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Abstract

Motivation: Weintroducegmap, astandaloneprogramfor mappingand

aligningcDNA sequencestoagenome. Theprogrammapsand alignsasingle

sequencewithminimal startup timeand memory requirements,and provides

fastbatch processing of largesequencesets.Theprogramgeneratesaccurate

gene structures,even in the presence of substantial polymorphisms and se-

quence errors, without using probabilistic splice site models. Methodology

underlying the program includesa minimal sampling strategy for genomic

mapping, oligomer chaining for approximatealignment, sandwich dynamic

programmingfor splicesitedetection, and microexon identi� cation with sta-

tistical signi� cancetesting.

Results: On asetof humanmRNA sequenceswith random mutationsat

a1% and 3% rate,gmap identi� edall splicesitesaccurately in over 99.3% of

thesequences,which wasone-tenth theerror rateof existingprograms.On a

largesetof humanEST sequences,gmapprovidedhigher-quality alignments

moreoften thanbl at did. On asetof ArabidopsiscDNAs,gmap performed

comparably with GeneSeqer. In theseexperiments,gmap providesaseveral-

fold increasein speedover existingprograms.

Availabili ty: Sourcecodefor gmap and associatedprogramsisavailable

at http://www.gene.com/share/gmap .

Contact: twu@gene.com
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Introduction

Mappingand alignment of cDNA sequences—both messenger RNAsand ESTs(ex-

pressedsequencetags)—ontothegenomehasbecomeacentral procedurein genome

research. TheresultingcDNA–genomicalignmentsnot only reveal theintron–exon

structureof genes,but alsofacilitatethestudyof splicingmechanicsandsuch transcript-

basedphenomena as alternative splicing, single nucleotide polymorphisms, and

cDNA insertions and deletions (Jiang and Jacob, 1998; Irizarry et al., 2000; Kan

et al., 2001; Kan et al., 2002; Zavolan et al., 2002; Modrek and Lee,2002; Clamp

et al., 2003; Wheeler et al., 2003; Drabenstot et al., 2003; Kim et al., 2004; Florea

etal., 2005).

To addresstheseneeds,programs,such asssaha (Ningetal., 2001), havebeen

introducedto map cDNA sequencesto agenome. Other programshavebeen devel-

opedto align acDNA to agiven genomic segment, including est_g enome (Mott,

1997), dds/gap2 (Huang, 1996), sim4(Floreaet al., 1998), Spidey(Wheelan et al.,

2001), GeneSeqer (Usuka et al., 2000; Schlueter et al., 2003), and MGAlign (Lee

et al., 2003; Ranganathan et al., 2003). Finally, some recent integratedprograms,

such asbl at (Kent, 2002) and squal l (Ogasawaraand Morishita,2002), perform

both genomicmappingand alignment.

Despitetheavailabilityof theseprograms,achievingperfection in cDNA–genomic

alignment hasbeen surprisingly elusive. Studiesof existingprogramshaverevealed

various typesof errors in identifying gene structuresand splice sites(Haas et al.,

2002). In compilingadatabaseof EST-basedsplicesites,researchershavereportedly

had to resort to manual curation of alignmentsto obtain thecorrect results(Burset

etal., 2001). DiYcultiesgenerally arisewhen acDNA sequencediVersfrom itscor-

responding genomic exons, due to polymorphisms, mutations, or sequencing er-

rors. Sequencing errors are especially prevalent in ESTs,where error ratesare es-

timatedto be 1.5% for high-quality sequences(Zhuo et al., 2003) and 3–4% over-

all (Richterich,1998). Such sequencingerrors,especially near exon–exon junctions,

cancomplicatethedetection of splicesites.

One approach to this situation has been to combine information acrossvari-

ousalignments (Birneyetal., 2004; Haasetal., 2003; Brendel etal., 2004) or even
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multiple sourcesof evidence (Allen et al., 2004) to arrive at a consensus answer.

However, sincesuch programsdepend ultimatelyupon theoriginal solutionsgener-

atedbycDNA–genomicalignment programs,advancesin theunderlyingalignment

methodology arestill important.

In thispaper, weintroduceanintegratedgenomicmappingand alignment pro-

gramcalledgmap (Genomic Mapping and Alignment Program). In contrastwith

programsdesignedprimarily torunin client/server mode,suchasbl at andsqual l ,

our programoperatesasatraditional standaloneprogram.Gmapprovidesnot only

improvedperformanceover existingprogramsin termsof speedand accuracy, but

also enhancedfunctionality. Thefunctionality providedby gmap allowsauser to:

(1) map and align asinglecDNA interactively againstalargegenomein about asec-

ond, without thestartup timeof several minutestypically neededby existingmap-

ping programs; (2) switch arbitrarily among diVerent genomes,without the need

for apre-loadedserver dedicatedto each genome;(3) run theprogramon comput-

erswith as littleas128 megabytesof RAM (random accessmemory); (4) perform

high-throughput batch processingof cDNAsby usingmemory mappingand multi-

threadingwhen appropriatememory and hardwareareavailable;(5) generateaccu-

rategenemodels,even in thepresenceof substantial polymorphismsand sequence

errors; (6) locate splice sitesaccurately without the useof probabilistic splice site

models,allowing generalizeduseof theprogramacrossspecies;(7) detect statisti-

cally signi� cant microexonsand incorporatethem into thealignment; and (8) han-

dlemapping and alignment taskson genomeshaving alternateassemblies,linkage

groups,or strains.

In theremainder of thepaper,wereviewexistingwork on cDNA–genomicmap-

pingand alignment, and describethemethodsunderlyinggmap. Next weprovide

examplesof howthesemethodsin gmaplead to improvedsplicesiteand genestruc-

ture prediction. Then we compare the performance of gmap with existing pro-

grams in threelarge-scaleexperiments. In experiment 1, we testfor robustnessto

sequenceerror by usingtestsetsof humanmRNAswith computationally simulated

sequenceerrors. In experiment 2, weexaminemapping and alignment quality for

humanESTs with naturally occurring sequence errors. In experiment 3, we eval-
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uate the performance of gmap on another species,namely, the plant Arabidopsis

thaliana. Finally, wedescribetheimplementation of gmap and additional features

providedby theprogram.

RelatedWork

Oneapproach tocDNA–genomicalignment hasbeen tousegeneral sequencealign-

ment programs,such asbl ast (Altschul etal., 1990), and then to assemblethere-

sulting hits into gene structures(Gelfand et al., 1996; Wiehe et al., 2001; Milanesi

and Rogozin, 2003; Zhang, 2003; Yeoet al., 2004). However, thecDNA–genomic

alignment problem is important enough to warrant programs specialized for the

task. The particular problem facedby cDNA–genomic alignment is the presence

of introns, which appear as large genomic gaps of up to hundreds of thousands

of nucleotidesin length. Introns have characteristic patterns at their splice sites,

which cDNA–genomic programs must take into account. About 99% of introns

areboundedon their endsby thecanonical dinucleotidepair GT–AG;theremain-

der have a semi-canonical dinucleotide pair GC–AG or AT–AC, or another, non-

canonical dinucleotidepair (Bursetetal., 2000). Probabilisticpatternsof conserva-

tion arealsoseen at positionsfurther away from theintron–exon boundary (Mount,

1982; Senapathy etal., 1990; Solovyev, 2002).

Existingprogramsfor cDNA–genomicmappingand alignment, citedin theIn-

troduction, providea foundation for further advances. In particular, gmap draws

upon threefundamental conceptsintroducedby earlier programs.First,gmapuses

an oligomer index table for genomic mapping. Second, gmap takesa hierarchi-

cal approach to genomic alignment, by �r st computing anapproximatealignment

and then � lling in thedetails. Finally, likealmostall existing alignment programs,

gmapappliesspeci� cmethodstailoredfor detectingsplicesitesand for incorporat-

ingthem into thealignment.

Althoughessentiallyall cDNA–genomicmappingandalignment programsshare

thesefundamental buildingblocks,theydiVer in their particular methodsfor imple-

mentingthem; it isthesemethodological choicesthat largely account for diVerences
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in their performance. In theAlgorithm section, weprovideadetaileddescription

of thespeci� c methodsunderlyinggmap; in therestof thissection, wesummarize

thebasicsimilaritiesand diVerencesof our methodsrelativeto existingones.

Genomicmapping

Genomic mapping can be accomplished rapidly becauseof the near-identity be-

tween acDNA sequenceand itscorresponding genomic exons,which manifestsas

regionsof exact matches.Existingprogramsexploit thisfact either by �n dingclus-

ters of relatively short oligomers, such as 11-mers (bl at ) or 14-mers (ssaha and

squal l ), or by using fewer long oligomers. The long oligomer approach is ex-

empli� ed by MGAlign (Ranganathan et al., 2003): although it doesnot perform

mappingon agenomic scale,it initially alignsacDNA to agiven genomic segment

by scanning 20-mersfrom theendsof thecDNA. Similarly, rapid mapping ispro-

vided by MUMmer (Delcher et al., 1999; Delcher et al., 2002), which usessuYx

trees(Manber and Myers,1993) to �n d longuniquematchesbetween genomes,and

MegaBlast(Zhangetal., 2000), which uses28-mersto identify sequencematches.

Existing cDNA–genomic mapping programs that usean oligomer index on a

genomicscalebegin by pre-loadingtheindex into memory, which meansthat these

programsnot only havea long startup time,but also requirecomputerswith large

amounts of dedicatedRAM. For example,squal l requires12gigabytesof RAM,

and thestandaloneversion of bl at requires8gigabytesof RAM in order to map a

cDNA sequenceonto theentirehumangenome. Thestartup timefor thestandalone

version of bl at isseveral minutes,whichmakesit inconvenient for aresearcher who

wishestomapasinglecDNA sequencetoagenome,or whowishestoswitchquickly

amongdiVerent genomesor versionsof agenome. Therefore,bl at typically runsin

aclient–server mode,in which adedicatedserver for aparticular genomekeepsits

genomicoligomer � lesresident in RAM. A bl at server, which also requiresseveral

minutesof startup time,needs1.2gigabytesof RAM to processthehumangenome,

and mustbekept runningcontinuously to answer queriesfrom aclient computer.

In contrast, gmap is a standalone program that has been designed to handle

individual queriesrapidly, with essentially no startup time. Instead of pre-loading
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the entire oligomer index � le into memory, gmap looks up oligomers as needed

directly from the � le. Becauseaccessto � lesismuch slower than to memory, our

� le-basedstrategy is enabledby a minimal sampling strategy that attempts to per-

form as few oligomer lookups as possible, while still mapping reliably to an en-

tire genome. Our sampling strategy involvesmore than scanning long oligomers

from theendsof acDNA to �n d amatchingpair. Becauseour mappinguniverseis

anentiregenome,wemustsafeguard against falsemapping results from theinitial

matchingpair, which canarisedueto paralogs,pseudogenes,and segmental dupli-

cationsin thegenome(Wheelanetal., 2001; Baileyetal., 2002; Zhangand Gerstein,

2004). Therefore, reliable matching on a genomic scale requiresadditional steps,

such asaccumulatingadditional oligomer evidencebeyond the�r stmatchingpair;

monitoring when thenumber of candidate locationshasbeen limitedadequately;

and adaptivesampling to extract information from diVerent partsof thecDNA se-

quence,includingthemiddlewhen necessary.

