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Abstract

Large softwae systemgendto havea rich andcomple
structue. Designes typically depictthe structue of soft-
ware systemssoneor more directedgraphs.For example
a directedgraph can be usedto describethe modules(or
classes)f a systemand their staticinter-relationshipsus-
ing nodesand directededges, respectively We call suc
graphsmoduledependencgraphs(MDGS).

MDGs can be large and comple graphs. One way of
makingthemmore accessiblés to partition them,sepaat-
ing their nodes(i.e., modules)into clustess (i.e., subsys-
tems). In this paper we describea techniquefor finding
“good” MDG partitions. Goodpatrtitions feature relative-
ly independensubsystemthat containmoduleswhich are
highly inter-dependentOur techniquetreatsfindinga good
partition as an optimizationproblem,and usesa Genetic
Algorithm (GA) to seach the extraordinarily large solution
spaceof all possibleMDG partitions. Theeffectivenessf
our techniqueis demonstatedby applyingit to a medium-
sizedsoftwae system.
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1. Introduction

The maintenanceand evolution of medium and large
software systemscan be a dauntingtask, especiallyif the
systemis poorly documentedor not documentedat al-
[. Continuousmaintenanceover an extendedperiod of
time can have a negative impact on the quality of a sys-
tem’s structure (also referred to as Software Architec-
ture[12, 14]).

Software designersuse directed graphsto make the
structureof complex software systemsmore understand-
able. We call such graphsmodule dependeng graphs
(MDGs). In MDGs, thesystems moduleg(e.g., files, class-
es) are representedis nodesand their relationships(e.g.,
function calls, inheritancerelationships)as directededges
thatconnectthe nodes.However, eventhe MDGs of small
systemganbe complex. Oneway of makingMDGs more
accessiblés to partition themby groupingcloselyrelated
nodesinto clusters,in whatis known asthe softwae clus-
tering problem The MDG of a softwaresystemcanbere-
coveredautomaticallyfrom its sourcecodeusingtoolssuch
asCIA [6] (for C), Acacia[1] (for C andC++) or Star[7]
(for Turing [4]).

Creatinga meaningfulpartitionof anMDG, however, is
difficult, becausehe numberof possiblepartitionsis very
largeevenfor asmallgraph[8]. Also, smalldifferencese-
tweentwo partitionscanyield very differentresults.As an
example, let’s considerFigure 1, which presentsan MDG
with a small numberof modulesandrelations. (All dia-
gramson this paperwere producedusing Dot [6], a tool
for drawing and automaticallylaying out labeleddirected
graphs.)

The two partitionsof the MDG presentedn Figures2
and 3 are very similar, with only two nodesswapped. In
spite of this seeminglysmall difference,the partition de-
fined in Figure 3 better capturesthe high-level structure
of the graph, sinceit groupsnodesthat are more inter-
dependent.

In this paperwe describeatechniquethatautomatically
finds a good partition of a system$ MDG. Our approach
treatsclusteringasanoptimizationproblem wherethegoal
is to find agood(possiblyoptimal) partition. To explorethe
extraordinarilylargesolutionspaceof all possiblepartitions
for a given MDG, we usea GeneticAlgorithm (GA) [2,
9]. In Section3 we describehow we quantify a partition’s



Figure 1. An example of asimple MDG
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Figure 2. A partition of the MDG

Figure 3. A better partition of the MDG

quality usingfeaturesof thegraph.

We demonstratehe effectivenesof our techniqueon a
medium-sizedsoftware system. The tool thatimplements
our techniqueusesthe systems MDG as input, and pro-
ducesa partitionof thatMDG asoutput.

Thestructureof theremaindef this papeiis asfollows:
in Section2, we outlinethe principlesof geneticalgorithm-
s, in Section3 we explain our GA that performsautomatic
clustering. In Section4, we describethe resultsof apply-
ing our techniqueto a mediumsizedsoftware system. In
Section5, we review relatedwork on software clustering.
We concludethe paperin Section6, outlining someof the
futuredirectionsof our work.

2. Genetic algorithms

Geneticalgorithmsapply ideasfrom the theory of nat-
ural selectionto navigate throughlarge searchspacesf-
ficiently. GAs have beenfound to overcomesome of
the problemsof traditional searchmethodssuch as hill-
climbing [2, 9]; the most notableproblembeing “getting
stuck” at local optimum points, and thereforemissingthe
global optimum (bestsolution). GAs perform surprising-
ly well in highly constrainedproblems wherethe number
of “good” solutionsis very small relative to the size of the
searctspace.

