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Abstract

Expressedsequencdags, abbreviated ESTs,are DNA
fragmentsexperimentallyderivedfrom expressedportions
of genes.Clusteringof ESTsis essentiafor generecayni-
tion and undestandingimportant geneticvariations suc
asthoseresultingin diseasesln this paper we presenthe
designand developmeniof a parallel softwae systenfor
ESTclustering Thenovelfeatuesof our approad include
1) spaceefficientalgorithmsto keepthe spacerequirement
linear in the sizeof the input data set,2) a combinationof
algorithmictechniquego reducethetotal workwithoutsac-
rificing the quality of ESTclustering and 3) useof parallel
processingo reducetherun-timeandfacilitate the cluster
ing of large data sets. Using a combinationof thesetech-
nigueswereporttheclusteringof 50,000maizeESTsn 16
minuteson a 32-processoiiBM SP To our knowledg;, this
is thefirst effort in building a parallel softwae systenfor
ESTclustering

1. Intr oduction

An expressesequenceéag(EST)is asequencegortion
of a full-length or a partial-lengthcDNA, experimentally
obtainedby reversetranscribingthe correspondingnRNA.
ThemRNA correspondso thetranscribegbortionof agene.
For a simplified diagrammaticillustration, see Figure 1.
Given ESTsfrom multiple genesthe EST clusteringprob-
lemisto partitiontheminto clustersuchthatESTsfrom the
samegeneare put togetherin onecluster The motivation
for developinganefficient parallelEST clusteringsoftware
systenstemsfrom thewide rangeof currentandfuturebio-
logical applicationghatrequireEST clusteringandthe per
vasve natureof suchapplicationsin furtheringknowledge
in modernmolecularbiology. Someimportantbiological
applicationsof EST clusteringinclude geneidentification,
geneexpressionstudies,differential geneexpressionstud-
ies, SNPidentificationanddesignof microarrays.
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The primary information available to cluster ESTsis
the potentialoverlapsbetweenESTsdravn from the same
gene.Most softwareprogramscurrentlyusedfor clustering
ESTsareactuallydevelopedfor solvingtherelatedproblem
of fragmentassembly Fragmentassemblyis usedto dis-
cover long stretcheof genomicDNA from the sequences
of several small fragmentsof it, andis usedin genomese-
guencing.Onceagain,the assemblyis basedon detecting
overlappingragmentsmakingthesoftwareusablefor EST
clusteringaswell. Fragmentassemblysoftwarewill actu-
ally assembl&STsfrom the samegeneinto full lengthcD-
NAs (ideally), or into contiguousstretchesof cDNAs (or
contigs).

Theoverlapbetweenwo sequencethatpossiblycontain
errorscanbe computedby a pairwisealignmentalgorithm
using dynamic programmingand this methodis accepted
to be a goodmeasureof overlapquality [1, 9, 10, 11]. As
this algorithmtakestime proportionalto the productof the
lengthof thesequencesdt is expensveto runfor all pairsof
ESTs.Henceapproximateverlapdetectioralgorithmsare
usedto identify pairsof fragmentswith potentialfor good
quality overlap. The dynamicprogrammingalgorithmis
thenrun onthe morepromisingpairs.

The most popularsoftware tools usedfor EST cluster
ing arethe TIGR Assemblef12], Phrap[3] and CAP [6],
all originally designedor fragmentassemblyRecentlyre-
searcherat TIGR evaluatedthe quality of EST clustering
generatedy the threeprogramsandfound that CAP pro-
ducesthe leastnumberof erroneouslusters[7]. Phrapis
the fastesiof all, asit avoids expensve dynamicprogram-
mingandinsteadeliesonapproximatenatching.However,
this causeshe softwareto producdower quality results.