Approximatealignment

An approximate alignment step is necessitated by the large sizeof genomic seg-

ments, which makesa nucleotide-level alignment prohibitively time-consuming,

and is therefore usedin some form by virtually every cDNA–genomic alignment

program. In est_g enome, approximate alignments are computed by using local

Smith–Waterman (1981) alignments and the resulting segments are then recom-

puted with a global Needleman–Wunsch (1970) alignment. Spidey computesan

alignment with increasing detail by performing successive bl ast runs at decreas-

ingstringency levels.

Inother programs,thepredominant strategyhasbeena“seed-and-extend” strat-

egy, in which theprogram�r st�n dssigni� cant oligomer matchesbetween thecDNA

and genomicsegment, then extendstheseseedsto form longer matchingfragments,

and �n ally assemblesaselection of thesefragmentsinto acollinear chain. Theseed-

and-extend strategy isfound in avariety of programs,includingthosefor genome–

genome alignment (Chain et al., 2003; Morgenstern, 1999; Batzoglou et al., 2000;

Kent and Zahler, 2000; Schwartz etal., 2000; Maetal., 2002; Brudno etal., 2003a;
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Brudno etal., 2003b; Bray etal., 2003; Kalafusetal., 2004), and constitutestheap-

proach in several cDNA–genomic alignment programs. Sim4�n dsmatchingseeds

of 12-mersin thegenomic segment, extendstheseseedsby nucleotide-level scoring

of matchesand mismatches,and then assemblestheresulting“exon cores” through

dynamic programming. MGAlign also appliesdynamic programming, both to ex-

tend its fragmentsand to combine local alignments into longer ones.Bl at breaks

the cDNA into 500-bp chunks, usesthesechunks to create alignment fragments

through a recursive seed-and-extend method, and then usesdynamic program-

mingto stitch together thesesubalignments.

In contrast,gmap usesanoligomer chainingmethod that involvesneither seeds

nor extensions. Rather, thismethod �n dsall matching 8-mersbetween thecDNA

and genomic sequence, and then usesdynamic programming to �n d an optimal

global chain of 8-mers. In thisprocess,exonsarenot createdexplicitly, but instead

emergeimplicitly from theglobally optimal distribution of 8-mer matchesbetween

thecDNA and genomicsegment. Although exon–exon boundariesarede�n edonly

approximately by thismethod, their location isdeterminedby both distant align-

ment information and local information. Oligomer chaining may extend anexon

alignment that otherwiselookslocally unfavorable,or terminateanexon alignment

that otherwiselookslocally favorable,when such decisionscontributetoward abet-

ter global alignment. We have found that the useof global information is partic-

ularly important in thepresenceof sequencepolymorphismsor errors,which can

adversely aVect local decision-makingfor extendingfragments.

Splicesiteidenti� cation

Approximate alignment using 8-mers or other fragments generally doesnot have

theresolution neededat thenucleotidelevel to detect splicesitesaccurately. To rec-

ognizesplicesitescorrectly in thepresenceof sequenceerror, aprogrammustoften

introducesubstitutionsor gaps,shift nucleotidesfrom oneend of theintron to the

other, or explorealternatelocationsfor thesplicesites.

Existing approachesto splicesite identi� cation arebasedupon two ideas. The

�r st ideaisto apply variousheuristicsto �x or adjusttheapproximatealignment to
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incorporateasplicesite. For example,Spideyand MGAlign search for splicesitesin

theoverlap between adjacent exons,and then trim theexonsat thehighest-scoring

splice site, whereas sim4has an intron shifting procedure that adjuststhe exon–

exon junction to �n d thebestpair of splicesites.Theother ideaisto usesplicesite

models,such asscoring matrices(Salzberg, 1997; Brendel and KleVe,1998), which

model theobservedfrequency of nucleotidesnear the50and 30splicesites(Nakata

etal.,1985;Gelfand,1989) and therebyprovidecluesabout thepresenceand location

of splicesites.

In contrast, gmap handlesthis problem by using a formal dynamic program-

ming(DP)procedurethat wecall sandwichDP. Sandwich DPinvolvestwodynamic

programmingmatrices,onefor each end of anintron, and attemptsto �n d thebest

alignment path acrossthe diagonals of both matrices. Rather than attempting to

�x an existing approximate alignment, the method computesthe whole subalign-

ment in theregion surroundinganintron. Thisapproach guaranteesthat all possi-

blecombinationsof substitutions,gaps,and intron shiftsareconsidered,and per-

mits useof variousdynamic programming techniques. Thesetechniquesinclude

specializedgap penaltiesthat favor insertionsor deletionsof trinucleotides(Gotoh,

1999), and band-limitedalignment (SankoVand Kruskal, 1999), which enableseY-

cient consideration of substitutionsor gapsat a largedistanceaway from thesplice

site.

Microexons

In addition to theabovefeatures,gmap hasanexplicit procedurefor detectingmi-

croexonsand incorporating them into thealignment. Microexonsasshort as1nu-

cleotidein lengthhavefound apparent experimental support (McAllister etal.,1992;

Sterner and Berget, 1993; Simpson et al., 2000; Carlo et al., 2000), and a compu-

tational study suggeststhat between 0.5and 1.6% of mRNA sequencesin various

speciescontain microexons(Volfovsky et al., 2003). Such short exonsposeanac-

knowledgedproblem for cDNA–genomic alignment programs(Floreaetal., 1998).

A procedurefor identifying microexonshasbeen developedby Volfovsky and col-

leagues(2003), and applied in a large-scale study. We further this work by inte-
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gratingthedetection procedureinto theframework of acDNA–genomicalignment

program,and byaddingaprobabilisticextension that ensuresthat incorporatedmi-

croexonsarestatistically signi� cant.

Algorithm

In thissection, wediscussthemethodsusedby gmap in thecontext of each of the

major components needed for cDNA–genomic mapping and alignment. Speci� -

cally,wedescribe:(1) theminimal samplingstrategyfor genomicmapping, (2) oligomer

chaining for generating approximate gene structures,(3) sandwich dynamic pro-

gramming for identifying splicesites,and (4) microexon identi� cation with statis-

tical signi� cancetesting.

Minimal samplingstrategy

For genomic mapping, gmap usesa sampling strategy designed to minimize the

number of oligomer lookupsneededto map a cDNA reliably to thegenome. Our

minimal samplingstrategy isbasedupon theuseof longoligomersto achievehigh

speci� city, combined with an adaptive sampling scheme to utilize mapping evi-

dencefrom diVerent partsof thecDNA sequence.

As discussedpreviously, the rationale for using long oligomers is their expo-

nentially greater speci� city in thegenome,which meansthat mapping canbeper-

formedwith fewoligomer matches.Our choiceof 24asanoligomer length isguided

by own study of oligomer uniquenessin thehumangenome,asshown in Figure1.

Thisgraph,basedon theunmaskedportion of theNCBIhumangenome(build 29),

showsthepercentageof theobservedoligomersof variouslengthsthat areuniquein

thegenome. For example,amongall 11-mersin thegenome,only 0.1%of them have

auniqueposition in thegenome. Likewise,among all 14-mers,only 22.5% specify

auniqueposition in thegenome. On theother hand, when theoligomer length is

20or more,thepercentageof oligomerswith auniquegenomic location reachesan

asymptotic level of 96–97%.
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Our implementation of 24-mer lookupson agenomicscalerequiressomeadap-

tation of theindex tableschemeof ssaha (Ningetal., 2001). In that scheme,apo-

sition � lecontainstheobservedpositionsof oligomersin thegenome,and anoVset

� lecontainspointersinto theposition � leto indicatewhereablock of positionsbe-

ginsand endsfor agiven oligomer. BecausethisoVset� lecontainsanentry for each

possibleoligomer, itssizegrowsexponentially with theoligomer length. In fact, 14-

mersrepresent thecurrent practical limit for thessaha datastructure,becausethe

corresponding index � leoccupies1.1gigabytes.Extending thisindexingschemeto

24-merswould yield a sparseoVset� leof 424 D 281trillion 32-bit entries,which

would beprohibitively largeto store.

Therefore, in our initial implementation of gmap, we trieda hashing scheme

instead, wherethespaceof 24-mersismappedonto aspaceof 12-mersusingahash

function. If a given 24-mer has a match somewhere in the genome, an entry for

the 24-mer can be found in the expected hash bin. This entry then providesthe

appropriateoVsetinto theposition � le.

Although thishashingschemeworkedreasonablywell, wesubsequently found a

moreeYcient solution by usingadoublelookup scheme,which breaksup theprob-

lem of �n dinga24-mer into theproblem of �n dingtwo 12-mers.In other words,we

implement thessaha datastructurefor 12-mers,with therequirement that entries

in theposition tablebepre-sortedin ascendingnumericorder within eacholigomer.

To �n d thepositionsfor agiven 24-mer, welook up two listsof genomic positions,

one for the initial 12-mer and one for the terminal 12-mer. The desiredsetof 24-

mer genomic locationsisobtainedby �n ding pairsof entriesin thesetwo liststhat

areseparatedby 12nucleotides.Thereason for pre-sorting thegenomic positions

within each oligomer isto makethisprocedurerun in timelinear with thenumber

of genomicpositions,rather thanquadratic.

Thesizeof theposition � le isdeterminedby how often oligomersaresampled

in thegenome. Although minimal coverageof thegenomecanbeachievedby sam-

pling all non-overlapping 12-mers in the genome, an overlapping sampling inter-

val providesincreasedresolution, but at thecostof a larger position � le. An addi-

tional advantageof overlapping sampling intervals in our schemeisthat it permits
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lookupsof oligomersother than12-mersand 24-mers. For example,if westore12-

mers at an overlapping interval of 6 (which is our default), we can determine the

genomic location of oligomersof length 12, 18, 24, and so on. Theseintermediate-

length oligomerscanbeuseful in genomic mapping. Theuseof 18-merscangive

additional sensitivity for divergent sequences,such asin thecross-speciesgenomic

mapping of mousecDNAs onto the humangenome, and vice versa. In addition,

short cDNA sequencesoften havetoo few24-mersfor reliablegenomicmapping. In

thesecases,theprogramusessmaller oligomers:18-mersif thecDNA isbetween 40

and 80nt, and 12-mersif it islessthan40 nt.

In addition to using highly speci� c 24-mers,gmap employs an adaptive sam-

pling scheme designed to utilizemapping information from diVerent parts of the

cDNA sequence. Thesamplingprocessbeginsby scanningboth endsof thecDNA

sequence,and monitoringtheresultsuntil apair of 24-mersmatch toapproximately

thesamelocation in thegenome. Thede�n ition of “samelocation” dependsupon

the length of the query cDNA, with an allowedgenomic expansion of 1000times

thequery length, subject to anupper limit of 1million nucleotides.Therefore,the

programwill not attempt to predict alongintron for avery short EST.

To avoid falselocalizationsfrom afortuitouspair of matchesto thegenome,the

programcontinuesto samplebeyond the�r stpair of successful hits,in order to ac-

cumulate evidence of other possible localizations in the genome. This amount of

further sampling isdeterminedboth by aminimum distance(default 48nt) and by

a minimum number of additional successful matches(default 3) required. If this

processyieldsa limitednumber of genomic locations,themapping processtermi-

nates.

