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Abstrac

Motivation: Weintroducegmap, astandalone programfor mappingand
aligning cDNA seaiencesto agenome. The programmapsand alignsasingle
seguencewith minimal startup timeand memory recuirements,and provides
fastbach processimy of large seqience sets.The program generatesaccurate
gene structures,even in the presace of substartial polymorphisms and se-
guence errors, without using probabilistic splice site models. Methodology
underlying the program includesa minimal sanpling strategy for genomic
mapping, oligomer chaining for approximate alignment, sardwich dynamic
programming for splicesitedetedion, and microexon identi cation with sta-
tistical signi cancetesing.

Reaults: On asetof humanmRNA seqienceswith random mutations at
a9 and b rate,gmap identi edall splice sitesaccurately in over 99.3% of
the seauences which was one-tenth the error rate of existing programs. On a
large setof humanEST seqiences,gmap providedhigher-quality alignments
more often thanbl at did. On asetof Arabidopsis cDNAs,gmap performed
comparably with GeneRge. In thesesxpeaiments, gmap providesaseeral-
fold increasein speedover existing programs.

Availability: Source code for gmap and associaedprogramsisavailable
a http://www.gene.com/share/gmap

Contact: twu@gne.com



Introduction

Mappingand alignment of cDNA seqiences—Iwth messager RNAsand ESTs (ex-
pressedegiencetags)—amto thegenomehasbemmeacentral procedurein genome
reseech. Theresulting cDNA—genomic aignmentsnot only reved theintron—exon
structureof genes put also facilitatethe study of splicingmedanicsand such transciipt-
basedphenomena as dternative splicing, single nucleaide polymorphisms, and
cDNA insetions and deletions (Jdang and Jacob, 1998 Irizarry et al., 200Q Kan
etal., 200L Kanetal., 20®; Zavolanetal., 20®, Modrek and Lee,20@®; Clanmp
etal., 200, Wheder etal., 2003, Drabenstot etal., 2008, Kim etal., 2004; Horea
etal., 2009.

To addressheseneeds, progranms, such asssaha (Ning etal., 2001, have been
introducedto map cDNA seaqiencesto agenome. Other programshavebeen deva-
opedto align acDNA to agiven genomic segnent, includinges_g enome (Mott,
199), dds/ggp2 (Huarg, 1996, sim4 (Floreaet a., 1998, Soidey(Whedanetal.,
200D, GeneXqe (Usuka et al., 200Q Sdhlueter eta., 20B), and MGAlign (Lee
etal., 2008, Rarganethanetal., 2003). Fnally, some reent integated prograns,
such asbl at (Kent, 20®) and squal | (Ogasavaraand Morishita,20®), perform
both genomic mapping and alignment.

Degitetheavallability of thesgorograms,achieving perfedionin cDNA—genomic
alignment hasbeen surprisingly eusive. Sudiesof existing programshavereweded
varioustypesof errorsin identifying gene structuresand splice sites(Haas et al.,
20@). In compilingadatabaseof ES-basedsplicesites reseechershavereportedy
had to resrt to marua curation of alignmentsto obtain the corred results (Burset
etal., 200Q0). DiY cultiesgenerally arisewhen acDNA segience diVersfrom its cor-
regponding genomic exons, due to polymorphisms, mutations, or seaqiencing er-
rors. Sequencing errors are epecidly prevdent in ESs, where error ratesare es-
timatedto be 15% for high-quality segiences(Zhuo etal., 20B) and 3-4% over-
all (Richterich, 1998. Such sequencingerrors,egecidly nea exon—exon junctions,
cancomplicatethe detedion of splicesites.

One approach to this situation has been to combine information acrossvari-
ousaignments (Birneyetal., 2004, Haas etal., 200, Brendd etal., 2004) or even
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multiple sourcesof evidence (Allen et al., 2004) to arrive & a consensus answer.
Howe\er, since such programsdepend ultimately upon theoriginal solutionsgener-
atedby cDNA—genomic alignment programs,advarcesin theunderlying alignment
methodology arestill importart.

In thispaper, weintroduce anintegated genomic magpping and alignment pro-
gramcaled gmap (Genomic Mapping and Alignment Program). In contrastwith
programsdesgnedprimarilytorunin client/server mode,such asbl at and squal |,
our programoperaesasatraditional standaone program. Gmap providesnot only
improved performance over existing programsin terms of speedand accuracy, but
also enhancedfunctionality. The functionality providedby gmap allows a use to:
(1) map and align asinglecDNA interactively againstalarge genomein about asec-
ond, without the startup time of seeral minutestypically needdby existing map-
ping programs; (2) switch arbitrarily among diVerent genomes,without the need
for apre-loadedse ver dedicatedto each genome;(3) run the programon comput-
erswith aslittle as 18 megabytesof RAM (random accessmemory); (4) perform
high-throughput batch processimg of cDNAsby using memory mapping and multi-
threalingwhen appropriate memory and hardware are avalable; (5 generate accu-
rate gene models, even in the presace of substartial polymorphisnmsand seqience
errors; (6) locate splice sitesaccurately without the useof probabilistic splice site
models, allowing generalized useof the programacrossspeces;(7) deted statist-
caly signi cant microexonsand incorporatethem into thealignment; and (8) han-
dle mgpping and alignment tasks on genomeshaving alternate assenblies, linkage
groups,or strains.

In theremainder of the paper, wereview existingwork on cDNA—genomic map-
ping and aignment, and descrbe the methods underlying gmap. Next we provide
exanplesof howthesemethodsin gmap leal to improvedsplicesiteand genestruc-
ture prediction. Then we compare the performance of gmap with existing pro-
gramsin threelarge-s@le expaiments. In experiment 1 we testfor robustnessto
seqience error by using testsetsof humanmRNAswith computationally simulated
segience errors. In expeaiment 2, we examine mapping and alignment qudity for
human ESs with naturally occurring seaience errors. In expeiment 3 we evd-



uae the performance of gmap on another speces,namely, the plarnt Arabidopss
thaliana. Fnally, we descrbe the implementation of gmap and additional feaures
providedby the program.

Related Work

Oneapproach to cONA—genomic alignment hasbeen to usegeneral seaqiencealign-
ment programs, such asbl ast (Altsdwl etal., 1990, and then to assenblethere-
aulting hits into gene structures(Gdfand etal., 1996 Wiehe et dl., 2001, Milaresi
and Rogozin, 200, Zhang, 20(3, Yeoetal., 2004). Howeer, the cDNA—genomic
alignment problem isimportant enough to warran prograns specidized for the
task. The particular problem faced by cDNA—genomic alignment is the presece
of introns, which appea as large genomic gaps of up to hundreds of thousards
of nucleaidesin length. Introns have characteristic patterns at their splice sites,
which cDNA—-genomic programs must take into account. About 99% of introns
areboundedon their ends by the canonical dinucledide pair GT-AG; theremain-
der have a semi-canonica dinucleaide pair GC-AG or AT-AC, or another, non-
canonical dinucleaidepair (Bursetetal., 2000. Probabilistic patternsof conseva-
tion areaso se@ at positionsfurther away from theintron—e<on boundary (Mount,
198, Senagpathy etal., 1990 Solovyey 20@).

Existing programsfor cDNA—genomic mapping and alignment, citedin theln-
troduction, provide afoundation for further advarces. In particular, gmap draws
upon threefundamental conceptsintroducedby ealier programs. FHrst,gmap uses
an oligomer index table for genomic mapping. Seand, gmap takesa hierarchi-
cal approach to genomic alignment, by r stcomputing an approximate alignment
and then llingin thedetails. FAnally, like amostall existing alignment programs,
gmap appliesspeci cmethodstailoredfor deteding plice sitesand for incorporat-
ing them into thealignment.

Although essatially all cDNA—genomic mappingand alignment programsshare
thesdundamental buildingblocks,theydiVer in their particular methodsfor imple-
mentingthem; it isthesanethodological choicesthat largely account for diVerences



in their performance. In the Algorithm sedcion, we provide a detailed descrption
of the speci ¢ methods underlying gmap; in therestof thissection, we summarize
the basic similaritiesand diVerencesof our methodsréativeto existing ones.

Genomicmapping

Genomic mapping can be accomplished rapidly becauseof the nea-identity be-
twean acDNA seauence and its corregponding genomic exons, which manifestsas
regons of exact matches.Existing programs exploit thisfact either by n ding clus-
ters of relatively short oligomers, such as 1imers (bl at ) or 4-mers (ssaha and
squal |), or by using fewer long oligomers. The long oligomer approach is ex-
empli edby MGAIlign (Rarganathan et al., 20(®): although it doesnot perform
mapping on agenomic sa@le, it initially alignsa cDNA to a given genomic segnent
by sanning 20-mersfrom the ends of the cDNA. Smilarly, rapid mapping is pro-
vided by MUMmer (Delcher etal., 1999 Ddcher etal., 20@®), which usesauY x
treedManber and Myers,199) to n d long unique machesbetwean genomes,and
MegHast(Zhangetal., 2000, which use8-mersto identify seqience maches.
Exising cDNA—genomic mapping programs that usean oligomer index on a
genomic s@ebegn by pre-loading theindex into memory, which mearsthat these
programs not only have along startup time, but also require computerswith large
amounts of dedicated RAM. For exanple, squal | requires12gigabytesof RAM,
and the standaone version of bl at requires8 gigabytesof RAM in order to mgp a
cDNA seaqienceonto theentirehumangenome. Thestartup timefor thestandalone
version of bl at issewra minuteswhich makesit inconvenient for areseecher who
wishesto mgp asinglecDNA seaienceto agenome,or who wishesto switch quickly
among diVerent genomesor versionsof agenome. Therefore,bl at typically runsin
aclient—sever mode, in which adedicated se ver for aparticular genome kegpsits
genomicoligomer lesresdent in RAM. A bl at sever, which also requiressewral
minutesof startup time,need 12 gigabytesof RAM to procesghe humangenome,
and mustbe kept running continuoudy to answer queriesfrom aclient computer.
In contrast, gmap is a standaone program that has been desgned to handle
individud queriesrapidly, with essatially no startup time. Insteal of pre-loading
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the entire oligomer index le into memory, gmap looks up oligomers as neeced
diredly from the le. Beauseaccessto lesis much dower thanto memory, our
le-basedstrategy is enabled by a minima sampling drategy that attempts to per-

form as few oligomer lookups as possble, while still mgpping reliably to an en-

tire genome. Our sanpling strategy involvesmore than sanning long oligomers
from theendsof acDNA to n d amatching pair. Beauseour mgpping universeis
anentire genome, we mustsdeguard against falsemapping results from theinitial

matching pair, which canarisedueto paralogs,pseidogenes,and segnental dupli-

cationsin thegenome (Whedanetal., 2001 Baileyetal., 20®;, Zhangand Ga'stein,

200%). Therefore, reliable maching on a genomic s@e requiresadditional steps,
such asaccumulating additional oligomer evidence beyond the r stmaching pair;

monitoring when the number of candidate locations has been limited adequatdly;

and adaptive sanpling to extract information from diVerent parts of the cDNA se-
guence,including the middle when neessay.

