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Abstract

Expressedsequencetags, abbreviated ESTs,are DNA
fragmentsexperimentallyderivedfrom expressedportions
of genes.Clusteringof ESTsis essentialfor generecogni-
tion and understandingimportant geneticvariations such
asthoseresultingin diseases.In this paper, wepresentthe
designand developmentof a parallel software systemfor
ESTclustering. Thenovel featuresof our approach include
1) spaceefficientalgorithmsto keepthespacerequirement
linear in thesizeof the input dataset,2) a combinationof
algorithmictechniquesto reducethetotal workwithoutsac-
rificing thequality of ESTclustering, and3) useof parallel
processingto reducetherun-timeandfacilitate thecluster-
ing of large datasets. Using a combinationof thesetech-
niques,wereporttheclusteringof 50,000maizeESTsin 16
minuteson a 32-processorIBM SP. To our knowledge, this
is the first effort in building a parallel software systemfor
ESTclustering.

1. Intr oduction

An expressedsequencetag(EST)is asequencedportion
of a full-length or a partial-lengthcDNA, experimentally
obtainedby reversetranscribingthecorrespondingmRNA.
ThemRNA correspondsto thetranscribedportionof agene.
For a simplified diagrammaticillustration, seeFigure 1.
GivenESTsfrom multiple genes,theESTclusteringprob-
lemis to partitionthemintoclusterssuchthatESTsfromthe
samegeneareput togetherin onecluster. The motivation
for developinganefficientparallelESTclusteringsoftware
systemstemsfrom thewiderangeof currentandfuturebio-
logicalapplicationsthatrequireESTclusteringandtheper-
vasive natureof suchapplicationsin furtheringknowledge
in modernmolecularbiology. Someimportantbiological
applicationsof EST clusteringincludegeneidentification,
geneexpressionstudies,differentialgeneexpressionstud-
ies,SNPidentificationanddesignof microarrays.

The primary information available to cluster ESTs is
the potentialoverlapsbetweenESTsdrawn from the same
gene.Mostsoftwareprogramscurrentlyusedfor clustering
ESTsareactuallydevelopedfor solvingtherelatedproblem
of fragmentassembly. Fragmentassemblyis usedto dis-
cover long stretchesof genomicDNA from the sequences
of severalsmall fragmentsof it, andis usedin genomese-
quencing.Onceagain,the assemblyis basedon detecting
overlappingfragments,makingthesoftwareusablefor EST
clusteringaswell. Fragmentassemblysoftwarewill actu-
ally assembleESTsfrom thesamegeneinto full lengthcD-
NAs (ideally), or into contiguousstretchesof cDNAs (or
contigs).

Theoverlapbetweentwo sequencesthatpossiblycontain
errorscanbecomputedby a pairwisealignmentalgorithm
using dynamicprogrammingand this methodis accepted
to be a goodmeasureof overlapquality [1, 9, 10, 11]. As
this algorithmtakestime proportionalto theproductof the
lengthof thesequences,it is expensiveto runfor all pairsof
ESTs.Hence,approximateoverlapdetectionalgorithmsare
usedto identify pairsof fragmentswith potentialfor good
quality overlap. The dynamicprogrammingalgorithm is
thenrunon themorepromisingpairs.

The mostpopularsoftware tools usedfor EST cluster-
ing arethe TIGR Assembler[12], Phrap[3] andCAP [6],
all originally designedfor fragmentassembly. Recently, re-
searchersat TIGR evaluatedthe quality of EST clustering
generatedby the threeprogramsandfound that CAP pro-
ducesthe leastnumberof erroneousclusters[7]. Phrapis
the fastestof all, asit avoids expensive dynamicprogram-
mingandinsteadreliesonapproximatematching.However,
this causesthesoftwareto producelowerquality results.

