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Abstract— Expressedsequencetags(ESTs)provide a rapid and
inexpensive approach to gene sequencing,gene discovery, and
the characterization of gene regulation and alternate splicings.
The �rst step in using ESTs is to cluster them, that is, to
group them according to the genethat produced them. In these
applications, clustering performance and quality are the most
critical issues.Most efforts in EST clustering have focusedon
biological data, but such data make assessmentof clustering
quality and robustnessdif�cult.

In this paper, we use the EST simulator of Hazelhurst
and Bergheim, ESTSim, to study experimentally the accuracy
and robustnessof four differ ent EST clustering tools, ESTate ,
N2tool , BlastClust , and simple hierarchical agglomerative
clustering basedon Smith-Waterman similarities, using the Rand
index as a measure of clustering quality.

Our results indicate that N2tool consistently dominates
BlastClust and that, in tur n, ESTate and clustering basedon
Smith-Waterman similarities greatly outperform N2tool , with
the much slower Smith-Waterman-basedclustering slightly out-
performing ESTate . We also�nd that, of the various parameters
affecting EST generationthat can be set in the ESTSim simulator
(EST length, indels and substitutions, polymerasedecay, stutter,
and ligation), polymerasedecayhasby far the largesteffecton the
quality of clustering—a �nding that could lead to impr oved EST
and assemblyquality thr ough the control of bench procedures.

I . INTRODUCTION

Expressedsequencetags(ESTs)provide a rapid and inex-
pensive approachto genediscovery [1], [2], the characteriza-
tion of geneexpressionand regulation [3], the identi�cation
of gene function [4], and the study of alternative splicing
[5]. However, becausethey are the productof a single read,
EST sequencesare incompleteanderror-prone;they mustbe
processedthrougha chainof bioinformaticstools in order to
produceuseablegenetic information. A crucial step in this
chainis the clusteringof ESTs,that is, the partitioningof the
collection of EST sequencesinto groupsthat correspondto
the genes(or, more accurately, the transcripts)that produced
them.

Evaluating the accuracy of EST clusteringis thus of real
signi�cance, as is assessingits robustnessin the faceof the
varioussourcesof errorthataffect thequalityof ESTs.Suchan
evaluationis dif�cult to conductwith actualbiological data,
becausewe do not know the correct answer. Thus we use
simulationas our basic experimentaltool; more speci�cally,
we use real cDNA data to createsimulatedESTs (under a
model that includes a number of error mechanisms),feed
them to the clustering algorithms,and comparethe results
to the known correct answers.Hazelhurstand Bergheim [6]

developed a program called ESTSim to generatearti�cial
ESTs under a highly parameterizederror model. We use
their programto generatea variety of datasetswith which to
test four different EST clustering tools: ESTate , designed
speci�cally to cluster ESTs, N2tool , designedto cluster
rapidlycollectionsof DNA sequences,BlastClust , aneven
fastertool basedonBLASTscores,andasimpleagglomerative
hierarchical clustering using Smith-Waterman subsequence
alignmentscores.We then assessthe quality of the resulting
clusters by computing the Rand index [7] to evaluate the
results.Noneof thesetools is usedin largeassemblyprojects,
wherethe ESTclusteringis generallya part of theassembler,
asin theTIGR assembler(see,e.g.,[8]) or CAP3[9], or where
only the results of the clusteringare madeavailable, as in
NCBI's Unigene(see,e.g., [10]). However, it is dif�cult to
isolate the clusteringcomputationsin theselarge programs,
and the four approacheswe choseare representative of the
main approachesto EST clustering,including thoseusedin
the assemblers.

We �nd that ESTate and the clusteringbasedon Smith-
Watermansimilarity scoresare the most accurate,by a very
signi�cant margin, and that both are relatively robust against
variation in EST length and most sourcesof error. However,
we also �nd that all four clustering methodssuffer most
strongly from errorscausedby polymerasedecay—a�nding
that could lead to improved EST and sequenceassembly
quality throughthe control of benchprocedures.