Approximate alignment

An gpproximate alignment step is neesdiaed by the large sizeof genomic seg-
ments, which makesa nucleaide-levd alignment prohibitively time-mnsuming,
and is therefore usedin some form by virtualy every cDNA—genomic aignment
program. In es_genome, approximate alignments are computed by using local
Snith—Waterman (198)L alignments and the resulting segnents are then ream-
puted with a globd Needeman—-\Winsd (190) alignment. Spidey computesan
alignment with increasing detail by performing successie bl ast runs a deceas-
ingstringency lewds.

In other programs,thepredominart strategy hasbeen a“seed-ad-extend” strat-
egy, in whichtheprogram r st n dssigni cart oligomer machesbetween thecDNA
and genomic segnent, then extendstheseseedto form longer matchingfragments,
and n aly assenblesasdedion of thesdragmentsinto acollinea chain. Theseed-
and-extend strategy isfound in avariety of prograns,including thosefor genome-—
genome aignment (Chain etal., 2008 Morgenstern, 1999 Batzoglou et al., 200Q
Kent and Zahler, 200Q Sdwartz etal., 200Q Maetal., 20@®; Brudno etal., 2003a;



Brudno etal., 2003b; Bray etal., 2008, Kalafusetal., 2004), and constitutesthe ap-
proach in seeral cDNA—genomic alignment programs. Sm4 n dsmatching seed
of 12mersin the genomic segnent, extendsthesesee@ by nucledide-leve swring
of matchesand mismdches,and then assenblesthereaulting “exon cores through
dynamic programming. MGAlign also appliesdynamic programming, both to ex-
tend its fragments and to combine local alignmentsinto longer ones.Bl at bre&ks
the cDNA into 500-bp chunks, usesthesechunks to credae alignment fragments
through a recusive seed-ad-extend method, and then usesdynamic program-
mingto stitch together thesesubdignments.

In contrast,gmap usesanoligomer chaining method that involvesneither seed
nor extensions. Raher, thismethod n dsall maching 8-mers between the cDNA
and genomic seaience, and then usesdynamic programming to n d an optimal
globd chain of 8mers. In thisprocessgexons are not creaedexplicitly, but instead
emergeimplicitly from the globdly optimal distribution of 8- mer machesbetween
the cDNA and genomic segnent. Although exon—exon boundariesarede n edonly
approximately by this method, their location is determined by both distart align-
ment information and local information. Oligomer chaining may extend an exon
alignment that otherwiselookslocally unfavorable,or terminate anexon alignment
that otherwiselookslocally favorable,when such decisions contributetoward abet-
ter globd alignment. We have found that the useof globd information is partic-
ularly importart in the presece of seaqience polymorphisms or errors, which can
adversdy aved local decsion-making for extending fragments.

Slicesiteidenti cation

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

thereolution neeckdat thenucledidelee to deted splice sitesaccurately. To rec-

ognizesplicesitescorredly in the pres@ce of seqience error, aprogrammustoften

introduce substtutions or gaps, shift nucleaidesfrom one end of theintron to the
other, or explorealternatelocationsfor the splice sites.

Existing approachesto splice siteidenti cation are basedupon two ideas. The

r stideaisto apply variousheuristicsto x or adjustthe approximate alignment to
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incorporaeasplicesite. For exanple, Spideyand MGAIlign seach for splicesitesin
the overlap between adjacent exons,and then trim the exons at the highest-soring
splice site, whereas sim4 has an intron shifting procedure that adjuststhe exon—
exon junction to n d the bestpair of splice sites. The other ideaisto usesplice site
modes, such as s@mring marices(Sdzberg, 199; Brende and KleVe, 1998, which
mode the obsevedfrecuency of nudedidesnea the 5°and splice sites(Nakata
etal., 198, Gdfand, 1989 and thereby provide cluesabout thepreseceand location
of splicesites.

In contrast, gmap handlesthis problem by using a forma dynamic program-
ming (DP) procedurethat we call sandwich DP. Sardwich DPinvolvestwo dynamic
programming matrices,onefor each end of anintron, and attemptsto n d thebest
alignment path acrossthe diagonals of both matrices. Raher than atempting to
X anexisting approximate alignment, the method computesthe whole subdign-
ment in theregon surrounding anintron. Thisapproach guaraneeghat all possi-
ble combinations of substtutions, gaps,and intron shifts are considered, and per-
mits useof various dynamic programming tecdiniques. Thesetedniquesinclude
gpecidizedgap pendtiesthat favor insetionsor deletionsof trinucleaides(Gotoh,
1999, and bard-limitedaignment (SarkoVand Kruskal, 1999, which enableseY -
cient consideration of substitutionsor gapsat alarge distance away from the splice
site.

Microexons

In addition to the above fedures,gmap hasanexplicit procedure for deteding mi-
croexonsand incorporating them into the alignment. Microexons as short as 1nu-
cleaidein length havefound apparent experimental support (McAllister etal., 1992
Serner and Berget, 199 Smpson etal., 200Q Carlo etal., 2000, and a compu-
tational study suggeststhat between 0.5and 16% of mMRNA seaiencesin various
gpecescontain microexons (Volfovsky etal., 20). Such short exons posean ac-
knowledged problem for cDNA—genomic alignment programs (Floreaetal., 1998.
A procedure for identifying microexons has been developedby Volfovsky and col-
leagues(200), and applied in a large-s@le study. We further this work by inte-
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gratingthedetedion procedureinto the framework of acDNA—genomic alignment
program,and by adding aprobabilistic extension that ensuresthat incorporatedmi-
croexonsarestatistically signi cart.

Algorithm

In thissetion, we discusghe methods usedby gmap in the context of each of the
magor components neeckd for cDNA—genomic magpping and alignment. Soeci -
cally, wedescrbe: (1) theminimal sanplingstrategy for gegnomic mapping, (2) oligomer
chaining for generating approximate gene structures,(3) sardwich dynamic pro-
gramming for identifying splice sites,and (4) microexon identi cation with statis-
tical signi cancetesing.

Minimal sanplingstrategy

For genomic magpping, gmap usesa sanpling strategy desgned to minimize the
number of oligomer lookups needdto map a cDNA reliably to the genome. Our
minimal sanpling strategy is basedupon the useof long oligomersto achiewe high
gpeci city, combined with an adaptive sanpling stheme to utilize mgpping ev-
dencefrom diVerent parts of the cDNA seauence.

As discussegbrevioudy, the rationale for using long oligomers is their expo-
nentially greder speci city in the genome, which mearsthat mapping can be per-
formedwith few oligomer maches.Our choice of 24 asanoligomer length isguided
by own study of oligomer uniguenessn the humangenome, as shown in FHgure 1
Thisgraph, basedon theunmaskedportion of the NCBIhumangenome (build 29),
showsthe percentage of the obsevedoligomersof variouslengthsthat areuniquein
thegenome. For exanple,amongall 1imersin thegenome,only 0.1% of them have
aunique position in the genome. Likewise,among all 14-mers, only 225 specfiy
aunique postion in the gegnome. On the other hand, when the oligomer length is
200r more, the percentage of oligomerswith aunique genomic location reachesan
asymptotic leve of 96-97%.
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Our implementation of 24-mer lookupson agenomic salerequiressome adap-
tation of theindex table stheme of ssaha (Ningetal., 20Q). In that sthheme,apo-
sition lecontainsthe obsevedpositionsof oligomersin the genome,and anoVset

le contains pointersinto the position leto indicate where ablock of positionsbe-
ginsand endsfor agiven oligomer. BeausethisoVset lecontainsanentry for each
possbleoligomer, its sizegrows exponentially with the oligomer length. In fact, 14-
mersrepresat the current practical limit for the ssaéha data structure,becausethe
corregpondingindex leoccupiesllgigabytes.Extending thisindexing shemeto
24-merswould yield asparseoVset leof 424 D 281 trillion 3-bit entries,which
would be prohibitively largeto store.

Therefore, in our initial implementation of gmap, we tried a hashing stheme
instead, where the space of 24-mersismappedonto a space of 12mersusingahash
function. If agiven 24-mer has a match somewhere in the genome, an entry for
the 24-mer can be found in the expeded hash bin. This entry then providesthe
appropriate oVsetinto the position le.

Although thishashing schemeworkedreasonably well, we subseaently found a
moreeY cient solution by usingadoublelookup stheme,which bregsup the prob-
lem of n dinga24-mer intotheproblem of n dingtwo 12mers.In other words,we
implement the ssaha data structure for 12mers, with the requirement that entries
in theposition tablebepre-sortedin as@ndingnumeric order within each oligomer.
To n d thepositionsfor agiven 24-mer, welook up two listsof genomic positions,
one for theinitial 12mer and one for the terminal 12mer. The desied setof 24-
mer genomic locationsisobtainedby n ding pairsof entriesin thesetwo liststhat
are searated by 12nucledides. The reason for pre-sorting the genomic positions
within each oligomer isto makethisprocedurerunin timelinea with the number
of genomic positions, rather thanquadratic.

The sizeof the postition leisdeterminedby how often oligomers are sanpled
in thegenome. Although minimal coverage of the genome canbe achievedby sam-
pling al non-overlapping 12mers in the genome, an overlapping sanpling inter-
vd providesincreasedreslution, but at the costof alarger position le. An addi-
tional advartage of overlapping sanpling intervasin our sthhemeisthat it permits
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lookupsof oligomersother than12mersand 24-mers. For exanple,if we store 12
mers a an overlapping interva of 6 (which is our default), we can determine the
genomic location of oligopmers of length 12 18 24, and so on. Thesentermediae-
length oligomers can be usdul in genomic mapping. The useof 18mers can give
additional sensttivity for divergent seqiences,such asin the cross-pecesgenomic
mapping of mousecDNAs onto the human genome, and vice versa. In addition,
short cDNA seqiencesoften havetoo few 24-mersfor reliablegenomic mapping. In
thesecasesthe programusesmaler oligomers: 18mersif the cDNA isbetween 40
and 80nt, and 12mersif it islesghan40 nt.

In addition to using highly speci ¢ 24-mers, gmap employs an adaptive sam-
pling sheme desgned to utilize mapping information from diVerent parts of the
cDNA seaqience. The sanpling processhegns by sanning both ends of the cDNA
seqience,and monitoringtheresultsuntil apair of 24-mersmatch to approximately
the sanelocation in the gegnome. The den ition of “sanelocation” depends upon
the length of the query cDNA, with an allowed genomic expansion of 1000times
the query length, subjed to anupper limit of 1million nucleaides. Therefore, the
programwill not attempt to predict alongintron for avery short ESY.

To avoid falselocaizaionsfrom afortuitouspair of matchesto the genome,the
programcontinuesto sanple beyond the r stpair of succes$ul hits,in order to ac-
curmulate evidence of other possble localizations in the genome. This amount of
further sanplingisdeterminedboth by aminimum distance (default 48nt) and by
a minimum number of additional succes$ul matches(default 3) recuired. If this
processyiddsalimited number of genomic locations, the mapping processtermi-
naes.