GAs operateon a set(population of strings(individual-
s), whereeachstringis anencodingof the problems input
data.Eachstring’sfitnesgquality value)is calculatedusing
anobjectie function. Probabilisticrules,ratherthandeter
ministiconesareusedto directthesearchln GA terminol-
ogy, eachiterationof the searchis calleda geneation. In
eachgenerationa new populationis createdby taking ad-
vantageof thefittestindividualsof the previousgeneration.

GAs leveragetheideathat sub-stringpatternssharedoy
high-fitnessindividuals can be combinedto yield higher
fitnesssolutions. Furtherexplanationsand detailson why
GAswork canbefoundelsavhere|[2, 9].

Geneticalgorithmsare characterizedy attributessuch
as objective function, encodingof the input data, genetic
operators,and populationsize. After describingtheseat-
tributes,we describethe actualalgorithmusedby GAs in
Section2.5.

2.1. Objective function

Theobjectivefunctionis usedto assigrafitnessvalueto
eachindividualin the population.Therefore |t needgo be
designedsothatanindividual with a high fitnessrepresents
a bettersolutionto the problemthanan individual with a
lowerfitness.



2.2. Encoding

GAs operateon anencodingof the problemSinputdata.
The choiceof the encodingis extremelyimportantfor the
executionperformanceof the algorithm. A poor encoding
canleadto long-runningsearcheshatdo not producegood
results.

An encoding is expressedusing a finite alphabet
Typical alphabetsare binary (e.g.,T,F) and numeric
(e.9.,0,1,2,...,n). Thelatteris usedthroughouthis dis-
cussion.

2.3. Genetic operators

GAs featurethe following threebasicoperatorswhich
areexecutedsequentiallyby the GA:

1. SelectionandReproduction
2. Crosswoer

3. Mutation

Crossweer and mutationhave a fixed rate of occurrence
(i.e., theoperatorsaareappliedwith a certainfixed probabil-
ity) thatvariesfrom problemto problem.A detailedexpla-
nationon why theseratesvary acrossproblemsandhow to
determinghemcanbefoundelsavhere[2].

During selection and reproduction, pairsof individuals
arechoserfrom the populationaccordingo their fitness.

Thereproductioroperatorcanbeimplementedn anum-
ber of ways[2]. For our purposeswe considerroulette
wheelselection. This type of selectionsimulatesa “spin-
ning wheel” to randomlydeterminewhich individuals are
selectedrom the old populationto be includedin the nen
population. In roulettewheel selection,eachstring is as-
signeda “slot” of size proportionalto its fitnessin the re-
production“‘wheel”, soindividualswith a higherfitnessare
morelikely to beselected.

Selectioncan be complementedvith elitism  Elitism
guaranteeshatthe fittestindividual of the currentpopula-
tion is copiedto the new population.

Crossover is performedmmediatelyafterselectionand
reproduction. The crosswer operatoris usedto combine
the pairsof selectedstrings(parents)}o createnew strings
thatpotentiallyhave ahigherfitnessthaneitherof their par
ents. During crosseer, eachpair of stringsis split at an
integer positionk (1 < k < ), usinga uniform random
selectionfrom position1 to ! — 1, wherel is the lengthof
the string. Two new stringsare then createdby swapping
characterdetweenpositionsk + 1 and! (inclusively) of
the selectedndividuals. Thus,two stringsare usedto cre-
atetwo new strings, maintainingthe total populationof a
generatiorconstant.

The procedureof selectionand reproductioncombined
with crossw@er is simple. However, the emphasiof repro-
ductiononhigh-fithessstringsandthestructuredalbeitran-
domized)informationexchangeof crosswer is atthe core
of thegeneticalgorithm's powerto discorergoodsolutions.

The mutation operatoris appliedto every string result-
ing from the crosswer process Whenmutationis applied,
eachcharacteof the stringhasalow probability (e.g., typ-
ically 4/1000)of beingchangedo anotherandomvalueof
thesametypeandrange.

