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Abstract

Thee is a pressingneedto align growing set of expressed
sequene tags (ESTs)to nenly sequened humangenome The
problemis, however, complicatedby the exon/inton structue of
eucarydic genes,misread nucledidesin ESTs,and millions of
repepive sequacesin genomic sequencg Indeed,to solvethis,
algorithmsthat usedynamic programming have beenpropased,
but in reality, thesealgorithmsrequire an enormas amourn of
processingtime In an effort to improve the computatioml effi-
ciencyof theseclassicalDP algorithms,we developsoftwak that
fully utilizesthelookuptablefor allowingtheefficientdetectiorof
the start- and endpants of an ESTwithin a givenDNA sequene,
and subseqantly, the promptidentificationof exonsand introns.
In addition, high sensitivityand accuacy mustbe achieved by
calculatinglocationsof all splicedsitescorrectly for more ESTs
while retaining high computationa efficiency This goal is hard
to accomplishin practice owingto misreadnucledidesin ESTs
and repeptivesequenesin the genome but we presenta couple
of heuristicseffectivein settlingthis issue Experimentalresults
have confrmed that our techniqueimprovesthe overall compu-
tation time by orders of magnitudecompaed with commortools
sud assim4and BLAT, andattainshigh sensitivityand accuiacy
against dataset®of cleanand documeted genesat the sametime

1. Intr oduction

The HumanGenomeProjectis aninternationalcollaborationde-

signedto investigatethe geneticcompleity of humars. Initially,

the roughly threebillion nucleotidesof the humangenomewere
elucidatedCeleraGenomicgl], InternationaHumanGenome
SequencingConsortium[2]). The secondstepinvolvestheinter

pretationof theencogdsequenes.For thepurpaseof identifying

the codingregions, i.e., regions containingexons andintrons, of

ary givenDNA sequencghealignmentof mary ESTsto genomic
DNA is helpfulto revealthesecomplex structuresvhile verifying

the alternatve splicedtranscripts. The alignmentof full-length

cDNAs givesa clue to someregulatory elementsn its upstream
regions,andfurtherthe annotation®of the upstreanregionsusing
Transhc dataline up candicitesof cis-elements.The alignment
both of sequenesassociatedvith expressionpatternand of se-
quenesfrom dbSNPwith identifying locationsof SNPsarourd

thegenemale it possibleto stepforward morein functionanaly-
sis.

Indeed a variety of sequacealignmentalgorithmshave been
propcsed. Onetechniqee for computingthe similarity between
two sequenesis to assignpenalties designatedy letters,to in-
sertions,deletionsand substitutiongpresentn onesequace, but
not in the other (Needlemarand Wunsch[3], Smith and Water
man([4]). Recently heuristicalgorithmssuchasFASTA [5] and
BLAST [6] have beenusedbecauseof their higher speedcom-
paredto dynamicprogrammingnethods

Thesealgorithmshowever requirea very large amourt of time
for processingr they fail to align ESTsto genomehatareknown
to beencode, becauséhey aredesigne only to solve thesimilar-
ity betweenwo sequenes butnotto decidesucarydic genestruc-
ture (exon/intron structure)throudh the identification of spliced
sitesbetweenexonsandintrons. Figure 1 illustratesour problem
that we needto decompse an EST into exonsandthento align
eachexon onto the DNA sequencavhile preservingthe order of
exons. Thedifficulty with the problemis thattherearepotentially
ahugenumberof waysto decompagethe EST. To settlethis prob-
lem, it is reasonabléo definescoresof matchingand penaltyfor
introducirg intronsandthento selectthe optimal decompsition
asthatwith the bestscore.