Wetestedeachof thethreeprogramsusing
�����������

maize
ESTsequences.Thetestrun is doneonaPCwith dualPen-
tium450MHZprocessorsand512MBRAM. TheTIGR As-
semblerranoutof memoryduringtheassembly. ThePhrap
programfinishedin about40 minutes.TheCAP3(version
3 of CAP) programtook morethan24 hours. For the full
databaseof morethan100,000ESTs,bothPhrapandCAP3
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Figure 1. A simplified diagrammatic illustration of the EST problem.

programsranoutof memoryaswell. Basedontherun-time
behavior, we estimatethat CAP3 would requireat least4
daysto clusterthe entiredatabase,if sufficient memoryis
madeavailable. We could not run the programseven on
a HP-R390machinewith 3GB RAM. Compoundingthe
problemof run-time and memory requirements,multiple
runsusingdifferentparametersaretypically neededin prac-
tice. All of the softwareprogramsdescribedhereare se-
quential.Working on a rat ESTproject,researchersat Uni-
versity of Iowa recentlycreatedUICLUSTER, a parallel
EST clusteringsoftware. However, this softwareassumes
all theESTsaresequencedfrom the

� �
end,anassumption

notvalid for mostESTdatasets.

In light of experiencewith currentsoftware,thefocusof
our researchis on developingmemory-efficient algorithms
anddevelopingalgorithmicstrategiesto minimizerun-time
without affecting quality. In addition,we focusedon par-
allel processingto achieve the twin objectives of further
reducingrun-timeand facilitating clusteringof large EST
datasetsby taking advantageof scalingof memorywith
thenumberof processors.As aresult,wewereableto clus-
ter thesame

����������
maizeESTsmentionedabove in about

16 minutesusinga
���

-processorIBM SP-2. We targeted
oureffort to directlyaddresstheproblemof ESTclustering.
Thoughfragmentassemblysoftwareis oftenusedfor EST
clustering,thereareimportantreasonswhy it is not a per-
fect solution. Input to fragmentassemblyconsistsof ran-
domfragmentsfrom a long stretchof genomicDNA, pro-
viding uniform andoften completecoverageof the DNA.
In contrast,thenumberof ESTscollectedpergenearepro-
portionalto therelativeexpressivity of thegene.Also, frag-
mentassemblysoftwareattemptsto combineoverlapping
sequencesinto contigs, a techniquethat doesnot always
make sensefor ESTs.ESTsareoftencollectedfrom many
different individuals,or even differentstrainsin a popula-
tion. In addition,phenomenasuchas intron-retentionand
exon-skippingresult in different mRNAs from the same
gene.On the otherhand,suchvariationsrepresenta valu-

ablesourceof biological information,andoften thereason
why ESTsaresequencedandclustered.

The rest of the paperis organizedas follows: In Sec-
tion 2, we outline our main ideasusedin developingtime
and spaceefficient parallel software for EST clustering.
Sections3 through5 describethevariouscomponentsof the
softwarein detail. Experimentalresults,including quality
andrun-timeassessmentsarepresentedin Section6. Sec-
tion 7 concludesthepaper.

2 Our approach

Experimentationwith current software indicates that
most of the run-time is spent in pairwise alignment of
promisingpairsof ESTs. However, they run out of mem-
ory during the phaseof identifying the set of promising
pairs. The numberof promisingpairs is observed to in-
creasequadraticallywith thenumberof ESTs.Thepromis-
ing pairsaretypically definedto bepairsof ESTsthathave
a commonsubstringof a certainlength, say � . This ap-
proachresultsin generationof thesamepairmultiple times.
For instance,if two pairssharea substringof length ����� ,
thepair is generated��������� timescorrespondingto the��������� substringsof length � that arecommonto the
pairs.Suchduplicatesmustberemovedbeforethepairsare
consideredfor pairwisealignment.

Considerthefollowingalternativeapproachto ESTclus-
tering: Initially, eachESTcanbethoughtof asa clusterby
itself. Two EST clusterscanbe mergedprovided an EST
from eachclustercanbe identifiedthat show strongover-
lap usingthepairwisealignmentalgorithm.This processis
continueduntil no furthermergesarepossible.If a pair of
identifiedESTsdonotshow strongoverlap,thecorrespond-
ing clusterscannot be merged,andthe effort in testingis
wasted.Notethat it maystill bethecasethat thetwo clus-
tersshouldbe mergedandour choiceof the pair doesnot
reflectthat.