On theother hand, if therearea largenumber of candidategenomic locations,

then gmap beginsasamplingprocessthat usesinformation from themiddleof the

cDNA sequence. Thissamplingprocessisperformediteratively, with thesampling

interval halved in each round. At each sampling interval, the program looks for

clusterson thegenomewithahighconcentration of matches,with theprovision that

genomicpositionsbecollinear with thecDNA positions.Samplingterminateswhen

the correct genome location is resolved to a limited number of good candidates.
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Thisdetermination ismadeby settingathreshold at 70%of thenumber of matches

as thebestcluster, and requiring that only a limitednumber of clusters (currently

de�n edas10or fewer) areabovethisthreshold.

For each candidatecluster of 24-mers,theprogramextracts thecorresponding

segment from the genome, with the correct strand of the genome determined by

theorientation of thematching24-mers.To extend thegenomicsegment to regions

that may berelevant for further alignment at theoligomer and nucleotidelevel, the

program looks up the genomic positions of the nearest12-mers that match to the

endsof thecDNA sequence.

Oligomer chaining

For approximate alignment, oligomer chaining attempts to �n d a path of 8-mers

that match between the cDNA sequence and each genomic segment found in the

mapping step. The procedure is illustrated in the top part of Figure 2. Instead of

the standard dynamic programming paradigm, which usesa matrix to align two

sequences,oligomer chaining usesanequivalent but moreeYcient representation

in the form of an array of linked lists. Each position in the array corresponds to

an overlapping 8-mer in the cDNA sequence, and each 8-mer has a linked list of

positionsin thegenomic segment wherethat 8-mer isfound. Theselinkedlistsare

representedin theFigureasavertical stack of cellsat each cDNA position. Each cell

also containsplaceholdersfor theoptimal subscoreto that point and for apointer to

thebestpreviouscell that producedtheoptimal subscore.

Thearrayof linkedlistsisgeneratedby �r stpre-scanningthecDNA for overlap-

ping8-mersandnotingwhich8-mersarepresent, andhencerelevant. Thispre-scan

preventsunnecessary work later, becausemostof the8-mersin thelonger genomic

sequenceareirrelevant. Then thealgorithmscansthegenomicsegment for relevant

8-mers and adds their genomic positions to a list maintained for each relevant 8-

mer. Finally, thealgorithm scansthecDNA again, makingacopy of theappropriate

position listfor each element of thearray.

After building thisdatastructure,oligomer chaining proceedswith adynamic

programming procedure that assigns a subscore and pointer to each cell, starting
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from thebeginningof thecDNA sequence. For each cell, thealgorithm looksback-

ward to cellsat previouscDNA positionsto identify thecell that both isconsistent

and generatesamaximal scoreto thegiven cell. A previouscell isconsistent if itsge-

nomicposition islower thanthat of thegiven cell, which enforcescollinearity of the

cDNA and genomicsequences.Thescorefor thecell isthescoreof thepreviouscell

plus1to indicate the length of thechain. Becauseintronswill cause8-mers in the

cDNA not to match, the algorithm compensatesfor such casesby adding enough

points to ensurethat local extension doesnot gain anunwarrantedadvantageover

anintron.

Onecost of our approach isgreater computational complexity thanonebased

on larger fragments. Asdescribedso far, oligomer chaining is O.m2g2/ , wherem

isthelength of thecDNA and g istheaveragenumber of cellsper linkedlist,which

isgenerally proportional to thelength of thegenomic segment. (A total of mg cells

mustbeprocessed,and at each cell thealgorithmmustlook back at thepreviousset

of cellsprocessed.)In order to reducethecomplexity to O.mg2/ , weimposeasuf-

� ciency limit on the look backward. Note that this limit appliesonly to thecDNA

sequencecoordinates;there isno limitation on the look backward in genomic se-

quencecoordinates.ThesuYciency limit hasadefault valueof 60, which expresses

our calculatedexpectation that weshould �n d at leastonematching8-mer between

thecDNA and genomewithin that distance,even accounting for extremely low se-

quencequality. Byusingprobabilitycalculationsbasedon �n ite-stateautomata(At-

teson, 1998), we estimate that if the sequence error rate is 5%, then the chance of

failing to have an error-freestretch of 8 nucleotidesout of 60 total nucleotidesis

3:8 � 10� 6.

The pointer and optimal subscore for a given cell are basedon the bestsolu-

tion found within this suYciency limit. However, a cDNA sequence may have a

local concentration of mismatchesor gapsthat preclude 8-mers from being iden-

ti� ed in a particular stretch. Therefore, if no matching 8-mer is found within the

suYciency limit, thealgorithm will continuelooking backward asfar asneededto

�n d a match. This provision allows the algorithm to copewith sections of cDNA

that haveextremely poor sequencequality.
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In order to reducethecomplexity further to O.mg/, wenotethat onecell in the

linked list for a given 8-mer usually has a score that dominatesover the scoresof

other cells in the list. Domination occurs if thebestscoreexceedsthesecond best

score by more than the intron compensation discussedpreviously. In such cases,

thedominating cell canbemarkedby a pointer, so that downstreamcells looking

backward to thegiven 8-mer needconsider only that cell.

Finally, theoverall approximatealignment isobtainedfrom theoptimal path of

cells,which representsasetof matchesbetween 8-mers in thecDNA and genomic

segment. Thispath of 8-mersisconvertedinto analignment at thenucleotidelevel,

using a linked list representation, in preparation for alignment proceduresat the

nucleotidelevel.

At thispoint in thealgorithm, theprogramcanassessthequality of thecDNA

against the genome,basedon the number of short breaks in the alignment. This

quality information canbeuseful in guiding therestof thealgorithm. Thefraction

of such short breaksrelativeto thetotal alignment length isde�n edto bethedefect

rate,and isusedtoclassify thecDNA sequenceasbeingof high (defect rate< 0.3%),

medium(0.3–1.4%), or lowquality (> 1.4%). Thisclassi� cation enablesappropriate

parametersfor nucleotide-level alignment to beselectedautomatically, so that sub-

stitutionsand gapsaremorelikely to beintroducedfor low-quality sequences,and

lesslikely for high-quality sequences.

Sandwich DPand other nucleotide-level alignment

Gmapusesaprocedurewecall sandwich DPto computesubalignmentsaround in-

trons. Actually, sandwich DPcanbeusedto handlenot only introns,but also long

cDNA insertionsrelativeto thegenome,which occur rarely. For introns,thejump

in genomic coordinatesismuch greater thanthat for cDNA coordinates;for cDNA

insertions,theoppositeistrue. For simplicity,wedescribeprimarily theintron case,

asshown in Figure3, in which thecDNA sequenceisplacedon thecommon vertical

axisand thegenomicendsof theintron areplacedon thehorizontal axis.To handle

cDNA insertions, the procedure switchesthe assignments of cDNA and genomic

sequencesto thetwo axes.
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In sandwich DP, thegoal is to �n d anoptimal path from theupper left corner

to thelower right corner. For theintron case,thispath bridgesthecoordinatesfor

thecDNA sequencebut allowsgenomic coordinatesto jump acrossthe intron. To

�n d theoptimal path, each matrix isscored“outside in” by theusual Needleman–

Wunsch (1970) procedure,which enforcesanalignment to theendsof the intron.

However, oncescoringiscomplete,wecannot proceeddirectly to backtracking, be-

causeasingleoptimal score isnot directly available. Rather, wemust �n d theop-

timal combination of scoresbetween thetwo matricesby evaluating adjacent rows

(representing adjacent cDNA positions) and pairs of columns within thoserows.

Testing each adjacent pair of rows is equivalent to shifting nucleotidesacrossthe

gap, whereasselectingdiVerent columnsisequivalent to tryingdiVerent splicesites.

Weselect thecombination that producesamaximal combinedscore,plusanaddi-

tional reward if thesolution resultsin acanonical or semi-canonical splicesite.

Sandwich DP is one of several nucleotide-level alignment proceduresusedto

� ll in gapsin theapproximatealignment. In addition to introns,other typesof se-

quencediVerencescancause8-mersnot toalign in theoligomer chainingprocedure

and thereby yield discontinuitiesor jumpsin thecDNA or genomic coordinatesin

the alignment. Each of thesetypesof coordinate jumps is handled by an appro-

priatenucleotide-level procedure,asshown in thebottom part of Figure2. These

proceduresareappliedin aparticular order in four passesthrough thealignment.

In the�r stpass,thealgorithm solvesregionswherethecDNA and genomicco-

ordinatejumpsareof approximatelyequal amounts,indicatingthepresenceof small

sequencediVerencessuch asmismatchesor short insertionsor deletions. Thepro-

gram � lls in thesegapswith global Needleman–Wunsch dynamic programming,

which enforcesalignment to both ends.

In pass2, thealgorithm validatestheexistenceof short exons,de�n edasthose

with fewer than80nt (but at least8nt, which istheminimumresolution of oligomer

chaining). Thisstep isnecessary becauseanapproximatealignment from oligomer

chaining can contain small islands of 8-mers, as small as a single isolated 8-mer,

which may represent either a trueshort exon or a spuriousmatch. If thematch is

spurious,abetter alignment should result by splitting theshort exon and merging
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thehalvesinto adjacent exons. Therefore,to decidewhether ashort exon doesin-

deedexist, the algorithm attempts to align the region under the two assumptions

that theshort exon ispresent (meaning two intronsand amiddleexon) or that it is

absent (meaningoneintron). It then mergesin thesubalignment that providesthe

better alignment score.

In pass3, the algorithm � lls in large relative jumps in coordinates,where the

jump in genomic coordinatesismuch greater thanthat of thecDNA jump, or vice

versa.Theformer situation isdueto introns,and thelatter, which occursrarely, is

due to long cDNA insertions. Thealgorithm handlesthesejumpsby applying the

sandwich DPproceduredescribedpreviously.

In the fourth and �n al pass,the algorithm extends the 50 and 30 ends of the

cDNA sequence,by using dynamic programming for the sequence ends. End se-

quencealignmentsarecomputedby constrainingoneend of thealignment and al-

lowing thedistal end to terminateat anoptimal stopping point. Thisprocedure is

implementedby a modi� edSmith–Waterman(1981) local alignment, in which we

chooseanoptimal scorefrom anywherein thematrix for backtracking, but do not

resetnegativescoresto zero duringthescoringprocedure. If all scoresin thematrix

arenegative,theend isnot extended.

Each of the above dynamic programming proceduresemploys a band-limited

search through thescorematrix (SankoVand Kruskal, 1999). Such anapproach is

relatively sound becauseoligomer chaining boundsthesolution well from aglobal

perspective,leavingonlysmall sequenceeditstobeperformed.Another implemen-

tational detail isthat beforeeach nucleotide-level DPprocedureisperformed,some

of thenucleotidematcheson each end of thecoordinatejump mustbe“undone” or

“peeledback”. Theresulting margin givesthenucleotide-level DPprocedurefree-

dom to �n d a better alignment than that found by the coarser oligomer chaining

procedure.

Our DPproceduresallowustohandlecodon insertionsand deletionsgracefully

byanappropriategap penalty function. Weusea“step function” gap penalty, where

instead of a per-nucleotide extension as in the usual aYne gap penalty, we have a

per-codon extension penalty. Thisper-codon penalty isequal for gapsof 1, 2, and 3
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nucleotides,likewisefor 4,5,and6nucleotides,andsoon. Asaresult, our algorithm

has a preference for insertions and deletions that are multiplesof 3. Similar gap

penaltiesthat favor multiplesof 3havebeen usedin other programs(Gotoh, 1999).