For this optimizationproblem,mary dynamicprogrammirg al-
gorithmsthatconsiderexon/intronstructurehave beendeveloped.
Gotohs algorithm[7] definesthe affine gappenaltyfor intronsto
identify very long introns, sinceintronscorrespad to long inser
tions. Although Gotohs algorithmrunsin O(M N)-time com-
plexity andrequiresO(M N) spacefor a genanic sequene of
lengthM andfor anEST of lengthV, thespacecompleity canbe
reducel to O(min(M, N)) by Hirschbeg’s techniqe [8]. There
have beendevelopedseveral softwaretoolsthatutilize theideaof
this dynamc programning technique9, 10, 11], but in practice,
theseoolsarecomputationbly infeasibleto applytolonggenomic
sequacesof lengthgreaterthanonemillion. Onetheotherhand,
Sim4 [12] and BLAT [13] are alsoimproved method basedon
BLAST, which extendnot only single exon but alsomultiple ex-
ons. Althoughthey areableto decompsea given sequene into
its exons they arenotdesignedo computethe optimalalignment.

Therefore sincehigh performare softwareis neededo solve
this problem,we inventedsoftware that shortensthe calculation
time, while retaining sensitvity and accurag. This software is
ableto alignmorethan20 ESTspersecondn averageto ahuman
draft genone by using a single processqrbut in practiceit can
processnorethan100ESTspersecondn severalprocessorsand
henceaboutthreemillions of ESTsin lessthanhalf a day With
regarding sensitvity and accurag, specialcarehasto be taken
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Figure 1. Decomposing and mapping an EST.
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Figure 2: How to generate a lookup table (MapTable).

to identify splicedsitesin the final stepof the softnare. Clean
datasetof splicedsiteshave beencollectedfrom variousspecies
to derive statisticallyconfirmedrulesfor improving genefinding

algorithmg[15, 16, 17,18, 19]. Thesecleandatasetarealsovalu-

able to evaluatesensitvity and accurag of alignmen software,
andwe usethe HMR195 datasef19], a collectionof Mammalian
sequenes. We will demonstraténigh sensitvity andaccurayg of

our methodagainstiumangenesn HMR195.

2. Algorithm

We startwith theintroductionof basicdata-structureandsimpler
algorithms,andmove to elaborateneby improving algorithms
stepby step.

Mapping of the millions of ESTsin the GenBankand EST
database¢dbEST)to the humangenomicsequene is an ardu-
oustask.ESTsarea maximumof tensof thousansof basedong,
while genonic sequenceareabout3 billion basedong. In order
to shortertheoverall calculationtime, we pre-procesghegenomic
sequenes.A DNA sequene of length K is definedasa primary
key. Ourideais to createanauxiliary look-uptablecalledMapT
able that storesthe positionat which eachprimary key occursin
the genomicsequene. Figure2 shavs how to generatea MapT-
ablewhentheprimarykey lengthis 2, for simplicity.

Referringto the MapTable, it is obvious that“TA” existsatthe
9th positionandthat“GC” occursatthe 3rd and12thpositionsin
thegenone sequace.

When consideringa particularEST sequeace, the position of
the L lengthprefix andsufiix of the geneis inferred by referring
to the MapTable in the main memory Assumingthat the four
characterg¢nucledides)appeaatrandomin thegenanesequeace,
we candeducethe positionfrom the MapTable by accessinghe

mainmemoryabout) /4% times(M is the lengthof the genome
sequace). Carehadto be takenin selectingappropiate values
for K. Smaller K values,say5, alignedan enormousnumber
of positionsfor each5-mer while alarger K valueincreasedhe
numter of K-mers,yielding a hugeindex. We will mentionthis
issueof selectinganappropriatesaluefor K.

2.1. Simple algorithm assumingno mismatchesor gaps

Firstwe presenaslow butsimplealgorithmwhichassumethatan
EST sequencexactly mapsto the genomicsequene with 100%
matchingratio. We then improve the algorithmin a stepwise
manne to accelerat@erformarcewhile allowing mismatchesnd
gaps.