On the other hand, if there are alarge number of candidate genomic locations,
then gmap begnsasanpling procesghat usesnformation from the middle of the
cDNA seaience. Thissanpling processs performediteratively, with the sanpling
intervd havedin eah round. At each sanpling intervd, the program looks for
clusterson thegenomewith ahigh concentration of matches with theprovision that
genomic posttionsbecollinea with thecDNA positions. Sanplingterminateswhen
the corred genome location is relved to a limited number of good candidaes.
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Thisdetermination ismadeby seting athreshold a 70% of the number of matches
asthe bestclustr, and requiring that only alimited number of clusiers (currently
den edas10or fewer) are abovethisthresold.

For each candidate cluster of 24-mers, the program extracts the corregponding
segnent from the genome, with the corred strand of the genome determined by
theorientation of the matching 24-mers. To extend the genomic segnent to regons
that may bereevart for further alignment a the oligomer and nucleaidelewd, the
program looks up the genomic posttions of the neaest12mersthat match to the
endsof the cDNA seaience.

Oligomer chaining

For approximate alignment, oligomer chaining attemptsto n d a path of 8mers
that match between the cDNA seaience and each genomic segnent found in the
mapping step. The procedureisillustratedin thetop part of Figure 2. Insteal of
the standard dynamic programming paradigm, which usesa matrix to aign two
seaquences,oligomer chaining usesan equivdent but more eY cient represatation
in the form of an array of linked lists. Each position in the array corregponds to
an overlapping 8-mer in the cDNA seaqience, and eah 8-mer has a linked list of
positionsin the genomic segnent wherethat 8-mer isfound. Thesdinkedlistsare
represatedin the Hgureasavertical stack of cellsat each cDNA position. Each cdll
also containsplaceholdersfor the optimal subsoreto that point and for apointer to
the bestpreviouscdl that producedthe optimal subsore.

Thearray of linkedlistsisgeneratedby r stpre-s@nningthe cDNA for overlap-
ping8mersand notingwhich 8&-mersarepresat, and hencerdevan. Thispre-s@an
prevents unnecessay work later, becausemost of the 8-mersin thelonger genomic
seqienceareirreevan. Then thealgorithm sansthe genomic segnent for relevarn
8-mers and adds their genomic positions to a list maintained for each relevarn 8-
mer. FAnally, theagorithm sansthe cDNA again, making acopy of the appropriate
position listfor each element of the array.

After building thisdaa structure, oligomer chaining proceed with a dynamic
programming procedure that assgns a subsmre and pointer to each cdl, starting
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from the begnning of the cDNA seaience. For each cdll, the algorithm looks back-
ward to cdlsat prevMouscDNA posttionsto identify the cdl that both is consistent
and generatesamaximd s@reto thegiven cell. A previouscell isconsistent if itsge-
nomic position islower thanthat of the given cdll, which enforcescollineaity of the
cDNA and genomic seqiences.The s@refor thecdl isthe sare of the prevouscel
plus 1to indicate the length of the chain. Beauseintronswill cause8-mersin the
cDNA not to match, the algorithm compensdesfor such casesby adding enough
pointsto ensurethat local extension doesnot gain anunwarrarted advartage over
anintron.

One cost of our approach is greder computational complexity than one based
on larger fragments. As descibed o far, oligomer chainingis O.m?g?/, wherem
isthelength of the cDNA and g isthe average number of cdlsper linkedlist,which
isgeneraly proportional to thelength of the genomic segnent. (A total of mg cdls
mustbe processedand at each cdl theagorithm mustlook back a the previousset
of cdls processed.)n order to reduce the complexity to O.mg?/, weimposea suf-

ciency limit on the look backward. Note that thislimit appliesonly to the cDNA
seqguence coordinates;thereis no limitation on the look backward in genomic se-
guence coordinates.ThesuY ciency limit hasadefault vdue of 60, which expresses
our calculatedexpedation that weshould n d a leasstone maching 8-mer between
the cDNA and genome within that distance, even accounting for extremely low se-
guencequdlity. By usingprobability calculationsbasedon n ite-steteautomata (At-
teon, 1998 we estmate that if the seauence error rate is 3%, then the chance of
failing to have an error-freestretch of 8 nucleaidesout of 60 total nucledidesis
38 10 S,

The pointer and optimal subs@re for a given cell are basedon the bestsolu-
tion found within this suY ciency limit. Howewer, a cDNA seaience may have a
local concentration of mismdchesor gapsthat predude 8-mers from being iden-
ti edin aparticular stretch. Therefore, if no matching 8-mer isfound within the
uY ciency limit, the algorithm will continue looking backward asfar as neecdto

n d amatch. This provision allows the algorithm to cope with seg¢ions of cDNA
that have extremely poor seaqience qudlity.
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In order to reducethe complexity further to O. mg/, wenotethat onecdl in the
linked list for a given 8mer usudly has a sore that dominatesover the sresof
other cdlsin thelist. Domination occursif the bestswre exceed the seond best
swre by more than the intron compensdion discussegrevioudy. In such cases,
the dominating cell can be marked by a pointer, so that downstreamcells looking
backward to the given 8-mer needconsider only that cell.

Finaly, the overall approximate alignment isobtainedfrom the optimal path of
cdls, which represats a setof machesbetwean 8mersin the cODNA and genomic
segnent. Thispath of 8-mersisconvertedinto anaignment a the nuclecaidelewd,
using a linked list represeatation, in preparation for alignment proceduresat the
nucledidelewd.

At thispaint in the algorithm, the program can assesshe qudity of the cDNA
against the genome, basedon the number of short bre&s in the aignment. This
gudity information canbe usdul in guiding therestof the algorithm. Thefraction
of such short bre&sreativeto thetota alignment length isde n edto bethe defed
rate,and isusedo classfy the cDNA seqience asbeing of high (defed rate< 0.3%),
medium (0.3-14%), or low qudlity (> 14%). Thisclassi cation enablesappropriate
parametersfor nucledide-lewe alignment to be sdededautomatically, so that sub-
stitutionsand gapsare morelikely to be introducedfor low-qudity seqiences,and
lesdikely for high-qudity seqiences.

Sardwich DP and other nucleatide-leve alignment

Gma usesaprocedurewe cal sardwich DP to compute subdignmentsaround in-

trons. Actualy, sardwich DP can be usedto handle not only introns, but also long
cDNA insetionsrelative to the genome, which occur rardly. For introns,thejump
in genomic coordinatesis much greder thanthat for cDNA coordinates;for cDNA
insetions,theoppositeistrue. For simplicity, wedescrbeprimarily theintron case,
asshown in FHgure 3 in which the cDNA seaienceisplacedon thecommon vertical

axisand thegenomic endsof theintron are placedon the horizontal axis. To handle
cDNA insetions, the procedure switchesthe assgnments of cDNA and genomic
segiencesto thetwo axes.
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In sardwich DP, the goal isto n d anoptimal path from the upper left corner
to the lower right corner. For theintron case,this path bridgesthe coordinatesfor
the cDNA sequence but allows genomic coordinatesto jump acrosstheintron. To

n d the optimal path, each matrix issored*“outside in” by the usua Needeman—
Wunsd (190) procedure, which enforcesan alignment to the ends of the intron.
Howe\er, once s@ringiscomplete,wecannot proceeddiredly to backtracking, be-
causea single optimal s@reisnot diredly avalable. Raher, we must n d the op-
timal combination of soresbetween the two matricesby evduaing adjacent rows
(represating adjacent cDNA positions) and pairs of columns within thoserows.
Testng each adjacent pair of rows is equivdent to shifting nucleaidesacrossthe
gap, whereas sdeding diVerent columnsisequivdent to trying diVerent splicesites.
We sded the combination that producesamaximad combinedsare, plusan addi-
tional reward if the solution resultsin acanonical or semi-canonical splicesite.

Samwich DP is one of seera nucleaide-lewvd alignment proceduresusedto

Il in gapsin the approximate alignment. In addition to introns, other typesof se-
guencediVerencescancause8-mersnot to align in theoligomer chaining procedure
and thereby yidd dis@ntinuitiesor jumpsin the cDNA or genomic coordinatesin
the alignment. Each of thesetypesof coordinate jumpsis handled by an appro-
priate nucleaide-leve procedure, as shown in the bottom part of Hgure 2. These
proceduresare appliedin aparticular order in four passeshrough thealignment.

In the r stpass,theagorithm solvesregonswherethe cDNA and genomic co-
ordinatejumpsareof approximatey equa amounts,indicatingthepresaceof smdl
seqience diVerencessuch as mismdchesor short insetionsor deletions. The pro-
gram llsin thesegaps with globad Needeman—\Winsd dynamic programming,
which enforcesalignment to both ends.

In pass2, the algorithm vaidaesthe existence of short exons,de n edasthose
with fewer than80nt (but a least8nt, which istheminimum relution of oligomer
chaining). ThisstEp isneessay becausean approximate alignment from oligomer
chaining can contain smal idands of 8-mers, as smdl as a single isolated 8-mer,
which may represet either atrue short exon or a spuriousmach. If the match is
spurious,abetter alignment should resault by splitting the short exon and merging
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the halvesinto adjacent exons. Therefore, to decide whether a short exon doesin-
deedexist, the algorithm atempts to align the regon under the two assumptions
that the short exon ispresat (meanngtwo intronsand amiddle exon) or that it is
absent (meanngoneintron). It then mergesin the subdignment that providesthe
better dignment swre.

In pass3, the algorithm llsin large relaive jumpsin coordinates,where the
jump in genomic coordinatesis much greaer thanthat of the cDNA jump, or vice
versa. Theformer situaion isdueto introns,and the latter, which occursrardly, is
dueto long cDNA insetions. The agorithm handlesthesgumpsby applying the
sardwich DP procedure descibedprevioudy.

In the fourth and n @ pass,the algorithm extends the 5° and 3° ends of the
cDNA segience, by using dynamic programming for the seqience ends. End se-
guence alignments are computed by constraining one end of the alignment and al-
lowing the distal end to terminate a anoptimal stopping point. This procedureis
implemented by amodi ed Smith—Waterman (198)Llocal aignment, in which we
choosean optimal s@refrom anywherein the matrix for backtracking, but do not
resenegtive swresto zero duringthesaring procedure. If all smresin thematrix
arenegtive,theend isnot extended.

Each of the above dynamic programming proceduresemploys a bard-limited
seach through the score marix (SarkoV and Kruskal, 1999. Such anapproach is
relatively sound becuseoligomer chaining bounds the solution well from a globa
perspedive,learingonly smdl seqienceeditsto beperformed. Another implemen-
tational detail isthat before each nucleaide-level DP procedureisperformed,some
of the nucleaide macheson each end of the coordinate jump mustbe“undoné’ or
“pededback’. Theresulting margin givesthe nucleaide-level DP procedure free-
dom to n d abetter alignment than that found by the coarse oligomer chaining
procedure.