Significantsavings in run-timecanbe achieved by fast
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Figure 2. Organization of our parallel EST clustering software

identificationof pairsthatwould likely yield a positiveout-
comewhenthepairwisealignmentalgorithmis run. A pos-
itiveoutcomehelpsin two ways:First, it causesmergingof
two clusters.Second,it is no longernecessaryto testpairs
of ESTswhereeachis drawn from oneof thetwo clusters.
Thus, insteadof merelyfinding all pairs that meetcertain
testcriteria,we areinterestedin defininga suitablemetric
and producingthe promisingpairs in decreasingorder of
qualityaccordingto themetric.

A simplemetric for the quality of the overlapbetween
a pair of strings is the length of a largestcommonsub-
string, referredto as‘maximum overlaplength’ from here
onwards.Ideally, anefficientalgorithmwith minimalmem-
ory requirementsthatproducespromisingpairsin decreas-
ing orderof maximumoverlap length is sought. To min-
imize the memoryrequirements,an on-demandalgorithm
that remembersits stateandproducesthe next setof pairs
ondemandis ideal.As will becomeevidentlater, animpor-
tantproblemis to avoid generationof thesamepairmultiple
timeseventhoughit is not possibleto checkfor duplicates
becausethepairsarenotstored.

The organizationof our parallel EST clusteringsoft-
ware and the interactionsbetweenvariouscomponentsis
depictedin Figure2. We first build a distributedrepresen-
tationof thegeneralizedsuffix treedatastructurein paral-
lel. Thisdatastructureis usedfor on-demandgenerationof
promisingpairsin decreasingorderof thelengthof a max-
imal substringoverlap.Thepair generationitself is donein
parallel. Maintainingandupdatingof the EST clustersis
handledby a singleprocessor, which actsasa masterpro-
cessordirectingthe remainingprocessorsto both generate
batchesof promisingpairsandperformpairwisealignment
onpromisingpairs.It is notmandatoryto performpairwise
alignmentof eachgeneratedpair becausethecurrentsetof
ESTclustersmayobviatetheneedto doso.Hence,themas-
ter processoris also responsiblefor the selectionof pairs
to bealignedandis a necessaryintermediarybetweenpair
generationandalignment. To provide an addeddegreeof
flexibility in balancingtheload,wedonotrequirethatapair
generatedonaprocessorbeallocatedto thesameprocessor

if a pairwisealignmentis needed.Thealgorithmsusedfor
eachof thecomponentsof thesoftwarearedescribedin the
following sections.

Thefollowing notationis usedthroughoutthepaper. Let� �"!$# �&%'��()��*,+
denotethe alphabet.Let - denotethe

numberof ESTs,and . � � . 	 �0/1/0/2� .43 denotetheESTs,which
arestringsover

�
. For EST .45 , �65 denotesits length,and 7.45

denotesits reversecomplement.Let � denotethe average
EST length, i.e. � � �398 35;: � �65 . As we shouldconsider
eachEST andits reversecomplement,we refer to the

� -
fragmentsas <�� � <�	 �1/0/1/0� <=	 3 for convenience.Thelengthof
the ESTsvariesin the rangeof � ��� to a � ����� bases,with
theaveragelengthin the

����� �?> ��� range.

3 Constructing Parallel Generalized Suffix
Tree

A GeneralizedSuffix tree (GST) is a compactedtrie
representingall suffixes of a set of strings[4]. We con-
structtheGSTfor all ESTsandtheir reversecomplements,
andthis datastructureis usedfor on-demandpair genera-
tion. Sequentially, sucha GSTcanbebuilt in @)AB-C�ED time,
where -C� is the total numberof suffixes of all the ESTs
[8, 14, 15]. Parallel constructionof suffix treesusing the
CRCW/CREWPRAM modelarepresentedin [2, 5]. Due
to theunrealisticassumptionsunderlyingthePRAM model
with respectto accessingremotememory, a direct imple-
mentationof thesealgorithmsis unlikely to be practically
efficient. Thuswe adoptthefollowing approach:

Initially, theESTsaredistributedacrossprocessorssuch
thateachprocessorhasanapproximatelyequalshareof the
total input. Eachprocessorscansits ESTsandpartitionsthe
suffixesof theseESTsinto at most F � F G buckets,basedon
thefirst � characters.Thetotal numberof suffixesin each
bucket over all the processorsis computedusinga paral-
lel summationalgorithmin @)AIHKJ�LNMOD communicationsteps.
Thebucketsarethendistributedto theprocessorssuchthat
1) all thesuffixesin a bucket areallocatedto thesamepro-
cessorand2) thetotal numberof suffixesin all thebuckets



allocatedto a processoris ascloseto @QP 3�RSUT aspossible.

For eachbucket, the processorresponsiblefor it com-
putesthe compactedtrie of all the suffixes in the bucket.
Notethatasequentialsuffix treeconstructionalgorithmcan
no longer be usedbecauseall suffixes of a string do not
fall in the samebucket, unlessthe string is a repetitionof
a singlecharacter. To constructthe trie, we usethesimple
approachof scanningthestringsonecharacteratatime. As-

sumingeachprocessorreceives @ P 3=RS T total suffixeswith

anaveragelengthof � , therun-timefor thetrie construction

is @ P 3=RWVSXT . This algorithmworkswell in practicebecause

thelengthof anESTis limited by thelengthof a fragment
thatcanbesequencedin thelaboratory, andis independent
of thenumberof ESTs.

Notethatthetrie for eachbucket is a subtreein theGST
for all ESTsand their reversecomplements.The collec-
tion of tries canbe thoughtof asthe GST exceptthe por-
tion consistingof nodeswith string-depthY�� . Thus,we
now haveadistributedrepresentationof theGSTexceptfor
the top portion consistingof suchnodes.Becauseof con-
cernfor space-efficiency, eachtrie is storedasfollows: The
nodesare generatedandstoredin the order of the depth-
first searchtraversalof thetrie. Eachnodecontainsasingle
pointer to the rightmost leaf nodein its subtree. All the
childrenof anodecanberetrievedusingthefollowing pro-
cedure� Thefirst child of a nodeis storednext to it in the
array. Thenext siblingof anodecanbeobtainedby follow-
ing the pointerto its rightmostleaf andtaking the nodein
thenext entryof thearray. If therightmostleafpointersof a
nodeandachild of it areidentical,thechild is therightmost
child of the node. Eachnodealso storesits string-depth,
wherestring-depthis measuredwith respectto theGST.

4 On-demandPair Generation

Ouralgorithmfor on-demandpairgenerationis asimple
variantof thestandardsuffix treealgorithmfor computing
all maximalrepeatsof a string, suchas the onepresented
in Gusfield’s textbook([4]; Section7.12). Recallthateach
processorhasa portion of the GST of the ESTsandtheir
reversecomplements,givenby thecollectionof thetriesin
it. Ideally, a pair of fragmentsshouldbe generatedif they
sharea maximalcommonsubstringof lengthgreaterthan
or equalto a thresholdvalue. The algorithmshouldallow
on-demandgenerationof suchpairs,andeachpair should
be generatedonly onceeven if they sharemultiple maxi-
mal commonsubstringsof sufficient length.Our algorithm
will generateduplicates,thenumberof which is atmostthe
numberof distinctmaximalcommonsubstringsof thepair.

Considerapair of fragmentsandasubstringcommonto
them. We call the substringleft-extensible(alternatively,
right-extensible) if the characterto the left (alternatively,

right) of thesubstringin eachfragmentis thesame.A sub-
string is maximal if it is neither left-extensiblenor right-
extensible. If two suffixesfrom differentfragmentsare in
theleafsetof aninternalnodein aGST, thefragmentsshare
a commonsubstringof lengthequalto the string-depthof
thenode.Thepairof fragmentscanbegeneratedif thesub-
stringcanbeidentifiedto bemaximal.