In the following discussion let us dende the gename se-
querceG by thesequenegi, g2, ..., gm (9: € {A, T,G,C,N}),
and the EST sequace E by the sequene e, ez, ...,en (e; €
{A,T,G,C,N}). G};,; represents substring:g:, git1, --., g,
sodoesEy; ;. We expressthe alignmentof the i-th nucleotide
in the EST with genane G as position f(z) in genone G. We
hereassumehateachnucleotidec; mapsto alocationin G, butin
generde; mightbeskipped requiringits position f () undefined.
This casewill be consideed later in this section. The simplest
versionof thealgorithm(Figure3) canbewritten as:

Step 1.(Detectionof start- and endpoints)
Let K bethelengthof a primary key in the MapTableand
L bethelength of a key to detectfirst exon andlast exon.
First we considera prefix of length L (Ep;, ;) anda suffix
of length L (E|n_r+1,n7) in ESTE. Align the prefix and
suffix with the genane by accessinghe MapTable, i.e., as-
sociatef(¢) foreachi =1,..,L,N — L +1,..,N.

Step2.(Alignment by dynamic programming)
Align unassigné interval of the EST Ejz, 1 ny—_r) With the
gename intenal G'f(L)+1,f(N—L+1)—1] Using Gotohs dy-
namic programning, which yields f(¢) for eachi = L +
1,...N—L.

In the caseof humangenomewe assignl4to K and21to L, be-
causemostfirst exonsandlast exons areof lengthmorethan21,
thoudh it is known thatsomeinternalexonsareof lengthlessthan
21. If thelocationof codingregion of the exon is figuredout, we
don't needto have suchlongkey of length L, whichencouragsus
to selectl4for K. In Stepl, therecould be multiple locationsfor
Ep, ) andEpy_ 11,7, Whichwill bediscussedaterin this sec-
tion. In Step2, Gotohs dynamnic programmirg [7] is thealgorithm
thatfindsthe optimalalignmentof EST thathaslong intronswith
genane. Smith-Watermanand Needleman-Wnsd do not work



well for this problem,becausehey posehigh penaltyon longin-
trons and miss alignmentswith long introns. To overcone this
issue,Gotohs methodallows the assignmenof a small constant
or an affine gappenaltyto intronsthat could be very long, andit
canoutputthe optimalsolution.

Although the detectionof the start-and endpointsof a given
ESTin thegenane sequacein Stepl worksvery efficiently be-
causeit canbe achieved by accessinghe main memory Step2
could sometimegequirea large amourt of executiontime when
the lengthof the genomeintenal Gf(zy41, f(nv—rL+1)—1 IS still
long for Gotohs dynamicprogramming

2.2. Fastalgorithm assumingno mismatchesor gaps

To acceleratehe dynamicprogrammingn Step2, we determine
f (@) by elongatinghe exon andskippinglongintronusingMapT
able. Thisgreatlyincreaseperformanebecaseof its practicabil-
ity in consideringexon/intronstructure. The algorithmfor align-
ing anESTwith asingleexonis shawn.

Step2 (Identifi cation of single exon)
Foreachi from L + 1to N — L, setf(i — 1) + 1 to f(i)
(seeFigured).

We call Step2 the Elongation Step because this stepaddsone
nucleotideto the endof the exon peroneiteration.

To handleESTswith multiple exons,weincorpaatetheprocess
thatskipsanintron whenextensionof theexon fails (Figure5b).

Step2.1 (Identifi cation of one exon)
While the i-th nucleotidein E coincideswith the f(i)-th
nucleotidein G, setf(i) = f(¢ — 1) + 1 andincrement.

Step2.2(Search for the nextexon) Since Step2.1 confirmed
that the exon terminatesat the i-th nucledide in the EST,
detecthepositionof thenext exon by referringto theMapT
ablewith Fy; ;1 1) asaprimarykey. After determininghe
locusof thenext exon,to which f(j) (j = ¢, ...,i + K — 1)
is set,increment by K andreturnto Step2.1.