I I . ESTS AND EST CLUSTERING

An expressedsequencetag (EST) is a shortsequencefrom
an expressedgene,typically from 300bpto 500bp.They are
commonlyproducedthroughamultistepprocessin which full-
lengthmRNAs areextractedfrom cells,puri�ed, thenreverse
transcribedinto complementaryDNAs (cDNAs), which are
used as templatesto producedouble-strandedcDNAs. The
double-strandedcDNAs aretheninsertedinto vectors,cloned,
andsequenced.ESTsaretherandompartial singlereadsfrom
eitherendof thesecDNA clones.

Since a single read is obtained for each EST, the EST
sequenceis of relatively low quality [11]—the error rate is
as high as a few percent.ESTs suffer from the following
problems: (i) compressionand base-callingerrors resulting
from frameshifts;(ii) clone orientation,associatedclone ID
chimeras and missing 3' or 5' ends; (iii) contaminating
sequencesincluding genomic, vector, ribosomal DNA, and



cDNAs from unrelatedspecies;and (iv) lack of annotations.
The main approachto reducingerrorsis to clusterthe ESTs,
then assemblethem (using overlap) with as high a coverage
aspossible,attemptingto producethe longestpossiblecontigs
(contiguoussequencesin the assembly).

An EST clusteris an index classthat consolidatesall ESTs
originatingfrom thesametranscript—or, in thesimplercases,
from the samegene. (Through alternative splicing, several
forms of transcriptscan originate from the samelocus on a
gene, thereby complicating the picture. Attempts are being
madeto collectdataon alternatively splicedESTs[12].) EST
clusteringis theprocessthatproducessuchclustersfrom a set
of EST sequences.SinceeachcDNA hasmultiple copiesand
thecopiesfrom thesamegeneproductaremostly identicalor
quitesimilar, they overlap.Theseoverlaps,if of suf�cient size
to reachsigni�cance,providethemaintool for ESTclustering.

The clustering processinvolves � ve phases:preprocess-
ing, initial clustering, assembly, alignment processing,and
cluster joining. Preprocessingincludes screeningout low-
quality regions,contaminations,vectorsequences,and repeat
sequences,in order to minimize the probability of clustering
unrelatedsequences.Initial clustering,the phaseof interest
to us, partitions the collection of sequencesinto clusters.
Assemblytakesthesequencesplacedinto thesameclusterand
attemptsto align them with eachother on the basisof local
overlapsto producelong contigs.Alignment processingthen
checksthe resultingalignmentsfor errorsor alternative forms
and generatesconsensussequences.Finally, cluster joining
joins clustersaccordingto the cDNA clone information such
ascloneID andthe5' and3' readsinformation.The last three
stepsarehighly specializedfor thegenesunderconsideration,
the reasonwhy EST clusteringis usually integratedwithin an
assembler. Our target in this paperis thesecondphase,which
hasnot beenwell studiedin termsof the respective attributes
of competingstrategiesnor in termsof their sensitivity to the
varioussourcesof error that escapethe preprocessingphase.

All publishedEST clustering algorithms use some form
of similarity computation;most usually work in two steps—
they computea pairwisesimilarity matrix for the ESTsand
then usethis matrix to produceclusters[2]. The �rst stepis
often critical andalwaysapplication-dependent;it determines
muchof thequality of theclusteringresults.We cantherefore
distinguishthree main classesof EST clusteringalgorithms
accordingto the choiceof similarity measure.

� Clusteringbasedon alignmentscores. The clustering
tools used in assemblersall fall in this category, us-
ing BLAST or similar techniquesto obtain alignment
scoresvery quickly. Our last threeapproaches(N2tool ,
BlastClust , and hierarchicalclusteringusing Smith-
Watermansimilarity scores)fall in this category aswell.
Of thesevarioustools,someusegeneral-purposecluster-
ing algorithms,othersattemptto tailor the clusteringto
the characteristicsof ESTs.

� Clusteringnot usingalignmentscores.Thesealgorithms
rely on patternmatching(single words,multiple words,
etc.) in orderto establishsimilarity; they generallyincor-

poratemuch domain knowledge in the choice of these
patterns.Perhapsthe �rst of thesetools was D2-cluster
[13]; ESTate falls within this category.