Wetestedeachof thethreeprogramsusing50, 000 maize
ESTsequencesThetestrunis doneonaPCwith dualPen-
tium 450MHZ processorand512MBRAM. TheTIGR As-
sembleranout of memoryduringtheassemblyThe Phrap
programfinishedin about40 minutes. The CAP3 (version
3 of CAP) programtook morethan24 hours. For the full
databasef morethan100,000ESTs,bothPhrapandCAP3
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Figure 1. A simplified diagrammatic

programganoutof memoryaswell. Basedontherun-time
behaior, we estimatethat CAP3 would requireat least4
daysto clusterthe entire databaseif suficient memoryis
madeavailable. We could not run the programseven on
a HP-R390machinewith 3GB RAM. Compoundingthe
problem of run-time and memory requirementsmultiple
runsusingdifferentparameteraretypically neededn prac-
tice. All of the software programsdescribechereare se-
guential.Working onarat EST project,researcherat Uni-
versity of lowa recently createdUICLUSTER, a parallel
EST clusteringsoftware. However, this software assumes
all theESTsaresequencedrom the 3’ end,anassumption
notvalid for mostEST datasets.

In light of experiencewith currentsoftware,thefocusof
our researchs on developingmemory-eficient algorithms
anddevelopingalgorithmicstratgjiesto minimizerun-time
without affecting quality. In addition, we focusedon par
allel processingto achieve the twin objectives of further
reducingrun-time and facilitating clusteringof large EST
datasetsby taking advantageof scalingof memorywith
thenumberof processorsAs aresult,we wereableto clus-
terthesame50, 000 maizeESTsmentionedaborein about
16 minutesusing a 32-processoiBM SP-2. We targeted
our effort to directly addresshe problemof EST clustering.
Thoughfragmentassemblysoftwareis oftenusedfor EST
clustering,thereareimportantreasonsvhy it is not a per
fect solution. Input to fragmentassemblyconsistsof ran-
domfragmentsfrom a long stretchof genomicDNA, pro-
viding uniform and often completecoverageof the DNA.
In contrastthe numberof ESTscollectedpergenearepro-
portionalto therelative expressiity of thegene.Also, frag-
mentassemblysoftware attemptsto combineoverlapping
sequenceito contigs, a techniquethat doesnot always
malke sensdor ESTs. ESTsareoften collectedfrom mary
differentindividuals, or even differentstrainsin a popula-
tion. In addition,phenomenauchasintron-retentionand
exon-skippingresultin different mMRNAs from the same
gene. On the otherhand,suchvariationsrepresent valu-

illustration of the EST problem.

ablesourceof biologicalinformation,andoftenthe reason
why ESTsaresequencedndclustered.

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 describehevariouscomponentsf the
softwarein detail. Experimentalresults,including quality
andrun-timeassessmentre presentedn Section6. Sec-
tion 7 concludeghepaper

2 Our approach

Experimentationwith current software indicates that
most of the run-time is spentin pairwise alignment of
promisingpairsof ESTs. However, they run out of mem-
ory during the phaseof identifying the set of promising
pairs. The numberof promising pairsis obsened to in-
creaseajuadraticallywith thenumberof ESTs.The promis-
ing pairsaretypically definedto be pairsof ESTsthathave
a commonsubstringof a certainlength, sayw. This ap-
proachresultsin generatiorof the samepair multiple times.
For instancejf two pairssharea substringof lengthl > w,
the pairis generated — w + 1 timescorrespondingdo the
I — w + 1 substringsof lengthw thatare commonto the
pairs.Suchduplicatesmustberemovedbeforethe pairsare
consideredor pairwisealignment.

Considetthefollowing alternatve approacho ESTclus-
tering: Initially, eachEST canbethoughtof asa clusterby
itself. Two EST clusterscanbe memgedprovided an EST
from eachclustercanbe identifiedthat shav strongover
lap usingthe pairwisealignmentalgorithm. This processs
continueduntil no further melgesarepossible.If a pair of
identifiedESTsdo notshaow strongoverlap,thecorrespond-
ing clusterscannot be meiged,andthe effort in testingis
wasted.Notethatit may still bethe casethatthe two clus-
tersshouldbe memgedand our choiceof the pair doesnot
reflectthat.