2.3. Allowing mismatchesand gapsin alignment

In practice,ary EST canna be fully alignedwith 100 % iden-
tity, resultingin mismatchesr gapsin the alignment. To allow
for thesemismatchesand gaps,we hererevise the algorithmin
Section2.3. We allow thate; is mismatchedvith a differentnu-
cleotideat the f(7)-th position on the genome Or, f(7) is un-
definedwhene; is skippedandis associatedvith a gap. In this
generalksetting,the start-andendpointsof the EST in the genane
sequene canna be detectedif the prefix Epy 1) (or the sufix
E[n_p+1,~7) Might containmismatche®r gaps. To resole this
problem,we scanthe ESTsequace E from the startuntil the po-
sition of a subsegenceof length L is foundin the MapTable,and
scanE from theendin the sameway (Figure6). This methodis
describedelow.

Step 1.1 (Approximation of the startpoint of an EST)
Initialize ¢+ = 1, andincrement until 7 is equalto 3000r the
positionof Ey; ;. ;4 is foundin the MapTable. Theratio-
nalebehindthe choiceof 300baseswill be presentedn the
appelix. After this, E; ;1 is calledthe danglingpart of

the ESTthatstill remainsto bealigned.Thenalign this dan-
gling partof EST Ejy ;1) with genane Gy iy—i+1,(i)—1]
to decidef(h) for eachh = 1,...,7 — 1 usingGotohs dy-
namicprogramming

Step 1.2 (Approximation of the endpoint of an EST)
In a similar way, initialize ;7 = N, and decremat j un-
til j is equalto N-300 or the position of Ej;_y .1 ; is
found in the MapTalle. After this, Ej; 1 n is calledthe
danding part of the EST that still remainsto be aligned.
Thenalign this danglingpartof EST Ej;;1, ) With genome
Glf()+1,7(j)+N -5 todecidef (h) foreachh = j+1,..., N
usingGotoh’s dynamic programming.

Mismatche®r gapsn anESTalsomalkeit morecomplicatedo
extendanexonandskip anintron. While theelongatiorstopsonly
whentheexonterminatesn thecaseof no mismatchesglongation
of theexonfails whenit reacheshe endof theexon or encainters
amismatchor agapin thealignment.

Step2.1(Identification of oneexon)
Initialize ¢ is the smallestpositionin the EST that is not
aligned(for instance(i+4)-th positionof E in Figure6) and
while thei-th nucleotidein E coincideswith the (f(i — 1) +
1)-th nucleotiden G, setf(i) = f(i— 1) + 1 andincrement
i. Then,setx = i — 1 to memorizetheposition: — 1 in the
ESTwherethe elongatiorends.

Step2.2(Search for the next exon)
Incremen ¢ until the positionof Ej; ;, k1 is foundin the
MapTale. After this, E, 1 ;_1 is calledthe danglingpart
of ESTthatremaingto bealigned.

Step2.3 (Alignment of the dangling part of an EST)
Align the danglingpartof EST Ej, 1 ;1) with the partof
gename Gis(z)+1,f(:)—1) Using Gotohs dynamicprogram-
ming. Figure7 illustratesthe casewhennointronis detected
after the dynamic programming and Figure 8 shavs when
anintronis obsened.

2.4.Further acceleraion by preprocessingong intr ons

In practice anintron could bethousadsof basepairslong, while
the danglingpartis at mosthundredsof basepairslong. Naive
applicationof dynamicprogrammingo the alignmentof the dan-
gling part of EST Efzy1,;—1) With G[f(e)+1,f(:)—1] IS COMpPU-
tation intensewhen G\ (,)+1,7(:)—1) containsan intron in Step
2.3. To acceleratehis step,we examinewhetheranintron is in-
cludedin the partof genomeG ¢ (a)+1,7(:)—1) by comparingthe
lengthof By, ;1) with the lengthof G )41, ¢(:—1) before
applying Gotoh’s dynamic programming. If G )+1,7(:)—1] IS
much longe than E, 11 ;—1), we assumethat G (e)41, f(5)—1]
containsan intron in it. In this case,since E,,,,;_1) should
bealignedto Gs(x)+1,f(@)+ -2y ANAGls()—(i-2),7) 1), We
alignthedanglingpartof EST E, 11 ;1) With the concateation
of two sequenesof lengthi — z, whichis G ¢(z)+1, f (o) +(i—2)] +
G[f(i)f(ifr),f(i)—l] (SeeFigureQ).