I I I . EXPERIMENTAL DESIGN

A. SimulatingESTs

Real EST sequencesare of low quality, containingmany
errors; they also display the characteristicsnucleotide and
codon-usagebiasesof the transcriptsfrom which they orig-
inate. Thus a good simulator needsto be able to generate
ESTsfrom real transcriptsor cDNA sequencesand needsto
incorporatemodelsfor varioustypesof errors.Sucha program
wasdevelopedby HazelhurstandBergheimat Witwatersrand
University; their code, ESTSim [6], generatessimulated,
but very realistic ESTs from a collection of given cDNA
sequences.Theprogramincludesmodelsfor single-baseerrors
such as insertion, deletion, and substitution; two kinds of
polymerasedecay;stutter;and ligation.

In our study, we startedfrom cDNA sequencesfrom the
humancDNA library in the mammaliancollectionat the Na-
tional CancerInstitute(mgc.nci.nih.gov ). We generated
20 datasets,eachwith around120ESTsequences.The length
of eachESTsequencerangesfrom 300bpto 500bp.We tested
variouserrormodelsin aninitial screeningphase,thenfocused
on single base-pairerrors, polymerasedecay, and a modest
amountof stuttering.

B. RepresentativeClusteringAlgorithms

As discussedearlier, we selectedan agglomerative hier-
archical clustering schemebasedon Smith-Watermansub-
sequencesimilarity scores, BlastClust , N2tool , and
ESTate as our test algorithms.The �rst threeare basedon
alignmentscoring—oneusingtheslow dynamicprogramming
computationto obtainaccuratesimilarity scores,theothertwo
usinglessaccurate,but fastersimilarity computations.Thelast
is basedon patternmatching.We downloadedthecodefor the
threenamedprogramsand implementedour own versionof
Smith-Watermanandof agglomerative hierarchicalclustering.

The classicSmith-Watermanalgorithm [14] usesdynamic
programmingto compute“optimal” alignmentsbetweense-
quences,optimal, that is, in termsof indels andsubstitutions
under the chosenscoring function. We used the standard
scoring(1, � 1, and � 2) andkept independentgappenalties,
thelatterbecausewe wantedto re�ect theemphasison contigs
and the fact that gaps,in this setup,are entirely the product
of errors; independentgap penaltiesalso allow the dynamic
programto run in quadratictime. Agglomerative hierarchical
clusteringbeginsby placingeachitem in its own clusters,then
proceedsby merging a pair of clusters,adjustingsimilarity
valuesbetweenclustersto re�ect the merger, and repeating
until a single cluster is obtained,forming a rooted binary
tree.The�nal clustersaredeterminedby usingsimilarity gaps
betweenthevariousmerging stepsin thealgorithm(or, if that
is known in advance,when the target numberof clustershas
beenreached).



BlastClust [4] is a clusteringtool designedespeciallyto
clusterproteinor DNA sequencesbasedon pairwisematches
returnedby the BLAST algorithm. It usesBLAST scoresto
assignstatistical signi�cance, matchespairs that reach that
level of signi�cance, then constructsclustersusing a simple,
greedy, single-linkageclusteringmethod.

N2tool , a partof theICAtools suite[15], runspairwise
comparisonsof all input sequencesto identify which sharea
region (which canbequitesmall)of similarity. Sequencesthat
sharesucha region are then placedinto a cluster—with the
result that the samesequencemay appearin many clusters.
Other tools in the ICAtools suite can then disambiguate
the results.Oneof the original purposesof N2tool was the
discovery of unknown contaminantsin the sequences,but the
tool hasalsobeenuseddirectly for EST clustering.

ESTate , developed by Slater for EST analysis
(fe.hgmp.mrc.ac.uk/gslater/estate. tar.gz ),
offers clusteringand databasesupport.It clusterssequences
in two stages:�rst, precluster uses�nite-state machines
and fast word-matchingto computethe numberof matching
words of a speci�ed length betweenall pairs of sequences
in subquadratictime; then estcluster builds the clusters
basedon the scoresthusgenerated.