Thepreferencefor trinucleotidegapsre� ectsselection pressureat theprotein level

to avoid frameshiftsand preservethecodingregion.

Theabovenucleotide-level proceduresaretriedunder thetwo assumptionsthat

the cDNA sequence is senseor antisense,and the cDNA direction is determined,

if possible,basedon the higher alignment score in termsof canonical splice sites,

matches,substitutions,and gaps. When multiplecandidatealignments are found,

due to multiple genomic segments found in the mapping step, the candidatesare

rankedand reportedaccordingto their alignment score.

Probabilisticmicroexon identi� cation

Theproblem of detecting microexons ischallenging becausemerely changing pa-

rameters to identify them often back�r es,resulting in spuriousextra exons in the

middleof introns. Theproblem isparticularly acutefor long introns,which havea

greater opportunity to haveanexact match by chanceto agiven short oligomer. In

such cases,aprogrammustdecidewhether extranucleotidesin thecDNA aredue

to amicroexon or to aninsertion in theadjoiningexons.

Gmap hasanexplicit procedure for �n ding microexons,basedon themethod

byVolfovskyand colleagues(2003). It appliesthisprocedurein pass3of nucleotide-

level alignment when the initial alignment of an intron is neither canonical nor

semi-canonical, and when the alignment surrounding the intron has more than

anacceptablenumber of mismatchesor gaps(0 for a high-quality sequence,2 for

medium, and 3 for low). Also, we require that a microexon be reportedonly if it

matchesperfectly to thegenomic sequenceand issurroundedby two canonical in-

trons.

When theseconditions are met, the programcalculatesa lower bound on the

microexon length that satis� esa given statistical signi� cance level ( p < 0:01 by

default). Thecalculation imposesahigher minimum length requirement for ami-

croexon in alonger intron, tooVsetitshigher likelihoodof anexact matchbychance.
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Weassumeasimplemodel wherenucleotidesin anintron of length L aregen-

eratedindependently with uniform distributionsof 1/4probability per base. For an

microexon with enucleotides,theprobability p that themicroexon matchessome-

wherein theintron and issurroundedby two canonical intronsis

p D 1 �
�
1:0 � .1=4/m� L (1)

Notethat herem D e C 8 to includetheexon length easwell asthe8positionsfor

the two requiredcanonical dinucleotidepairs. If wesolve thisequation for m, we

obtain

m D �
log.1 � .1 � p/1=L /

log.4/
(2)

Therefore,given anintron length L and anupper limit on thestatistical signi� cance

p, gmap calculatesthelower limit for m, and then searchesfor microexonsthat are

of sizee D m � 8 or longer.

LiketheVolfovsky method, our proceduresearchesfor GTand AG pairsin the

50and 30endssurrounding theintron, but considersonly thosethat satisfy thecal-

culatedlower bound on microexon length. Also, our procedure looksonly within

12nt of thealignment boundariesrather thanthe30nt by Volfovsky, becauselonger

microexons would have been identi� edby oligomer chaining. Potential microex-

ons are then scannedacrossthe intron using Boyer–Moore (1977) sublinear-time

string matching, and accepted if theyaresurroundedby the requisiteAG and GT

dinucleotidepairs.

Similarly, in pass4, gmap can�n d statistically signi� cant microexonsat the50

and 30endsof thealignment. Gmapisvery conservativein applyingthisprocedure,

requiring a high-quality sequence, an adjacent canonical intron, and the remain-

ing subsequence to match exactly to thegenome. When theseconditionsaremet,

the programtestseach candidate microexon of length e in the remaining end se-

quencefrom longestto shortest.For each microexon length, theprogramcomputes

the maximum length L of genomic sequence for the microexon to be statistically

signi� cant:

L D
log.1 � p/

log.1 � .1=4/m/
(3)
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In this case,the number of matchesis m D e C 4, to account for the microexon

length eand thecanonical dinucleotidepair in theintron. Thisamount of genomic

sequenceisthen scannedfor anexact match of themicroexon usingaBoyer–Moore

search,and themicroexon isacceptedif it yieldsacanonical intron.

Results

Examples

The methods employed by gmap enable it to handle certain typesof alignment

problems that posechallengesfor existing programs. Some illustrative examples

of theseproblemsareshown in Figures4and 5.

Figure 4 shows some casesof splice site detection in the presence of sequence

error. For the �r st EST, which hasonesequencediVerencerelative to thegenome,

thecanonical intron isrecognizedby � veout of seven programs. However, for the

second EST, which has two sequence diVerences,only gmap and sim4can recog-

nizethecanonical intron. On theother hand, programscanbeoverly sensitive in

recognizingcanonical introns,thereby resulting in falsepositives.On thethird ex-

ample,sim4overcallsa canonical intron by introducing gapsof 5nt in anmRNA

that otherwisehasperfect sequenceidentity to thegenome.

Another classof errorsseen in cDNA–genomic alignment involvesgenestruc-

ture,manifesting asmissing or extraexons,as illustratedin Figure5. The�r stex-

ampleshowsanapparent 6-nt diVerencebetween thecDNA and thegenome. Gmap

and GeneSeqer interpret thisasamicroexon surroundedby two canonical introns.

Other programs give lessplausible alignments, involving a combination of non-

canonical introns, 4-nt microexons, and nucleotide substitutions and gaps. The

second example in Figure 5 shows that many alignment programs truncate their

alignment prematurely in the presence of substitutions or gaps. In this example,

gmap and GeneSeqer areableto extend thealignment, thereby revealingacanoni-

cal intron and anadditional exon. Thethird examplein Figure5showshow initial

and terminal exonscanbediYcult for somealignment programsto �n d. ThisEST
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hasa�n al 31-nt exon that ismissedbyvariousprograms,which try instead toextend

thealignment locally. Although onemustgenerally becareful in making inferences

from ESTswith sequenceerrors,analysisof a raregeneof interestmay depend on

maximizing information from asingleEST. In theseexamples,thepredictedexons

areindeedsupportedby other sequences,aslistedin theFigure.

Experiment 1: Messenger RNA

Weperformedacomparison of gmapwith several existinggenomicalignment pro-

gramson full-lengthhumanmessenger RNAs.For thisanalysis,weusedthe1Novem-

ber 2004releaseof Ensembl mRNAs,and extractedthe885sequencesannotatedto

beon chromosome22. Weultimatelyexcludedtwosequencesfrom thisset,because

subsequent runsof both gmapand bl at failedto map them to chromosome22. Se-

quenceENST0355936wasplacedby gmapon chromosome2and by bl at on chro-

mosome7, and sequenceENST0357004wasplacedby gmapon chromosome1and

wasnot localizedby bl at to anywhereon thehumangenome.

TheEnsembl datasetcontainsannotatedexon boundaries,which weusedasa

gold standard. Our datasetcontaineda total of 8634 exons. Someexonswereex-

tremely short, with 41exonshaving3to 10nt. In addition, someinter-exon regions

werealsoextremelyshort, with125havinglengthsof 1to7nt. Theseregionsbetween

exonsareannotatedas“introns”, although someprogramsmay annotatethesesim-

ply assmall cDNA deletions. In fact, experimental evidence(Wieringaetal., 1984)

suggeststhat intronsrequireat least70 or so nucleotidesfor splicing to occur, and

computational evidence (Yu et al., 2002) providesevidence for a species-speci� c

minimal intron length. For 16of the41short exons,therewasashort intron imme-

diately precedingor following, indicating that these“exons” aremanifestationsof a

short “intron” at theend of anexon. Further inspection of the16short intron/exon

patternsand comparison of thesealignmentswith availableEST evidencesuggests

that thesepatternsmay havebeen introducedcomputationally in order to maintain

thereading frame. Theremaining 25short exonssurroundedby long intronsmay

beconsideredto betruemicroexons.

To testhow robustalignment programsareto sequenceerror, wegeneratedtwo
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additional testsetsby computationally introducing random mutationsat ratesof 1

and 3%. A similar mutation paradigm hasbeen usedtoevaluateabinitiogenestruc-

tureprediction programs(Bursetand Guigó, 1996). For each position in anmRNA

sequence,wegeneratedarandom number that determined,with 1% or 3% proba-

bility, whether amutation would beintroducedat that position. If amutation event

wasselected,wegeneratedanadditional random number that determinedwhether

the mutation was a substitution, insertion, or deletion, with 80%, 10%, and 10%

probabilities,respectively. Theseprobabilitiesarethesameasthoseusedby Tammi

and colleagues(2003) in their simulation of observederrorsin shotgun sequences.

For substitution and insertion events,wegeneratedanucleotiderandomly, without

regard to theoriginal nucleotide. Therefore,theoriginal nucleotidemay havebeen

resubstitutedin thegiven position, resulting in no change.

We providedeach of the threemRNA data setsas input to the following pro-

grams that wereavailable to usand which weredesignedto run primarily on ver-

tebrate mRNAs: bl at version 31(31October 2004), dds/gap2 version 30October

2003, MGAlign version 1.3.7(25September 2003), sim4version 21September 2003,

Spideyversion 1.35, and gmap. Parametersusedwereall default, without any addi-

tional � ags,with the following exceptions: for sim4, weusedthe � ags“A=4 P=1”,

which printsthealignment and removespoly-A tails(which arenot present in these

datasetsanyway); for Spidey,weusedthe� ag“-p 0”, whichprintsthesummaryand

alignment; and for gmap, weusedthe� ags“-BA” to indicateabatch run that pre-

loadsgenomic � lesinto RAM and to print thealignment. For dds/gap2, weranthe

threeprogramsdds,ext, and gap2 in sequence,each without any additional � ags.

For purealignment programs,weprovidedthegenomicsegment correspondingto

each mRNA, with anadditional 1000nt on each end. Wetestedall programson an

Intel Linux machine with 2 Xeon processors at 2.4 GHz with 2 gigabytesof RAM

runningRedHat Linux.

For each dataset,wedevelopedagold standard setof exon–exon boundariesin

thecDNA. Thegold standard for theunmutateddatasetwasderivedfrom theexon

coordinatesprovidedby Ensembl. Annotationswereaddedto indicatewhether the

corresponding intronshad acanonical or non-canonical pair of dinucleotides,and
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to mark short exons (10or fewer nucleotides)and short introns (7 or fewer nu-

cleotides).Gold standardsfor themutateddatasetswerecomputedby shifting the

exon–exon boundariesaccordingly when theyfollowedinsertionsor deletions.

Weparsedtheoutput of thediVerent programsinto auniform format that con-

tained the computedexon boundaries,plus the dinucleotide pair for each intron.

Wethen comparedthecomputedexon boundarieswith thegold standard to count

errors of various types. Our comparison involved a dynamic programming pro-

cedure to �n d corresponding exon–exon boundariesbetween the computed and

gold standard genestructures.Thisprocedurewasrelatively simple to implement,

but wasneededto score results for themutateddata sets,which causedprograms

to frequently missexons or include extra ones,and to shift splice sitesby various

distances. Complete input and output � lesfor thisand the other experiments are

availableasSupplementary Material.