Significantsavings in run-time canbe achiesed by fast
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Figure 2. Organization of our parallel EST clustering software

identificationof pairsthatwould likely yield a positive out-

comewhenthe pairwisealignmentalgorithmis run. A pos-
itive outcomehelpsin two ways: First, it causesneiging of

two clusters.Secondjt is no longernecessaryo testpairs
of ESTswhereeachis dravn from oneof thetwo clusters.
Thus, insteadof merelyfinding all pairsthat meetcertain
testcriteria, we areinterestedn defininga suitablemetric
and producingthe promising pairsin decreasingorder of

quality accordingto the metric.

A simplemetric for the quality of the overlapbetween
a pair of stringsis the length of a largestcommonsub-
string, referredto as‘maximum overlaplength’ from here
onwards.ldeally, anefficientalgorithmwith minimalmem-
ory requirementshat producegromisingpairsin decreas-
ing order of maximumoverlaplengthis sought. To min-
imize the memoryrequirementsan on-demandhlgorithm
thatremembersts stateand produceghe next setof pairs
ondemands ideal. As will becomeavidentlater, animpor-
tantproblemis to avoid generatiorof thesamepair multiple
timeseventhoughit is not possibleto checkfor duplicates
becausehe pairsarenot stored.

The organizationof our parallel EST clustering soft-
ware and the interactionsbetweenvarious componentss
depictedin Figure2. We first build a distributedrepresen-
tation of the generalizedsuffix treedatastructurein paral-
lel. This datastructureis usedfor on-demandyeneratiorof
promisingpairsin decreasingrderof the lengthof a max-
imal substringoverlap. The pair generationitself is donein
parallel. Maintaining and updatingof the EST clustersis
handledby a single processqgrwhich actsasa masterpro-
cessomirectingthe remainingprocessors$o both generate
batcheof promisingpairsandperformpairwisealignment
on promisingpairs.It is not mandatoryto performpairwise
alignmentof eachgenerategbair becausehe currentsetof
ESTclusteramayobviatetheneedo doso. Hencethemas-
ter processolis alsoresponsiblefor the selectionof pairs
to be alignedandis a necessaryntermediarybetweerpair
generatiorand alignment. To provide an addeddegree of
flexibility in balancingheload,we donotrequirethatapair
generateen aprocessobeallocatedo the sameprocessor

if a pairwisealignmentis needed.The algorithmsusedfor
eachof thecomponent®f the softwarearedescribedn the
following sections.

Thefollowing notationis usedthroughouthe paper Let
¥ = {A,C,G,T} denotethe alphabet. Let n denotethe
numberof ESTs,andey, es, . . ., e, denotehe ESTs,which
arestringsover X.. For ESTe;, [; denotests length,andé;
denotesdts reversecomplement.Let | denotethe average
EST length,i.e. I = % 2?21 l;. As we shouldconsider
eachEST andits reversecomplementwe refer to the 2n
fragmentsasf, fo,. .., f2n, for corvenienceThelengthof
the ESTsvariesin the rangeof 100 to a 1000 baseswith
theaveragdengthin the 500 — 600 range.

3 Constructing Parallel Generalized Suffix
Tree

A GeneralizedSufiix tree (GST) is a compactedtrie
representingall suffixesof a setof strings[4]. We con-
structthe GSTfor all ESTsandtheir reversecomplements,
andthis datastructureis usedfor on-demandpair genera-
tion. Sequentiallysucha GST canbe built in O(nl) time,
wherenl is the total numberof suffixes of all the ESTs
[8, 14, 15]. Parallel constructionof suffix treesusingthe
CRCW/CREWPRAM modelare presentedn [2, 5]. Due
to theunrealisticassumptionsinderlyingthe PRAM model
with respectto accessingemotememory a directimple-
mentationof thesealgorithmsis unlikely to be practically
efficient. Thuswe adoptthefollowing approach:

Initially, the ESTsaredistributedacrosgprocessorsuch
thateachprocessohasanapproximatelyequalshareof the
totalinput. Eachprocessoscandts ESTsandpartitionsthe
sufiixesof theseESTsinto at most|X|* buckets,basedon
thefirst w charactersThetotal numberof sufiixesin each
bucket over all the processorss computedusing a paral-
lel summatioralgorithmin O(log p) communicatiorsteps.
Thebucketsarethendistributedto the processorsuchthat
1) all the suffixesin a bucket areallocatedto the samepro-
cessorand?) the total numberof suffixesin all the buckets



allocatedto a processors ascloseto O (%‘) aspossible.

