmay be testedconcurrently(i.e., in parallel)if thereis no
dependencebetweenthem. This may result in a shortertestpro-
cesstime frame,a very desirableoutcomebecausemany software
projectsareshort-changedin termsof thetimeallowedfor testing.

Sinceinterclasstestdependenceasde�ned herecorrespondsto
a semanticdependencebetweenclasses,it is alsouseful in many
otherareasof softwareengineering.For examplein programun-
derstanding,knowledgeof interclasstestdependencescanhelp to
pruneout unrelatedclasses,in orderto understandbetteronepar-
ticularclass'sbehavior. Also, in softwarevisualization,knowledge
of dependencemayhelpto organizetheclassdiagramthatis espe-
cially usefulfor visualizinga largeprogram.

Thecurrentnotionof interclasstestdependenceis de�ned based
onaclassmodelcalledtheObjectRelationDiagram(ORD). It was
initially de�ned asthe transitive closureof therelationshipsof in-
heritance,aggregationandassociation[18]; later, dependencesdue

1In thepaper, dependencerefersto the term interclasstestdepen-
dence, if not speci�edotherwise.



to polymorphismwereadded[19]. As a designdiagram,theORD
cannotcapturethedetailedinformationaboutthesourcecode. In
addition,theORD-basedde�nition only correspondsto thesyntac-
tical relationshipsbetweenclasses,andthusmay introducespuri-
ousdependencesnot existing in the implementation.The goal of
theresearchin thispaperis to explorea semantics-basedde�nition
for interclasstestdependencethat improvesupontheORD-based
de�nition whensourcecode(or Java bytecode)is available.

This papermakesthefollowing contributions:
� A new semantics-basedde�nition for interclasstestdepen-

dence.
� An algorithmto safelyapproximatethe new de�nition, pa-

rameterizedby the precisionof the correspondingprogram
analysis.Thustheusercancontrol thecost/precisiontrade-
offs by varyingthechoiceof analysis.

� Experimentationwith four versionsof the algorithm(using
four different analysiscon�gurations)on nine Java bench-
marks.Theempiricalresultsshow thateventhemostprecise
versionof the algorithm is practical in time cost, andef�-
cient at reducingthenumberof spuriousdependences,over
theORD-basedde�nition. Thealgorithmdiscoverstheclass
dependencecyclesaccuratelyin six out of thesevenbench-
marksamenableto manualinspection.Thealgorithmuncov-
ersadditionalopportunitiesfor concurrenttestingin eachof
thebenchmarks,with anon averagegainof 52.5%over the
ORD-basedde�nition (seeSection5.2.)

2. ORD­BASED DEPENDENCE
This sectionintroducesthe ORD-basedde�nition for interclass

testdependence.Thena motivatingexampleshows a spuriousde-
pendencepresentin the ORD-basedde�nition. Startingfrom the
example,afurtherdiscussionof spuriousdependencesis presented.

2.1 ORD­BasedDe�nition
Kung et al. were amongthe �rst researchersto addressthe

classintegration test order problem[18]. They computedinter-
classtestdependencebasedon theORD, anedge-labeleddigraph
wherenodesrepresentclasses,andedgesrepresentthethreebinary
relationshipsbetweenclasses:inheritance,aggregationandassoci-
ation.Figure1 is asimpleexampleto illustratetheORDde�nition.
For any two classesX andY:

� inheritance:anedgelabeledI from X to Y indicatesthatX is
a child classof Y.

� aggregation:anedgelabeledAgfrom X to Y indicatesthatX
is anaggregateclassof Y, or in otherwords,Y is acomponent
classof X (has-arelationship).

� association:anedgelabeledAsfrom X to Y indicatesthatX
associateswith Y.2

Kungetal. de�ne interclasstestdependenceasthetransitiveclo-
sureof theabove threerelations.It correspondsto thereachability
relationon the ORD (i.e., classX is testdependenton classY iff
thereis a directedpathfrom X to Y in the ORD). In Figure1, an
interclasstestdependenceexists from classD to A andB, but not
to C.

Labicheet al. extendedKung's work by consideringinterclass
testdependencecausedby polymorphism[19], becauseareference
variableof a classA mayrefer to any instanceof a subclassof A.
As shown in Figure2, adashededgeis addedfrom B to C because
2Theassociationin theORD is not exactly thesameastheassoci-
ationin UML [40, 41], in which it is a moregeneralconcept.The
mappingfrom ORD to UML classdiagramscanbefoundin [6].
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Figure 1: A simple
ORD example
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Figure 2: Dependence
because of polymor-
phism

B associateswith A and A is the parentclassof C. Dependence
correspondsto thereachabilityrelationin thenew graph.In restof
this paper, theORD-basedde�nition refersto Labiche's extension
unlessspeci�edotherwise.

2.2 Moti vating Example
As a designdiagram,theORD doesnot capturethedetailedin-

formationof thesourcecode;also,theORD-basedde�nition only
correspondsto the syntacticalrelationshipbetweenclasses,and
may introducespuriousdependencesthat do not exist in the im-
plementation,asshown in theexamplein Figure3.

class DeliveryHandler{
......
static private PrintStream outFile;
public DeliveryHandler(PrintStream ps)
{ synchronized(getClass()) {

outFile = ps;
}

}
public void handleDelivery

(DeliveryTransaction deliveryTransaction)
{ deliveryTransaction.process();

deliveryTransaction.display(outFile);
}

}

Figure3: A motivating exampleto show a spuriousdependence
presentin the ORD-basedde�nition of dependence

Figure 3 shows a fragmentfrom the classDeliveryHandlerin
specjbbbenchmark.As shown, two methodsof the classDeliv-
eryTransactionarecalledby handleDeliveryof DeliveryHandler.
Somemethodsof DeliveryHandlerare also called by Delivery-
Transaction, whichisnotshown here.Thus,therearebi-directional
associationrelationshipsbetweenthetwo classes.As aresult,there
is a dependencecycle accordingto theORD-basedde�nition; the
correspondingintegrationtestplanmustdealwith thiscycle,either
by stubbingoneof thetwo classesto testtheother�rst or by testing
themtogetherasa cluster.

However, after readingthecodein detail it canbeseenthat the
testdependencefrom DeliveryHandlerto DeliveryTransactionac-
tually doesnot exist. Thebehavior of methodhandleDeliveryis to
call process()andthendisplay(PrintStream). The actualparame-
ter passedto display(PrintStream)is a static�eld of DeliveryHan-
dler, which is never changedin either of the two callees,so the
behavior of methodhandleDelivery(DeliveryTransaction)will not
be changeddueto the executionof the two methodsin Delivery-
Transaction. Also, DeliveryTransactionis not usedelsewherein
DeliveryHandler, soa truetestdependencefrom DeliveryHandler
to DeliveryTransactiondoesnotexist, andDeliveryHandlercanbe
testedbeforeDeliveryTransactionwithout any needfor the extra
costof dealingwith this cycle.