Weclassi� ederrorsinto twoclasses—genestructureerrorsandsplicingerrors—

and counted the number of mRNAs for which an error occurred. Counting on a

per-sequencebasismakessensebecausesplicingand genestructuredecisionsfor a

sequenceareoften interrelated,makingit diYcult toassesshowmany individual er-

rorsin asequencewereactually committed.Hence,asequencethat had morethan

oneerror of agiven classwascountedasasinglesequenceerror, with such casesbe-

ingplacedinto a“multipleerror” category. Genestructureerrorsoccurredin cases

wherethegenomicalignment programmissedoneor more50, 30, or internal exons

(either microexonsor longer ones),or insertedanextraexon. Splicingerrorswere

countedwhen aprogramshiftedeither end of agold standard canonical intron to

adiVerent genomic position, or when it shiftedeither end of agold standard non-

canonical intron to createacanonical intron. Wecall the latter error “overcalling”

a canonical intron. In the gold standard, we found 2 non-canonical introns that

could beconvertedto acanonical onewith 0 substitutionsor gaps;38that could be

convertedwith 1substitution or gap;6with 2substitutionsor gaps;11with 3substi-

tutionsor gaps;and 3with 4substitutionsor gaps.Weexcludedtheseintronsfrom

beingcountedaseither shiftingor overcallingerrors,sincemany programsarede-

signedto convert thesenon-canonical intronsinto canonical ones.In particular, on
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theunmutateddata set,sim4converts all of theabovenon-canonical introns into

canonical ones,and gmap convertsall that involve0, 1, or 2substitutionsor gaps,

or that involve3contiguousgaps.

Becauseweevaluatedgenestructureand splicing errorsseparately, asequence

could havebeen countedasanerror in each class,which occurredespecially when

theerrorswereinterrelated. For example,failureto recognizeaninternal exon, es-

pecially amicroexon, canlead to anerror in �n ding thecorrect splicesite. (On the

other hand, failure to recognizea 50or 30exon would not lead to a splicing error,

sinceno intron would havebeen predicted.) Becausethe two error classesarenot

mutually exclusive,wealso talliedtheunion of sequenceswith oneor moreerrors

of any type.

Theresultsof thisexperiment areshown in Table1. On theunmutateddataset,

gmap madeno errors in identifying splicesites.In termsof genestructure, it had

two diVerencesfrom thegold standard, for aper-sequenceerror rateof 0.2%. How-

ever, in thesetwo cases,it isnot clear whether thegold standard or gmap has the

moreplausiblealignment. On sequenceENST0354373, gmap startsthealignment

at position 13, rather thancreatingainitial exon of 13nt followedby anon-canonical

intron. On sequenceENST0338911, gmap alignsaninitial exon of length 120with

18substitutionsand 4 gaps,instead of creating threeexonsof length 40, 15, and 65,

separatedby two non-canonical introns. In termsof microexons,gmap identi� ed

all 25microexonsin thegold standard that werenot adjacent to ashort intron.

Other alignment programshad higher error ratesthangmapon theunmutated

data set. In identifying gene structure, MGAlign came closestwith 25 wrong se-

quences(2.8% error rate). Error ratesfor theremainingprogramsrangedfrom 4.6

to 8.7%. In identifying splicesites,bl at had 10errors (1.1% error rate), while the

other programshad error ratesbetween 4.0 and 10.2%. Interestingly, 9 out of the

10bl at splicingerrorswereassociatedwith microexons,becausetheyweremissed,

predictedwith thewronglength,or matchedto thewrongplacein theintron. Over-

all, if we consider the union of sequenceswith gene structure errors and splicing

errors,gmap had no errors,whereas the next bestperformer had anerror rate of

5%.
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On themutateddatasets,gmapalso outperformedother programs.In termsof

genestructureerrors,on the1% dataset,gmap madeerrors in 15sequences(1.7%

error rate),whiletheother programshad error ratesof 3.6 to 8.5%. On the3%data

set,gmap madegenestructureerrorson 32sequences(3.6% error rate),while the

other programshad error ratesof 7.5to 20.8%. Thegenestructureerrorsmadeby

gmap typically involved short exons, including microexons and short missing 50

and 30exons. For example, in the3% data set,themissing end exonswereall less

than25nt.

In terms of splicing errors, gmap outperformed the other programs by even

larger margins.On the1%dataset,gmapmadeno errors,whiletheother programs

had error ratesof 5.1to 31.4%. On the3%dataset,gmapmadeerrorsin 6sequences

for anerror rateof 0.7%. By comparison, other programshad error ratesof 6.3to

56.7%, duepredominantly to shiftedcanonical splicesites.

Running timesfor thediVerent programsarealso shown in Table1. The run-

ning timefor gmap wasfor asinglethread. Therunning timefor bl at wasshown

for client–server mode. Timesfor gmap and bl at do not includestartup timefor

theserver or for memory mapping theoligomer index � les.(Gmap requiresabout

3minutesto memory map � lesfor thehumangenomeon its�r strun,but much less

time on subsequent runs if pagesfrom the � le are still resident in memory. Bl at

requiresasomewhat longer timeto start itsserver.) Running timesfor theremain-

ingprogramsmeasurecDNA alignment to their correspondinggenomicsegments,

and include the timeneededto restart theprogramfor each alignment. Therun-

ning timefor dds/gap2 isextremely long, which probably re� ects its relianceupon

alignment proceduresat thenucleotide level. Wealso note that MGAlign showsa

substantial increasein running timewith themutateddatasets,perhapsre� ecting

someunderlyingcharacteristicof itshandlingof substitutionsand gaps.

Experiment 2: ExpressedSequenceTags

Our secondexperiment assessedthequalityof genomicmappingandgenomicalign-

ment on ESTs. Wecomparedgmap with bl at , theonly other integratedprogram

for mappingand alignment availableto us.Weconstructedatestsetof 48,441ESTs
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by taking every 100th humansequence from GenBank. Weusedeach programto

map theseESTs onto the NCBI humangenome version 35, ignoring contigsthat

were labeledasunmapped. Werangmap in batch modeand theserver version of

bl at version 31on theLinux Intel Xeon platform describedpreviously. Run time

for for thetestsetwas3hours,2minutesfor bl at and 32minutesfor gmap.

BecauseESTs are of widely diVering quality, we assigned each EST a quality

score,which was the percentage identity of the EST relative to the genome as de-

terminedby thehigher identity scorebetween thegmapand bl at alignments.

Resultsof our comparisonareshown in Figure6. Thetopplot showsthenumber

of ESTsat each quality level. Therewere1083ESTsthat neither programcould align

to thegenome. In addition, therewere3472ESTs(or 7%) that had 60% identity or

lessby both programs.TheseESTswereareshown astheleftmostvertical bar in the

top graph, and weredisregardedfrom further analysis. Approximately half (20,935

or 47.7%) of theremainingESTshad quality scoresof 98%or more.

For each EST, we determinedwhether gmap or bl at provideda better align-

ment. Becausethetwo programsreport scoresdiVerently, wescoredall alignments

using thebl ast scoring system (Altschul et al., 1990), which assignsC1 point for

matches,� 3 for mismatches,� 5 for gap openings,and � 2 for gap extensions,in-

cluding the�r stnucleotidein thegap. BecausethePSL output of bl at includesin-

tronsin itscount of genomicgaps,weignoredany genomicgap greater than10nt as

aputativeintron in computingthebl ast alignment scorefor that program.To dis-

regard minor diVerencesbetween alignments, if thediVerencebetween alignment

scoreswas10pointsor less,weconsideredthealignmentsto beatie.

In comparing theESTs,therewerethreepossibilitiesto consider: (1) both pro-

grams aligned the EST to the same (overlapping) genomic location, (2) the pro-

grams alignedthem to diVerent locations,and (3) only one programprovidedan

alignment. The �r st category wasrepresentedby 43,407ESTs(96.5%); thesecond

by 1206(2.7%); and thethird by 356(0.8%).

Amongthe43,407overlappingcases,32,187(or 74.2%) ESTshad atiescore;8032

cases(18.5%) had a better alignment by gmap; and 3188cases(7.3%) had a better

alignment by bl at . The middle graph of the � gure shows the counts of ESTs for
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which thealignment wassuperior by either program,distributedaccordingto their

quality score. Thegraph showsthat below aquality scoreof 85%, alignment quality

wasevenlydividedbetween gmapand bl at . However, aboveaqualityscoreof 85%,

gmap providedabetter alignment moreoften thanbl at . If weconsider the20,635

ESTswith98%identityor more,18,363(89.0%) wereties,1953(9.5%) favoredgmap,

and 319(1.5%) favoredbl at .

Thebottom graph of Figure6 showsthenon-overlappingcases,which includes

the 1206ESTs aligned to diVerent genomic locations and the 356aligned by only

oneprogram.Thesecasesrepresent arelatively small percentageof theESTs,but as

before,aboveaquality scoreof 85%, gmap providesabetter alignment moreoften

thanbl at does.

Experiment 3: Arabidopsis mRNAs

Observations of nucleotide frequenciesaround splice sitesindicate that they are

species-speci� c (Senapathy et al., 1990). In addition, intron lengths have signi� -

cantly diVerent distributions in diVerent species,with C.elegans,D. melanogaster,

and A. thalianahavingshorter intron lengthson averagethanS.cerevisiaeand hu-

manbeings,and lower organismsonly rarelyhavingintronsof the1000-nt or longer

variety found commonly in higher eukaryotes(Lim and Burge,2001). Accordingly,

cDNA–genomicalignment programsmay potentially perform diVerently on diVer-

ent species.To assesstheperformanceof gmapon aspeciesdiVerent from thepre-

vioushumanexperiments, we evaluated it on the plant Arabidopsis thaliana. We

comparedgmap with GeneSeqer (Usukaetal., 2000; Schlueter etal., 2003), which

was designedfor Arabidopsis,and which has been shown in a previouscompari-

son (Haasetal., 2002) to givethebestavailableperformanceon that genome.

For our test,weusedthedatasetfrom that comparison, which consistedorig-

inally of 5016full-length cDNAs from Ceres,of which 5000 are publicly available

in GenBank and 16are proprietary; for our purposes,we usedonly the publicly

availablesequences.Weusedgmapto map and align thecDNAsto theArabidopsis

genome(TheArabidopsisGenomeInitiative,2000). Wealso processedeach cDNA

and its corresponding genomic segment, with an additional 1000nt on each end,
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using GeneSeqer (5May 2004 version). We ran GeneSeqer with the � ag “-s Ara-

bidopsis” to useits Arabidopsis-speci� c parameters. (In passing, wenote that the

parametersfor GeneSeqer that weusedfor thehumanESTsin Figures4and 5were

“-s human-x 30-y 60”, asrecommendedby theprogram'sauthors.)Runningtimes

for theArabidopsisdatasetwere42minutesfor GeneSeqer and 1minutefor gmap;

thesetimesarenot entirely comparable,becauseGeneSeqer neededto berestarted

for each cDNA–genomicalignment.

In all but 23sequences(or 99.5% of the time), the two programs gave simi-

lar genestructuresand splicesites. In termsof genestructure, � vediVerencesin-

volvedshort 50exons. GeneSeqer reported three50exons not reportedby gmap,

with lengthsof 9, 6, and 6 nt. Gmap reportedtwo 50exonsnot reportedby Gene-

Seqer, with lengthsof 9 and 8 nt. Two of the sequence diVerencesinvolved30ex-

ons. In AY086334, GeneSeqer reportsa9-nt terminal exon not reportedby gmap.

In AY085991, gmap found 33-nt terminal exon not found by GeneSeqer. Instead,

GeneSeqer extendsthepreviousexon throughastretchof 2gapsand 14mismatches.