For eachbucket, the processorresponsibleor it com-
putesthe compactedrie of all the sufiixesin the bucket.
Notethata sequentiasuffix treeconstructioralgorithmcan
no longer be usedbecauseall sufiixes of a string do not
fall in the samebucket, unlessthe string is a repetitionof
a singlecharacter To constructthe trie, we usethe simple
approaclof scanninghestringsonecharacteatatime. As-

sumingeachprocessoreceivesO <%’) total suffixeswith
anaveragdengthof /, therun-timefor thetrie construction
isO (”Tf) This algorithmworkswell in practicebecause

thelengthof anEST is limited by thelengthof a fragment
thatcanbe sequenceih thelaboratory andis independent
of thenumberof ESTs.

Notethatthetrie for eachbucketis asubtreen the GST
for all ESTsand their reversecomplements. The collec-
tion of tries canbe thoughtof asthe GST exceptthe por-
tion consistingof nodeswith string-depth< w. Thus,we
now have adistributedrepresentatioof the GST exceptfor
the top portion consistingof suchnodes. Becauseof con-
cernfor space-dfciency, eachtrie is storedasfollows: The
nodesare generatedand storedin the order of the depth-
first searchraversalof thetrie. Eachnodecontainsa single
pointerto the rightmostleaf nodein its subtree. All the
childrenof anodecanberetrievedusingthefollowing pro-
cedure— Thefirst child of anodeis storednext to it in the
array Thenext sibling of anodecanbeobtainedoy follow-
ing the pointerto its rightmostleaf andtaking the nodein
thenext entryof thearray If therightmostleaf pointersof a
nodeanda child of it areidentical,thechild is therightmost
child of the node. Eachnodealso storesits string-depth,
wherestring-depthis measureavith respecto the GST.

4 On-demandPair Generation

Ouralgorithmfor on-demangbair generations asimple
variantof the standardsuffix treealgorithmfor computing
all maximalrepeatsof a string, suchasthe one presented
in Gusfields textbook ([4]; Section7.12). Recallthateach
processohasa portion of the GST of the ESTsandtheir
reversecomplementsgivenby the collectionof thetriesin
it. Ideally, a pair of fragmentsshouldbe generatedf they
sharea maximalcommonsubstringof length greaterthan
or equalto a thresholdvalue. The algorithm shouldallow
on-demandyeneratiorof suchpairs,andeachpair should
be generatednly onceevenif they sharemultiple maxi-
mal commonsubstringsof sufficientlength. Our algorithm
will generataluplicatesthe numberof which is at mostthe
numberof distinctmaximalcommonsubstringof the pair.

Considera pair of fragmentsanda substringcommonto
them. We call the substringleft-extensible(alternatvely,
right-extensibl¢ if the characterto the left (alternatvely,

right) of the substringin eachfragmentis the same.A sub-
string is maximalif it is neitherleft-extensiblenor right-

extensible. If two sufiixesfrom differentfragmentsarein

theleafsetof aninternalnodein aGST, thefragmentshare
a commonsubstringof length equalto the string-depthof

thenode.Thepairof fragmentsanbegeneratedf thesub-
stringcanbeidentifiedto be maximal.

