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Abstract

There is a pressingneed to align growing set of expressed
sequence tags (ESTs)to newly sequenced humangenome. The
problemis, however, complicatedby the exon/intron structure of
eucaryotic genes,misread nucleotides in ESTs,and millions of
repeptive sequencesin genomicsequences. Indeed,to solvethis,
algorithmsthat usedynamic programminghavebeenproposed,
but in reality, thesealgorithmsrequire an enormous amount of
processingtime. In an effort to improve the computational effi-
ciencyof theseclassicalDP algorithms,wedevelopsoftware that
fully utilizesthelookup-tablefor allowingtheefficientdetectionof
thestart- andendpoints of an ESTwithin a givenDNA sequence,
and subsequently, the promptidentificationof exonsand introns.
In addition, high sensitivityand accuracy mustbe achieved by
calculatinglocationsof all splicedsitescorrectly for more ESTs
while retaininghigh computational efficiency. This goal is hard
to accomplishin practice, owing to misreadnucleotidesin ESTs
and repeptivesequencesin the genome, but we presenta couple
of heuristicseffectivein settlingthis issue. Experimentalresults
haveconfirmed that our techniqueimprovesthe overall compu-
tation timeby orders of magnitudecompared with commontools
such assim4andBLAT, andattainshigh sensitivityandaccuracy
againstdatasetsof cleananddocumentedgenesat thesametime.

1. Intr oduction

TheHumanGenomeProjectis aninternationalcollaboration,de-
signedto investigatethegeneticcomplexity of humans. Initially,
the roughly threebillion nucleotidesof the humangenomewere
elucidated(CeleraGenomics[1], InternationalHumanGenome
SequencingConsortium[2]). Thesecondstepinvolvesthe inter-
pretationof theencodedsequences.For thepurposeof identifying
the codingregions, i.e., regionscontainingexonsandintrons,of
any givenDNA sequence, thealignmentof many ESTsto genomic
DNA is helpful to revealthesecomplex structureswhile verifying
the alternative splicedtranscripts. The alignmentof full-length
cDNAs givesa clue to someregulatoryelementsin its upstream
regions,andfurthertheannotationsof theupstreamregionsusing
Transfac dataline up candidatesof cis-elements.The alignment
both of sequencesassociatedwith expressionpatternandof se-
quencesfrom dbSNPwith identifying locationsof SNPsaround
thegenemake it possibleto stepforwardmorein functionanaly-
sis.

Indeed, a variety of sequencealignmentalgorithmshave been
proposed. One technique for computingthe similarity between
two sequencesis to assignpenalties,designatedby letters,to in-
sertions,deletionsandsubstitutionspresentin onesequence,but
not in the other (NeedlemanandWunsch[3], Smith andWater-
man[4]). Recently, heuristicalgorithmssuchasFASTA [5] and
BLAST [6] have beenusedbecauseof their higher speedcom-
paredto dynamicprogrammingmethods.

Thesealgorithmshowever requirea very largeamount of time
for processingor they fail to alignESTsto genomethatareknown
to beencoded, becausethey aredesigned only to solvethesimilar-
ity betweentwosequences,butnottodecideeucaryotic genestruc-
ture (exon/intron structure)through the identificationof spliced
sitesbetweenexonsandintrons. Figure1 illustratesour problem
that we needto decomposean EST into exonsandthento align
eachexon onto the DNA sequencewhile preservingthe orderof
exons. Thedifficulty with theproblemis thattherearepotentially
ahugenumberof waysto decomposetheEST. To settlethisprob-
lem, it is reasonableto definescoresof matchingandpenaltyfor
introducing intronsandthento selectthe optimal decomposition
asthatwith thebestscore.

For thisoptimizationproblem,many dynamicprogramming al-
gorithmsthatconsiderexon/intronstructurehave beendeveloped.
Gotoh’s algorithm[7] definestheaffine gappenaltyfor intronsto
identify very long introns,sinceintronscorrespond to long inser-
tions. Although Gotoh’s algorithm runs in �������
	 -time com-
plexity and requires��������	 spacefor a genomic sequence of
length� andfor anESTof length� , thespacecomplexity canbe
reduced to ���
��������������	�	 by Hirschberg’s technique [8]. There
have beendevelopedseveralsoftwaretoolsthatutilize theideaof
this dynamic programming technique[9, 10, 11], but in practice,
thesetoolsarecomputationally infeasibletoapplyto longgenomic
sequencesof lengthgreaterthanonemillion. Onetheotherhand,
Sim4 [12] and BLAT [13] arealso improved methods basedon
BLAST, which extendnot only singleexon but alsomultiple ex-
ons. Although they areableto decomposea givensequence into
its exons, they arenotdesignedto computetheoptimalalignment.