2.3 Problemswith the ORD­BasedDe�nition
Several kinds of spuriousdependencesfound using the ORD-

basedde�nition aresummarizedhere.
Case1: Regardingassociationandpolymorphism.
Supposethereis anassociationrelationfrom theclassA to B or one
of B'spredecessorclasses,thenA is consideredto betestdependent
on B accordingto theORD-basedde�nition. But in the following
cases,a interclasstestdependenceactuallydoesnotexist:
Case1.1: At runtime, the referencein A to B or B's predecessor
never pointsto a B instance.
Case1.2: A never callsany methodsin B, althoughtheremight be
referencefrom A to a B instance.
Oneexamplefor thiscaseis theassociationfrom aStack classto its
containee.Obviously, theimplementationfor thecontaineeclassis
totally transparentto theStack class.
Case1.3: A never calls any methodsdeclaredin B, althoughit
might call somemethodsdeclaredin B'spredecessorclass.
Considerthe associationfrom theclassHashMapto its containee
class.HashMapcalls thehashCode()andequals(Object)methods
of thecontaineeclass,but if thecontaineereusesthe two methods
inheritedfrom its predecessorclass(e.g.,Objectclass)insteadof
overriding them,thenHashMapis not testdependenton the con-
taineeclass.
Case1.4: A callssomemethodsdeclaredin B, but thosemethods
have no impactonA'sbehavior.
Considerthe motivating examplein Figure 3. The two methods
in DeliveryTransactionarecalled,but they neitherreturnany val-
uesnor changethe valueof any variablevisible to DeliveryHan-
dler. However, this doesnot meanthatthecalleemethodsmustbe
side-effect free.For example,theexecutionof process()in themo-
tivating examplemight changea memoryregion readby method
display(PrintStream), without causinga dependencefrom Deliv-
eryHandlerto DeliveryTransaction.

Case2:RegardingAggregation.

Client Wrapper

Adaptee

request

delegatee

TheORD-basedde�nition says
that aggregation createsa test
dependencefrom theaggregate
classto thecomponentclass,but
this is not always true. Take
thescenarioshown on theright
as an example; it illustratesa
Wrapperdesignpattern[1]. Sup-
posetherequestfrom theClient is asynchronousandtheWrapper
is implementedasanaggregateclassfor theAdapteefor betteren-
capsulation. What the Wrapper doesis just to relay the request
to theAdaptee, thereforeit is not testdependenton theAdaptee's
implementation,althoughthereis anaggregaterelationship.

Actually, aggregationhasbeenuni�ed into theconceptof asso-
ciationasaspecialcasein UML [40, 41]. Comparedto theregular
association,aggregationde�nes a transitive andasymmetricrela-
tionshipamongthe instancesof the classes,but it doesnot auto-
matically leadto interclasstestdependence.Consequently, we do
not differentiateaggregationspeci�cally in thenew de�nition and
algorithm.

3. SEMANTICS­BASED DEFINITION
We de�ne interclasstestdependencebasedon semanticsto im-

proveupontheORD-basedde�nition whenthesourcecodeisavail-
able.Informally speaking,if thechangeof oneclass's implementa-
tion mayaffect anotherclass's testresult,thereexistsaninterclass
test dependence.Section3.1 describeshow to safely model the
classtest result, as the basisfor the new de�nition for interclass

testdependencepresentedin Section3.2.

3.1 A modelof ClassTestResult
The processof classtest is described�rst, followed by how to

evaluatetheclasstestresult.

The Processof ClassTest. In contrastto testinga singlemethod
atatime,classtestmustexercisethecooperationbetweenall meth-
odsin a class.3 In this respect,classtestis like testinganabstract
datatypewith multiple entrypoints[4]. Figure4 describesa typi-
calclasstestprocess:a sequenceof CUT (i.e., theclassundertest)
methodsInwardSeq(the �rst of which is a constructor)areexer-
cised.Thesemanticsof theCUT aresolelymanifestin thereturn
valuesof CUT methodsand side effects on the memoryregions
outsidetheCUT instance.

CUT Instance

Memory Region outside
CUT instance
(EnvValue)

�InwardSeq

instantiateCUT

�

OutwardSeq

Figure4: ClassTestProcess

Thefollowing termsareusedto describea classtestprocess:

� InwardSeqdenotesthe sequenceof methodcalls exercised
on theCUT duringclasstest.

� EnvValue denotesthe valuesfor the memory regions out-
side the CUT instance,and EnvValue0 denotesthe initial
EnvValuebeforeclasstest.

� WriteOutdenotesawrite from theCUT instancetoEnvValue.
It canbeany methodcallwhosesideeffectchangesEnvValue.

� ReturnValuedenotesa valuereturnedby a CUT method.
� OutStatementdenotesa statementin the CUT producinga

WriteOutor ReturnValue.
� OutwardSeqdenotesthesequenceof ReturnValuesandWrite-

Outs triggeredby theInwardSeq.

How to Evaluate ClassTestResult. Theclasstestresultis eval-
uatedin orderto make suretheCUT is implementedwith theex-
pectedsemantics.As describedearlier, thesemanticsof theCUT is
manifestin two waysduringclasstest: ReturnValues andchanges
to EnvValue. However, it is highly impracticalto track EnvValue
extensively for evaluation.We make thefollowing claim:

Claim 1: Giventwo implementationsof a class,if thesameOut-
wardSeqis generatedfor the same(EnvValue0 , InwardSeq) pair,
thenthetwo implementationshave thesamesemantics.

Proof: Theclaim canbeprovedby contradiction.
Assumethat the above claim is false,(i.e., thereare two classes
3Without lossof generality, we assumethat theaccessto any �eld
f is donevia thecorrespondingmethodssetf(value)andgetf().



with different semantics,but the sameOutwardSeqis generated
giventhesame(EnvValue0 , InwardSeq) pair). Becausedifferentse-
manticsmeansthatthereis differencein ReturnValuesor EnvValue,
and the sameOutwardSeqassuresthat the ReturnValues are the
same,thusthereis a (EnvValue0 , InwardSeq) pair for which dif-
ferentEnvValues will result. Supposeins is the instructionwhich
causesthe�rst differencein EnvValues. SinceOutwardSeqs arethe
samefor the two classes,ins must be outsidethe CUT. Because
EnvValuesbeforeexecutinginsarethesame,thusinsmustberead-
ing from a �eld f with differentvaluesin the two classinstances.
Now the methodcall getf() will returndifferent values,which is
contraryto theassumptionthatReturnValues arethesamefor the
same(EnvValue0 , InwardSeq) pair, sotheclaim is proved.

Thecontrapositive statementof Claim 1 saysthat if theCUT is
not implementedcorrectly, a differentOutwardSeqwill be gener-
atedfor a (EnvValue0 , InwardSeq) pair, so it is safeto evaluatethe
classtestresultby observingthecorrectnessof OutwardSeqonly.