We usethe following algorithmfor generatinghe pairs:
We first sort the internal nodesof the GST in decreasing
orderof string-depth,and processhemin that order For
eachnodev in thetree,we storethe setof fragmentsfound
in the leaf setof its subtree.This setis partitionedinto five
listsla(v),lc(v),la(v),lr(v) andly(v), where refersto
the null character If afragmentf; is in list [.(v) (for ¢ €
X U {A}), thenthereexists a suffix of f; in the leaf setof
the subtreaunderv suchthatthe sufix is left-extensibleby
the characterc. If the sufiix is the entire fragment,then
it is consideredeft-extensibleby A. The lists at a node
aregeneratedfterit is processedandis removed afterits
parentis processedThis limits thetotal spacerequiredfor
storing suchlists to O(nl), linearin the size of the input
size.

Considera node v and its children uy,us, - .., Un,.
Before generatingthe pairs, the lists of eachchild node
are scanned(in no particular order) to ensurethat a
fragment is presentin at most one list of one child
node. This scanningcan be donein time proportional
to the total length of all the lists. After the duplicates
are removed, the pairs generatedat v are given by
{(fi’fj) | fi € lCl(uk)afj € lCz(U’l)ak #1, ((61 # CQ)V
(e1 = ca = \))}. After generatinghe pairsat a node, the
lists of thechildrencorrespondindo the samecharacteare
mergedto form thelists atthe node. Also, a generategbair
is discardedif the fragmentcorrespondingo the smaller
EST subscriptnumberis in complementedorm. This is
to avoid duplicatessuch as generatingboth (e;,e;) and
(€3, €5), or generatingoth (e;, €;) and(é;, e;).

It canbeeasilyshovn thatthetotal run-timeof thisalgo-
rithm is proportionalto the numberof pairsgenerateglus
the costof sortingthe nodesof the GST. Therejectedpairs
increasethe run-timeby the constanfactorof 2. The cost
of eliminating the duplicatesby traversingthe lists at the
childrenof a nodecanbe absorbedy the factthata frag-
mentis presentn atmostonelist ateachchild nodeandthe
numberof childrenis at most|X|. Eliminating duplicates
reduceshetotal sizeof all lists by at mosta factorof |X|,
andthe total lengthof all the lists after eliminating dupli-
catesis dominatedby the numberof pairsgeneratedlueto
thelists.

Finally, to generatehepairsin parallelusingall thepro-
cessorsnotethateachprocessocanwork with its individ-
ual tries, provided the string-depthof a nodein the GST
correspondingdo the root of a trie is lessthanthe thresh-



old value.Thisis becausave arenotinterestedn maximal
commonsubstringf lengthlessthanthe thresholdvalue.
This criterioncanbeeasilysatisfiedbecausa smallthresh-
old valueof 10 will allow usto generatet'® > 1,000,000
tries, enoughto distribute themin a load-balancedashion
evenonalargenumberof processors.

5 Parallel Clustering

Our parallel EST clusteringalgorithm makes use of a
masterslave paradigm. The masterprocessois responsi-
ble for maintainingand updatingthe clusters. It receves
promising pairs of ESTs from slave processorsand de-
termineswhich of thesepairs shouldbe exploredusinga
pairwisealignmentalgorithm. It dispatchegairsin units
of batdhsizeto slave processorso performpairwisealign-
mentsandreturntheresults.Uponreceving theresultof a
pairwisealignmentt determinesf theclusterscorrespond-
ing to the pair shouldbe memgedbasedon therecevedre-
sults,andadditionalevidenceif necessaryThe slave pro-
cessorareresponsibldor generatingpairsasdemandedby
themasterprocessoandto performpairwisealignmentof
thepairsdispatchedy themastemprocessar

The clustersare maintainedby the masterprocessous-
ing the union-find datastructure[13]. Initially, eachEST
is in a clusterof its own. We requiretwo operationon the
cluster— 1) to find the clusterof an EST (find) and 2) to
mergetwo clustergunion). Theamortizedrun-timeperop-
erationusingthe union-find datastructureis given by the
inverseAckermanns function[13], a constanfor all prac-
tical purposes.