Therefore,sincehigh performancesoftwareis neededto solve
this problem,we inventedsoftware that shortensthe calculation
time, while retainingsensitivity and accuracy. This software is
ableto alignmorethan20ESTspersecondonaverageto ahuman
draft genome by usinga single processor, but in practiceit can
processmorethan100ESTspersecondonseveralprocessors,and
henceaboutthreemillions of ESTsin lessthanhalf a day. With
regardingsensitivity and accuracy, specialcarehas to 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 software. Clean
datasetsof splicedsiteshave beencollectedfrom variousspecies
to derive statisticallyconfirmedrulesfor improving genefinding
algorithms[15, 16, 17,18, 19]. Thesecleandatasetsarealsovalu-
able to evaluatesensitivity and accuracy of alignment software,
andwe usetheHMR195dataset[19], a collectionof Mammalian
sequences. We will demonstratehigh sensitivity andaccuracy of
ourmethodagainsthumangenesin HMR195.

2. Algorithm

Westartwith theintroductionof basicdata-structuresandsimpler
algorithms,andmove to elaboratedoneby improving algorithms
stepby step.

Mapping of the millions of ESTs in the GenBankand EST
databases(dbEST)to the humangenomicsequence is an ardu-
oustask.ESTsareamaximumof tensof thousandsof baseslong,
while genomic sequencesareabout3 billion baseslong. In order
to shortentheoverallcalculationtime,wepre-processthegenomic
sequences.A DNA sequence of length � is definedasa primary
key. Our ideais to createanauxiliary look-uptablecalledMapT-
able that storesthepositionat which eachprimary key occursin
thegenomicsequence. Figure2 shows how to generatea MapT-
ablewhentheprimarykey lengthis 2, for simplicity.

Referringto theMapTable,it is obvious that“TA” existsat the
9th positionandthat“GC” occursat the3rd and12thpositionsin
thegenomesequence.

When consideringa particularEST sequence, the position of
the L lengthprefix andsuffix of the geneis inferredby referring
to the MapTable in the main memory. Assumingthat the four
characters(nucleotides)appearatrandomin thegenomesequence,
we candeducethe positionfrom the MapTableby accessingthe

mainmemoryabout������� times(M is thelengthof thegenome
sequence). Carehad to be taken in selectingappropriate values
for � . Smaller � values,say 5, alignedan enormousnumber
of positionsfor each5-mer, while a larger � valueincreasedthe
number of � -mers,yielding a hugeindex. We will mentionthis
issueof selectinganappropriatevaluefor � .

2.1. Simplealgorithm assumingno mismatchesor gaps

Firstwepresentaslow butsimplealgorithmwhichassumesthatan
EST sequenceexactly mapsto thegenomicsequencewith 100%
matchingratio. We then improve the algorithm in a stepwise
manner to accelerateperformancewhile allowing mismatchesand
gaps.

In the following discussion, let us denote the genome se-
quence � by thesequence �� !�"�$#%�'&�&(&��)�+*,���.-�/10!23��45�%�6�879���;:<	 ,
and the EST sequence = by the sequence >$ ?�">@#8�'&�&�&��)>@A (>B-C/0�23�)4D�'�6�'7E�"�;: ). �GF -IH JLK representsa substring: � - �"� -NMO ��&(&�&��)� J ,
so does = F -IH J)K . We expressthe alignmentof the P -th nucleotide
in the EST with genome � as position Q$��P!	 in genome � . We
hereassumethateachnucleotide>.- mapsto a locationin � , but in
general > - mightbeskipped,requiringits position Q$��P!	 undefined.
This casewill be considered later in this section. The simplest
versionof thealgorithm(Figure3) canbewritten as:

Step1.(Detectionof start- and endpoints)
Let � be the lengthof a primary key in the MapTableandR

be the lengthof a key to detectfirst exon andlast exon.
First we considera prefix of length

R
(=SF  �H TUK ) anda suffix

of length
R

(=VF AXWYTBMO �H AZK ) in EST = . Align theprefix and
suffix with thegenomeby accessingtheMapTable, i.e., as-
sociateQ$��P?	 for eachP\[^]_�'&�&�&�� R �)�a` R�b ]c�8&�&(&��)� .

Step2.(Alignment by dynamic programming)
Align unassigned interval of the EST =SF TBM� �H AdWYT_K with the
genome interval �GF e_f T@g
MO �H ecf AdWYTBM� )ghWi hK usingGotoh’s dy-
namicprogramming, which yields Q$��P?	 for eachPj[ R^b
]_�8&�&�&��)�k` R .