C. EvaluatingClusters

Clustervalidationrefersto the proceduresthat evaluatethe
resultsof clusteranalysisin a quantitative andobjective way
[16]. A large variety of such procedureshave beende�ned.
Moreover, as we discussed,EST clustersare often assessed
on the basisof the contigsthat could be formed from them.
In the case of a simulation study, however, the situation
is different, in that we know what the “correct” clustering
is and can compareit to the clusteringsproducedby the
variousprocedures.For that speci�c purpose(comparingtwo
clusterings),we chose the Rand index [7], which has no
particularbias with respectto clusteringerrors; the value of
the index rangesfrom 1 (perfectmatch)down to 0.

D. TheExperiments

We ran threesuccessive experiments.A preliminaryexperi-
ment,with reduceddata,wasusedto gatherdatain orderto set
parametersandthresholdsfor theensuing,“real” experiments.
We thenusedtheseparameterandthresholdsettingsto run two
experiments.In the �rst experiment,we usedrelatively clean
EST data (low-level suttering and small numbersof single
base-pairerrors)in orderto evaluatehow well eachalgorithm
could perform and to comparetheir strengths.In the second
experiment,wegeneratednoisierdataaccordingto severaldata
patternsin order to test our parameterand thresholdsettings
and to assessthe effect of error parameterson the quality of
answersproducedby eachalgorithm.

IV. RESULTS AND DISCUSSION

A. Preliminary Experiment

We ran a preliminary experiment with just 10 datasets
in order to adjust eachprogram's clusteringparametersand

TABLE I

SAMPLE MEANS AND STANDARD DEVIATIONS OF THE RAND INDEX .

Smith-Waterman ESTate N2tool BlastClust

Samplemean 0.965 0.926 0.828 0.255

Std deviation 0.029 0.025 0.025 0.052

thresholdvaluesto optimizeresults.TableI shows theprelim-
inary resultsobtainedwith thebestparametersettings—results
that indicatea clear linear orderingin termsof performance,
with BlastClust at the bottom (much worse than all
others),followed by N2tool , then ESTate , and �nally the
agglomerative clusteringbasedon Smith-Watermansimilarity
scores.

B. First Experiment

In this experiment, only low-level stuttering and single-
baseerror models were used to generatehigh-quality EST
sequences.Table II shows the parametersettingsusedwith
ESTSim to generate20 EST datasets.

TABLE II

PARAMETER SETTINGS FOR ESTSI M.

� � 
 � � K � � � � �

0.005 16 0.02 1 1 10 10 10 0 20 0

Figure 1 shows the Rand index values for the various
algorithmson all 20 datasets.
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Fig. 1. The clusteringquality of the four EST clusteringalgorithmson our
20 datasets.

Table III reports the meanand standarddeviation of the
Randindex for the resultsof eachalgorithm.

TABLE III

SAMPLE MEANS AND STANDARD DEVIATIONS OF THE RAND INDEX .

Smith-Waterman ESTate N2tool BlastClust

Samplemean 0.944 0.923 0.828 0.257

Std deviation 0.034 0.026 0.034 0.043

We usedthe Friedmanrank sum test [17] at a 95% con-
�dence interval to test the signi�cance of the score differ-
encesbetweenthe four algorithms—againsta null hypothesis
positing that the differencesare simply due to chance.First,
we testedthe scoresof all four algorithms,obtaining a p-
value (as computedby the R package)of 5 � 10� 12—and



thus �rmly rejecting the null hypothesis.Since, however, it
is quite obvious that BlastClust is much worse than the
other three,we decidedto run the sameteston just the other
three algorithms,now obtaining a p-value of 0:02 � 10� 6—
anotherclear rejectionof the null hypothesis.Finally, we ran
the testonly on the resultsof Smith-WatermanandESTate ,
obtaining a p-value of 0:16 � 10� 3. Thus all distinctionsare
statisticallysigni�cant at high levels of con�dence.

Table III, Figure1, andthe resultsof the rank testsleadto
someclearconclusions:

� While thereis somevariability from datasetto dataset,the
performanceof eachclusteringalgorithm is remarkably
consistentacrossall datasets—afairly predictable�nding
in view of the high quality of the ESTsused.