3.2 Semantics­basedFormal De�nition for In­
terclassTestDependence

As shown in Section3.1,theclasstestresultcanbesafelyevalu-
atedby observingOutwardSeq. Thus,wesaythatthereis interclass
testdependencefrom classA to B if classB containsonestatement
that can affect A's OutwardSeq. The de�nition is formalizedas
follows:
De�nition 1: Thereis a testdependencefrom classA to B if the
following is true:

9sa 2 Stmt: 9mb 2 Method: 9sb2 Stmt:

(CdeclM(B ; mb) ^ SinM(sb;mb) ^ CreachS(A; sb) ^

CoutS(A; sa) ^ SdepS(sa; sb;A))

where

� Stmtrepresentsthesetof all statements;

� Methodrepresentsthesetof all methods;

� Classrepresentsthesetof all classes;

� CdeclM(C:Class, m:Method) representsthepredicatethatm
is declaredin classC;

� SinM(s:Stmt, m:Method) representsthepredicatethatmcon-
tainsstatements;

� CreachS(C:Class, s:Stmt) representsthepredicatethatsmay
bereachablewhile testingclassC;

� CoutS(C:Class, s:Stmt) representsthe predicatethat s is an
OutStatementin classC;

� SdepS(sa:Stmt, sb:Stmt, C:Class) representsthepredicatethat
statementsa is semanticallydependenton sb while testing
classC.

4. APPROXIMA TION ALGORITHM
Unfortunately, it is impossibleto computedependenceaccord-

ing to De�nition 1. Oneobvious problemis that thesemanticde-
pendencepredicate(SdepS) is undecidable.PodgurskiandClarke
presenttheideaof weaksyntacticdependenceasasafeapproxima-
tion for semanticdependence[29]; however, it is extremelycostly
to computeweaksyntacticdependencebetweenstatements.In or-
der to have a practicalimplementation,we approximatesemantic
dependenceat method-level granularity, and designthe approxi-
mationalgorithmaccordingly.

4.1 ApproximateDe�nition
A �o w-insensitive approximationis used: insidea method,the

relative positionof statementsis ignoredandeachuseis consid-
eredto be semanticallydependenton any de�nitions in the same
method. If somestatementinsidemethodma is semanticallyde-
pendenton somestatementin methodmb, we saythat any state-
ment in ma is semanticallydependenton any statementin mb.
Therefore,semanticdependencecanbepropagatedatmethod-level
granularityon the call graph. Obviously, the precisionof the call
graphin�uencesthecomputationfor interclasstestdependence.

Conservatively assumingeachmethodin thecall graphmayaf-
fect theOutwardSeqof its class,interclasstestdependencecanbe
safelyapproximatedasfollows:
De�nition 2: ClassA is consideredto betestdependenton B ac-
cordingto ourapproximationif thefollowing is true:

9ma 2 Method: 9mb 2 Method:

(CdeclM(B ; mb) ^ CreachM(A; mb) ^

CentryM(A; ma) ^ M depM(ma; mb;A))

where

� CdeclMandMethodarethesameasin De�nition 1;
� CentryM(C:Class, m:Method) representsthe predicatethat

mis amethodexercisableonaC instance.mcanbedeclared
in C or oneof C'spredecessorclasses;

� CreachM(C:Class, m:Method) representsthe predicatethat
methodm is reachablefrom classC (i.e., m may be called
while testingC);

� MdepM(ma:Method, mb:Method, C:Class) representsthepred-
icatethatwhile testingclassC, methodma is consideredto
be semanticallydependenton methodmb accordingto our
approximation.Althoughit is anapproximation,we referto
it assemanticdependencefor brevity in laterdiscussions.

ExaminingDe�nition 2, we canintroducethepredicateCdepM:
� CdepM(A; mb) � 9ma 2 Method:(CreachM(A; mb) ^

CentryM(A; ma) ^ MdepM(ma; mb;A)) .

Informallyspeaking,CdepM(C:Class, m:Method) meansthatclassC
is dependentonmethodm(i.e.,onemethoddeclaredin C is seman-
tically dependenton m while testingC). UsingCdepM, De�nition
2 canberewrittenasfollows:
De�nition 3: ClassA is consideredto betestdependenton B ac-
cordingtoourapproximationif 9mb 2 Method:(CdeclM(B ; mb)^
CdepM(A; mb)) :

4.2 Calculating Inter classTestDependence
As shown in De�nition 3, themainstepfor theapproximational-

gorithmcalculatinginterclasstestdependenceis to computeCdepM.
Figure5 shows the constraintsusedto computeCdepMin Data-
log [17],
where

� CentryM, CreachM andCdepMarede�ned previously.
� call*(m:Method,i:Method)representsthepredicatethatmethod

m callsi directlyor indirectly.
� MretM(m:Method,i:Method)representsthepredicatethatmethodi

callsmdirectlyandreadsthereturnvalueof m.
� Mread,Mwrite(m:Method,o:AbstractNode,f:Field) represent

thepredicatesthatm mayreadfrom or write to theabstract
memoryregiono.f, respectively. Thetwo predicatesareused
to calculateinter-methodsemanticdependencedue to side
effects(Seebelow for moredetails).



CentryM(c:Class, m:Method) input
CreachM(c:Class, m:Method) input
call*(m:Method, i:Method) input
MretM(m:Method, i:Method) input
Mread(m:Method, o: AbstractNode, f:Field) input
Mwrite(m:Method, o: AbstractNode, f:Field) input
CdepseM(c:Class, m:Method)
CdepM(c:Class, m:Method) output

(0)CdepM(c,m):- CentryM(c,m).
(1)CdepM(c,m):- CentryM(c,i),CreachM(c,m),call*(m,i).
(2)CdepM(c,m):- CdepM(c,i),MretM(m,i).
(3.1)CdepseM(c,m):- CdepM(c,i),CreachM(c,m),

Mread(i,o,f),Mwrite(m,o,f).
(3.2)CdepM(c,m):- CdepseM(c,m).
(3.3)CdepM(c,m):- CdepseM(c,i),CreachM(c,m),call*(m,i).

Figure5: A DatalogProgram to Compute CdepM

� CdepseM(C:Class,m:Method)representsthe predicatethat
classC is dependenton methodm dueto sideeffects (See
below for moredetails).

A classis dependenton all the methodsexercisableon its in-
stances,soCdepMis initially equalto CentryM, asshown in rule0.
In rules1-3,thedependencesin CdepMpropagateto othermethods
becauseof the existenceof inter-methodsemanticdependences.
Therearethreecausesfor inter-methodsemanticdependence,one
dueto sideeffectsandtheothertwo dueto call relations:from the
callerto thecalleeandfrom thecalleeto thecaller.

Rule 1: From CalleeTo Caller. Thecalleeis consideredto bese-
manticallydependenton thecaller, becauseit is controldependent
on the call site in the caller. Consequently, CdepMalsocontains
thosemethodswhich maycall C's entrymethod(s)andarereach-
ablefrom C.