2.5. Detecing splicedsites

We have presentechow to determinethe approxmate exon and
intron regions. However, decisionsregardingexon/intronbound-
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Figure 5: Fast algorithm with MapTable (Case of multiple exons, L = 4, K = 4).
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ariesneedrigorousinvestigation pecasemostboundaiesfollow
the GT-AG rule, but someotherpatternssuchasGC-AG andAT-
AC arealsoobsenred. In theliterature,consideable efforts have
beenmadeto comprelendvariantsof the GT-AG rule statistically
[15, 16,17, 18] andto make acomparatie analysisof gene-findirgy
programgq19]. For instance,Thanaraj[16] derivesdecisiontrees
for inferring humanexon-intronjunctionsfrom a numberof EST

confirmedsplice sites. Bursetet al.[18] also presentstatistical
rulesfor mammaliansplicedsites,which alsoconfirmsthat most
sitesobey GT-AG rule or its variantssuchasGC-AG andAT-AC.

Figure 10 illustrates some alternatve solutionsin deciding
splicedsites,andthelower alignmentougtt to be selectedaccord-
ing totheGT-AG rule. To thisend,asshavn in Figure11, we shift
theintron framelocally alongthe genaneif no moremismatches
areintroducedin the alignment,for the purposeof detectingthe
GT-AG or its slight variants. In more precise,the intron frame
is moved locally sothatthe numberof matchesbetweenGT-AG

Genome:G

EST:E

Genome:G

EST:E

Figure 10: Alternative solutions for spliced sites.

andthetwo plustwo lettersat the boundary of the intronis max-
imized. We will demonstratéhe high sensitvity andaccurag of
this methodlater.

2.6. Matching ratio

Having determinedheintron regions,the matchingratio between
thegenomeandthe mappedEST sequencés examined.Sincethe
matchingratio betweenthe genomeanda codedEST is 99.9%if
theESTsequeneis readprecisely(theresidual0.1%is thediffer-
encebetweereachhumangenomei.e., SNP),we assumehatan
ESTwith alow matchingratio is not encoded In effect,anEST
whosematchingratio is low containsmary misreadnucleotides,
or is notencocedin the genomesequene. Dependig on ourim-
plementationmesult,thelowerboundaryfor thematchingratiowas
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Figure 11: Shifting the intron frame to detect GT-AG or
its slight variants.

setat90%.

2.7.Solution for two or more alignments

In this sectionwe considercasesvhentherearetwo or moredis-
tinctalignmentf anESTin agenanesequencehecausanEST
is often alignedto mary differentregionsin a chromosme be-
causeof retro-transpositiomr gene-dufication (Figure12). Fur-
thermore,millions of repeptie sequenesin humangenane dis-
turb correctidentificationof start-pointsandend-points.

Although the start- and endpointsof an EST are inferred in
Stepl.1andStepl.2, the start-and endpants is not determined
uniqudy if the MapTable hasmary candidatesfor the primary
key. Let StartSet denotethe setof candidatestartpointscalcu-
latedin Stepl.1, and EndSet the setof candidate endpants in
Stepl.2. We thenneedto computealignmentsfor all the pairsin
StartSet x EndSet. In practice however, thesizeof StartSet
or EndSet couldbeoftenmorethanonethousaw owing to repep-
tive sequenes. To avoid suchdifficult caseswe focuson thefact
that the numberof 21-mersappeaing no morethantentimesin
thehumangenameis about2.2billions, whichis about73%of all
the 21-mersin the humangenome.In addition,sub-segencesn
exonsaretypically lessfrequentin the humangenomethanother
sub-seqgancesn non-codng regions. Thesefactsimply thatscan-
ning threehundredsasesn ahumanEST couldfind, with ahigh
probalility, sucha 21-merof frequeny no morethanten. We
thereforerevise our algorithmto searcha subsequete of length
L until thesizeof StartSet (or EndSet) becomesio morethan
ten. Consegently our algorithmis describedhs:

Step1.3(Solution for many start- and endpoints)
Assumethat Steps1.1 and 1.2 output such StartSet and
EndSet thatareof sizeno morethanten. Solve the align-
ment of Ej; ;1) With Gistare,ena) (start € StartSet,
end € EndSet) by executingStep2.1-2.3,if the distance
betweenstart andend is smallerthan3,000,00(p.

This techniqueseemgo involve brute force, but it solvesthe all
alignmentsof agivenESTreliably.

Table 1: Performance comparison between Squall,
BLAT, and sim4. All of RefSeq sequences are aligned
with human Chr. 22 by using these three software.

Averagetime to align
anEST (sec)
Squall(our software) 0.03
BLAT 1.69
sim4 12

3. Execution Time, Sersitivity, and Accuracy

The algorithmdescribecherehasbeenimplementedn C++. In
whatfollows, we call our software Squdl . We installedandeval-
uatedperformarce of our software Squall, sim4, and BLAT on
a single processonf PrimePaver 1000 with a clock rate of 675
MHz, 64 Gbytesof mainmemory andrunningSolaris8.

3.1. Executiontime comparisonwith sim4and BLAT

Theperformareof Squallwascomparedvith sim4andBLAT us-
ing the chromosome22 of the NCBI draft humangenome(Build
28) . We have alignedcurrentversionof RefSegsequence[14]
(1478 sequenes.their averagdengthwas2415 bases}o the hu-
manchrom@some22. Tablel presentsveragetime in secong to
align anEST, which malesit clearthatour methodhasimproved
the computationtime by ordersof magnitude. Both BLAT and
sim4 initially feed genomicsequenes, and then perform align-
mentsof ESTSs. In Table 1, we excludedexecutiontimes of the
formerfeedingstep,sothatthis comparisa wasfair to bothsim4
andBLAT, becauseim4 and BLAT requiredmuchmore execu-
tion time to feedthe genomethanour software Squalldid.

3.2. Execution time to align millions of ESTs with
genome

Using Squall,we evaluatedaveragetime of checkng whetheror

noteachESTin the UniGenedatabasevasalignedwith the NCBI

draft humangenome(Build 28) and calculatingthe alignment
whenthe EST mappedo the genome.Table?2 illustratesaverage
timein secondsandobserethataveragdimeto proces®nechro-
mosomas almostproportionako thesizeof thechrom@some.The
total of averagetime is 0.0504second. Thus,for instancealign-
ing threemillions ESTscanbedonein about150,0® second®n

a singleprocessaqrbut in practice,we cantypically completethis
taskin lessthanhalf a daywith usingseveral processts.

3.3. Sensitvity and accuracy

To validate sensitvity and accurag of Squall, we consicered
to use clean datasetsof spliced sites [15, 16, 17, 18, 19].
These datasetshave been collected from various speciesto
derive statistically confirmedrules for improving genefinding
algorithms. Among these,we usedHMR195 [19], a collection
of 195 Mammalian genamic sequenes that are annotated



Figure 12: EST Alignment to plural regions in genome.

with exact locations of spliced sites, which are available at
http://www .cs.ubc.ca/” rogic/evalua  tion/
HMR195 is useful for our experimert, becaus it includes103
humangenonic sequenes,from which we extracted103 mRNA
sequeneshy consuting the locationsof splicedsites. We then
attemptedo alignthesel03sequence® theNCBI draftsequene
of humangenomgBuild 28) by usingSquallandBLAT [13]. We
abandnedthe sametask by executingsim4 and Spidey becase
thetaskwasvery time-consumingndimpossibleto complete.
Table 3 presentghe quality of eachalignmentby Squalland
BLAT. ‘o’ indicategheexactly correctalignmentis compued. ‘-’
meanghatpositionsof oneor two exons areincorrect,while * x’
indicatesthat more thantwo exons are locatedincorrectly . ‘-’
implies thatno alignmentsare calculatedfor the mRNA. Table4
summarizeghe numtkers of alignmentsin eachquality cateory.
Obsenre that Squallis muchsuperiorto BLAT bothin sensitvity
andin accurag.