Our DP proceduresallow usto handlecodon insertionsand deletionsgracefully
by anappropriate gap penalty function. Weusea“step function” gap penalty, where
instea of a per-nucledide extension asin the usud aY ne gap penalty, we have a
per-codon extension penalty. Thisper-codon penalty isequd for gapsof 1, 2, and 3
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nucleaides likewisefor 4, 5 and 6 nucledides,and so on. Asaresult, our algorithm
has a preference for insetions and deletions that are multiplesof 3 Smilar gap
penaltiesthat favor multiplesof 3have been usedin other programs (Gotoh, 1999.
The preference for trinucledide gapsre eds sdedion pressire a the protein lewe
to avoid frameshiftsand presevethe codingregon.

Theabovenudeaide-lewe proceduresaretriedunder thetwo assimptionsthat
the cDNA semence is senseor artisense,and the cDNA diredion is determined,
if possble, basedon the higher alignment sare in terms of canonical splice sites,
matches,substitutions, and gaps. When multiple candidae alignments are found,
due to multiple genomic segnents found in the mapping step, the candidatesare
rankedand reportedaccordingto their alignment sre.

Probabilistic microexon identi cation

The problem of deteding microexonsis challenging becausemerdy changing pa-
rameters to identify them often back r es,resulting in spurious extra exonsin the
middle of introns. The problem isparticularly acute for long introns, which have a
greder opportunity to have anexact match by chanceto agiven short oligomer. In
such casesaprogram mustdecie whether extranucledidesin the cDNA are due
to amicroexon or to aninsetion in the adjoining exons.

Gma has anexplicit procedure for n ding microexons, basedon the method
by Volfovsky and colleagues(2003). It appliesthisprocedurein pass3of nucledide-
levd alignment when the initial alignment of an intron is neither canonical nor
sami-canonical, and when the alignment surrounding the intron has more than
an acceptable number of mismdchesor gaps (0 for a high-quality seqience, 2 for
medum, and 3for low). Also, we require that a microexon be reportedonly if it
matchesperfedly to the genomic seqience and issurroundedby two canonical in-
trons.

When theseconditions are met, the program calculatesa lower bound on the
microexon length that sais esa given statistical signi cancelevd (p < 0:01 by
default). The calculation imposesahigher minimum length recuirement for ami-
croexon in alonger intron, to oVsetitshigher likelihood of anexact match by chance.
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We assime a simple model where nucleaidesin anintron of length L are gen-
eratedindependently with uniform distributions of 24 probability per base For an
microexon with e nucleaides the probability p that the microexon machessome-
wherein theintron and issurroundedby two canonical intronsis

pD1 10 .1=4/™" (2

Notethat herem D e C 8to includethe exon length e aswdll asthe 8 positionsfor
the two required canonical dinuclectide pairs. If we solve this equation for m, we

obtain ~
log.1 .1 p/¥y

D
m log. 4/

2

Therefore,given anintron length L and anupper limit on thestatistical signi cance
p, gmap calculatesthe lower limit for m, and then seachesfor microexonsthat are
of sizeeD m 8orlonger.

Like the Volfovsky method, our procedure seachesfor GT and AG pairsin the
5%and 3°ends surrounding theintron, but considers only thosethat saisfy the cal-
culated lower bound on microexon length. Also, our procedure looks only within
12nt of thealignment boundariesrather thanthe 30nt by Volfovsky, becauselonger
microexons would have been identi ed by oligomer chaining. Potential microex-
ons are then sanred acrossthe intron using Boyer—Moore (197) sublinea-time
string matching, and acceptedif theyare surrounded by the recuisite AG and GT
dinucledtide pairs.

Smilarly, in pass4, gmap can n d statistically signi cart microexons a the 5°
and 3%endsof theaignment. Gmapisvery conse vativein applyingthisprocedure,
requiring a high-quaity seaqience, an adjacent canonical intron, and the remain-
ing subseaience to match exactly to the genome. When theseconditions are met,
the program testseach candidate microexon of length e in the remaning end se-
guencefrom longestto shortest.For each microexon length, the programcomputes
the maximum length L of genomic seaience for the microexon to be statistically
signi cart:

log.1 p/
log.1 .1=4/™M/

3
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In this case,the number of matchesism D e C 4, to account for the microexon
length e and the canonical dinucleaidepair in theintron. Thisamount of genomic
seqienceisthen sannedfor anexact mach of the microexon usingaBoyer—Moore
seach, and the microexon 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 exanples
of theseproblemsare shown in Hgures4 and 5.

Hgure 4 shows some casesof gplice site detedion in the presace of seqience
error. For the r stES, which has one seaquence diVerence relative to the genome,
the canonical intron isremgnizedby ve out of seen programs. Howe\er, for the
seond ES, which has two seaience diVerences,only gmap and sim4can recg-
nizethe canonical intron. On the other hand, programs can be overly sensitive in
remgnizing canonical introns, thereby reaulting in falsepositives.On the third ex-
ample, sim4overcalls a canonical intron by introducing gaps of 5nt in an mMRNA
that otherwisehasperfed seqienceidentity to the genome.

Another classof errors se@ in cDNA—genomic alignment involvesgene struc-
ture, manifestng as missirg or extraexons, asillustratedin FHgure5. The r stex-
ampleshowsanapparent 6-nt diVerence between thecDNA and thegenome. Gmap
and GeneXqe interpretthisasamicroexon surroundedby two canonical introns.
Other programs give lessplausble aignments, involving a combination of non-
canonical introns, 4-nt microexons, and nucledide substitutions and gaps. The
seond exanple in FHgure 5 shows that mary alignment programs truncate their
alignment premaurely in the presece of substitutions or gaps. In this exanple,
gmap and GeneRge are ableto extend the alignment, thereby reveding acanoni-
cal intron and anadditional exon. Thethird exanmplein Fgure 5shows how initial
and terminal exonscanbediY cult for some aignment programsto n d. ThisEST

20



hasa n a 31int exon that ismissedy variousprograns,which try instead to extend
thealignment locally. Although one mustgenerally be careful in makinginferences
from ESTswith seaqience errors, analysis of arare gene of interestmay depend on
maximizirg information from asingle ES. In theseexanples,the predictedexons
areindeedsupportedby other seqiences,aslistedin the Figure.

Experiment I Messanger RNA

Weperformedacomparison of gmap with seweral existing genomic alignment pro-
gramson full-length humanmessager RNAs. For thisanalysis,weusedhe 1INovem-
ber 2004 rdeaseof Ensanbl mMRNAs,and extractedthe 8@ seqiencesanrotatedto
beon chromosome 22 Weultimately excludedtwo segiencesfrom thisset,because
subseaient runsof both gmapand bl at failedto magp them to chromosome22 Se-
gquence ENST0355936was placedby gmap on chromosome2and by bl at on chro-
mosome 7, and seqience ENST0357004was placedby gmap on chromosome land
wasnot localizedby bl at to anywhere on thehumangenome.

The Ensanbl data setcontains annotated exon boundaries,which we usedas a
gold standard. Our daa setcontainedatotal of 8634 exons. Some exons were ex-
tremely short, with 41exonshaving 3to 10nt. In addition, someinter-exon regons
wereaso extremdy short, with 15havinglengthsof 1to 7nt. Thesaegonsbetween
exonsareanmotatedas“introns’, although some programsmay annotatethesesim-
ply assmadl cDNA deletions. In fact, experimental evidence (Wieringaetal., 198)
suggeststhat intronsrequire a least 70 or so nucleaidesfor splicing to occur, and
computational evidence (Yu etal., 20@®) providesevidence for a speces-peci ¢
minimal intron length. For 160f the4l1short exons,therewasashort intron imme-
diately preeding or following, indicating that these'exons’ are marifesttionsof a
short “intron” a the end of anexon. Further ingpedion of the 16short intron/exon
patternsand comparison of thesealignments with avalable EST evidence suggests
that thesepatternsmay have been introduced computationally in order to maintain
therealing frame. The remaning 25short exons surrounded by long introns may
be consideredto betrue microexons.

To testhow robustalignment programsareto segience error, we generatedtwo
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additiona testsetsby computationally introducing random mutations a ratesof 1
and 3%. A similar mutation paradigm hasbeen usedo evduaeabinitiogenestruc-
ture prediction programs (Bursetand Guigd, 1996. For each position in anmRNA
seqgence, we generated arandom number that determined, with 1% or 3% proba-
bility, whether amutation would beintroducedat that posttion. If amutation event
was sdeded,we generatedan additional random number that determinedwhether
the mutation was a substtution, insetion, or deletion, with 8%, 106, and 1046
probabilities regpedivey. Thesegorobabilitiesarethe sane asthoseusedby Tammi
and colleagues(20@) in their simulation of obsevederrorsin shotgun segiences.
For substitution and insetion ewents, we generatedanucledide randomly, without
regard to theoriginal nucleaide. Therefore,the original nucleaide may have been
resibsitutedin thegiven posttion, resultingin no change.

We provided each of the threemRNA daa setsas input to the following pro-
gramsthat were avalable to usand which were desgnedto run primarily on ver-
tebrate MRNAs: bl at version 31(310ctober 2004), dds/gap?2 version 30 October
2008, MGAlign version 137 (25 September 20M), sim4version 21 September 2008,
Sideyversion 135, and gmap. Parameters usedwere all default, without any addi-
tional ags,with the following exceptions: for sim4 we usedthe ags“A=4 P=T",
which printsthealignment and removespoly-A tails(which arenot preseat in these
datasetsanyway); for oidey weusedthe ag“-p 07, which printsthesummay and
alignment; and for gmap, we usedthe ags“-BA’ to indicate a batch run that pre-
loadsgenomic lesinto RAM and to print the alignment. For dds/ggp2, weranthe
threeprograms dds, ext, and gap2 in sequence, each without any additional ags.
For pure aignment programs,we providedthe genomic segnent corregpondingto
each mRNA, with anadditional 1000nt on each end. Wetesedall programson an
Intel Linux machine with 2 Xea processrs a 24 GHz with 2 gigabytesof RAM
running RedHat Linux.

For each dataset,we devdlopedagold standard setof exon—exon boundariesin
thecDNA. Thegold standard for theunmutateddata setwas derivedfrom the exon
coordinatesprovidedby Ensanbl. Annotationswere addedto indicate whether the
correponding introns had acanonical or non-canonical pair of dinucleaides,and
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to mark short exons (100r fewer nucledides)and short introns (7 or fewer nu-
cleaides).Gdd standards for the mutated data setswere computedby shifting the
exon—exon boundariesaccordingly when theyfollowedinseationsor deletions.

We parsedthe output of the diVerent programsinto auniform format that con-
tained the computed exon boundaries,plusthe dinucleaide pair for each intron.
We then comparedthe computedexon boundarieswith the gold standard to count
errors of varioustypes. Our comparison involved a dynamic programming pro-
cedureto n d corregponding exon—exon boundariesbetween the computed and
gold standard gene structures. This procedure was relatively simple to implement,
but was neecedto swre reailts for the mutated data setswhich causedprograns
to frequently missexons or include extra ones,and to shift splice sitesby various
distances. Complete input and output lesfor this and the other experiments are
avalable as Qupplementary Material.