Rule 2: From Caller To Callee. BecauseJava is call by value,
ignoring theexistenceof sideeffectsthecaller is consideredto be
semanticallydependenton thecalleeonly if it readsthe valuere-
turnedby thecallee(i.e., MretM(callee,caller)). If sideeffectsex-
ist, rules3.1-3.3areapplied.

Rules 3.1-3.3: Side Effects. Thereare inter-methodseman-
tic dependencesdueto sideeffectsbecausedifferentmethodsmay
accessthesamememoryregion on theheap(i.e., thesameobject
�elds, arrayitemsor global variables).4 In our approximational-
gorithm,methodmais consideredto besemanticallydependenton
mbif mareadsfrom amemoryregionthatmbmaywrite to. This is
a �o w-insensitive approximationbecauseit disregardstheorderof
thereadsandwrites. As shown in rule 3.1, if methodi is semanti-
cally dependenton m dueto sideeffects,andclassC canreachm,
thenthedependenceof C on i resultsin adependenceof C onm.

The dependenceof classC on methodm dueto sideeffects is
storedin CdepseM�rst, andpropagatedto CdepMat rule3.2. If C
is dependentonm dueto sideeffects,C is alsodependenton those
methodsreachablefrom C thatcall m directlyor indirectly. There-
fore,we useCdepseMto calculatethesedependences,asshown in
rule3.3.

ClassC is alsodependenton methodmif m is reachablefrom C
andchangesoneof C's static�elds or a C object's �elds. This is
handledin thesamewayassideeffects.Therule is notshown here
for brevity.
4Thereis alsoasemanticdependencefrom methodmato mbif ma
calls mb directly or indirectly andmb changesthe program�o w
viewableby ma(e.g.mbcallsSystem.exit(int) or throws anexcep-
tion viewableby ma). This semanticdependenceis modelledand
dealtwith in asimilar wayasthatdueto sideeffects.

Algorithm. Thealgorithmis parameterizedby theprogramanaly-
sisusedto calculatethecall graphandsideeffects.Moredetailson
call graphprecisionarepresentedin Section4.3.Points-toanalysis
approximatesthe memoryregionson the heapa methodaccesses
(Mread, Mwrite) in orderto evaluatetheinter-methodsemanticde-
pendencescausedby sideeffects.A memoryregion is represented
as a (AbstractNode, Field) pair. AbstractNodeis determinedby
the resultsof points-toanalysis;its representationcan be, but is
not limited to, an allocationsite, a classor an array. Field cor-
respondsto the �eld of the classor the index of the array, which
canbeignoredif �eld-insensitive analysisis usedto propagatese-
manticdependence.In our implementation,becauseof thelack of
an appropriatestaticanalysisalgorithm,thearrayindex is always
ignoredandall itemsof anarrayareregardedasa singleunit.

The rules in Figure5 de�ne the problemby a setof recursive
equations.In Datalog,a �x ed-pointiteration is usedto solve the
setof rules(e.g.,a changeto CdepMat rules2, 3.2or 3.3causesa
re-evaluationof rules2 and3.1;similarly, a changeto CdepseMat
rule3.1causesre-evaluationof rules3.2and3.3).Rulesareapplied
until a �x edpoint is reached.The�nal resultfor CdepMis usedto
calculateinterclasstestdependenceaccordingto De�nition 3.

Notethatinter-methodsemanticdependenceis notsimplyatran-
sitive closureof therelationsexpressedin theserules. In Figure6,
methodsmaandmbbothcall mc. mareadsthevaluereturnedby
mcandthusis consideredto besemanticallydependentonmc. mb
callsmcandthusmcis consideredto besemanticallydependenton
mb. Barringtheexistenceof any otherrelations(i.e.,call or sideef-

ma mb

mc

a is semantic dependent on b

a  calls ba               b

a               b

Figure6: An example

fects)amongthethreemethods,obviouslynosemanticdependence
existsfrom mato mb.

4.3 PrecisionOf Call Graph
Thecall graphdeterminestheprecisionof many predicatesused

in Figure 5 (e.g., CreachM, Call* ). We implementedan object-
sensitivepoints-toanalysis[25] to constructanobject-sensitivecall
graph. We further improved the precisionof call graphby im-
plementinga datareachabilityanalysis[9] to resolve library call-
backs.

Context-Insensitive vs. Object-Sensitive Call Graph. In previ-
ouswork, 0-CFA [33, 30, 21] wasthemostprecisepoints-toanal-
ysis we usedto computeinterclasstestdependence[45]. 0-CFA
generatesa context-insensitive call graph,in which thereis atmost
onenodefor eachmethod.Useof 0-CFA resultsin many spurious
interclasstestdependences,asillustratedin theexamplefrom the
specjbbbenchmarkshown in Figure7.

AsciiMetricsis asubclassof Metricsandoverridesmethodwrap
(String). Methodoutputproperly(String)is invoked bothon Met-
ricsandAsciiMetricsinstances,soin acontext-insensitivecall graph
bothAsciiMetrics:wrap(String)andMetrics:wrap(String)appears
asitscallee,andthepredicateCreachM(Metrics,AsciiMetrics:wrap
(String)) will be true, as shown in Figure 8. Also becauseout-
put properly(String)callsandreadsthereturnvalueof wrap, there
will beinterclasstestdependencefrom Metricsto AsciiMetricsac-
cordingto therules0 and2 in Figure5.

Obviously, outputproperly(String)invoked on any Metrics in-



class Metrics{
public void output_properly(String s)
{buf.append(this.wrap(s)); ... ... }
public String wrap(String s)
{ return ("<h1>" + s + "</h1>"); }

}
public class AsciiMetrics extends Metrics{

public String wrap(String s)
{ return s + "\n";}

}

Figure7: Impr ecisionof context-insensitivecall graph

Metrics:
output_properly

Metrics:
wrap

AsciiMetrics:
wrap

Methods
reachable

from  Metrics

Methods
reachable

from  AsciiMetrics

Figure 8: Context-
Insensitive Call Graph

[m,Metrics:
output_properly]

[m,Metrics:wrap]

[am,Metrics:
output_properly]

[am,AsciiMetrics:
wrap]

Methods
reachable

from  Metrics

Methods
reachable

from  AsciiMetrics

Figure 9: Object-
Sensitive Call Graph

stancewill call Metrics:wrap(String)insteadof AsciiMetrics:wrap
(String), andin this case,thecorrespondinginterclasstestdepen-
dencefrom Metrics to AsciiMetricsis spurious. We usedobject-
sensitive points-toanalysisto eliminatethis spuriousdependence.