� The ranking of the four algorithms is always the
same:Smith-Watermanis the best,followedvery closely
by ESTate and more distantly by N2tool , while
BlastClust is the worst in all respects.

In order to seethe differencesbetweenSmith-Watermanand
ESTate moreclearly, Figure2 presentsa comparisonof just
thesetwo algorithms.
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Fig. 2. Comparingthe clusteringquality for Smith-Watermanand ESTate
on our 20 datasets.

Smith-WatermandominatesESTate , but the differences
areusuallyminor—lessthan1% in mostcases,with only 2 of
the 20 testcasesyielding differencesabove 5%. The standard
deviation in scoresfor Smith-Watermanis 0.034while thatof
ESTate is 0.026,indicatingthat Smith-Watermanis perhaps
slightly less robust than ESTate . However, as discussed
earlier, the Smith-Waterman dynamic program takes time
quadraticin eachof the numberof ESTs and their lengths,
while ESTate runsin subquadratictime.For sizabledatasets,
ESTate is thuspreferable.

C. SecondExperiment

This experimentis madeof threeparts,all aimedat under-
standingthe effect of EST errorson the quality of clustering
and the behavior of the algorithms. In these three parts,
we no longer look at BlastClust , since its performance
is so much worse than that of our other three approaches.
In the �rst part of this experiment,we comparedthe three
algorithmson datasetsof differentquality, usingour previous
thresholdvaluesandparameters.In the secondpart, we reran
Smith-WatermanandESTate with clusteringparametersand
thresholdvalues adjustedfor the datasetof poorer quality.

Finally, we focusedon polymerasedecay, which (from infor-
mal experiments)appearedto be the parameterwith the most
damagingeffect on the quality of clustering.

1) Comparing Smith-Waterman, ESTate , and N2tool
with different data patterns: Table IV shows the parameters
usedto generatethe two data patternsin this experiment—
datain pattern1 areof muchhigherquality thanin pattern2.

TABLE IV

PARAMETER SETTINGS FOR ESTSI M FOR TWO DATA PATTERNS.

Pattern � � 
 � � K � � � � �

#1 0.005 30 0.04 1 1 10 10 10 0 20 0

#2 0.010 60 0.08 2 1 10 10 10 0 0 0

The thresholdvalueswe usedfor the three programsare
shown in TableV.

TABLE V

PARAMETER AND THRESHOLD SETTINGS FOR CLUSTERING.

Parameters Thresholds

Smith-Waterman f(match)=1,f(mismatch)=-1,f(gap)=-2 118

ESTate word length=9,min word count=24 600

N2tool screenwidth=80 20

Table VI summarizesthe meanvalues,standarddeviation,
andpairedp-values(to test for the signi�cance of the differ-
encebetweenthe two patterns)for the threeprogramsbased
on the two differentdatapatterns.

TABLE VI

MEAN, STANDARD DEVIATION, AND P-VALUES FOR TWO DATA PATTERNS.

DataPattern#1 DataPattern#2 p-value

mean(std dev) mean(std dev) (paired)

Smith-Waterman 0.939(0.031) 0.924(0.027) 0.113

ESTate 0.913(0.033) 0.892(0.026) 0.036

N2tool 0.809(0.035) 0.821(0.024) 0.222

According to the p-values in Table VI, only ESTate
reachesstatisticalsigni�cance(at the95%level) in termsof its
behavior on the two datapatterns.All threealgorithmsin fact
exhibited remarkablerobustnessin the faceof a signi�cantly
worsedataquality. (Curiously, N2tool even improvedasthe
dataworsened,althoughnot to the point of rivalling the other
two methods.)

2) Evaluatingtheeffectof parametervaluesandthresholds:
We then investigatedthe effect of lowering the clustering
threshold—anaction taken againstthe expectationthat noisy
datasetswould yield lower similarity scores.The new param-
etersand thresholdsare listed in TableVII.