Weclassi ederrorsinto two classes—enestructureerrorsand splicingerrors—
and counted the number of mMRNAs for which anerror occurred. Counting on a
per-seaience basis makessensebeausesplicing and gene structure decsionsfor a
seqienceareoften interrelated,makingit diY cult to asseshow mary individud er-
rorsin aseaqience were actually committed. Hence,aseqience that had morethan
oneerror of agiven classwascountedasasingleseaienceerror, with such casede-
ing placedinto a“multipleerror” category. Gene structureerrorsoccurredin cases
where the genomic alignment programmissecne or more5° 3° or internal exons
(either microexonsor longer ones),or insetedanextraexon. Splicing errorswere
counted when a program shifted either end of a gold standard canonical intron to
adiVerent genomic position, or when it shifted either end of agold standard non-
canonical intron to crede a canonical intron. We call the latter error “overcaling’
a caronical intron. In the gold standard, we found 2 non-canonical introns that
could be convertedto acanonical onewith 0 substtutionsor gaps;38that could be
convertedwith 1substtution or gap; 6 with 2 substtutionsor gaps;1with 3subst-
tutionsor gaps;and 3with 4 substitutionsor gaps. We excludedthesentronsfrom
being countedas either shifting or overcalling errors, since mary programs are de-
signedto convert thesenon-canonical intronsinto canonical ones.In particular, on
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the unmutated data set,sim4 converts all of the above non-canonical intronsinto
canonical ones,and gmap converts al that involve 0, 1, or 2 substitutions or gaps,
or that involve 3contiguousgaps.

Beausewe evduaed gene structure and splicing errors searately, a seaience
could have been countedasanerror in eah class,which occurredegpecidly when
the errorswereinterrelaed. For exanple,failureto remgnizeaninternal exon, es-
pecidly amicroexon, canleal to anerror in n dingthecorred splicesite. (On the
other hand, failure to remgnize a 5% or 3°exon would not lea to a splicing error,
since no intron would have been predicted.) Becausethe two error classesre not
mutually exclusive, we also tallied the union of seauenceswith one or more errors
of any type

Thereasllts of thisexperiment are shown in Table 1 On theunmutateddataset,
gmap made no errorsin identifying splice sites. In terms of gene structure, it had
two diVerencesfrom thegold standard, for aper-seaienceerror rate of 0.2%. How-
ew, in thesetwo cases|t is not clea whether the gold standard or gmap hasthe
more plausble alignment. On seqience ENST0354373gmap startsthe alignment
a position 13, rather thancredingainitial exon of 13nt followedby anon-canonical
intron. On seqience ENST0338911gmap alignsaninitial exon of length 120with
18subsitutionsand 4 gaps,insteal of creding threeexons of length 40, 15 and 65,
separated by two non-canonical introns. In terms of microexons, gmap identi ed
all 25microexonsin thegold standard that were not adjacent to ashort intron.

Other aignment programs had higher error ratesthangmap on theunmutated
data set. In identifying gene structure, MGAlign came closestwith 25wrong se-
quences(2.8% error rate). Error ratesfor theremaning programsrangedfrom 4.6
to 8. 4. In identifying splice sites,bl at had 10errors (11% error rate), while the
other programs had error ratesbetween 4.0 and 102%. Interestngly, 9 out of the
10bl at splicing errorswereascidedwith microexons,becausetheyweremissed,
predictedwith thewronglength, or machedto thewrong placein theintron. Over-
all, if we consider the union of seaqienceswith gene structure errors and splicing
errors, gmap had no errors, whereas the next bestperformer had anerror rate of
.
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On themutateddatasetsgmap also outperformedother programs. In termsof
gene structure errors, on the 1% daa set,gmap made errorsin 15seaqiences(17%
error rate), whilethe other programshad error ratesof 36 to 8.5%. On the Yo daa
set,gmap made gene structure errors on R seqiences(3.6% error rate), whilethe
other prograns had error ratesof 75to 20.8%. The gene structure errors made by
gmap typically involved short exons, induding microexons and short missirg 5°
and 3%exons. For exanple, in the % daa set,the missirg end exonswere al less
than25nt.

In terms of splicing errors, gmap outperformed the other programs by ewen
larger margins. On the 1% dataset,gmap madeno errors,whilethe other programs
had error ratesof 5.1to 314%. On the Yo dataset,gmap madeerrorsin 6 seqiences
for anerror rate of 0.7%. By comparison, other programs had error ratesof 6.3to
567%, due predominartly to shiftedcanonical splicestites.

Running timesfor the diVerent programs are also shown in Table 1 Therun-
ning time for gmap wasfor asinglethreal. Therunning timefor bl at was shown
for client—se'ver mode. Timesfor gmap and bl at do not include startup time for
the sever or for memory mapping the oligomer index les.(Gmap recuiresabout
3minutesto memory mgp lesfor thehumangenomeoniits r strun, but much less
time on subseqient runsif pagesfrom the le are still resdent in memory. Bl at
recquiresasomewhat longer timeto start its se'ver.) Running timesfor the remain-
ing programs measure cDNA alignment to their corregponding genomic segnents,
and include the time neecdto restrt the programfor each aignment. Therun-
ning time for dds/ggp2 is extremely long, which probably re edsitsreliance upon
alignment proceduresat the nucledide leval. We aso note that MGAlign shows a
substartial increasein running time with the mutated data sets perhapsre eding
some underlying characteristic of its handling of substitutionsand gaps.

Experiment 2: ExpressedSequence Tags

Our seond expeaiment assessetthequdity of genomic mappingand genomicalign-
ment on ESTs. We compared gmap with bl at , the only other integ-ated program
for mgpping and alignment avalableto us. We constructedatestsetof 48441ESs
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by taking every 10@h humanseaience from GenBark. We usedeach programto
map theseESTs onto the NCBI human genome version 35, ignoring contigsthat
were labeled as unmagpped. Werangmap in bach mode and the sever version of
bl at version 31on the Linux Intel Xem platform descibed previoudy. Run time
for for thetestsetwas 3hours,2 minutesfor bl at and 3 minutesfor gmap.

BeauseESs are of widdy diVering qudity, we assgned each ES a qudlity
smre, which was the percentage identity of the ES rdative to the genome as de-
terminedby the higher identity semrebetween thegmap and bl at alignments.

Resultsof our comparison areshown in FHgure6. Thetop plot showsthenumber
of ESTsa each qudity lewe. Therewere 108ESsthat neither programcould align
to the genome. In addition, therewere 3472ESs (or 7%) that had 60% identity or
lesdy both programs. TheseE STswereare shown astheleftmostvertical bar in the
top graph, and were disregardedfrom further analysis. Approximatey half (20,93%
or 47.7%) of theremaning ESTshad qudity soresof 98% or more.

For each ES, we determined whether gmap or bl at provided a better aign-
ment. Becausethetwo progransreport soresdiVerently, we smredall alignments
using the bl ast sa@ring system (Altschul etal., 1990, which assgns C1 point for
matches, 3for mismdches, 5 for gap openings,and 2 for gap extensions,in-
cludingthe r stnucleaidein the gap. Beausethe PS. output of bl at includesin-
tronsin itscount of genomic gaps,weignoredarny genomic gap greder than10nt as
aputativeintron in computingthebl ast alignment swrefor tha program. To dis-
recard minor diVerencesbetwean alignments, if the diVlerence betwean alignment
soreswas 10pointsor lessyve consideredthe alignmentsto beatie.

In comparing the ESIs, there were threepossbhilitiesto consider: (1) both pro-
grams aligned the ES to the sane (overlapping) genomic location, (2) the pro-
grams alignedthem to diVerent locations, and (3) only one program provided an
aignment. The r stcategry was represated by 43407 ESs (96.5%); the seond
by 120§2.7%%); and thethird by 356(0.8%).

Amongthe43407 overlapping cases 2,187 or 74.2%) ESshad atieswore; 803
casey(18%%) had a better alignment by gmap; and 318&aseg(7.3%) had a better
alignment by bl at . The middle graph of the gure shows the counts of ESs for
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which the alignment was superior by either program,distributedaccording to their
qudity sore. Thegraph showsthat below aquality s@re of 83%, alignment qudity
wasevenly dividedbetween gmap and bl at . Howe\er, aboveaqudlity swre of 83%,
gmap providedabetter alignment more often thanbl at . If we consider the 20,635
ESswith 98%identity or more,18363(89.0%) wereties, 19589.5%) favoredgmap,
and 31915%) favoredbl at .

Thebottom graph of FHgure 6 showsthe non-overlapping caseswhich includes
the 1206ESIs aligned to diVerent genomic locations and the 36 aigned by only
oneprogram. Thesecasegepresat ardatively smdl percentage of the ESTs, but as
before, above aqudity sare of 83%, gmap providesa better alignment more often
thanbl at does.

Experiment 3: Arabidopsis mMRNAS

Obsevaions of nucleaide frequenciesaround splice sitesindicate that they are
gpeces-peci ¢ (Senapathy etal., 1990. In addition, intron lengths have signi -
cartly diVerent distributionsin diVerent speces,with C. degns, D. meanogaste,
and A. thalianahaving shorter intron lengths on averagethan S.cerevisiae and hu-
manbeings,and lower organisnsonly rarely havingintronsof the 1000nt or longer
variety found commonly in higher eukaryotes(Lim and Burge,2001). Accordingly,
cDNA—genomic aignment programs may potentially perform diVerently on diVer-
ent speces.To assesthe performance of gmap on aspecesdiVerent from the pre-
vious human expeaiments, we evduaed it on the plart Arabidopssthaliana. We
comparedgmap with Geneqe (Usukaetal., 200Q Stlueter etal., 2003), which
was desgned for Arabidopsis, and which has been shown in a previous compari-
son (Haasetal., 20(@) to give the bestavalable performance on that genome.

For our test,we usedthe data setfrom that comparison, which consisted orig-
inally of 8016full-length cDNAs from Ceres,of which 5000 are publicly available
in GenBark and 16are proprietary; for our purposes,we usedonly the publicly
avalable seqiences.Weusedgmap to mgp and align the cDNAsto the Arabidopsis
genome (TheArabidopsis Genomelnitiative,2000. Wealso processeeach cDNA
and its corregponding genomic segnent, with an additional 1000nt on each end,
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using Gene&ge (5May 2004 version). Weran GeneRqge with the ag “-s Ara-
bidopsis’ to useits Arabidopsis-eci ¢ parameters. (In passirg, we note that the
parametersfor GeneXqe that we usedfor the humanESsin FHgures4 and 5were
“-s human-x 30-y 60°, asreammmendedby the programsauthors.) Runningtimes
for the Arabidopsisdata setwere 42 minutesfor GeneS&qge and 1minute for gmap;
thesetimesare not entirely comparable, becauseGeneRqe neecdto berestrted
for each cDNA—genomic alignment.

In al but 23seqiences(or 99.5% of the time), the two programs gave simi-
lar gene structuresand splice sites. In terms of gene structure, ve diVerencesin-
volved short 5% exons. GeneSqge reported three5° exons not reported by gmap,
with lengths of 9, 6, and 6 nt. Gmap reportedtwo 5%exons not reported by Gene-
Seqe, with lengths of 9 and 8 nt. Two of the seauence diVerencesinvolved 3% ex-
ons. In AY086334 GeneXqe reportsa 9-nt terminal exon not reportedby gmap.
In AY085991 gmap found 33nt terminal exon not found by GeneSqe. Instea,
GaneSqe extendsthepreviousexon through astretch of 2gapsand 4 mismaches.