The remaining 16casesinvolve diVerencesin splice sitesand one microexon.

Thealignmentsfor thesecasesareshown in Figure7. In twoof thesecases,AY086916

and AY088919, markedin Figure7with an(I), thegenomic splicesitepredictions

of thetwoprogramsareidentical, and thediVerenceslieonly in thepredictedexon–

exon boundary.

In threecases,markedwith a(P),adiVerent choiceof parametersallowsGene-

Seqer to givethesameanswer asgmap. For AY08166, GeneSeqer makesanalign-

ment on the wrong strand. Strand selection in GeneSeqer depends on splice site

scores,and the correct strand givesvery poor splice sites. For AY086677, the in-

tron shown isshorter thantheminimum length that isthedefault in GeneSeqer; as

discussedpreviously, such short intronsareatypical. And for AY088919, the3-nt

microexon isshorter thanthedefault minimum sizeof 5in GeneSeqer.

In evaluating theremainingdiVerences,weshould notethat theecotypesof the

datasetsequencesdo not necessarily correspond to theColumbia ecotypeusedin

assembling the genome. Therefore, mismatchesand gaps may re� ect diVerences

in ecotype. GeneSeqer is more likely to introduce substitutions and gapsaround
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introns,becauseit dependsupon probabilistic splicesitemodels in addition to the

sequencedata,whereasgmap triesto identify themostparsimoniousalignment of

thegiven cDNA to thegiven genomicsegment.

To help determine which programgivesthe correct result, we lookedfor sup-

portingevidencefrom other ESTsor mRNAsthat map to thesplicesite. Supporting

evidencewasfound for 5cases,markedin Figure7with an(E). For AY086065and

AY088578, theevidenceappears to support thesplicesite in thegmap alignment,

whereasfor AY084877and AY087013, theevidenceappearstosupport theGeneSe-

qer splicesite. For AY086965, theEST and mRNA evidencedo not resolvetheissue

of where the cDNA nucleotidesmap to the genome. In this case,we found other

sequenceswith anadditional 462nucleotidesrelativeto thetestcDNA, which gmap

introducesasanewmiddleexon and which GeneSeqer appendsto itsexistingmid-

dleexon. Wealso found a full-length sequenceAAC50956in thepatent database

that GeneSeqer alignsto givethesamesingle630-nt intron asgmap.

To evaluate the robustnessof the two programs to sequence error, we created

mutateddatasetsat ratesof 1and 3%, using thesameapproach asin Experiment 1.

Weusedonly the4977sequencesfor which thetwo programsagreedon genestruc-

ture. Theresultsof thetwo programswereroughly equivalent. On the1% dataset,

GeneSeqer had no gene structure errors and shiftedcanonical splice sitesin 8 se-

quences.In comparison, gmap had four genestructureerrorsand threesequences

with splicing errors. Thegenestructureerrorscommittedby gmap wererelatively

minor, with missing50exonsof lengths10and 9 nt and missing internal exonsof 6

and 7nt.

On the 3% data set,GeneSeqer also had no gene structure errors and shifted

canonical splice sitesin 13 sequences. Gmap had gene structure errors in 9 se-

quences,and splicing errors in 9 sequences. As before, the gene structure errors

by gmap wereminor with missing 50exonsof lengths20, 10, and 9 nt, and 6 miss-

ing internal exons,all of length 7nt or less.Thesplicing errorsby gmap involved

shiftedcanonical splicesitesin 5sequences,and conversion of semi-canonical (GC–

AG) splicesitesto canonical onesin 4sequences.
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Implementation

Gmap isimplementedin theCprogramminglanguage. It canbecompiledand run

on any modern Unix system with a32-bit or higher architecture. Wehavecompiled

and run the code successfully on Digital Alpha Tru64, Silicon Graphics Irix, Sun

Solaris,Intel Linux, and Mac OSX platforms. Sourcecodeand documentation for

gmapandassociatedprogramsareavailablefor openuseat http://www.gene.com/share/gmap.

Before gmap can handle a given genome, it requiresthat the genome be pre-

processed,by constructing a genomic oligomer index (consisting of an oVset� le

and a position � le) and a genomic sequence � le. These� lesare generated by an

auxiliary programgmap_setu p, in aprocesscanrequirea few hoursto complete,

dependingon thesizeof thegenome. However, each releaseof agenomeneedstobe

setuponlyonce,and theresultingbinary � lesareportableacrossdiVerent computer

architectures,becausegmap translatesthe� lecontentsasnecessary for big-endian

and little-endianplatforms.

Thegenomemay beread in asfast a � lesthat contain either contigsin any or-

der or entireassembledchromosomes.Thechromosomal location of contigscanbe

speci� edeither in theheader linesof thefast a � leor in aseparate� le. Theprogram

canhandleanarbitrary number of chromosomes,and canconcatenateacollection

of contigsto createaspecial-purposechromosome(e.g., “22U” for unmappedcon-

tigsfrom chromosome22). Arbitrary chromosomesmay also usedto includealter-

nateversionsof achromosome,such astheCeleraversion of mousechromosome

16(Mural etal., 202) or thetwo availableversionsof humanchromosome7(Scherer

etal., 2003; Hillier etal., 2003).

Thegenomic sequence � le represents thegenome in onecontinuoussequence

with the chromosomesconcatenated. It may be stored in a compressedformat,

which facilitatesthereadingof theentiregenomeintoRAM, when suYcient RAM is

available. (In addition, some32-bit machineslimit � leoVsetsto 2gigabytes,which

makescompression necessary on thesemachinesfor random � leaccessfunctions

to work properly.) Thecompressedformat allocates3bitsper position, allowingfor

representation of A, C,G,T, N, and X.Thecompression schemestoreseach block of

32nucleotidesinto three32-bit words,with the�r st two wordsholding the�r st two
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bitsof each nucleotide,and thelastword holdingthethird bit (which issetonly for

non-ACGTletters). If theuser choosesnot to compressthegenomic sequence� le,

thefull rangeof alphabetic characterscanof courseberepresented.For thehuman

genome,genomicoligomer � lesrequireatotal of 1.9gigabytesand thegenomicse-

quence � le requires1.1gigabytescompressed(3.1gigabytesuncompressed).Once

a genome is processedby gmap_setu p, the user may retrieve arbitrary segments

from thegenomeusing theauxiliary programget-g enome. Thesegmentsmay be

speci� edby either contigcoordinates(if applicable)or chromosomal coordinates.

Gmap canberun on afast a � lecontainingoneor morecDNA sequences.For

asinglesequence,gmap isgenerally run in interactivemode,in which partsof the

genomic� lesareread directlyasneeded.For larger runs,theuser mayselect abatch

mode,in which theprogramattemptsmemory mapping, �r ston theoligomer � le

and then on thesequence� le. Memory mappingpermits fastaccessto portionsof

a� le,without havingto load theentire� leor allocatededicatedRAM for theentire

� le. If the attempt at memory mapping fails on either � le (usually due to insuY-

cient memory available), theprogramautomatically resorts to its interactivemode

for that � le,by subsequently using � le accessfunctions. Memory mapping of the

oligomer � le,which needsmorefrequent access,ismoreimportant for speedthan

memory mapping of the genome � le. Therefore, the minimum memory require-

ment for theprogramisonly 128megabytes,although batch modeworksoptimally

when there isenough memory available (2 gigabytesor more) to permit memory

mappingof theoligomer � leand to avoid havingto swap out partsof that � le.

A third modeof gmap allowstheuser to provideboth agenomic segment and

oneor morecDNA sequences.In thismode,oligomer index � lesarenot needed,be-

causegmapbypassesthemappingstep and alignsthecDNA sequencesto thegiven

segment. Thismodegivesgmap thesamefunctionality aspuregenomicalignment

programs,and isuseful for computingcDNA alignmentson the� y for aparticular

genomic region of interest.

In processing a FASTA � le, gmap is able to usemultithreading, which works

mosteVectively on machineswith multipleprocessors.When multithreadingisen-

abled,one thread handlesreading of the input, one handleswriting of the output
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alignments,and oneor moreworker threadseach processesanindividual cDNA se-

quence. Our implementation allocatesthread-speci� c memory in critical portions

to reduce memory contention acrossthreads. Thread-speci� c memory allocation

is particularly critical becausethe underlying representation of a cDNA–genomic

alignment in gmap isalinkedlist,which requirescellsto beaddedand deletedfre-

quently. Although thisrepresentation facilitatestheinsertion, deletion, and substi-

tution of subalignments, it can causecontention for heap memory when multiple

threadsneedto build up their linkedlistssimultaneously. In turn, heap contention

preventsmultithreadingfrom usingthefull potential of multipleparallel processors.

Therefore,gmaphasdedicatedmemoryallocation proceduresthat giveeach thread

itsown pool of heap memory asneeded,thereby minimizingheap contention.

Additional features

In thecourseof our development and useof gmap, wehaveaddedseveral features

that extend itsfunctionality. Although full discussion of thesefeaturesisbeyond the

scopeof thispaper, wemention them brie� y here.

Identi� cation of chimericESTs Gmapiscapableof �n dingandreportingchimeras,

or ESTswhose50and 30endsmap to diVerent genomic regions.Although chimeric

ESTsareoften thought to be library artifacts (Sorek and Safer, 2003), someobser-

vations suggestthat such chimeras are indicative of translocation events in can-

cer (Panagopoulos et al., 2000). Furthermore, some recent experimental results

havecon�r medsomenovel chimerasdetectedusinggenomicalignmentsof ESTs(Hahn

etal., 2004).

For agiven cDNA, gmap maintainsall alignment results in memory during its

calculations. When no single alignment is able to cover a certain fraction of the

original length (speci� ed by the user, with a reasonable value being 60 or 70%),

gmap �n dsthepair of partial alignments that providesthegreatestcoverageof the

query sequence. Thispair is then reportedastheoptimal solution to thechimeric

alignment. In somecases,thissolution hasbetter coveragethanonewould get by

takingthelongestalignment and then tryingto align theremainingcDNA.
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Relativeali gnment of ESTs Gmaphasamodewhereasetof ESTscanbealigned

relativeto areferencesequence. In thismode,theuser providesgmap with both a

full-lengthmessenger RNA andaFASTA � leof ESTs.Gmapthen usesthemessenger

RNA to identify theappropriategenomic segment and to mark it with thecoding

region and codon positions. Finally, gmap usesthis markedgenomic segment to

align theESTs. Basedon thecodon markings,gmap candeterminewhether each

EST overlapsthecodingregion or liesin anuntranslatedregion or anintron.

Thegenomiccodonboundariesalsoenablegmaptoperformaframeshift-tolerant

translation of theEST. Thistranslation maximizestheamount of EST information

available to identify putative point mutations and polymorphisms, but of course

missespotentially trueframeshift mutationsthat maylead toaprematurestopcodon.

Gmap comparesthe translation of each EST against the translation of the refer-

encesequenceto report asummary of protein sequencevariations,includingSNPs,

amino acid insertionsand deletions,and alternativespliceforms.

Compressedali gnment format Gmap can produce alignments in a variety of

formats, including a compressedformat that savesconsiderable space. The com-

pressedformat storesonly diVerencesrelativeto thegenomic sequence. Thecom-

pressedalignments may beuncompressedto their original form using a provided

utility program.