Thekey ideaof object-sensitive points-toanalysisis to analyze
a methodseparatelyfor eachof the object namesthat represent
different run-timeobjectson which this methodmay be invoked.
In our implementation,an object is namedby its allocationsite.
In the generatedobject-sensitive call graph,eachmethodmay be
representedby multiple nodeswith differentallocationsitesasits
callingcontexts (i.e.,differentreceiver objects).Eachnodehasthe
form of [allocation site, methodsignature]. Backto theexamplein
Figure7, supposemandamaretwo allocationsiteswith typeMet-
rics andAsciiMetricsrespectively, andoutputproperly (String) is
invoked on both of them. The correspondingobject-sensitive call
graphis shown in Figure9, from which we canseethat thepred-
icateCreachM (Metrics,AsciiMetrics:wrap (String))will be false,
andtherewill notbeaninterclasstestdependencefrom Metricsto
AsciiMetrics.

Theprogrammingidiom hereis very typical in OOapplications.
In ourexperimental�ndings, afterapplyingobject-sensitivepoints-
to analysis,theclasstestdependencecyclescanbedeterminedac-
curatelyin four morebenchmarksthanwith thecontext-insensitive
analysis. Thereareothercall-site-basedcontext-sensitive points-
to analysessuchask-CFA andcloning-basedmethod[10, 31,43];
however, becauseof the existenceof truly polymorphiccall sites,
theinaccuracy encounteredin thisexamplecannotbefully resolved
by thoseanalyseswithoutusingobjectsensitivity.

Data Reachability Analysis Resolve Library Call-backs Al-
thoughwe areonly interestedin dependencesbetweenthe appli-
cation classes,the effects of the Java library have to be consid-
ered: (i) two applicationmethodscalling relatedlibrary methods
may be semanticallydependenton eachotherdue to sideeffects
in thelibrary; (ii) oneapplicationmethodcalling a library method
mayreachandsemanticallydependonanotherapplicationmethod

becauseof library call-backs. The library call-backsmay intro-
duceinaccuracy becausein boththecontext-insensitiveandobject-
sensitive call graphs,informationfrom differentcall sitesmay be
mergedin the Java library. For examplein Figure10, at runtime
methodX:appendA()only reachesA:toString()throughthelibrary.
In acontext-insensitivecall graph,String:valueOf(Object)callsboth
toString() methods;consequently, X:appendA()is seento reach
B:toString()mistakenly. Thisinaccuracy alsoexistsin object-sensitive
call graphbecauseString: valueOf(Object)is a staticmethod,and
it cannotbe analyzedseparatelyaccordingto differentobjectsas
callingcontexts. 5

X: appendA(){
  A a;
  StringBuffer:append(Object)(a);
}

Y: appendB(){
  B b;
  StringBuffer:append(Object)(b);
}

StringBuffer:append(Object)

String:valueOf(Object)

A:toString() B:toString()

Java Library

Figure10: Call Graph For StringBuffer:append(Object)

Wesolvedthisproblemusingdatareachabilityanalysis[9]. Data
reachabilityanalysiscalculatesthe methodsreachablefrom a call
site. We designedand implementeda variation of V-DataReach
presentedin [9]. In our implementation,datareachabilityanalysis
hasaccessto the result of a (global) points-toanalysis. At each
call site from an applicationmethodcalling a library method,a
call-site-speci�cpoints-toanalysisis performed. In this analysis,
we calculatea setof local objectsthat arecreatedduring the call
anddestroyed after thecall returns.As with any datareachability
analysis,asub-callgraphreachablefrom thecall siteis constructed
on the�y . Thelocal objects'points-toinformationis computedby
apoints-toanalysisthatusesthesub-callgraphunderconstruction;
(non-local) objects' points-toinformationcomesfrom the global
points-toanalysis.Eventually, datareachabilityanalysiscalculates
thepossiblecall-backsto applicationmethodsfor eachsitecalling
a library method.

5. EXPERIMENTS
We implementedan object-sensitive points-toanalysis,a data

reachabilityanalysisandthe algorithmto calculateinterclasstest
dependence.We experimentedon nine benchmarks,including all
eightbenchmarksfrom SPECjvm986 andSPECjbb2000.7 All ex-
perimentswere run on 2.8GHz Pentium-IV, 1.5GB-memoryPC
with Linux 2.4.20-13.9andSUNJVM 1.4.103-b02.

5.1 Experimental Setup
The implementationframework has two separatemodules,as

shown in Figure11. The �rst moduleusesthe Java analysisand
transformationframework,Soot[32] version2.2.1;theseconduses
a BDD basedsolver, bddbddb[43, 16]. Thereis alsosomepost-
processingfor evaluation.

5A variationof theobject-sensitive analysiscanactuallysolve this
particularproblem:a staticmethodis analyzedseparatelyaccord-
ing to eachof its caller's calling context(s). But this variationwill
slow down theobject-sensitive analysisgreatly, andcannotresolve
theinaccuracy asgenerallyasdatareachabilityanalysis.
6http://www.spec.org/jvm98/
7http://www.spec.org/jbb2000/



The taskof the �rst moduleis to generateconstraintsusingthe
resultsof somefundamentalprogramanalyses.Theconstraintsare

Java 
Program
(bytecode)

BytecodeAnalysis &
Constraint Generation

(Soot)
constraints as    
relations
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Figure11: Framework

representedasrelations,andbasicallyincludethe following infor-
mation:

� Staticinformationfor theclass:its inheritancerelations;the
�elds andmethodsit declares,etc.

� Pointerassignmentedges:assignment,store,loadandallo-
cationedges.

� Side-effect information:the�elds of referencevariablesand
theglobalvariableseachmethodreadsfrom or writesto.

� Thecall relationbetweenmethods:theCHA(classhierarchy
analysis)call graph[8], andwhetherthecallereverreadsand
usesthereturnvalueof callee.

Basedon theconstraints,thesecondmoduleperformstheanal-
yses(points-toanalysisanddatareachabilityanalysis)to generate
thecall graphandtheconcreteside-effect information:thememory
regionson theheapeachmethodmayaccess(reador write). Then,
interclasstestdependenceis calculated.

Theframework is parameterizedby thechoiceof analyses,and
differentanalysescanbe appliedto balancethe trade-off between
ef�ciency andprecision.In our experiments,we usethefollowing
four analysiscon�gurations,in orderof increasingprecision:

� VTA: variabletypeanalysis.The targetnodesin thepointer
assignmentgraphareclasstypes,notallocationsites[35]. In
Soot, thecall graphis notconstructedon the�y for VTA;

� 0CFA: a�eld-sensitive,�o w-insensitiveandcontext-insensitive
points-toanalysis(aform of 0-CFA) [33,30,21]. In Soot, the
call graphis constructedon the�y for 0CFA;

� OB: a �eld-sensitive, �o w-insensitive andcontext-sensitive
points-toanalysis. Eachmethodis analyzedseparatelyfor
theobjectnameson which this methodis invoked [25], and
eachobjectis namedby its allocationsite;

� OBR: object-sensitive points-toanalysisis usedto construct
theinitial call graphandcalculatesideeffects.Then,thedata
reachabilityanalysis[9] presentedin Section4.3 is applied
in orderto resolve library call-backs.Thepoints-toresultsof
the object-sensitive analysisarealsousedasa �lter during
thecall-site-speci�cpoints-toanalysis.