3.4. Alignment of NCBI ReferenceSequences

The known genes other than HMR195 datasetsare available at
the RefSeqgdatabas¢§14], a manuallycuratedcollectiondesigne
to containnorredundahrepresentatie of mostfull-length human
MRNA sequenesin GenBank

We have alignedcurrentversionof RefSegsequenes(14784
sequenes)to NCBI working draft sequene of humangenane
(Build 28), andasaresult,morethan94.5%o0f the RefSegentries
werealignedunderthe conditionthat: (i) the matchingratio was
atleast70%; (ii) thecoverageratio (thelengthof alignedpart/ the
entirelength)wasat least50%;,shaving thatour software Squall
have high sensitvity. Also, we confirmthat Squallis ableto ob-
tain the accuratealignmentof eachRefSegsequene with multi-
ple exonsandits bourdaries,by checking300 randomly-seleed
alignments.

4. Graphical Viewer

We here presenta graphicalviewer for browsing the intron and
exon structuresresolhed in our implementation. The viewer is
availableat

http://g rl.gi.k.u-to kyo.ac.jp/

This browser is called Gene Resouce Locator viewer (GRL
viewer, for short) [20] andit shavs the alignmentof eachEST
in thegenanic sequene with a userfriendly interface.Figure13,
for instance,presentsa group of ESTs mappedto the samelo-
cus. Eachthick line representshe alignmentof oneEST (anEST

alignmert) in which the narrav yellow boxes are exonsandthe
blue boxesareintrons. Notethatalignmentssharesomecommon
exons. Somealternatvely splicedtranscriptsare also obsered.
Thedetailsof biologicalresultsdiscoseredby our softwarecanbe
foundin [20].

5. Conclusionand Future Work

Our software Squallshawvs excellentspeedandhigh precision,as
describedn Section3. Genestructuresanberesohedfasterand
more preciselyusingthis algorithmthanwith othermethods.In
thefield of medicine therearemary instancesn which adisease-
relatedgeneis known. Thepreciselocalizationof suchgeneswill
be possiblein future by referringto the completegeneticmap.
Moreover, the generatiorof precisegeneticmapsfor mary crea-
turesis a prerequisiteor inter- andintra-speciegenone compar
isons. Our algorithm can be usedto generategeneticmapsthat
combire thegenanesandgenesof variousspecies.
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Table 2: Size of chromosome and average execution
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Appendix

In orderto approximatethe startpointof an EST E in Stepl.1
of our algorithm, we scanthe first 300 basesof the EST to look
for an L-mer Ej; ;1 ;1) thatperfectlymatcheswith the genome.
We have selected?21 for L, and 300 for the length of the range
to search. In what follows, we discussthe rationalebehindthis
selectionfrom a statisticalviewpaint.

Let uscall the rangeto searchin the EST the headsequence
Givenaheadsequeneof length H (we used300for H), ourgoal
is to efficiently associatawith the headits homdogousrangein



the genomicsequene by finding one L-merin the headthat per

fectly matcheswith the genome.To accelerateéhe overall perfor

manceof this approab, we have to exclude falsepositive L-mers
in the headthat hapen to matchwith the genonic sequene by
chance To reducesuchfalse positive candidateswe can sim-
ply uselargervaluesfor L in orderto increasethe specificity of

L-mersand hencethe computationalefficiengy of our alignment
algorithm. However, longe L-mersmay decreaséhe numberof

headsequacesthat successfullymapto the genone throughthe
useof L-mersandmaymake our algorithmlesssensitve, becase
of noisesbothin headandgenonic sequenes.