We usethefollowing algorithmfor generatingthepairs:
We first sort the internal nodesof the GST in decreasing
orderof string-depth,andprocessthemin that order. For
eachnodeZ in thetree,we storethesetof fragmentsfound
in theleaf setof its subtree.This setis partitionedinto five
lists �6[\ABZ]D � �6^UABZ]D � �6_UABZ]D � �6`aAIZbD and �Bc�AIZbD , where d refersto
the null character. If a fragment < 5 is in list �Be$AIZbD (for fhg��i�! d + ), thenthereexists a suffix of < 5 in the leaf setof
thesubtreeunderZ suchthat thesuffix is left-extensibleby
the characterf . If the suffix is the entire fragment,then
it is consideredleft-extensibleby d . The lists at a node
aregeneratedafter it is processed,andis removedafter its
parentis processed.This limits thetotal spacerequiredfor
storing suchlists to @)AI-C�ED , linear in the sizeof the input
size.

Consider a node Z and its children j � � j 	 �0/1/0/2� jOk .
Before generatingthe pairs, the lists of eachchild node
are scanned(in no particular order) to ensure that a
fragment is present in at most one list of one child
node. This scanningcan be done in time proportional
to the total length of all the lists. After the duplicates
are removed, the pairs generatedat Z are given by! Al< 5 � <0m0DUF�< 5 gn�Bepo4AIjOq=D � <0m,gn�Be V ABj R D �&rts� � � AuAEf0� s� f2	4DuvAIf0� � f2	 � dwD�D + . After generatingthe pairsat a node,the
listsof thechildrencorrespondingto thesamecharacterare
mergedto form thelists at thenode.Also, a generatedpair
is discardedif the fragmentcorrespondingto the smaller
EST subscriptnumberis in complementedform. This is
to avoid duplicatessuch as generatingboth ( .45 � . m ) and
( 7. 5 � 7.1m ), or generatingboth( . 5 � 7.2m ) and( 7. 5 � .1m ).

It canbeeasilyshown thatthetotalrun-timeof thisalgo-
rithm is proportionalto thenumberof pairsgeneratedplus
thecostof sortingthenodesof theGST. Therejectedpairs
increasetherun-timeby the constantfactorof

�
. Thecost

of eliminating the duplicatesby traversingthe lists at the
childrenof a nodecanbe absorbedby the fact thata frag-
mentis presentin atmostonelist ateachchild nodeandthe
numberof children is at most F � F . Eliminating duplicates
reducesthe total sizeof all lists by at mosta factorof F � F ,
andthe total lengthof all the lists after eliminatingdupli-
catesis dominatedby thenumberof pairsgenerateddueto
thelists.

Finally, to generatethepairsin parallelusingall thepro-
cessors,notethateachprocessorcanwork with its individ-
ual tries, provided the string-depthof a nodein the GST
correspondingto the root of a trie is lessthan the thresh-



old value.This is becausewe arenot interestedin maximal
commonsubstringsof lengthlessthanthethresholdvalue.
Thiscriterioncanbeeasilysatisfiedbecauseasmallthresh-
old valueof � � will allow usto generatex �zy ��� ��������{�����
tries,enoughto distribute themin a load-balancedfashion
evenon a largenumberof processors.

5 Parallel Clustering

Our parallel EST clusteringalgorithm makes useof a
master-slave paradigm. The masterprocessoris responsi-
ble for maintainingandupdatingthe clusters. It receives
promising pairs of ESTs from slave processorsand de-
termineswhich of thesepairsshouldbe exploredusinga
pairwisealignmentalgorithm. It dispatchespairs in units
of batchsizeto slave processorsto performpairwisealign-
mentsandreturntheresults.Uponreceiving theresultof a
pairwisealignment,it determinesif theclusterscorrespond-
ing to thepair shouldbe mergedbasedon thereceivedre-
sults,andadditionalevidenceif necessary. The slave pro-
cessorsareresponsiblefor generatingpairsasdemandedby
themasterprocessorandto performpairwisealignmentsof
thepairsdispatchedby themasterprocessor.