5.2 Results

Threesetsof questionsneedto beansweredin orderto evaluate
theresultsfor thesemantics-basedde�nition computed:

� How many spuriousdependencesareeliminatedaccording
to the given algorithm,andhow do theseresultsvary with
differentanalysiscon�gurations?

� How do theresultsvary in termsof cyclesin thedependence
graph?This questionis importantbecauseit is dependence
cycles that complicatethe issuesof determiningclasstest
orderanddesigninganef�cient integrationtestplan.

� How canwe effectively evaluatethe improvementin the in-
tegrationtestplan?

The experimentsweredesignedto answerthe above questions
andthecorresponding�ndings areshown in this section.

Spurious DependencesFigure12 shows the normalizeddatafor
thenumberof computedinterclasstestdependences.They-axisis
thepercentageof thenumberof dependencescomputedaccording
to the given algorithm,divided by the numbercomputedaccord-
ing to the ORD-basedde�nition. As expected,the VTA con�g-
uration resultsin the largestnumberof dependences(on average
56.70%of thedependencesin theORD-basedde�nition), i.e., the
leastnumberof spuriousdependenceseliminated.0CFA, OB and
OBRamountto, on average,32.17%,25.09%and24.46%,respec-
tively.

DependenceCycles Table1 shows the sizeof eachcycle in the
testdependencegraph. Eachbox containsa sequenceof decreas-
ing numbersthatcorrespondto thesizeof all cyclesfor eachbench-
markcomputedwith a particularalgorithmcon�guration. We also
computeddependencecyclesaccordingto the ORD-basedde�ni-
tion and the resultsare shown in column ORD. If the computed
result is accurateaccordingto manualinspection,the numberis
shown in underlinedbold font. The numberof total application
classesis alsoshown in parenthesesnext to thebenchmarkname.
Takingtheraytracebenchmarkasanexample,it has41application
classes.Thereare threedependencecycles accordingthe ORD-
basedde�nition, containing18, 4 and2 classesrespectively. Ac-
cordingto the given algorithmwith the VTA con�guration, the 4-
classand2-classcyclesdonotexist, andthe18-classcycleshrinks
to thesizeof 16. Accordingto the0CFA con�guration,the16-class
cycle breaksinto one8-classcycle,one4-classcycle andwith the
four remainingclassesnot in any cycle. Accordingto theOB and
OBR con�gurations, the 8-classcycle further shrinksto the size
of 7, andthe 4-classcycle no longerexists, which is accurateby
manualinspection.

ORD VTA 0CFA OB OBR
compress(28) 6,4,4 5,3 3 3 3

jess(163) 147,4 139 96 94 90
raytrace(41) 18,4,2 16 8,4 7 7

db(20) 10 6 5 0 0
javac(184) 169 161 161 142 134

mpegaudio(60) 44 37 6,3,2 0 0
mtrt(41) 18,4,2 16 8,4 7 7
jack(69) 44 7,6,2,2 7,4,2,2 7 7
jbb(104) 79 49 3,3,2 2,2 2

Table 1: Sizeof Dependencecycles(bold meansaccurateresult)

Thesourcecodefor javacandjack is not available,sowe could
not manuallydeterminethe accuratesolutions. Out of the other
seven benchmarks,we found that the OBR con�guration deter-
minesthe classesin the cycle accuratelyin six benchmarks(i.e.,
all exceptjess).

As for the jessbenchmark,a lot of inaccuracieswerefound to
resultfrom theuseof java.util.Hashtable. Hashtableelementsare
internally storedin an array. In our implementation,an object is
namedby its allocationsite. Thus,differentHashtableinstances
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Figure 12: Number of Inter classTestDependences:y-axis is the percentageof #(dependencesaccording to the given algorithm) divided by #(dependences

according to the ORD de�nition)

sharethesameallocationsitefor thearray, andall theinformation
passingthroughit will bemerged.Thepresenteddatareachability
analysiscannotsolve the problemeither, becausethe arrayis not
a local object for the call-site-speci�cpoints-toanalysis,and its
points-toinformationcomesfrom theglobalpoints-toanalysis.A
moreprecisenamingschemefor objects(e.g.,a context-sensitive
namingschemeto distinguishthe differentobjectscreatedat the
sameallocationsite)maysolve theproblem.

ComparingTable1 to Figure12, the improvementfrom 0CFA
to OB is modestin the numberof dependences,but it is interest-
ing to seethat OB accuratelycan�nd cyclesin � ve benchmarks,
while 0CFA doessoin only one.This is mainly becausea context-
insensitive call graphmay causespuriousdependencesbetween
closely relatedclasses,and elimination of thosespuriousdepen-
dencesusuallycausescyclesto shrink. Recalltheexamplein Fig-
ure 7, classAsciiMetricsis a subclassof Metrics andoverridesa
methodin Metrics, causinga spurioustest dependencefrom the
parentclass(e.g.,Metrics) to the child class(e.g.,AsciiMetrics).
Thechild is oftenfoundto bedependenton theparent,sodeletion
of thespuriousdependencefrom theparentto thechild by usingan
object-sensitive call graphusuallybreaksthe cycle and improves
precision.

Maximum Path Weight By eliminating spuriousdependences,
moreclassesmaybetestedin parallelto speedup thetestprocess.
Testingis often doneon a very tight timetable,so we estimated
theminimumtimespanneededfor classintegrationtestto evaluate
the possibleimprovementin the testplan. We usedthe following
considerationsandassumptions:

� If a dependencecycle exists, theclassesin thecycle arein-
tegratedtogetherin onestepandtestedasa cluster. As men-
tionedin Section1, therearetwo approachesto handlede-

pendencecycles,oneis to testclassesin a cycle asa cluster,
and the other is to breakcyclesby constructingtest stubs.
Weassumetheformeroccursbecauseusuallyit is preferable
not to constructteststubsto simulateclassesthatarealready
implemented.

� For simpli�cation, we assumea uniform time costfor each
class,denotedasoneunit of cost.

� Basedontheconsiderationthatthetimecostto testall classes
in a cycle (i.e., clustertest)increasesasthesizeof thecycle

�

�

�

�

�

�

�

Figure 13: Class De-
pendenceGraph

�
	���
 ���

��
����

��
����

��
����

��
����

Figure 14: DAG with
WeightedNode

increases,we assumethatthecostis a linear functionof the
size8, i.e., it costn units to testa n-classD cycle. Conse-

8Actually,the cost to test a cycle usually increasesmore quickly
than the sizedoesbecauseof the broadenedtest focus; however,
the linear assumption,albeit simple, is safeand good enoughto
illustratetheimprovementin theintegrationtestplan.



quently, givenaclassdependencegraph,by condensingeach
stronglyconnectedcomponentinto a singlenode,the time
costfor testingeachclassandclustercanbeshown in aDAG
with weightednodes.TakeFigure13asanexample.It is a7-
classdependencegraph,with eachnodelabeledby theclass
name.Figure14 is thecorrespondingweightedDAG. Each
nodecorrespondsto aclassor acycleandits weightis shown
in theparenthesis(e.g.,nodeBCD correspondsto thecycle
containingclassesB, C andD, andits weightis three).