Lookup of genomicmap information Gmaphasthecapabilityof lookingup in-

formation in agenomicmap � leto �n d information relativeto agiven cDNA align-

ment. Genomic map � lesconsist of a setof genomic intervals,with each interval

having some annotation, an optional label, and an optional tag. Theyare imple-

mentedasaninteger interval tree(IIT ) (Bucher and Edelsbrunner, 1983), which is

abinary treestructuredesignedfor therapid retrieval of all intervalsthat overlap a

given query interval. IITspermit retrieval of all k overlapping intervals for agiven

query interval in O.k C log2 n/, where n is the total number of intervals in the

database.

Theannotations in our genomic map � lescanbeof arbitrary length, meaning
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that onemaystoresequences,entirealignments,or other arbitrarygenomicbounds

suchascytogenicbandsand syntenicregions.At our institution,weroutinelycreate

genomic map � lescontaining previously computedEST alignments (in our com-

pressedformat). Such � lesallow usto rapidly retrieveall ESTsthat overlap agiven

mRNA on thegenome. Another useis to construct a genomic map � lewith gene

boundaries(potentiallyoverlapping). Theresultingmap � lecanthen beusedto tell

which geneagiven EST belongsto.

Each interval in our genomicmap � lesmay havealabel, and thesetof labelsare

also storedin abinary treestructure,allowingoneto retrieveaninterval by namein

logarithmic time. Tagsallowoneto mark and retrievesubsetsof intervals.Weoften

usetagsto storeintervalsasbeingon theplusor minusstrand of thegenome,so we

canretrieveESTsfrom aspeci� edstrand if desired.

Ali gningagainst multiplestrains Our IIT � lesalsomakeit possibletoeYciently

storeand retrievestrain variants for a given species.Therefore,wehavebuilt into

gmap theability to map and align a given cDNA over multiplestrainssimultane-

ously. Mapping over multiplestrainsrequiresthat weaugment our genomic index

tablewith 24-mersfrom all strains. Alignment over multiplestrainsrequiresusto

build a genomic map � le that contains strain diVerencesand their genomic coor-

dinateson a reference strain. At run time,when a candidate genomic segment is

found in themapping step, gmap usesin subsequent alignment stepsnot only the

genomicsegment fromthereferencestrain but alsosegmentsfromrelevant alternate

strainsby patching in thealternatestrain sequence. In ranking theresults,gmap is

thereforeableto identify thestrain that bestmatchesagiven cDNA. Given that the

NCBImousegenome(build 33) hassequencesfrom 9 diVerent strains,thisfeature

can result in considerable savingsover mapping and aligning separately against a

completegenomefor each mousestrain.
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Discussion

Our programgmap isdesignedto provideageneral-purposesolution for cDNA–

genomic mapping and alignment. Most existing programs are intended to solve

either themappingtask or thealignment task, but not both. Programsthat do pro-

vide integrated mapping and alignment, namely, bl at and squal l , are intended

primarily for batch or server mode,not for singlequery or interactiveuse.

Although oneadvantageof anintegratedmappingand alignment programover

separate programs is convenience, coupling of the mapping and alignment tasks

alsoprovidesfunctional advantages.Genomicalignment programsrequiretheuser

to supply thecorrect genomicsegment to align to, but thecorrect segment may not

be apparent when there are multiple candidate genomic locations. One approach

to thisproblem is try to improve theability of thegenomic mapping procedure to

�n d the correct location initially. Another approach, taken by gmap, exploits the

integration of genomic mapping and alignment: the correct genomic mapping is

determinedby theresultsof thealignment procedure.

Our program gmap has been in development for over 3 years. In that time,

theprogramhasundergonecontinual evolution, both to improveitsaccuracy and

speed,and toprovideadditional functionality. SinceexistingcDNA–genomicalign-

ment programscanhandle95%of error-freesequencescorrectly, our work hasbeen

devotedprimarily to theremaining5%, and toward perfectinggenestructuredeter-

mination and splicesitedetection in thepresenceof sequenceerror.

Onecentral issue in our development processhasbeen whether to useproba-

bilistic modelsof splicesites,such asscoringmatrices(Salzberg, 1997; Brendel and

KleVe,1998). Suchmodelsareusedwidely in abinitiogene�n dingprograms(Uber-

bacher and Mural, 1991; Burge and Karlin, 1997; Lukashin and Borodovsky, 1998;

Salzberg et al., 1999; Reeseet al., 2000) and in homology-basedgene �n ding pro-

grams (Guigó et al., 1992; Huang et al., 1997; Gotoh, 1999; Batzoglou et al., 2000;

Korf et al., 2001; Novichkov et al., 2001; Rinner and Morgenstern, 2002; Brendel

etal., 2004), and their usehascontinuedin many cDNA–genomic alignment pro-

grams.Likewise,in our early development of gmap, wealso usedsuch scoringma-

trices.However, wefound that by improving thealignment methodology through

35



oligomer chainingand sandwich DP, such matricesprovedto beunnecessary, since

thecDNA sequence(even with errors)plusthedinucleotidepairsat theend of the

intronsprovideenough information to determine thesplicesiteboundariesaccu-

rately. Theabsenceof splicesitemodelsprovidessomeadvantages:it allowsthere-

portedalignment to re� ect thegiven datarather thanprior probabilitiesof splicesite

patterns,and it potentially makesthegenomic alignment task generalizableacross

species.

Another issuein our development work hasbeen computational speed,both for

processing asinglecDNA and for processing a largebatch of ESTs. Wehavefound

it useful to beableto map and align asinglecDNA sequencequickly when needed,

and to beableto switch quickly amongdiVerent genomesor versionsof agenome.

Asthenumber of sequencedgenomesgrows,a� le-basedapproach to mappingand

alignment should becomeincreasingly useful. Although wehavementionedbatch

running timesonly brie� y in our experimental results, theyshow that gmap pro-

videsa several-fold increasein speedover existing programs. Our running times

are even faster when multithreading is enabled. In our institution, we are able to

map and align the GenBank setof approximately 6 million humanESTs onto the

genomeusingasinglecomputer with threeworker threadsin lessthan2days.

Although someusersmay not beconcerneddirectly with computational issues

such asalignment accuracy or speed,theseissuescanhaveasigni� cant impact on

our understandingof theunderlyingbiology. Aswehavementioned,improvements

in alignment accuracycanlead to improvedgenomicmappingof cDNAs,and hence

result in better de�n itions of gene boundaries. Moreover, the ability of an align-

ment program to detect splice sitesin the presence of sequence error and in the

absenceof prior biasmayalter our assessment of thefrequenciesof canonical, semi-

canonical, and non-canonical splicesites.Likewise,our knowledgeof microexons

and chromosomal rearrangementscanbeenhancedby accurateprediction of gene

structuresand chimeric ESTs. Accurateand fastgenomic mapping and alignment

should facilitateour exploration of thegenomeand our understandingof thestruc-

ture,function, and evolution of genes.
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Figure 1Distribution of oligomers of various lengths in the maskedregion of the human

genome (NCBI build 29). The horizontal axis represents various oligomer sizesfrom 11

through 25. Thetotal spaceof possibleoligomersincreasesexponentially, asshown by the

exponentially increasingline. For each oligomer size,countsof all overlappingoligomersin

themaskedpart of thehumangenomeareshown by thetop line,and thecountsof distinct

oligomersareshown by the topmost sigmoid line. Distinct oligomerscanbedividedinto

unique oligomers, which occur once (shown by the sigmoid line with percentages),and

repeatedoligomers,which occurmorethanonce(shown by thebottom line).
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Figure 2 Oligomer chaining and nucleotide-level alignment. The top part of the � gure

showsoligomer chaining. Thehorizontal axisrepresentspositionson thecDNA sequence.

Each cDNA position may have one or more matchesof 8-mers to the genomic segment,

represented by a vertical stack of cells. For each cell, the dynamic programming proce-

durelooksfor anoptimal previouscell, asrepresentedby thin diagonal linesbetween cells.

Thehighest-scoringchain of 8-mer matches,representedby athick line,describestheop-

timal approximate alignment. This alignment may contain jumps in cDNA or genomic

coordinates,dueto introns,cDNA insertions,or sequencediVerences.Thesejumpsarere-

solvedby variousnucleotide-level alignment procedures,representedin thebottom of the

� gureby variousdynamic programming matrices.Sandwich alignments bridge largeco-

ordinate jumpsacrossintrons (horizontal dashed line) or long cDNA insertions (vertical

dashed line). The existence of short exons is resolved by an exon testing procedure that

comparesalignmentswith and without theshort exon.
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Figure3Sandwich dynamicprogrammingfor identifyingsplicesiteboundaries.Thissolu-

tion correspondsto anintron in EST sequenceBF846255, shown in themiddleof Figure4.

Two alignment matricesareshown. ThecDNA sequenceisshown on thecommon vertical

axis, and the 50 and 30 genomic ends of the intron on the horizontal axis of each matrix.

Thetwo matricesaresolved“outsidein”, asshown by thedirection of thearrows. Theop-

timal solution, shown in bold, isfound by adding termsin adjacent rows,plusareward for

canonical introns,asindicatedby theboxedGT–AGpair.
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1sequencediVerence 2sequencediVerences 0 sequencediVerences
BF669985:519..530, chr +X BF846255:69..80, chr +9 BF591480:252..264, chr +11

Evidence S36950, M64241, M73791 No overlappingESTs AI051280, BE858123

gmap CAGAAGGTATGT...CCTTAGATCCACA
||||||>>>>>>...>>>>>>|||-|||
CAGAAG 75 ATC ACA

ACTTGGCAAGGTAAAT...ATTTAGGGTA
||-||||-||>>>>>>...>>>>>>||||
AC TGGCAG 7812 GGTA

ACATTGTGAAGT...TTGTTTGGTGAC
||||||======...======||||||
ACATTG 98 GGTGAC

bl at CAGAAGGTATGTAG...TAGATCCACA
|||||| |======...======||||
CAGAAGAT 76 CACA

ACTTGGCAAGGTA...TCATTTAGGGTA
|||-|||====== ======||||||
ACT GGC 7813 AGGGTA

Sameasgmap

dds/gap2 Sameasgmap ACTTGGCAAGGTAA...CATTTAGGGTA
|||-||||======...======|||||
ACT GGCA 7813 GGGTA

Sameasgmap

GeneSeqer Sameasgmap Misses50exon Sameasgmap
MGAlign Sameasgmap ACTTGGCAAGGTAAAT...TTTAGGGTA

|||-|||| |======...======|||
ACT GGCAGG 7813 GTA

ACATTGTGAAG...GTTGTTTGGTGAC
|||||======...====== ||||||
ACATT 98 GGGTGAC

SIM4 Sameasgmap Sameasgmap ACATTGTG...AAGTTGTTTGGTGAC
|||||>>>...>>>--|---||||||
ACATT 92 G GGTGAC

Spidey CAGAAGGTATGTAGTG...GATCCACA
|||||| | ====== ======||
CAGAAGATCA 76 CA

ACTTGGCAAGG...GTCATTTAGGGTA
||| |======...====== ||||||
ACTGG 7814 CAGGGTA

Sameasgmap

Figure 4 Splicing errors. This � gure shows alignments generated by various programs

around introns in threesequences. Alignments have been formatted in a uniform style.