Theclustersaremaintainedby themasterprocessorus-
ing the union-finddatastructure[13]. Initially, eachEST
is in a clusterof its own. We requiretwo operationson the
cluster � 1) to find the clusterof an EST (find) and2) to
mergetwo clusters(union).Theamortizedrun-timeperop-
erationusing the union-finddatastructureis given by the
inverseAckermann’s function [13], a constantfor all prac-
tical purposes.

Themasterprocessormaintainsalargebufferof pairsyet
to beprocessed.A messagereceivedby themasterproces-
sor from a slave processorconsistsof two parts � results
of the pairwisealignmentfor a numberof pairs (sameas
thebatchsize, unlessasmany pairsarenot available),anda
batchof next setof promisingpairsgeneratedon theslave,
the numberof which is basedon a previous requestfrom
the masterprocessor. The masterprocessorimmediately
dispatchesamessageto theslaveprocessorconsistingof a)
batchsize(fewer, if not available)numberof pairsfrom its
buffer andb) thenumberof promisingpairsto bereturned
alongwith resultsof runningpairwisealignmentalgorithm
on eachpair in (a). It then updatesthe EST clustersus-
ing the resultsreceived from the slave. Apart from using
theresultsof pairwisealignment,additionalprocessingcan
bedoneby themasterto decideif thepair of ESTsshould
belongin the samecluster. Examplesof suchprocessing
include 1) detectionof alternative splicing, 2) consulting
proteindatabasesto seeif thetwo ESTshave homologyto
thecDNA of thesameproteinetc. Theadditionalprocess-
ing canbe usedto enhancethe quality of EST clustering,
andcanevenbeorganismspecific,if sodesired.Oncethe

resultsare incorporatedinto the clusters,the masterpro-
ceedswith the taskof addingthe promisingpairsreceived
to thebuffer of to-be-processedpairs.A pair is addedto the
buffer if thecorrespondingfragmentsarein differentclus-
ters.Otherwise,thepair is rejected.

Thenumberof promisingpairsthemasterprocessorre-
questsaslaveprocessoris determinedasfollows: Themas-
terkeepstrackof theratio | of thethetotalnumberof pairs
from the mostrecentsetof promisingpairsreceived from
theslave to thenumberof thesepairsactuallyaddedto the
buffer. Let -N<~}=.4. denotethe numberof free slots in the
buffer maintainedby themasterprocessor. Thenumberof
promisingpairsrequestedfrom theslaveprocessoris deter-
minedby ���l-�AI|����{�����&�����K�$� � 3��0�&�p�S D . This is to receive at
leastbatchsizenumberof usefulpromisingpairsfrom each
slave, without runningtherisk of overflowing thebuffer in
caseall thereceivedpairsareaddedto thebuffer.

To get theprocessstarted,eachslave processorinitially
generates

� �������pf1�~�0�z��. numberof pairs,consistingof three
equalportionsof batchsizenumberof pairs. At the begin-
ning, all promisingpairsmustbe explored. Theprocessor
immediatelysendsthethird portionto themasterprocessor,
andstartspairwisealignmentsonthefirst portion.Oncethe
resultsof the first portionareobtained,it sendsthe results
alongwith a newly generatedbatchof pairs to the master
processor. While waiting to receive anotherbatchof pairs
from themasterprocessor, it workson the secondportion.
Thus, the processoralways hasthe next batchof pairs to
work on, betweensubmitting the resultsof the previous
batchandreceiving anothersetof pairsfrom themasterpro-
cessor. Much of theoverheadin communicationis masked
by thisoverlappingof computationandcommunication.

To perform pairwisealignment,recall that a maximal
commonsubstringof the pair is alreadyknown. Figure3
shows the dynamic programmingtable correspondingto
computingthe pairwisealignment. Insteadof aligning en-
tire strings,we reducework by merelyextendingthemax-
imal substringmatch at both endsusing gaps and mis-
matches.This limits theareaof thetableto becomputedas
shown in thefigure. To further limit work, we usebanded
dynamicprogramming,wherethe bandsizeis determined
by thenumberof errorstolerated.Qualitycanbecontrolled
by theusualsetof parameters,suchasmatchandmismatch
scores,gapopeningandgapcontinuationpenalties,andthe
ratio of scoreobtainedto the ideal scoreconsistingof all
matches.