We reranSmith-WatermanandESTate on all 20 datasets
with data pattern2. Table VIII shows that both algorithms
bene�t from adjustmentin parametersin almostall cases.The
problem,of course,is to adjustsuchparametersautomatically
andat reasonablecomputingcost.



TABLE VII

ADJUSTED PARAMETER AND THRESHOLD VALUES IN SW AND ESTATE.

Parameters Thresholds

Smith-Waterman f(match)=1,f(mismatch)=-1,f(gap)=-2 98

ESTate word length=9,min word count=24 500

TABLE VIII

RELATIVE PERFORMANCE OF SW AND ESTATE UNDER DATA PATTERN 2,

COMPARED TO UNADJUSTED VERSIONS OF THEMSELVES.

better same worse

Smith-Waterman 16 3 1

ESTate 19 0 1

3) The effect of polymerase decay.: During the course
of experimentation,we noticed that the polymerasedecay
parameter� has a signi�cant effect on clustering quality.
For valuesof � larger than 1, clusteringremainedvery poor
no matter how we adjustedthe clustering parametersand
thresholds.In order to understandthe effect, we used two
datapatternswith identicalparameters,exceptfor parameter� ,
which increasesfrom 1 in the �rst patternto 2 in the second.
We then ran the Smith-Watermanalgorithm on 10 datasets
eachwith datapattern1 and with datapattern2, with good
clusteringin the �rst patternand very poor clusteringin the
secondpattern.Figure3 shows the distributionsof alignment
scoresfor eachdatapattern—the�gure is a histogramwith
the x-axis representingthe scorevalues.One can easily see
that good alignmentscoresare much lesscommonwith the
seconddatapatternthanwith the �rst.

When mRNA is reversetranscribedinto cDNA, the DNA
polymerasedecays[18], with a resultantincreasein therateof
singlebaseerrors.Thisdecayhastwo phases:oneis thegentle
decayfor the bulk of the read(> 95%), which is modeledby
parameter� in ESTSim, while theotheris a very sharpdecay
that occursat the end of the read and causesthe error rate
to shoot up, a decaymodeledby parameter� in ESTSim.
According to our experiments,the gentle polymerasedecay
has much greatereffect on the EST sequencequality than

Fig. 3. Thedistributionsof SW alignmentscoresunderdatapatterns1 and2.

the sharp �nal decay, presumablybecause,unlike the �nal
decay, the gentledecaycoversmostof the read,so that even
a verysmallchangein therateof decaycancausea signi�cant
changein the overall quality of the EST.

V. CONCLUSIONS

We evaluated four different EST clustering algorithms
(basedon different similarity measuresand clusteringmeth-
ods)undera varietyof conditionsusingsimulateddata.Some
valuablepoints are summarizedfrom thesetwo experiments.
First, clusteringquality is statisticallydifferentnot only with
differentsimilarity measures(BLASTvs.Smith-Waterman,for
instance),but alsowith clusteringmethods./bin/bash:a: com-
mand not found clusteringquality dependson many factors
including dataquality as well as clusteringthresholdvalues
andparameters.In somecases,improving dataqualitycanhelp
clusteringquality. Sometimes,settingor adjustingclustering
thresholdvalues and parametersis even more critical than
choosingclusteringalgorithms.Finally, investigatingtheerror
parametersmay provide biologistsheuristicsto improve EST
dataquality during the processof EST generation.For exam-
ple, we found that gentlepolymerasedecayhasa signi�cant
effect on EST quality, yet that is a parameterthat can be
controlled(at somecost)on the bench.

Much work remainsto be done.Most importantly, a con-
tinuedinvestigationof the mostimportanterror parametersin
EST generationis in order: we did not investigateligation
effectsandcontaminationeffects,for instance.ESTclustering
toolsfor now remainratherad hoc: theparametersandthresh-
olds are mostly set by hand—andthe choice of method(if
any) is left up to theuser. Yet somecharacteristicsof thedata
musthelp oneselectan approachandestablisha goodsetof
parametervalues.Finally, themany heuristicsembodiedin the
assemblytools needmore rigorousevaluation—investigating
at least some of these heuristics within a pure clustering
context should indicate how the clustering phaseof these
assemblerscould be improved.
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