The remaining 16casesinvolve diVerencesin splice sitesand one microexon.
Thealignmentsfor thesecasesareshown in Fgure7. Intwo of thesecasesAY086916
and AY088919 markedin Fgure 7 with an(l), the genomic splice site predictions
of thetwo programsareidentical, and thediVerenceslieonly in the predictedexon—
exon boundary.

In threecasesmarkedwith a(P), adiVerent choice of parametersallows Gene-
Seqe to givethe sane amnswer asgmap. For AY08166 GeneSge makesanalign-
ment on the wrong strand. Srand sdedion in Gene&qge depends on splice site
sores,and the corred strand givesvery poor splice sites. For AYO86677 the in-
tron shown isshorter thanthe minimum length that isthe default in GeneSqe; as
discussegrevioudy, such short introns are atypical. And for AY088919 the 3-nt
microexon isshorter thanthe default minimum sizeof 5in Gene&ge.

In evduaing the remaining diVerences we should notethat the emtypesof the
datasetseqiencesdo not neessaly corregpond to the Coumbia emtype usedin
assenbling the genome. Therefore, mismadchesand gaps may re ed diVerences
in eotype GeneSge is more likely to introduce substitutions and gaps around
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introns, becauseit depends upon probabilistic splice site modelsin addition to the
seqience daa, whereas gmap triesto identify the most parsimoniousalignment of
the given cDNA to the given genomic segnent.

To help determine which program givesthe corred result, we looked for sup-
porting eMdencefrom other ESTsor mRNAsthat map to the splice site. Supporting
evidence wasfound for 5casesmarkedin FHgure 7 with an(E). For AYO86065and
AY088578 the evidence appeasto support the splice site in the gmap aignment,
whereasfor AY08487 7and AY087013theevidenceappeasto support the Gene -
ge licesite. For AY086965the EST and mRNA evidencedo not relvetheissie
of where the cDNA nucledidesmap to the genome. In this case,we found other
seqienceswith anadditional 4&2nucledidesrdativeto thetestcDNA, which gmap
introducesasanew middle exon and which Gene®qge appendsto itsexisting mid-
dle exon. We aso found a full-length seaqience AAC50956in the patent database
that GeneSge alignsto givethe sanesingle 630-nt intron asgmap.

To evduate the robusinessof the two programs to seqience error, we creded
mutateddaa setsa ratesof 1and 3%, using the same approach asin Expeiment 1
We usedonly the 4977 sequencesfor which thetwo programsagreedon genestruc-
ture. Thereaults of thetwo programswere roughly equivdent. On the 1% dataset,
GeneRqe had no gene structure errors and shifted canonical splice sitesin 8 se-
guences.In comparison, gmap had four gene structure errorsand threeseqiences
with splicing errors. The gene structure errors committed by gmap were relatively
minor, with missirg 5°exons of lengths 10and 9 nt and missirginternal exons of 6
and 7nt.

On the 3% daa set,GeneXqe also had no gene structure errors and shifted
canonical splice sitesin 13 seqiences. Gmagp had gene structure errorsin 9 se-
guences,and splicing errorsin 9 segiences. As before, the gene structure errors
by gmap were minor with missirg 5%exons of lengths 20, 1Q and 9 nt, and 6 miss-
ing internal exons, al of length 7 nt or less.The splicing errors by gmap involved
shiftedcanonical splicesitesin 5seqiences,and conversion of semi-canonical (GC—
AG) splice sitesto canonical onesin 4 seqiences.



| mplementation

Gmap isimplementedin the C programming language. It canbe compiledand run
on any modern Unix system with a32-bit or higher architedure. We have compiled
and run the code succes$ully on Digital Alpha Tru64, Slicon Graphics Irix, Sun
Slaris, Intd Linux, and Mac OSX platforms. Source code and documentation for
gmapand asociaedprogramsareavailablefor open usesat http://wwwgene.com/share/gnap.

Before gmap can handle a given genome, it requiresthat the genome be pre-
processedby constructing a genomic oligomer index (consisting of an oVset le
and a posttion le) and a genomic seaqience le. These lesare generated by an
auxiliary programgmap_setu p, in aprocesscanrequire afew hoursto complete,
dependingon thesizeof thegenome. Howe\er, each releaseof agenomeneedsto be
setup only once,and theresaultingbinary lesareportableacrossdiVerent computer
architedures,becausegmap trandatesthe le contents asneassay for big-endian
and little-endian platforms.

Thegenomemay bereal in asfasta lesthat contain either contigsin ary or-
der or entireassenbledchromosomes.Thechromosoma location of contigscanbe
gpeci edeither in thehealer linesof thefasta leor in asearae le. Theprogram
canhandleanarbitrary number of chromosomes,and canconcatenate acolledion
of contigsto crede aspecid-purposechromosome (e.g., “224J” for unmgppedcon-
tigsfrom chromosome 22). Arbitrary chromosomesmay also usedto include alter-
nate versions of a chromosome, such asthe Celera version of mousechromosome
16(Muradl etal., 2@) or thetwo avalableversionsof humanchromosome 7 (Scerer
etal., 2008, Hillier etal., 20(8).

The genomic seaqience le represats the genome in one continuous segience
with the chromosomesconcatenated. It may be stored in a compressedormd,
which facilitatestherealing of theentiregenomeinto RAM, when suY cient RAM is
avalable. (In addition, some 3-bit machineslimit leoVsetso 2 gigabytes,which
makescompresson ne@ssay on thesemachinesfor ranrdom  |le accessfunctions
to work properly.) Thecompressedormat allocates3bits per position, allowing for
represatation of A, C,G, T, N, and X. Thecompresson stheme storeseach block of
R nucleaidesinto three32-bit words,with the r sttwo wordsholdingthe r sttwo
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bits of each nucleaide,and thelastword holding thethird bit (which issetonly for
non-ACGT letters). If the use choosesnot to compresshe genomic seaience le,
thefull range of alphabetic characters can of coursebe represated. For the human
genome, genomic oligomer lesrecuireatotal of 19 gigabytesand the genomic se-
guence lerequiresllgigabytescompressed31gigabytesuncompressed).Once
agenome is processedy gmap_stu p, the use may retriewe arbitrary segnents
from the genome using the auxiliary programget-g enome. The segnents may be
gpeci edby either contig coordinates(if applicable) or chromosoma coordinates.

Gmag canberunonafasta lecontainingoneor more cDNA seaiences.For
asingle seaquence,gmap isgeneraly run in interactive mode, in which parts of the
genomic lesarereal diredly asneeded.For larger runs,theuse may sded abach
mode, in which the program attempts memory mapping, r ston theoligomer le
and then on the sequience le. Memory mapping permits fast accesso portions of
a le,without havingto load theentire leor alocate dedicatedRAM for theentire

le. If the attempt at memory mapping fails on ether le (usudly due to insuy -
cient memory available), the program automatically rertsto its interactive mode
for that le, by subseqently using le accessfunctions. Memory mapping of the
oligomer le,which need more frequent accessjsmoreimportan for speedthan
memory mapping of the gegnome le. Therefore, the minimum memory require-
ment for the programisonly 18 megabytes athough bach modeworks optimally
when there is enough memory avallable (2 gigabytesor more) to permit memory
mapping of theoligomer leand to avoid havingto swep out partsof that le.

A third mode of gmap allowsthe use to provide both agenomic segnent and
oneor morecDNA seqiences.In thismode,oligomer index lesarenot needd,be-
causegmap bypasseshe mapping step and alignsthe cDNA seqiencesto thegiven
segnent. Thismode givesgmap the sanmefunctionality as pure genomic alignment
programs,and isusdul for computing cDNA alignmentson the vy for aparticular
genomicregon of interest.

In processig a FASTA le, gmap is able to usemultithreading, which works
most eVedively on machineswith multiple processrs. When multithrealing isen-
abled, one threal handlesrealing of the input, one handleswriting of the output
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alignments,and oneor moreworker threadseach processeanindividua cDNA se-
guence. Our implementation allocatesthreal-speci ¢ memory in critical portions
to reduce memory contention acrossthreals. Thread-speci ¢ memory allocation
is particularly critical becusethe underlying represetation of a cDNA—genomic
alignment in gmap isalinkedlist,which requirescellsto be addedand deletedfre-
guently. Although thisrepreseatation facilitatestheinsetion, deletion, and subst-
tution of subdignments, it can causecontention for hegp memory when multiple
threals needto build up their linkedlistssimultaneaudy. In turn, heg contention
prewvents multithreadingfrom usingthefull potential of multipleparallel processrs.
Therefore,gmap hasdedicatedmemory allocation proceduresthat giveeach thread
itsown pool of hegp memory asneeded,thereby minimizing heg contention.

Additional feaures

In the courseof our development and useof gmap, we have addedseeral fedures
that extend itsfunctionality. Although full discussin of thesdeduresisbeyond the
smpeof thispaper, we mention them brie y here.

Identi cationof chimericESIs Gmaiscapableof n dingandreportingchimeras,
or ESTswhose5%and 3°ends map to diVerent genomic regons. Although chimeric
ESIsare often thought to belibrary artifacts (Sorek and Sder, 200), some obse-
vaions suggestthat such chimeras are indicative of trandocation ewents in can-
cer (Panagopoulos et a., 2000. Furthermore, some reent expaimenta resilts
havecon r medsomenovd chimerasdetededusinggenomicaignmentsof ESIs(Hahn
etal., 2004).

For agiven cDNA, gmap maintains all alignment reaults in memory during its
calculations. When no single alignment is able to cover a certain fraction of the
origina length (speci ed by the use, with a reasonable vaue being 60 or 70%),
gmap n dsthepair of partial alignmentsthat providesthe gredestcoverage of the
query seauence. Thispair isthen reportedasthe optimal solution to the chimeric
alignment. In some casesthis solution has better coverage than one would get by
taking thelongestalignment and then trying to align theremaning cDNA.
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Relativealignment of ESTs Gma hasamodewhereasetof ES[scanbealigned
relative to areference seqience. In thismode, the use providesgmap with both a
full-length messager RNA and aFASTA  leof ESTs. Gmathen useshemessager
RNA to identify the appropriate genomic segnent and to mark it with the coding
regon and codon positions. Fnally, gmap useshis marked genomic segnent to
align the ESIs. Basedon the codon markings,gmap can determine whether each
EST overlapsthecodingregon or liesin anuntrandatedregon or anintron.

Thegenomic codon boundariesalso enablegmapto perform aframedift-toleran
trandation of the ESI. Thistrandation maximizeghe amount of ES information
avalable to identify putative point mutations and polymorphisms, but of course
missepotentially trueframesift mutationsthat may lead to apremaurestop codon.
Gmag comparesthe trandation of each ESI against the trandation of the refer-
enceseqienceto report asummay of protein seaqiencevariations,including SNPs,
amino acid insetionsand deletions,and aternative spliceforms.