6 Experimental Results

We implementedtheparallelESTclusteringframework
describedin thispaperusingC andMPI. In thissection,we
reportresultsontestingthequalityof thesoftwareaswell as
its run-timebehavior. We testedthe run-timebehavior us-
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Figure 3. Figure sho wing pairwise alignment strategy of extending a maximal common substring
matc h at both ends. Also sho wn are the four types of overlaps accepted as indication to merge
cluster s.

ing maizeESTs(http://www.zmdb.iastate.edu),clustering
of which providedthemotivationbehindthis work. For the
purposeof assessingthequalityof thesoftware,ESTsfrom
Arabidopsisthalianaareused,becauseits genomeis avail-
able.

6.1 Quality Assessment

The quality of the softwareis assessedusinga dataset
andits correctclustering,asprovidedby a colleaguein Zo-
ology & Genetics,Volker Brendel. The dataset consists
of ESTsfrom themodelplantArabidopsisthaliana, whose
completegenomeis available. Using a splicedalignment
program,eachESTis alignedto thegenome.ESTsthatdo
notalignatall (becauseof defectsin thealignmentprogram
or thegenome),or thatalignin multiplespotsarediscarded.
TheESTsarethenclusteredby walking alongthegenome.

We testedtheclustersgeneratedby our softwareagainst
the “correct” setof clustersgeneratedusingthe above ap-
proach. To make a comparison,we adoptedthe following
approach:For a givenclusterof ESTs,generateall pairsof
ESTswith the propertythat both ESTsof a pair arefrom
thesamecluster. If a pair accordingto thecorrectcluster-
ing is notpairedin ouroutput,it is considereda falsenega-
tive. If apair is not in accordancewith thecorrectclustering
but is pairedin our output,it is considereda falsepositive.
As a resultof testingour software,we found that the false
negativesare in the

��£
range,and the falsepositivesare

a negligible percentage.For instance,on � ��{����� ESTsthe
numberof pairsaccordingto thecorrectclusteringis found
to be �$> �]� >�x�¤ . Of these,� � x �{��¥ ¤ pairsareidentifiedby our
output.Thenumberof falsenegativesis ¤ �{����� (

�]/ � �b£ ) and
thenumberof falsepositivesis > � ( Y ��/ � x £ ). Thereason
behindthelargernumberof falsenegativeswhencompared
to falsepositivesis theconservativenatureof clusteringcri-

teria used. The resultspresentedare solely basedon the
quality of particulartypesof pairwisealignmentsasshown
in Figure3. Theseresultsarebasedon thechoiceof quality
thresholdexperimentallyfoundto resultin theleastnumber
of falsepositivesandfalsenegatives.As mentionedbefore,
quality canbefurtherimprovedby usingadditionalcriteria
for rejectingor acceptinga pair, suchastaking careof al-
ternative splicing effects. We areworking on addingsuch
featuresto enhancethequality of ESTclusteringproduced
by thesoftware.

6.2 Run-time Assessment

The software is run for various subsetsof the EST
databaseusingdifferentnumbersof processors.The total
run-timesasafunctionof thenumberof processorsfor sev-
eralfixedproblemssizesareshown in Figure4. A window
sizeof

�
is usedin partitioning the ESTsinto buckets for

parallelsuffix treeconstruction.Theunit of work givenby
amasterprocessorto performpairwisealignmentonaslave
is chosento betenpairs.As canbeobserved,therun times
scaleapproximatelylinearlywith thenumberof processors.
We arealsointerestedin thegrowth of run-timeasa func-
tion of thedatasizefor afixednumberof processors.While
thememoryrequiredscaleslinearly with theproblemsize,
the total run-time can not be analytically determinedand
dependson the input dataset. Theserun-timesfor various
subsetsof themaizedatasetarealsoshown in Figure4.