The�r stcolumn showsacanonical intron (markedby '>') from anEST with onesequence

diVerencenearby: asinglegap (markedby '-'). Thesecond column showsacanonical in-

tron from anEST with two gapsnearby. The third column showsa non-canonical intron

(markedby '=') with no mismatchesor gaps.Alignmentshavethegenomesequenceon top

and thecDNA on thebottom,with thecDNA in itsforward direction. Numbersbeloweach

intron indicate its length in nucleotides.Other overlapping ESTsare listedasevidencefor

thecorrect alignment found by gmap.
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Microexon Low quality 30end Final exon
BM467080:555..571, chr C3 BG118317:738..757, chr � 12 AA036958:424..439, chr � 1

Evidence BE261245, BQ879950, CK004314 BG385668, BG747641, BM745724 CD612209, BF382871

gmap GAGTCAGGTA...CAGCATCAGGTA...TAGACAA
|||||||>>>...>>>||||||>>>...>>>||||
GAGTCAG 393 CATCAG 198 ACAA

GCTATATGAAGAGGTA...CAGGAGATCCGG
| | ||||-||||>>>...>>>||-||||||
GTTGTATGAGAG 522 GA ATCCGG

AAGGTA...CAGGCTGATTCACCCC
|||>>>...>>>|||||||||||||
AAG 6772 GCTGATTCACCCC

bl at GAGTCAGGTA...CTTCATCTCA...TGTAGACAA
|||||||===...===||||===...===||||||
GAGTCAG 48 CATC 543 AGACAA

Alignment endsat nt 651 AGGAAGG
|||||||
AGGAAGG

dds/gap2 GAGTCAGGTA...CCTCATGTAGACAA
|||||||===...===||| -||||||
GAGTCAG 590 CATC AGACAA

GCTATATGAAGAGGTATGTT...GATCCGG
| | |||||-|||| ||===...===||||
GTTGTATGAGAGGAAT 523 CCGG

AAGGT ATTTGTCCC
|||| --||| |||
AAGGCTGATTCACCCC

GeneSeqer Sameasgmap Sameasgmap Sameasgmap
MGAlign TCAG 595 AGACAA

||||###...###||||||
TCAG 4 AGACAA

Alignment skipsnt 691to 748 Sameasgmap

SIM4 GAGTCAGGTA...CTGCCCTCATGTAGACAA
|||||||===...===----|||- ||||||
GAGTCAG 586 CAT CAGACAA

Alignment endsat nt 714 AAGGT ATTGTCCC
||||-|-|| |||
AAGGCTGATCACCCC

Spidey GAGTCAGGTACTTGAA...TAGACAA
||||||| | ===...===||||
GAGTCAGCATCAG 591 ACAA

Alignment endsat nt 705 Sameasgmap

Figure 5 Gene structure errors. This � gure shows alignments for threeadditional ESTs.

Notation follows that of Figure4, with theaddition of thecharacter '#', which indicatesa

dual break in thealignment in both thegenomeand thecDNA sequence. Thelengthsof the

two breaksareindicatedaboveand below thealignment.
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Genestructureerrors Splicingerrors

Condition Time Mis5 Mis3 MisM MisI Extr Mult Total Shift Over Mult Total Union

gmap, 0% 1:12 1 0 0 0 0 1 2 0 0 0 0 0

gmap, 1% 1:20 3 6 3 0 2 1 15 0 0 0 0 15

gmap, 3% 1:30 10 7 8 3 2 2 32 5 1 0 6 34

bl at , 0% 6:40 20 9 8 1 1 2 41 4 0 6 10 47

bl at , 1% 6:34 21 10 8 5 24 7 75 71 1 13 85 141

bl at , 3% 6:29 23 12 6 12 99 32 184 172 0 54 226 331

dds/gap2, 0% 8:25:54 3 9 20 17 6 22 77 47 0 10 57 93

dds/gap2, 1% 8:23:21 4 10 20 14 5 20 73 86 0 17 103 135

dds/gap2, 3% 8:01:09 1 12 21 14 6 20 74 163 0 40 203 227

MGAlign, 0% 2:45 1 0 13 2 5 4 25 31 1 3 35 45

MGAlign, 1% 1:26:24 2 0 13 5 6 6 32 132 1 43 176 188

MGAlign, 3% 2:47:01 4 1 12 13 26 10 66 213 1 160 374 400

sim4, 0% :38 4 0 18 20 1 10 53 37 1 1 39 64

sim4, 1% :41 6 1 18 22 2 12 61 42 2 1 45 74

sim4, 3% :39 12 1 18 23 2 11 67 52 2 2 56 89

Spidey, 0% 1:26 16 2 21 11 2 18 70 54 0 36 90 112

Spidey, 1% 1:24 15 2 21 11 1 14 64 196 0 81 277 299

Spidey, 3% 1:29 13 3 19 11 5 19 70 227 1 268 496 517

Table 1Results of aligning 883 Ensembl mRNAs from chromosome 22. Entriesindicate

the number of sequenceswith errors of varioustypes.Key: Mis5, Mis3, MisM, and MisI

= missing 50, 30, microexons,and other internal exons;Extr = extra exon; Shift = shifted

canonical intron to another genomic position; Over = overcalledcanonical intron; Mult =

multiple errors of a given class. The �n al column shows the union of all sequenceswith

someerror. Run timesarein hours:minutes:seconds.
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Figure 6 Comparison of EST alignment quality between gmap and bl at . The top graph

showsthetotal countsof ESTsat variousquality levels.Themiddlegraph showsthecounts

of ESTswhosegenomiclocation by both programsoverlap. Countsof ESTsthat favor gmap

point upward and thosethat favor bl at point downward. The bottom graph shows the

distribution for therelatively few non-overlapping ESTsthat either havediVerent genomic

locationspredictedby thetwo programs,or that arealignedby only oneprogram.



AY088806:192..199
GAAGAGT...AAGAGTA
||||===...===||||
GAAG 145 AGTA

GAAGAGTA...AAGAGTA
||||->>>...>>>||||
GAAG 144 AGTA

AY084920:110..117
TACGGTATA...TAGGAAC
|||-|-===...===||||
TAC G 126 GAAC

TACGGTA...TAGGAAC
||||>>>...>>>||||
TACG 128 GAAC

AY084877:634..644(E)
TCTGGGGGTA...CAGAAGCACA
|||-|||>>>...>>>--|||||
TCT GGG 103 GCACA

TCTGGGGGTA...AAGCACA
|||||||>>>...>>>||||
TCTGGGG 106 CACA

AY087941:246..260
GATGGAG...CAGGCGAAGGGTGC
||||===...===| ||| ||||
GATG 1899 GAGAAAAGTGC

GATGGAGAAAAGTG...AAGGGTGC
|||||||||||>>>...>>>|-|||
GATGGAGAAAA1898 G TGC

AY086677:257..269(P)
GAAGGTT...GTTG CTA
||||===...===|---|||
GAAG 30 GTTGCTA

GAAGGTT...AAGGTTGCTA
||||>>>...>>>|||||||
GAAG 27 GTTGCTA

AY086283:12..23
TTCGGTG...GTTATCACAAT
||||===...=== | ||||
TTCG 2839 GTGTCAAT

TTCGGTGTCAA...TCACAAT
||||||||===...===||||
TTCGGTGT 2839 CAAT

AY086482:167..188
ATTGGCA...TAGGCAGGTTA
||||===...===||||||||
ATTG 80 GCAGGTTA

ATTGGCAAGTT...CAGGTTA
||||||| >>>...>>>||||
ATTGGCAG 80 GTTA

AY086916:75..87(I)
TTTG GTT...TAGATTTTTTT
||||->>>...>>>|||| |||
TTTGA 555 ATTTCTTT

TTTGGTT...TAGATTTT TTT
||||>>>...>>>| |||-|||
TTTG 555 AATTTCTTT

AY086166:540..553(P)
TTTTGGTTTTGAG...TACATCT
||| |||| ===...===||||
TTTAGGTTAC 237 ATCT

TTTTGGTT...TAGGTTACATCT
||| |>>>...>>>|||||||||
TTTAG 237 GTTACATCT

AY087013:128..138(I,E)
CGAGGTT...TAGGCGGCGGAAG
|||->>>...>>>--||||||||
CGA 230 GGCGGAAG

CGAGGTT...TAGGCGGCGGAAG
||||>>>...>>>||||---|||
CGAG 230 GCGG AAG

AY086965:140..245(E)
CAAGGTG...AAGGTGA---90---GGAGGTA...CAGTTTG
||||>>>...>>>||||||||||||||||>>>...>>>||||
CAAG 545 GTGA---90---GGAG 85 TTTG

CAAG---98---GGAGGTA...CAGTTTG
||||||||||||||||>>>...>>>||||
CAAG---98---GGAG 630 TTTG

AY086508:109..125
AGGTGTA...TACAGAGAGAGAGAGA
||||===...===|||||||| ||||
AGGT 74 AGAGAGAGCGAGA

AGGTGTA...CAGAGAGAGAGAGA
||||>>>...>>>||||||||--|||
AGGT 76 AGAGAGAGCGAGA

AY088919:167..177(P)
TTCCGTA...CTTGCAGCCAT
||||===...===| |-||||
TTCC 809 GGA CCAT

TTCCGTA...CAGGGAGTA...CAGCCAT
||||>>>...>>>|||>>>...>>>||||
TTCC 711 GGA 99 CCAT

AY086065:48..67(E)
TCTCAATCCAATCCAATTC...TAGGGTT
|||||||||||| || ===...===||||
TCTCAATCCAATTCAG 165 GGTT

TCTCAATCCAATCCAATTCAGGTT...TAGGGTT
|||-----|||||||||||||>>>...>>>||||
TCT CAATCCAATTCAG 160 GGTT

AY086979:469..507
TTCTGTG...TTTGCCGTCGAAGTCTCCAAAGAAATCGACGAACATCT
||||===...===| ||| || |||||| |||| ||||||||||||||
TTCT 693 GYCGTYGARGTCTCCMAAGARATCGACGAACATCT

TTCTG TGTTGAGGTCTCCCAAGAGATCGACGAACATC...AACATCT
|||||- || || |||||| |||| ||||||||||]]]...]]]||||
TTCTGYCGTYGARGTCTCCMAAGARATCGACGAAC694 ATCT

AY088578:59..97(E)
CTTCGTCTCCGTCTCCATCTTTGTCTCCGGTG...TTCTCATCAGGTAA
|||||||||||||||| ||| |||| ===...===||- | |||||
CTTCGTCTCCGTCTCCGTCTCCATCTCTC787 TC CCCGGTAA

CTT CGTCTCCGTCTCCATCTTTGTCTCCGGTG...CAGGTAA
|||------||||||||||||||||| | || |||>>>...>>>||||
CTTCGTCTCCGTCTCCGTCTCCATCTCTCTCCCCG794 GTAA

Figure7Comparison between GeneSeqer and gmap. Thesealignmentsrepresent all splic-

ing diVerencesbetween the two programson adatasetof 5000 ArabidopsiscDNAs. Each

comparison shows the GeneSeqer alignment on top and the gmap alignment on bottom.

Notation isthesameasin Figure4, with theaddition of the']' character to indicateanAT–

AC intron, and a compressedview of exons for AY086965. Footnotesafter the accession

numbers indicatewhether: (I) genomic splicesitepredictionsare identical and diVerence

existsonly in the exon–exon boundary, (P) same answers are given when parameters are

changedin GeneSeqer, (E) EST or mRNA evidenceisavailablefor thesplicesite.