� A classor clustercanbetestedwhenall classesandclusters
it is dependentonhave beentested.

� Differentclassesandclusterscanbetestedin parallelif there
is no dependencebetweenthemsothatthetime spanfor in-
tegrationtestcanbereduced.Of course,it requiresthatthere
aresuf�cient resourcesto do so. For examplein Figure14,
cycle BCD andclassE canbetestedin parallelafter testing
A. According to our assumptions,testingE �nishes earlier
thantestingcycleBCD, thenF will betestedin parallelwith
thecycle.

ORD OBR
Max Path Unit Max Path Unit Gain

compress (6)+(4)+(4) 14 3+(3) 6 57.1%
jess (147)+(4) 151 4+(90) 94 37.7%

raytrace 1+(18)+(4) 23 6+(7) 13 43.5%
db 1+(10) 11 6 6 45.5%

javac 1+(169) 170 4+(134) 138 18.8%
mpegaudio 2+(44) 46 17 17 63.0%

mtrt 1+(18)+(4) 23 6+(7) 13 43.5%
jack 2+(44) 46 6+(7) 13 71.7%
jbb 3+(79) 82 7+(2) 9 89.0%

average 52.2%

Table 2: Maximum WeightedPath

Basedon the above assumptions,the maximumpathweight in
the DAG correspondsto the minimum time spanneededfor the
classintegrationtest.We usedthis metric to illustratethepossible
improvementin thetestplan. In Table2, themaximumpathweight
for interclasstestdependencecomputedwith the OBR con�gura-
tion is comparedagainstthatwith theORD-basedde�nition. Col-
umnMax Path describesthemaximumweightedpath;thenumber
in theparenthesesrepresentsthesizeof cycle on thepath.Column
Unit is the total weight for thepathin units. For example,in Fig-
ure14, themaximumweightedpathis A-BCD-G, soit will bede-
scribedas2+(3),meaningtherearetwo singleclassesanda3-class
cycle on the path, whoseweight is 5 units. Column Gain illus-
tratesthepossibleimprovementin theclassintegrationtestplanin
termsof minimumtime spanneeded,that is, thepercentageof the
differencebetweenthetwo pathweightsdividedby themaximum
pathweightin theORD-basedgraph.Theaverageimprovementis
52.2%.

5.3 Time Costs
Table3 shows thetimecostsfor theanalysesonall benchmarks.

Points-toanalysesfor VTA and0CFA werebasedon Soot; all the
other analyseswere implementedand run in bddbddb. We also
implementeda 0CFA in bddbddb, andits time costwassimilar to
theSootimplementation.

Ouranalysisalways�nishes in lessthan35minutes.Webelieve
that thecostof automaticdependenceanalysiscanbe justi�ed by
theresultingimprovementin theintegrationtestplan.For example,

thereis a 44-classcycle in thempegaudiobenchmarkaccordingto
theORD-basedde�nition. After runningour analysiswith theOB
or OBRcon�guration in minutes,the whole cycle is found to be
spurious.Thus,therewill beno extra costto handlethatcycle. In
the improvedtestplan,thereversetopologicalorderin thedepen-
dencegraphgeneratedby theOBor OBRcon�gurationcanbeused
directly astheclasstestorder. Theanalysisis ef�cient, in that the
averagetimeouranalysistakesto decreasetheminimumtimespan
neededby oneunit is lessthan50secondsin theworstcase(javac).

Mor e Details. In Java, java.lang.StringBuffer is usedwidely to
handlemostStringoperations,andall informationpassingthrough
it will bemergedin a context-insensitive analysis,asillustratedin
Figure10. Consequently, we choseto groupall StringBuffer al-
locationsitesasa singleobjectin 0CFA, becauseit decreasedthe
computationtime without decreasingthe precision. This inaccu-
racy is resolvedin OBR, sothegroupingwasnotperformed.

Thepoints-toanalysisin OBandOBRis thesameobject-sensitive
analysis.It constructsanobject-sensitive call graphon the�y and
costsmore than 0CFA. The order of magnitudehigher cost for
object-sensitive points-toanalysisis justi�ed. becauseOB deter-
minescyclesaccuratelyin four morebenchmarksthan0CFA, Data
reachabilityanalysisis relatively timeconsuming,too. Its timecost
is relatedto thenumberof callsto theJavalibrary. For example,jbb
hasthemostcallsto thelibrary, 2513,while compresshastheleast,
822,andthecorrespondingtimecostsfor thetwo benchmarks'data
reachabilityanalysisarethe largestandthesmallest,respectively.
In thecurrentimplementation,all callsto thelibrary areanalyzed.
As futurework,wewill try to improveef�ciency by only analyzing
suspiciouscalls(e.g.,thecallsmaycauselibrary call-backs).

Thecomputationto solve for interclasstestdependenceis rather
inexpensive. Basically, themoreprecisethepoints-toanalyses,the
lesstime thedependenceresolutionprocesstakes,becausethecall
graphis smallerandmoreprecise.

6. RELATED WORK

6.1 Class Integration Test & Interclass Test
Dependence

Therehave beenmany algorithmson computingoptimal class
testorderbasedon interclasstestdependencein orderfor anef�-
cient integrationtestplan [18, 19, 36, 39, 7, 6, 5, 12]. The algo-
rithmsweremainly designedto reducethenumberof constructed
teststubsin orderto resolve the complicationsintroducedby de-
pendencecycles. They differ in how to choosedependencesto
eliminateto breakcycles.

Bottom-upintegration is assumedby all the above papersand
alsothis paper:thetargetclass/clusterof thedependenceis always
testedbeforethesource.Conversely, top-down integrationoccurs
whenanearlyteston thesourceclass/clusteris performed,but the
target hasnot yet beenimplemented[26]. Top-down integration
incursagreatercost,to constructteststubs,soit is usuallynotpre-
ferred,especiallywhenan implementationfor the target is avail-
able. As for clustertest,Big BangandBackboneintegration [2]
canbeusedto testcloselyrelatedcomponentson dependencecy-
cles.It is beyondthescopeof thispaperto discussin detailhow to
constructtestsuitesfor clusters.

To date,all theapproachesfor classintegrationtestusedsimilar
ORD-basedde�nitions for interclasstest dependence.Our work
cangreatly improve testplan designandtestorderingalgorithms
by pruningoutspuriousdependences,asshown in ourexperiments.