Selectionyeproductiorandcrossaer canbe very effec-
tive in finding stringswith a high fitnessvalue. The muta-
tion operatoiis crucialto avoid missinghigh-fitnessstrings
whenthe currentpopulationhascorvergedto a local opti-
mum. However, mutationis usedsparinglyto explore new
regions of the searchspaceand openup new possibilities
without destrging currenthigh-fitnessstrings.

2.4. Population size

The numberof stringsin a populationis definedby the
populationsize The largerthe populationsize, the better
the chancethat an optimal solution will be found. Since
GAsarevery computationallyintensve, atrade-of mustbe
madebetweernpopulationsizeandexecutionperformance.

2.5. Thealgorithm

GAs usethe operatorsdefinedabove to operateon the
populationthroughaniterative processyhichis asfollows:

1. Generatethe initial population, creating random
stringsof fixedsize.

2. Createanew populationby applyingthe selectionand
reproductionoperatorto selectpairs of strings. The
numberof pairswill bethe populationsizedivided by
two, so the populationsize will remainconstantbe-
tweengenerations.

3. Apply the crosswer operatorto the pairsof stringsof
thenew population.

4. Apply the mutationoperatorto eachstringin the new
population.

5. Replaceheold populationwith thenewly createdop-
ulation.

6. If the numberof iterationsis lessthanthe maximum,
goto step2. Else,stoptheprocessanddisplaythebest
answeifound.

As definedin step 6, the GA iteratesa fixed numberof
times. Sincethe function’s upperbound(the maximumfit-
nessvaluepossiblefor a string)is oftennot found,we must



limit the numberof generationsn orderto guaranteehe
terminationof the searchprocessThis mayresultin asub-
optimalsolution.

In the next section,we explain how our GeneticAlgo-
rithm solvesthe automaticsoftwae clusteringproblem.

3. Software clustering GA

In theintroductionwe saw thatthestructureof asoftware
systemcan be expressedas a module dependeng graph.
Thegoalof ourautomaticclusteringGA is to find a“good”
partition of the MDG, so that closely relatedmodules(n-
odes)aregroupednto subsystemgclusters).

3.1. The objective function

We usean objective function to quantify the quality of
anMDG partition[8]. Our conjectureds thata high quality
partitionis onethathasboth a low numberof inter-cluster
relationshipsand a high numberof intra-clusterrelation-
ships.This conjecturds basedn theassumptiorthatwell-
designedsystemsare formed by cohesve setsof modules
thatarelooselyrelatedbetweereachother

Before we can quantify the quality of a partition, we
mustfirst quantifyintra- andinter-connectvity.

I ntra-connectivity is a measureof the densityof con-
nectionsbetweenthe nodesof a single cluster A high
intra-connectiity indicatesa good clusteringarrangemen-
t becausehe nodesgroupedwithin the sameclusterare
highly dependenbn eachother A low intra-connectiity,
on the otherhand,generallyindicatesa poor clusteringar-
rangemenbecausdhe nodesgroupedwithin a clusterare
notstronglyrelated.

We definetheintra-connectiity A; of cluster; with N;
componentand u; intra-edgedependenciefelationships
to andfrom moduleswithin the samecluster)as:

Hi
Ai = —=
N?

A; isthenumberof intra-edgedependenciedivided by the
maximum numberof possibledependenciebetweenthe
componentf clusteri, which is N2. A; is 0 whenthe
modulesin a clusterare not connectedand 1 wheneach
modulein aclusteris connectedo everymodulein thesame
cluster(includingitself).

I nter-connectivity is a measureof the connectvity be-
tweendistinctclusters.A high degreeof inter-connectvity
is undesirablebecauset indicatesthat clustersare highly
dependentn eachother Corversely alow degreeof inter-
connectvity is desirablebecausét indicatesthatindividual
clustersarelargely independenof eachother

We definetheinter-connectvity E; ; betweerclustersi
and j, eachconsistingof V; and N; componentgespec-
tively, with ¢;; inter-dependenciegrelationshipsbetween
themodulesof bothclusters)as:

0
Eij = { i
2N; N;

if i =j
if i £ j

Inter-connectvity measures the ratio of inter
dependenciebetweenclustersi and j and the maximum
possiblenumberof inter-edgedependenciebetweerthose
clusters. E; ; is 0 whenthereare no interdependencies
betweenclustersi and j, and 1 when every module in
clusteri dependson every modulein clusterj and vice
versa.