Compressedalignment format Gmagp can produce alignments in a variety of
formas, including a compressedormat that savesconsiderable space. The com-
pressedormat storesonly diVerencesrelative to the genomic segience. The com-
pressedlignments may be uncompressedo their original form using a provided
utility program.

Lookup of genomicmap information Gmap hasthecapability of lookingup in-
formationin agenomicmgp leto n dinformation relativeto agiven cDNA align-
ment. Genomic mgp lesconsist of a setof genomic intervas, with each interva
having some anrotation, an optional label, and an optional tag. Theyare imple-
mentedasaninteg intervd tree(lIT) (Bucher and Eddslrunner, 198), which is
abinary treestructure desgnedfor therapid retrievd of all intervasthat overlap a
given query intervd. IITspermit retrievd of all k overlapping intervasfor agiven
query intervd in O.k C log, n/, where n is the total number of intervds in the
database

The anmotationsin our genomic mgp lescanbe of arbitrary length, mearing
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that onemay storesegiences entireaignments,or other arbitrary genomic bounds
such ascytogenicbandsand syntenicregons. At our institution, weroutinely crede
genomic map lescontaining prevoudy computed EST alignments (in our com-
pressedormat). Such lesalow usto rapidly retrieve al ESTsthat overlap agiven
MRNA on the genome. Another useisto construct agenomic mgp lewith gene
boundaries(potentially overlapping). Theresultingmap lecanthen beusedo tell
which geneagiven ES belongsto.

Each intervd in our genomicmap lesmay havealabel, and the setof labelsare
also storedin abinary treestructure,allowingoneto retrieveanintervd by namein
logarithmic time. Tagsallow oneto mark and retrieve subsetof intervas. We often
usetagsto storeintervasasbeing on the plusor minusstrand of the genome, so we
canretrieve ESsfrom agpeci edstrand if desied.

Aligningagainst multiplestrains OurlIT lesalso makeit possbleto eY ciently
store and retriewve strain variants for a given speces. Therefore, we have built into
gmap the ability to map and align a given cDNA over multiple strains simultane-
oudy. Mapping over multiple strainsrequiresthat we augment our genomic index
table with 24-mersfrom all strains. Alignment over multiple strainsrequiresusto
build a genomic magp lethat contains strain diVerencesand their genomic coor-
dinateson areference strain. At run time, when a candidate genomic segnent is
found in the mgpping step, gmap usesn subsegient alignment stepsnot only the
genomicsegnent from thereferencestrain but also segnentsfrom relevart alternate
strainsby patchingin the alternate strain segience. In rarking theresilts,gmap is
therefore able to identify the strain that bestmatchesagiven cDNA. Given that the
NCBI mousegenome (build 33 has seaqiencesfrom 9 diVerent strains, thisfedure
canresllt in considerable savingsover magpping and aligning separately against a
complete genomefor each mousestrain.



Discusson

Our programgmap is desgnedto provide a general-purposesolution for cDNA—
genomic magpping and alignment. Most existing prograns are intended to solve
either the mappingtask or the alignment task, but not both. Programsthat do pro-
vide integated magpping and aignment, namely, bl at and squal |, are intended
primarily for batch or se'ver mode,not for single query or interactiveuse

Although one advartage of aninteg-atedmapping and alignment programover
segarate prograns is convenience, coupling of the mgpping and alignment tasks
also providesfunctional advartages.Genomic aignment programsrequiretheuse
to supply the corred genomic segnent to align to, but the corred segnent may not
be apparent when there are multiple candidate genomic locations. One approach
to this problem istry to improve the ability of the genomic mapping procedure to

n d the corred location initially. Another approach, taken by gmap, exploits the
integation of genomic magpping and alignment: the corred genomic mgpping is
determinedby theresults of the alignment procedure.

Our program gmap has been in devdopment for over 3yeas. In that time,
the program has undergone continuad ewolution, both to improve its accuracy and
speedand to provideadditional functionality. SnceexistingcDNA—genomicalign-
ment programscanhandle9%% of error-freeseqiencescorredly, our work hasbeen
dewtedprimarily to theremaining 36, and toward perfeding genestructure deter-
mination and splice sitedetedion in the pres@ce of segienceerror.

One central issie in our devdopment processhas been whether to useproba-
bilistic models of splice sites,such ass@ring marices(Sdzberg, 199; Brende and
KleVe,1998. Such moddsareusedwidely in abinitiogene n dingprograms(Uber-
bacher and Mural, 1991Burge and Karlin, 199; Lukashin and Borodovsky, 1998
Sdzbergetd., 1999Reeseetal., 2000 and in homology-basedgene n ding pro-
grams (Guigo etal., 1992Huarg et al., 199; Gatoh, 1999 Batzoglou et al., 200Q
Korf etal., 2001, Novichkov etdl., 2001, Rinner and Morgenstern, 20@; Brendéd
etal., 2004), and their usehas continuedin marny cDNA—genomic alignment pro-
grams. Likewise,in our ealy devdopment of gmap, we aso usedsuch s@ringma-
trices. Howeer, we found that by improving the alignment methodology through
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oligomer chaining and sardwich DP, such maricesprovedto be unneessay, since
the cDNA segience (even with errors) plusthe dinucleaide pairs at the end of the
introns provide enough information to determine the splice site boundariesaccu-
rately. The absence of plice site models providessome advartages:it allowsthere-
portedalignmenttore ed thegiven daarather thanprior probabilitiesof splicesite
patterns,and it potentially makesthe genomic alignment task generalizable across
speces.

Another issiein our development work hasbeen computational speed poth for
processiig a single cODNA and for processig alarge bach of ESTs. We have found
it usdul to be ableto mgp and align asingle cDNA seaience quickly when needed,
and to be able to switch quickly among diVerent genomesor versions of agenome.
Asthenumber of sequiencedgenomesgrows,a le-basedapproach to mapping and
alignment should beamme increasingly usdul. Although we have mentionedbach
running timesonly brie y in our expeimental results, they show that gmap pro-
videsa sewra-fold increasein speedover existing programs. Our running times
are even faster when multithrealing is enabled. In our institution, we are able to
map and align the GenBark setof approximately 6 million humanESs onto the
genome using asingle computer with threeworker threadsin lesgshan2days.

Although some use's may not be concerneddiredly with computational issies
such asalignment accuracy or speed thesessiescanhave asigni cant impact on
our understanding of theunderlying biology. Aswe have mentioned,improvements
in alignment accuracy canlead to improvedgenomic mapping of cDNAs,and hence
result in better den itions of gene boundaries. Moreover, the ability of an align-
ment program to deted splice sitesin the pres@ace of seaqience error and in the
absenceof prior biasmay alter our assessint of thefrequenciesof canonical, semi-
canonical, and non-canonical splice sites. Likewise,our knowledge of microexons
and chromosoma rearangements can be enhanced by accurate prediction of gene
structuresand chimeric ESs. Accurate and fast genomic mapping and alignment
should facilitate our exploration of the genomeand our understanding of the struc-
ture,function, and ewlution of genes.
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Foure 1Distribution of oligomers of variouslengths in the masked regon of the human
genome (NCBI build 29). The horizontal axis represats various oligomer sizesfrom 11
through 25. Thetota space of possble oligomersincreasesexponentially, as shown by the
exponentially increasing line. For each oligomer size countsof all overlapping oligomersin
themaskedpart of the humangenome are shown by thetop line,and the counts of distinct
oligomers are shown by the topmost sigmoid line. Distinct oligomers can be dividedinto
unique oligomers, which occur once (shown by the sigmoid line with percentages),and
repededoligomers,which occur morethanonce (shown by the bottom line).
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Fgure 2 Oligomer chaining and nuclectide-levd alignment. The top part of the gure
shows oligomer chaining. The horizontal axis represets positions on the cDNA seaience.
Each cDNA position may have one or more matchesof 8-mers to the genomic segnent,
represated by a vertical stack of cdls. For each cdl, the dynamic programming proce-
durelooksfor anoptimal previouscel, asrepresatedby thin diagonal linesbetween cdls.
The highest-soring chain of 8 mer maches,represatedby athick line, descibesthe op-
timal approximate aignment. This alignment may contain jumpsin cDNA or genomic
coordinates,dueto introns,cDNA insetions,or seqience diVerences.Thesgumpsarere-
solved by various nucleotide-levd alignment procedures,represatedin the bottom of the

gure by various dynamic programming matrices. Sardwich alignments bridge large co-
ordinate jumps acrossintrons (horizontal dashedline) or long cDNA insetions (vertical
dashedline). The existence of short exonsis relved by an exon tesing procedure that
comparesalignmentswith and without the short exon.
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Fgure 3Sarwich dynamic programming for identifying splice site boundaries.Thissolu-
tion corregpondsto anintron in EST seqience BRB46255 shown in themiddle of FHgure4.
Two alignment matricesare shown. The cDNA segienceisshown on the common vertical
axis, and the 5°and 3° genomic ends of the intron on the horizontal axis of each matrix.
Thetwo matricesare solved“outsidein”, asshown by the diredion of the arrows. The op-
timal solution, shown in bold, isfound by adding termsin adjacent rows, plusareward for
canonical introns,asindicatedby the boxed GT-AG pair.



1seqencediVerence
BF669985519.530, chr +X

2seqencediVerences
BRB34625569..80, chr +9

0 seqiencediVerences
BF591480252.264, chr +11

Evidence 36950 M64241,M73791 No overlapping ESTs Al051280Q BEB58123
g m w CAGAAGGTATGT...CCTTAGATCCACA ACTTGGCAAGGTAAAT... ATTTAGGGTA ACATTGTGAAGT...TTGTTTGGTGAC
[lll[[>>>>>>..>>>>>>[||]]| [HIl->>>>>>..>>>>>>]]| [Il|======...======{[]|||
CAGAAG 75 ATC ACA | AC TGGCAG 7812 GGTA| ACATTG 98 GGTGAC
bl at CAGAAGGTATGTAG...TAGATCCACA| ACTTGGCAAGGTA..TCATTTAGGGTA| Saneas gmap
“”” I:::::: ::::::”“ “l-l”:::::: ::::::““”
CAGAAGAT 76 CACA ACT GGC 7813 AGGGTA
dds/ggp2 | Saneasgmap ACTTGGCAAGGTAA...CATTTAGGGTA| Saneasgmap
Hlli======...======]]lj
ACT GGCA 7813 GGGTA
GeneXge | Saneasgmap Misses exon Saneasgmap
M GAIlgn Saneas gmap ACTTGGCAAGGTAAAT.. TTTAGGGTA| ACATTGTGAAG...GTTGTTTGGTGAC
“l-““ |======...======|” I“”:::::: —===== ”““
ACT GGCAGG 7813 GTA ACATT 98 GGGTGA(Q
M4 Saneasgmap Saneasgmap ACATTGTG...AAGTTGTTTGGTGAC
[[[[>>>...>>>--|—[[[]]]
ACATT 92 G GGTGAC
a)ldey CAGAAGGTATGTAGTG...GATCCACA ACTTGGCAAGG...GTCATTTAGGGTA | Sane asgmap