Ourwork iscloselyrelatedtoMilanova'sandRyder's[24], which
usedpoints-toanalysisto generateExtORD, anextendedORD.The
ExtORDincorporatespolymorphisminto theORDby addingclass



VTA 0CFA OB OBR
points-to dependence points-to dependence points-to dependence points-to reachability dependence

compress 203.6 57.4 86.6 15.1 359.7 9.0 359.7 455.3 3.5
jess 242.5 107.9 88.8 25.4 1176.4 15.3 1176.4 536.5 14.9

raytrace 225.3 55.0 80.8 19.3 371.1 9.6 371.1 509.7 4.9
db 208.4 56.1 79.5 16.9 357.8 13.6 357.8 476.0 5.3

javac 267.4 40.0 97.6 49.9 696.1 25.5 696.1 836.4 29.3
mpegaudio 223.1 59.4 103.5 22.2 810.7 11.6 810.7 477.5 6.9

mtrt 210.4 53.9 94.8 19.1 366.4 14.1 366.4 497.5 5.5
jack 289.8 72.7 93.6 21.6 442.5 12.1 442.5 568.6 11.9
jbb 242.2 82.7 96.0 38.9 445.9 16.4 445.9 1512.6 25.7

Table3: Time Costs(in seconds)

associationsascalculatedby points-toanalysis.UsingtheExtORD
ratherthantheORD asa basisfor a de�nition of dependenceim-
provesprecisiondueto there�ned binaryrelationshipscalculated.
The maindifferencewith our work is thatan ExtORD-baseddef-
inition of classtestdependencedoesnot capturethesameseman-
tic dependencesasdoesour de�nition. As illustratedin Figure3,
interclasstestdependenceis not necessarilyimplied by thebinary
relationshipsin theORDor ExtORD.An ExtORD-basedde�nition
of classdependencecannoteliminatethespuriousdependencesin
Cases1.2,1.3,1.4and2 summarizedin Section2.3.Reference[24]
usedthereductionratein averageclass�r ewall ([18]) sizeto mea-
sureimprovementover theORD. A class�re wall for ClassA is a
setthatcontainsall classeson which A is testdependent.To com-
parewith theExtORDresults,we calculatedthereductionratefor
the two commonbenchmarks,javac andmpegaudio. The reduc-
tion ratesare15.1%and42.1%in [24], while our corresponding
ratesare23.0%and67.0%for the0CFA con�guration and37.3%
and78.3%for the bestcon�guration (OBR). We usedthe ORD-
basedde�nition asthebaselinefor comparison,becauseit hasbeen
widelyusedin classintegrationtest.As futurework,wewill empir-
ically investigateour improvementover [24] onmorebenchmarks.

6.2 Program Dependence& Slicing
PodgurskiandClarke presenteda formal,generalmodelof pro-

gram dependence[29].Two generalizationsfor control and data
�o w dependence,called weak and strong syntacticdependence,
wereintroducedandrelatedto the semanticdependencebetween
statements.Weaksyntacticdependencewasshown to bea neces-
saryconditionfor semanticdependence.

Program Slicing. A programslice consistsof a setof program
statementsthatpotentiallyaffect thevaluescomputedatsomepoint
of interest,referredto asa slicing criterion. Programslicing was
originally presentedby Weiserin 1979[42]. Several approaches
have beenproposedto computethe slicesstatically[37, 44]. Ot-
tensteinandOttensteinrestatedthe problemin termsof a reach-
ability problemon a program dependencegraph [27]. Horwitz,
RepsandBinkley introducedtheSDG(systemdependencegraph)
for inter-proceduralslicing [15], anddesigneda two-passtraver-
salalgorithm. SDGhasbeenwidely usedin slicing andimproved
in variousaspects:to representarbitrary inter-proceduralcontrol
�o w [34]; to handlemulti-threadedprograms[14]; to improve the
precisiononprogramswith pointersusingequivalenceanalysis[23],
etc.

OO Slicing. LarsenandHarrold initially extendedthe SDGto
supportobject-orientedprograms[20]; the representationwasim-
provedbyLiangandHarroldin termsof precisionandef�ciency [22].
Tonellaet al. introducedthe resultsof points-toanalysisto help
dependenceanalysishandlepointersandpolymorphiccalls [38].

HammerandSneltingimplementedan improved slicer to handle
thecasein whichnestedobjectsareusedasactualparameters[11].

Issueof Practicality. Onemajor differencebetweenthe above
staticslicingalgorithmsandthesemanticdependencecomputation
in ouralgorithmis theissueof practicality. They computedseman-
tic dependenceat statement-level granularity, whereas,we com-
pute semanticdependenceat method-level granularity. The cost
for thestatement-level approachesis substantiallyhigherin terms
of both time andspace.In addition,sincewe analyzethe Java li-
brary, method-level granularityseemsmorepractical.Considering
the Java 1.4 library, even the smallestbenchmarkin our experi-
mentshasmorethan600 classesand3000methodsin the 0-CFA
call graph. To the bestof our knowledge,therehasnot beenan
ef�cient slicing implementationfor a wholeJava programwith the
Java 1.4 or newer library. Also, we usedthe object-sensitive call
graphto improve our analysis;therehasnot beenanef�cient slic-
ing implementationusingacontext-sensitive call graph.

Our approachto tradeoff precisionfor practicality appearsto
be feasiblefrom our empiricalresults.Also, becauseof the �o w-
insensitive approximation,our approachcanbedirectly appliedto
multi-threadedprograms,while many slicingalgorithmscannot.

6.3 Points­to & Data Reachability Analysis
Thereis awidevarietyof referenceandpoints-toanalyseswhich

differ in termsof costand precision. An in-depthdiscussionon
the dimensionsof referenceand points-toanalysiscan be found
in [31, 13]. In our currentexperiment,we mainly usedvariable
type analysis[35], a form of 0-CFA [33, 30, 21] and an object-
sensitive points-toanalysis[25].

Datareachabilityanalysiscalculatesthemethodsor call chains
reachablefrom a call site. Reference[9] presenteda detaileddis-
cussionon datareachabilityanalysisfor Java. We designedand
implementeda variationof V-DataReach. Theimprovementin our
approachis thatwe calculatedthesetof local objectsfor eachcall
site, whosepoints-toinformation comesfrom a call-site-speci�c
points-toanalysis.

7. CONCLUSION
We have presenteda new semantics-basedde�nition for inter-

classtestdependence.We have designedandimplementeda safe
approximatealgorithmtopropagatesemanticdependenceatmethod-
level granularity. We have experimentedwith four analysiscon�g-
urationsandninebenchmarks.Theempiricalresultsshow thatthe
algorithm is not only practical,but alsoratheraccurate.In three
benchmarks,thealgorithmwith themostprecisecon�gurationim-
provesovertheaccuracy of theORD-baseddependenceby anorder
of magnitude,anddeterminestheclassesin cyclesaccuratelyin six
outof thesevenbenchmarksamenablefor manualinspection.Also,



thealgorithmuncoversopportunitiesfor concurrenttesting.Over-
all, by usingouranalysisamoreef�cient classintegrationtestplan
canbeachieved.
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