We definethe M odularization Quality (MQ) of a sys-
temasafunctionthatexpresseshetradeof betweerinter-
andintra-connectiity. MQ is the objectie function of our
GA.

Givenan MDG partitionedinto k clusterswhere 4; is
theintra-connectiity of thei*” clusterandE; ; is theinter-
connectvity betweerthei** and;** clusterswe defineMQ
as:

k k
PN D D
i= i=1"_"
— — o Vk > 1
—=2

MQ =
A k=1

MQ establisheatradeof betweerinter-connectvity and
intra-connectiity thatrewardsthe creationof highly cohe-
sive clustersand penalizeghe creationof too mary inter-
clusterdependencies histrade-of is achievedby subtract-
ing the averageinter-connectvity from the averageintra-
connectvity. MQ is thusboundbetween-1 (no cohesion
within theclusters)andl (no couplingbetweerthe cluster

S).
3.2. Encoding

As weexplainedpreviously, agoodencodingof theinput
datais critical to the convergencespeedof the GA andthe
quality of the obtainedsolution. For example,the graphin
Figure4 is encodedsthefollowing string S:

S§=22 441

Eachnodein thegraphhasa uniquenumericalidentifier
assignedo it (e.g., nodeNL1 is assignedhe uniqueiden-
tifier 1, nodetwo is assignedhe uniqueidentifier 2, and
soon). Theseuniqueidentifiersdefinewhich positionin
the encodedstring will be usedto definethatnodes clus-
ter. Therefore thefirst charactein S, 2, indicatesthatthe
first node(N1) is containedn the clusterlabeled2. Like-
wise, the secondhode(N2) is alsocontainedn the cluster
labeled2, andsoon.



label: 2

label: 1

®

Figure 4. A sample partition

Formally, anencodingonastring S is definedas:
5281 89 8384 ... SN

where N is the number of nodesin the graph and
si, where(1 < i < N), identifiesthe clusterthat con-
tainstheith nodeof the graph.

3.3. Genetic operators/ population size

As we have mentionedpreviously, the geneticoperators
havefixedrates(probabilityof occurrencejhatareproblem
dependent.The rateswe usein our GA arethe following
(assuméV is the numberof nodesin the MDG):

e Crosseerrate: 80% for populationsof 100 individu-
als or fewer, 100%for populationsof a thousandn-
dividualsor more,andit varieslinearly betweerthose
populationvalues.

e Mutationrate:0.004 log, (V). Typical mutationrates
for binaryencodingsre4/1000.However, becauseave
areusinga decimalencoding,we mustmultiply it by
the numberof bits that would have beenusedif the
encodingwasbinary to obtainan equivalentmutation
rate.

e Populatiorsize:10N.
e Numberof generations200N.

Theformulasfor theserateswerederivedempirically af-
ter experimentingwith severalsystemsof varioussizes.

Having definedthe implementatiorof our GA for auto-
matic clustering,we next demonstratets effectivenessoy
applyingit to a real software systemand evaluatingits re-
sults.

4. Case study

We usedour GA to partition Mini-Tunis[3], an operat-
ing systemfor educationalpurposesaritten in the Turing
languag€4]. We choseMini-Tunis becauseét is a nicely
designedsystemwith a well-documentedstructure. Mini-
Tunisis alsosmallenough(20 modules)to be explainedin
apaperwithoutbeingatrivial system.

The documentatiorf Mini-T unisincludesa partitioned
MDG. In the Mini-Tunis MDG, ovals representTuring
modules, while edgesrepresentimport relationshipsbe-
tweenthosemodules. As we canseein Figure 5, Mini-
Tunisconsistof thefollowing majorsubsystems:

MAIN containsthe modulesfor the front-endof the oper
atingsystem.

COMPUTER containsthe memory managemenimod-
ules.

FILESYSTEM containstwo subsystemsEILE, the oper
ating systemsfile systemandINODE, which handles
inodereferenceso files.

DEVICE containamoduleghathandlel/O devicessuchas
disksandterminals.

GLOBALS containsthe sharedutility modulesof the op-
eratingsystem.

We usedthe Star[7] sourcecodeanalysistool to auto-
matically producethe MDG of Mini-Tunis. Subsequently
we appliedour GA to the MDG.