Themasteprocessomaintainsalargebuffer of pairsyet
to be processedA messageeceived by the masterproces-
sor from a slave processorconsistsof two parts— results
of the pairwisealignmentfor a numberof pairs (sameas
thebatdchsize unlessasmary pairsarenot available),anda
batchof next setof promisingpairsgeneratean the slave,
the numberof which is basedon a previous requestfrom
the masterprocessar The masterprocessoimmediately
dispatchesimessagéo the slave processoconsistingof a)
batchsize(fewer, if not available)numberof pairsfrom its
buffer andb) the numberof promisingpairsto be returned
alongwith resultsof runningpairwisealignmentalgorithm
on eachpairin (a). It thenupdatesthe EST clustersus-
ing the resultsreceved from the slave. Apart from using
theresultsof pairwisealignment.additionalprocessingan
be doneby the masterto decideif the pair of ESTsshould
belongin the samecluster Examplesof suchprocessing
include 1) detectionof alternatve splicing, 2) consulting
proteindatabaseto seeif thetwo ESTshave homologyto
the cDNA of the sameproteinetc. The additionalprocess-
ing canbe usedto enhancehe quality of EST clustering,
andcaneven be organismspecific,if sodesired.Oncethe

resultsare incorporatedinto the clusters,the masterpro-
ceedswith the taskof addingthe promisingpairsreceved
to thebuffer of to-be-processeplairs. A pairis addedo the
buffer if the correspondindgragmentsarein differentclus-
ters.Otherwisethepairis rejected.

The numberof promisingpairsthe masterprocessore-
guestsa slave processors determinedasfollows: Themas-
terkeepdrackof theratio p of thethetotal numberof pairs
from the mostrecentsetof promisingpairsrecevedfrom
the slave to the numberof thesepairsactuallyaddedto the
buffer. Let nfree denotethe numberof free slotsin the
buffer maintainedby the mastemprocessar The numberof
promisingpairsrequestedrom the slave processors deter
minedby min(u x batchsize, 2L2¢). Thisis to receie at
leastbatchsizenumberof usefulpromisingpairsfrom each
slave, without runningthe risk of overflowing the buffer in
caseall therecevedpairsareaddedo the buffer.

To getthe processstarted eachslave processoinitially
generate8 x batchsize numberof pairs,consistingof three
equalportionsof batchsizenumberof pairs. At the begin-
ning, all promisingpairs mustbe explored. The processor
immediatelysendghethird portionto themasteiprocessar
andstartspairwisealignmentonthefirst portion. Oncethe
resultsof the first portion are obtained,it sendsthe results
alongwith a newly generatedatchof pairsto the master
processar While waiting to receive anotherbatchof pairs
from the masterprocessarit works on the secondportion.
Thus, the processoialways hasthe next batchof pairsto
work on, betweensubmitting the resultsof the previous
batchandreceving anothersetof pairsfrom themastepro-
cessor Much of the overheadn communicatioris masled
by this overlappingof computatiorandcommunication.

To perform pairwise alignment, recall that a maximal
commonsubstringof the pair is alreadyknown. Figure3
shavs the dynamic programmingtable correspondingo
computingthe pairwisealignment. Insteadof aligning en-
tire strings,we reducework by merelyextendingthe max-
imal substringmatch at both endsusing gaps and mis-
matchesThis limits theareaof thetableto becomputedas
shawn in thefigure. To furtherlimit work, we usebanded
dynamicprogrammingwherethe bandsizeis determined
by thenumberof errorstolerated.Quality canbecontrolled
by the usualsetof parameterssuchasmatchandmismatch
scoresgapopeningandgapcontinuatiorpenaltiesandthe
ratio of scoreobtainedto the ideal scoreconsistingof all
matches.

6 Experimental Results

We implementedhe parallel EST clusteringframework
describedn this paperusingC andMPI. In this sectionwe
reportresultsontestingthequality of thesoftwareaswell as
its run-timebehaior. We testedthe run-timebehaior us-



1

(‘l\ fi fi

bl _ \\\ f2 P
—— a...c b...c

— fi i

fo Lld fo
- b...d a...d

Figure 3. Figure showing pairwise alignment strategy of extending a maximal common substring
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ing maize ESTs (http://www.zmdbiastate.edu)¢lustering
of which providedthe motivationbehindthis work. For the
purposeof assessinthe quality of the software,ESTsfrom
Arabidopsishalianaareused becausdts genomeds avail-
able.