Supposeahatthe matchratio betweenthe headandits homol-
ogous region is M. When M getslower, say 85%, it becanes
hardto find one L-mersharedy the headandits homologaisre-
gionin thegenome.Thus,depenthg on typical valuesof M, we
have to decidean appropiate value of L in the consideratiorof
the tradeoff betweensensitvity and specificity To resol\e this,
we herepresenta way of computingthe probaility thatthe head
of length H andits homologaisregion shareatleastonecomma
L-merfor variousvaluesof M. In theliterature,Kent[13] stud-
ies this problemwhen L-mersare distinct and non-overlappng,
which is not applicableto our casesincewe useoverlapping -
mers. Kasaharg21] investigateghe statisticalpropertyof over-
lapping L-mers,andwe follow theline suggestethy Kasahara.

Let F(h, m,l) dende the numberof headsequenesof length
h suchthat eachheadcontainsm mismatchnucleotideswith its
homologusregion andthe longestsubseqanceof lengthl that
perfectlymatchits homologusregion. Obsere thatthefollowing
recurrencesold for F(h,m,1):

F(h,0,1)
F(h,0,1) = 0 (h#1)

1
F(h,m,1) = ZF(h—l—l,m—l,i)
i=0

-1
+ ZF(hfifl,mfl,l)
i=0

Then,theprobabilitythattheheadof length H andits homdogous
region shareatleastone L-merwhenthe matchratiois M is:

SN FHm M- M)

m=0 l=L

In the abore formula, we simply assumethat the headis not
split into morethanone exonswhenthe headis alignedwith the
genone. Table5 displaystheprobaliliti esfor variousvaluesof M
and L. Furthermoreto measurehe specificity of usingeachL-
mer, the lowestrow presentshe numberF of L-mersin thehead
thatareexpectedto matchby chanceunde the condtion thatall
nucleotidesequally occurin the sequence F is definedasthe
following formula,andvaluesin the lowestrow arecalculatedor
G =3 x 10° andH = 300.

F=(H—-L+1)x3x10” x (1/4)*

Obsere thatevenif thematchratio is 90%, our choiceof assign-
ing 21to L is ableto locatethe headof length300in the gename

Table 5: Specificity and sensitivity of L-mer perfect
matching

L

M 18 19 20 21 22 23

100 | 1.000| 1.000 | 1.000 | 1.000| 1.000 | 1.000
99 | 1.000| 1.000| 1.000| 1.000 | 1.000 | 1.000
98 | 1.000| 1.000 | 1.000| 1.000 | 1.000 | 1.000
97 | 1.000 | 1.000 | 1.000| 1.000 | 1.000 | 1.000
96 | 1.000| 1.000 | 1.000| 1.000 | 1.000 | 1.000
95 | 1.000 | 1.000 | 1.000| 1.000| 0.999 | 0.999
94 | 0.999| 0.999 | 0.999| 0.999| 0.999 | 0.999
93 | 0.999| 0.999 | 0.999| 0.999| 0.999 | 0.998
92 | 0.999| 0.999 | 0.999| 0.998 | 0.996 | 0.993
91 | 0.999| 0.998 | 0.997| 0.994| 0.990 | 0.983
90 | 0.998 | 0.996 | 0.992| 0.986| 0.976 | 0.962
89 | 0.996| 0.991 | 0.983| 0.970| 0.953 | 0.929
88 | 0.990| 0.980 | 0.965| 0.944| 0.916 | 0.882
87 | 0.979| 0.963 | 0.938| 0.906 | 0.866 | 0.820
86 | 0.962| 0.935| 0.899| 0.855| 0.804 | 0.748
85 | 0.936| 0.897 | 0.849| 0.793| 0.732 | 0.667
F 123 | 3.08 | 0.767 | 0.191 | 0.0475| 0.0119

with a probability of 98.6%. Furthermorethe valueof F is suffi-
ciently low, andhencefalsepositive predictionsof headlocations
would bereducedeffectively.