By looking at Figure 6, we canseethatthe automatical-
ly generategbartitionis quite similar to the partition found
in the Mini-T unisdocumentationThe differencesndicate
thatourtechniquehasproblemsdealingwith library andin-
terfacemodules.For example,the Inodemodule,which is
the interfaceusedto accessll of the modulesin the IN-
ODE subsystemhasincorrectlybeenassignedo the FILE
subsystemThis modulemisplacemenis dueto aheavy re-
liance of the FILE subsystenmoduleson the interfaceof
INODE. Also, Systemand Panic are genericlibrary mod-
ules. As such,they appeaiin the clusterwheremostof the
nodeghatreferencehemarelocated.

Anotherinconsisteng betweernthe documentedindthe
automaticallygenerategartition is that modulesfrom the
MAIN and COMPUTERsubsystemsarein differentclus-
ters. We attribute this inconsisteng to the possibility that
theautomaticallyfoundsolutionis a sub-optimalone.

5. Related work

Ourwork is relatedto two mainbodiesof researchsoft-
ware clusteringand geneticalgorithms. In Section2 we
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Figure 6. Automatically derived partition of Mini-Tunis



gave anoverview of geneticalgorithms.In this section,we
review someof the previouswork on softwareclustering.

Becausesourcecodeis usuallythe only available spec-
ification of a system,significantresearcheffort hasbeen
devotedto techniqueghat analyzesourcecodeto recover
the high-level structureof a system.

A recentpaperby Wiggerts[15] providesa goodintro-
ductorysurwey of clusteringtechniqueshathave beensuc-
cessfullyappliedto systemmodularization.

Similar to our approach,mary clustering techniques
work in abottom-upfashionby usinginformationextracted
from the sourcecodeto producehigh-level structuralviews
of the systemorganization Rigi [10] andArch [13] aretwo
suchtools. Thesetools, however, requiresignificantuser
inputto directtheir respectie clusteringalgorithms.

HutchensandBasili [5] presenafully automaticcluster
ing techniquebasedon databindings. They presentseveral
techniquedor clusteringrelatedproceduresnto modules.
Ourresearcladdressea slightly differentproblem sinceit
focuseson groupingrelatedmodulesinto subsystems.

Several software modularizatiorntechniquesadopta top
down approach. For example,in the Software Reflexion
Model[11] techniquethedesigneidevelopsa mappingbe-
tweena high-level modelandthe actualsourcecode.Once
this mappingis complete,a tool is usedto calculatea re-
flexion modelthat shovs how the designers modeldiffers
from the providedhigh-level model.

6. Conclusions & future work

Today's softwaresystemsaregrowing in compleity and
size. Thestructureof a large softwaresystemis not always
apparenfrom its sourcecode. Even creatinga modulede-
pendeng graphmay not be helpful enoughto understand
thestructureof asystem A high-level partitionof thegraph
canmake anMDG easielto understandHowever, thenum-
berof possiblepartitionsof evena smallgraphcanbevery
large[8]. In this papemwe demonstratetiow this extremely
large spacecanbe exploredin a systematiavay usinga ge-
neticalgorithmto find a goodpartitionfor a givensoftware
system.

We have evaluatedour techniqueon several systemsof
differentsizewith similar succesgo the onedemonstrated
in our casestudy In thefuture,we intendto conductfurther
validation of our techniqueusing other systems. We also
intendto experimentwith differentgeneticoperators pa-
rametersandinput encodingsto investigatehow they can
improve the performancef the GA.

Our techniquecurrently doesnot provide a mechanism
to integratea designers knowledgeof a systeminto theau-
tomaticclusteringprocessasthe SoftwareReflexion model
does. We are currently addingcapabilitiesthat enablethe
userto take advantageof thatknowledge.

Also, our objective functiontreatsall moduledependen-
ciesequally For examplepairsof modulesthat call each
other once are consideredequivalentto pairs of modules
thatcall eachothertwentytimes.In aneffort to incorporate
this concept,we are adding“weights” to the edgesof our
MDGs andincorporatingtheseweightsinto our MQ calcu-
lation.

7. Accessto our software

Interested readers may download a copy of our
software from the Drexel University Software En-
gineering Research Group (SERG) web page at
http://www.mcs.drexel.edu/"serg.
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