6.1 Quality Assessment

The quality of the softwareis assessedsinga dataset
andits correctclustering,asprovidedby a colleagudn Zo-
ology & Genetics,Volker Brendel. The datasetconsists
of ESTsfrom the modelplant Arabidopsisthaliana, whose
completegenomeis available. Using a splicedalignment
program,eachEST is alignedto the genome.ESTsthatdo
notalignatall (becausef defectdn thealignmentprogram
orthegenome)pr thatalignin multiple spotsarediscarded.
The ESTsarethenclusteredby walking alongthegenome.

We testedthe clustersgeneratedby our softwareagainst
the “correct” setof clustersgeneratedisingthe above ap-
proach. To make a comparisonwe adoptedthe following
approach¥or agivenclusterof ESTs,generatall pairsof
ESTswith the propertythat both ESTsof a pair arefrom
the samecluster If a pair accordingto the correctcluster
ing is not pairedin our output,it is considered falsengya-
tive. If apairis notin accordanceavith thecorrectclustering
but is pairedin our output,it is considereda falsepositive
As aresultof testingour software, we found thatthe false
negativesarein the 5% range,and the false positvesare
anggligible percentageFor instancepon 10,000 ESTsthe
numberof pairsaccordingo the correctclusteringis found
tobel62, 648. Of these 154, 298 pairsareidentifiedby our
output. Thenumberof falsenegativesis 8, 350 (5.13%) and
the numberof falsepositivesis 60 (< 0.04%). Thereason
behindthelargernumberof falsenegativeswhencompared
to falsepositivesis the conserative natureof clusteringcri-

Also shown are the four types of overlaps accepted as indication to merge

teria used. The resultspresentedare solely basedon the
quality of particulartypesof pairwisealignmentsasshavn

in Figure3. Theseresultsarebasednthechoiceof quality
thresholdexperimentallyfoundto resultin theleastnumber
of falsepositvesandfalsenggatives.As mentionedoefore,
quality canbe furtherimprovedby usingadditionalcriteria
for rejectingor acceptinga pair, suchastaking careof al-

ternative splicing effects. We areworking on addingsuch
featurego enhancehe quality of EST clusteringproduced
by the software.

6.2 Run-time Assessment

The software is run for various subsetsof the EST
databaseusing differentnumbersof processors.The total
run-timesasa functionof the numberof processorfor sev-
eralfixed problemssizesareshown in Figure4. A window
sizeof 5 is usedin partitioningthe ESTsinto bucketsfor
parallelsuffix treeconstruction.The unit of work givenby
amasteprocessoto performpairwisealignmentonaslave
is choserto betenpairs.As canbe obsened,theruntimes
scaleapproximatelfinearly with thenumberof processors.
We arealsointerestedn the growth of run-timeasa func-
tion of thedatasizefor afixednumberof processorsWhile
the memoryrequiredscaledinearly with the problemsize,
the total run-time can not be analytically determinedand
dependson the input dataset. Theserun-timesfor various
subset®f the maizedatasetarealsoshown in Figure4.

A subdvisionof therun-timesinto thetime spentin vari-
ouscomponentsf thesoftwarefor 5,000 ESTsis shovnin
Tablel. Asymptotically the largestcontributor to run-time
is the time spentin performingthe necessaralignments.
The next time-consumingcomponentis parallel general-
ized suffix tree construction.Notice thatthe time spentin
pairwise alignmentsis no longer prohibitively expensve.



Runtime vs. Number of processors

—+— Number of ESTs=5000
600k —e— Number of ESTs=10000
—— Number of ESTs=20000

Runtime in seconds

100} !

0 5 10 15 20 25 30 35
Number of processors

Runtime vs. Number of ESTs for p=32
1600 T T - - . .