A subdivisionof therun-timesinto thetimespentin vari-
ouscomponentsof thesoftwarefor

��������
ESTsis shown in

Table1. Asymptotically, thelargestcontributor to run-time
is the time spentin performingthe necessaryalignments.
The next time-consumingcomponentis parallel general-
ized suffix treeconstruction.Notice that the time spentin
pairwisealignmentsis no longer prohibitively expensive.
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Figure 5. The left graph sho ws the number of pair s generated, aligned and accepted as a function of
data size. The right graph sho ws the number of cluster s as a function of the cluster size (in number
of ESTs) for 20,000 ESTs.

This is becauseour algorithm 1) avoids unnecessarydu-
plicatesin generatingpromisingpairsand2) processesthe
morepromisingpairsfirst which hastheeffect of eliminat-
ing otherpromisingpairsfrom furtherconsideration.

The total numberof promisingpairsandthenumberof
pairson which the pairwisealignmentalgorithmis run as
a functionof thedatasizeareshown in Figure5. Because
of thenatureof master-slave interactionsduringESTclus-
tering, the numberof pairsthat areactuallyalignedvaries
slightly asthenumberof processorschanges.Wefoundthe
variationto be insignificant.Figure5 alsoshows thenum-
berof clustersasafunctionof theclustersize.Typically, as
many ashalf theclustersformedcontaina singleEST, and
we referto theseclustersassingletonclusters.Thenumber
of clustersof a particularsize(measuredby thenumberof
ESTsin thecluster)is a decreasingfunctionof thesize. A

few clusterscontainasmany asseveralhundredESTs.It is
becauseof thisvariationthatfragmentassemblysoftwareis
muchslowerwhenappliedto ESTclustering.

The effect on the run-time as the batchsize is varied
for clustering � ��{����� ESTson

���
processorsis shown in

Figure 6. If the batchsize is small, the masterprocessor
mustcommunicateoftenwith theslaveprocessors,increas-
ing thecommunicationoverhead.If thebatchsizeis large,
theslaveswill becomelessresponsive to theneedfor gen-
eratingsubsequentpairs. Also, a slave processordoesnot
takeadvantageof thelatestclusteringinformationavailable
to determineif alignmentof apair is necessary. Theoptimal
batchsize, which is expectedto increasewith increasein the
numberof processors,canbefoundbyexperimentation.We
foundtheoptimalbatchsizeto bein therangeof � � � ��� for
therangeof processorsusedin our experiments.Whenthe



M Parti- Generalized Sorting Clust- Total
tioning Suffix Tree Nodes ering Time

2 4 90 6 83 183
4 2 48 3 44 97
8 1 23 1 24 49

16 1 16 1 13 31
32 4 8 1 9 22

Table 1. Time (in seconds) spent in various
components of parallel EST clustering for
5,000 ESTs.
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Figure 6. Variation in the run-time as a func-
tion of the number of pair s allocated at a time
for pairwise alignment.

batchsizeis fixedandthenumberof slave processorsis in-
creased,thereis a gradualincreasein thepercentageof the
total timethemasterprocessoris busyandthepercentageis
well under � £ evenon 32 processors.Thususinga single
masterprocessorwill not be a bottleneckeven for a large
numberof slaveprocessors.

7 Conclusionsand Future Work

We reportedon the developmentof a parallel software
systemfor EST clustering. In creatingthis software, our
overarchinggoal has beento facilitate fast clusteringof
largeESTdatasets,which is accomplishedthroughtheuse
of memory-efficient algorithms,algorithmicheuristicsand
parallel processing.Several interestingproblemsremain,
whosesolution can be usedto improve the run-time and
functionalityof thesoftware.Cana parallelGSTconstruc-
tion algorithm with optimal parallel run-timebe designed
for a practicalmodel of parallel computation? Is therea
way to incrementallyadjustthe EST clusterswhena new

batchof ESTsis sequenced,insteadof thecurrentmethod
of clusteringall theESTsfrom scratch?
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