11
CAGAAGATCA

[ Il
76 CA

UL
CAGGGTA

Figure 4 Solicing errors. This gure shows alignments generated by various programs
around introns in threeseaiences. Alignments have been formatted in a uniform style.
The r stcolumn showsacanonical intron (markedby '>") from anEST with oneseqience
diVerence neaby: asingle gap (markedby '-"). The seond column shows a carnonical in-
tron from an EST with two gapsneaby. The third column shows a non-canonical intron
(markedby '=") with no mismatchesor gaps. Alignments havethe genome seaienceon top
and the cDNA on the bottom, with thecDNA in itsforward direcion. Numbersbelow each
intron indicateits length in nuclectides. Other overlapping ESIs are listed as evidence for
the corred alignment found by gmap.
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Microexon Low quality 3%end Final exon
BM467080555.571, chr C3 BG118317738.757,chr 12 AA036958424.439 chr 1
Bvidence BE261245BQ879950 CK0O04314 BG385668BG747641 BM745724 CD612209BF382871
gmap GAGTCAGGTA...CAGCATCAGGTA... TAGACAA GCTATATGAAGAGGTA...CAGGAGATCCG@AGGTA...CAGGCTGATTCACCCC
[H>>>..>>>[|[[||>>>...>>>[|]| [ N> >>> ][] [[1>>>..>>>[|[[[[lI[}]]
GAGTCAG 393 CATCAG 198 ACAA| GTTGTATGAGAG 522 GA ATCCGG| AAG 6772  GCTGATTCACCCC
bl at GAGTCAGGTA...CTTCATCTCA.. TGTAGACAA| Alignment endsat nt 651 AGGAAGG
[III===...===(l||===...===(lll| i
GAGTCAG 48  CATC 543  AGACAA AGGAAGG
dds/gap2 | GAGTCAGGTA...CCTCATGTAGACAA GCTATATGAAGAGGTATGTT...GATCCGG AAGGT ATTTGTCCC
[===...===[|| Ll L1 - [l===...===lll -l Il
GAGTCAG 590  CATC AGACAA GTTGTATGAGAGGAAT 523  CCGG | AAGGCTGATTCACCCC
GeaeRqe | Saneasgmap Saneasgmap Saneasgmap
MGAIlign | TcAG 595  AGACAA Alignment skipsnt 691to 748 Saneasgmap
[ 2|
TCAG 4  AGACAA
M4 GAGTCAGGTA...CTGCCCTCATGTAGACAA | Alignment endsat nt 714 AAGGT ATTGTCCC
===...===---]||- il -1l Il
GAGTCAG 586 CAT CAGACAA AAGGCTGATCACCCC
Spidey GAGTCAGGTACTTGAA.. TAGACAA Alignment endsat nt 705 Saneasgmap

111111
GAGTCAGCATCAG

I :::“_:::“”
501 ACAA

Fgure 5 Gene structure errors. This gure shows aignments for threeadditional ESTs.
Notation followsthat of Figure 4, with the addition of the character '#', which indicatesa
dua bre& in thealignment in both thegenomeand the cDNA seaience. Thelengthsof the
two bre&sareindicatedabove and below the alignment.



Genestructureerrors

Slicingerrors

Condition Time | Miss Mis3 MisM Misl Extr Mult Total | Shift Over Mult Total | Union
gmap, 0% 112 1 0 0 0 0 1 2 0 0 0 0 0
gmap, 1% 120 3 6 3 0 2 1 15 0 0 0 0 15
gmap, 3% 130 10 7 8 3 2 2 K24 5 1 0 6 A
bl at, 0% 6:40 20 9 8 1 1 2 41 4 0 6 10 47
bl at , % 6:4 21 10 8 5 24 7 75 71 1 13 85 1“1
bl at , 3% 6:29 23 12 6 12 99 18| 172 0 54 226 331
dds/ggp2, 0% | 8:2554 3 9 20 17 6 22 7 47 0 10 57 93
dds/ggp2, %% | 82321 4 10 20 1 5 20 73 86 0 17 1@ 1B
dds/gpp2, 3% | 8:01:09 1 12 21 1 6 20 18 0 40 2@ 227
MGAIign, 0% 245 1 0 3 2 5 4 25 31 1 3 b 45
MGAIign, %6 | 12624 2 0 3 5 6 6 | 2 1 43 1B 188
MGAIign, 3 | 24701 4 1 12 3 26 10 66 | 213 1 160 3% 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 ya
sim4 3% :39 12 1 18 23 2 11 67 2 2 56 89
Spidey, 0% 126 16 2 21 11 2 18 70 54 0 36 90 112
Spidey, % 124 15 2 21 11 1 14 64 | 196 0 81 27 299
Soidey, 3o 129 3 3 19 11 5 19 70| 227 1 268 496 517

Table 1 Results of aligning 88 Ensambl mRNAs from chromosome 22 Entriesindicate
the number of sequenceswith errors of varioustypes. Key. Mis5, Mis3 MisM, and Misl|
= missirg 5% 3° microexons, and other internal exons; Extr = extra exon; Shift = shifted
canonical intron to another genomic position; Over = overcalled canonical intron; Mult =
multiple errors of a given class. The n a column shows the union of al seqienceswith
someerror. Run timesarein hours:mirutes:seands.
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Figure 6 Comparison of EST alignment quality between gmap and bl at . Thetop graph
showsthetotal counts of ESTsat variousquadlity levels. The middle graph showsthe counts
of ESTswhosegenomiclocation by both programsoverlap. Counts of ESIsthat favor gmap
point upward and thosethat favor bl at point downward. The bottom graph shows the
distribution for the reatively few non-overlapping ESIsthat either have diVerent genomic
locations predictedby the two programs, or that are alignedby only one program.



AY088806192.199 AY084920110.117 AY084877634.644(E) AY087941246..260
GAAGAGT..AAGAGTA  TACGGTATA..TAGGAAC  TCTGGGGGTA..CAGAAGCACA GATGGAG...CAGGCGAAGGGTGC

[Il1===...===]II| [II--===...===]| [lI-11[>>>...>>>--|]l]] [llI===...=== 1|l
GAAG 145 AGTA  TACG 126 GAAC TCT GGG 103 GCACA GATG 1899  GAGAAAAGTGC
GAAGAGTA..AAGAGTA  TACGGTA..TAGGAAC TCTGGGGGTA...AAGCACA GATGGAGAAAAGTG...AAGGGTGC
[lll->>>..>>>[]]] [llI>>>...>>>]]]] [HHHHI>>>...>>>1]]| (H>>>...>>>-{i|

GAAG 144 AGTA TACG 128 GAAC TCTGGGG 106  CACA GATGGAGAAAA1898 G TGC
AY086677257..269(P) AY08628312..23 AY086482167..188 AY08691675..87(])
GAAGGTT..GTTG CTA  TTCGGTG..GTTATCACAAT  ATTGGCA..TAGGCAGGTTA TTTG GTT..TAGATTTTTTT

[lI===...===]--|ll lll|I===...=== (Ll [I===-.===]lllI [llI->>>..>>>[]]] Il
GAAG 30 GTTGCTA  TTCG 2839 GTGTCAAT ATTG 80 GCAGGTTA TTTGA 555  ATTTCTTT

GAAGGTT..AAGGTTGCTA  TTCGGTGTCAA..TCACAAT  ATTGGCAAGTT..CAGGTTA TTTGGTT..TAGATTTT TTT
[I1>>>...>>>]]]]] [H===...===(lll (i >>>..>>>|]| ll[>>>...>>>| (-1
GAAG 27  GTTGCTA TTCGGTGT 2839 CAAT  ATTGGCAG 80  GTTA TTTG 555  AATTICTTT

AY086166540.553(P) AY087013128.138(l,E) AY086965140.245(E)
TTTTGGTTTTGAG...TACATCT ~ CGAGGTT..TAGGCGGCGGAAG CAAGGTG...AAGGTGA--90---GGAGGTA...CAGTTTG
1l ===..===ll| [[I->>>..>>>-{[]]]]|| [[1>>>..>>>{[[[[[{[[I1[[>>>...>>>(ll]

TTTAGGTTAC 237 ATCT CGA 230 GGCGGAAG CAAG 545 GTGA--90--GGAG 85  TTTG

TTTTGGTT..TAGGTTACATCT ~ CGAGGTT..TAGGCGGCGGAAG CAAG--98--GGAGGTA...CAGTTTG
1 et 1111111 [1I>>>...>>>]]]---|ll [HHTHHTT>>>..>>>[]]
TTTAG 237  GTTACATCT CGAG 230 GCGG AAG CAAG--98-GGAG 630 TTTG

AY086508109.125 AY088919167..177(P) AY08606548..67 (E)

AGGTGTA.. TACAGAGAGAGAGAGA TTCCGTA..CTTGCAGCCAT TCTCAATCCAATCCAATTC.. TAGGGTT
[I===-===]llllI1 Il llI===...===| ylll [T Il ===.===l
AGGT 74  AGAGAGAGCGAGA TTCC 809  GGACCAT TCTCAATCCAATTCAG 165  GGTT

AGGTGTA...CAGAGAGAGAGAGA  TTCCGTA...CAGGGAGTA...CAGCCAT ~ TCTCAATCCAATCCAATTCAGGTT..TAGGGTT
[1>>>..>>>{]{ {111l [II>>>...>>>[[[>>>..>>>[|| [H=-==11>>>..>>>[l]]
GGT 76  AGAGAGAGCGAGA TTCC 711 GGA 99  CCAT TCT CAATCCAATTCAG 160  GGTT

AY086979469.507 AY08857859..97 (E)
TTCTGTG...TTTGCCGTCGAAGTCTCCAAAGAAATCGACGAACATCTTCGTCTCCGTCTCCATCTTTGTCTCCGGTG...TTCTCATCAGGTAA

[llI===...===] 1| R 111 L1 (i il Il ===..===||- [l
TTCT 693 GYCGTYGARGTCTCCMAAGARATCGACGAACATITCGTCTCCGTCTCCGTCTCCATCTCTE87  TC CCCGGTAA

TTCTG TGTTGAGGTCTCCCAAGAGATCGACGAACATC...AACATCTTT CGTCTCCGTCTCCATCTTTGTCTCCGGTG...CAGGTAA

1111 [ 11 (e .. i (1= |1l (P> >>>]]]
TTCTGYCGTYGARGTCTCCMAAGARATCGACGA®2  ATCT  CTTCGTCTCCGTCTCCGTCTCCATCTCTCTCCC@®4  GTAA

Fgure 7 Comparison between GeneSqe and gmap. Thesedignmentsrepreset al splic-
ing diVerencesbetween the two programs on a datasetof 5000 Arabidopsis cDNAs. Each
comparison shows the GeneSqe alignment on top and the gmap alignment on bottom.
Notation isthesaneasin Figure4, with theaddition of the']' character to indicatean AT—
AC intron, and a compressedriew of exons for AY086965 Footnotesafter the accessbn
numbersindicate whether: (I) genomic splice site predictions are identical and diVerence
existsonly in the exon—exon boundary, (P) sane answers are given when parameters are
changedin Gene&qe, (E) EST or mRNA evidenceisavailablefor the splice site.