14001

12001

[
o
o
o

Runtime in seconds
(2] e ]
o o
o o

4001

200

3 4 5 6 7
Number of ESTs x 10

0 1 2

Figure 4. The left graph shows parallel run-times for EST clustering as a function of the number of
processor s. The run-times as a function of the data size for a fixed number of processor s are shown

in the right graph.

% 10° Number of pairs generated vs. Number of ESTs

25

—— Generated
—o— Aligned
2t —e— Accepted

=
3]

Number of pairs
[

0.5r

0 1 2 3 4 5 6 7
Number of ESTs 4

Size distribution of clusters

IS

—— Number of ESTs=20000

ot
3]

Log(Number of clusters)
= N
o N 3] w

[

0 50 100 150 200 250
Cluster size

Figure 5. The left graph shows the number of pairs generated, aligned and accepted as a function of
data size. The right graph shows 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 unnecessarylu-
plicatesin generatingoromisingpairsand2) processeshe
morepromisingpairsfirst which hasthe effect of eliminat-
ing otherpromisingpairsfrom furtherconsideration.

The total numberof promisingpairsandthe numberof
pairson which the pairwisealignmentalgorithmis run as
a function of the datasizeareshown in Figure5. Because
of the natureof masterslave interactionsduring EST clus-
tering, the numberof pairsthat are actuallyalignedvaries
slightly asthe numberof processorshangesWe foundthe
variationto beinsignificant. Figure5 alsoshavs the num-
berof clustersasafunctionof theclustersize. Typically, as
mary ashalf the clustersformedcontaina singleEST, and
we referto theseclustersassingletonclusters.The number
of clustersof a particularsize (measuredy the numberof
ESTsin the cluster)is a decreasingunction of the size. A

few clusterscontainasmary asseveralhundredeSTs.It is
because®f this variationthatfragmentassemblysoftwareis
muchslower whenappliedto EST clustering.

The effect on the run-time as the batchsize is varied
for clustering10,000 ESTson 32 processorss showvn in
Figure 6. If the batchsizeis small, the masterprocessor
mustcommunicateftenwith theslave processordancreas-
ing the communicatioroverhead.If the batchsizeis large,
the slaveswill becomedessresponasie to the needfor gen-
eratingsubsequenpairs. Also, a slave processodoesnot
take advantageof the latestclusteringinformationavailable
to determinegf alignmentof apairis necessaryTheoptimal
batdhsize whichis expectedo increasewith increasen the
numberof processorganbefoundby experimentationWe
foundtheoptimalbatchsizeao bein therangeof 10 — 20 for
therangeof processorsisedin our experiments.Whenthe



p | Parti- | Generalized Sorting| Clust- | Total
tioning | Sufiix 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.

Runtime vs. Batch size (Number of ESTs=10000, p=32)

—— Preprocessing
180 —— Clustering
—e— Total Time

wo—

10 15 20 25 30 35 40
Batch size in number of pairs

Figure 6. Variation in the run-time as a func-
tion of the number of pairs allocated at atime
for pairwise alignment.

batchsizeis fixedandthe numberof slave processorss in-
creasedthereis a gradualincreasean the percentagef the
totaltime the mastemprocessois busyandthe percentagés
well under1% evenon 32 processorsThususinga single
masterprocessowill not be a bottleneckeven for a large
numberof slave processors.

7 Conclusionsand Future Work

We reportedon the developmentof a parallel software
systemfor EST clustering. In creatingthis software, our
overarchinggoal has beento facilitate fast clustering of
large EST datasetswhich is accomplishedhroughthe use
of memory-eficient algorithms,algorithmic heuristicsand
parallel processing. Several interestingproblemsremain,
whosesolution can be usedto improve the run-time and
functionality of the software. Cana parallelGST construc-
tion algorithmwith optimal parallel run-time be designed
for a practicalmodel of parallelcomputation?Is therea
way to incrementallyadjustthe EST clusterswhena new

batchof ESTsis sequencednsteadof the currentmethod
of clusteringall the ESTsfrom scratch?
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