In thecaseof humangenome, we assign14 to � and21 to
R

, be-
causemostfirst exonsandlastexons areof lengthmorethan21,
though it is known thatsomeinternalexonsareof lengthlessthan
21. If the locationof codingregion of theexon is figuredout,we
don’t needto havesuchlongkey of length

R
, whichencouragesus

to select14 for � . In Step1, therecouldbemultiple locationsfor= F  �H T_K and = F AdWYTBM� �H AZK , which will bediscussedlaterin this sec-
tion. In Step2,Gotoh’sdynamic programming [7] is thealgorithm
thatfindstheoptimalalignmentof ESTthathaslong intronswith
genome. Smith-WatermanandNeedleman-Wunsch do not work
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well for this problem,becausethey posehigh penaltyon long in-
trons and miss alignmentswith long introns. To overcome this
issue,Gotoh’s methodallows the assignment of a small constant
or anaffine gappenaltyto intronsthatcouldbevery long, andit
canoutputtheoptimalsolution.

Although the detectionof the start- and endpointsof a given
EST in thegenomesequencein Step1 worksvery efficiently be-
causeit canbe achieved by accessingthe main memory, Step2
could sometimesrequirea large amount of executiontime when
the lengthof the genomeinterval �GF e_f T@g
MO �H ecf AdWYTBM� )ghWi hK is still
long for Gotoh’s dynamicprogramming.

2.2.Fastalgorithm assumingno mismatchesor gaps

To acceleratethedynamicprogrammingin Step2, we determine
Q$��P!	 by elongatingtheexonandskippinglong intronusingMapT-
able.Thisgreatlyincreasesperformancebecauseof its practicabil-
ity in consideringexon/intronstructure.Thealgorithmfor align-
ing anESTwith asingleexon is shown.

Step2 (Identifi cation of singleexon)
For eachP from

Rlb ] to �m` R , set Q$��Pn`o]c	 b ] to Q$��P!	
(seeFigure4).

We call Step2 the ElongationStep, because this stepaddsone
nucleotideto theendof theexon peroneiteration.

To handleESTswith multipleexons,weincorporatetheprocess
thatskipsanintron whenextensionof theexon fails (Figure5).

Step2.1(Identifi cation of oneexon)
While the P -th nucleotidein = coincideswith the Q$��P?	 -th
nucleotidein � , set Q$��P!	n[pQ$��PZ`�]<	 b ] andincrementP .

Step2.2(Search for the next exon) SinceStep2.1 confirmed
that the exon terminatesat the P -th nucleotide in the EST,
detectthepositionof thenext exonby referringto theMapT-
ablewith = F -hH -NM � Wq hK asaprimarykey. After determiningthe
locusof thenext exon, to which Q$��rB	 (rs[;P?�8&�&�&��)P b �k`�] )
is set,incrementP by � andreturnto Step2.1.

2.3.Allowing mismatchesand gapsin alignment

In practice,any EST cannot be fully alignedwith 100 % iden-
tity, resultingin mismatchesor gapsin the alignment. To allow
for thesemismatchesand gaps,we hererevise the algorithm in
Section2.3. We allow that > - is mismatchedwith a differentnu-
cleotideat the Q$��P!	 -th position on the genome. Or, Q$��P!	 is un-
definedwhen >B- is skippedandis associatedwith a gap. In this
generalsetting,thestart-andendpointsof theESTin thegenome
sequence cannot be detectedif the prefix =SF  �H T_K (or the suffix
= F AdWYTBM� �H AZK ) might containmismatchesor gaps.To resolve this
problem,we scantheESTsequence= from thestartuntil thepo-
sition of a subsequenceof length

R
is foundin theMapTable,and

scan= from theendin thesameway (Figure6). This methodis
describedbelow.

Step1.1(Approximation of the startpoint of an EST)
Initialize P\[^] , andincrementP until P is equalto 300or the
positionof = F -IH -
MiT+Wq hK is foundin theMapTable. Theratio-
nalebehindthechoiceof 300baseswill bepresentedin the
appendix. After this, =SF  �H -hWi hK is calledthedanglingpart of

theESTthatstill remainsto bealigned.Thenalign thisdan-
gling part of EST =VF  �H -IWq hK with genome �GF ecf -�gIWt-NM� �H ecf -
ghWi hK
to decide Q$��u+	 for each uC[v]_�'&�&�&���Pn`o] usingGotoh’s dy-
namicprogramming.

Step1.2(Approximation of the endpoint of an EST)
In a similar way, initialize r�[w� , and decrement r un-
til r is equal to � -300 or the position of =SF J%W�T.MO �H J)K is
found in the MapTable. After this, =SF J�MO �H A�K is called the
dangling part of the EST that still remainsto be aligned.
Thenalign this danglingpartof EST = F J�MO �H AZK with genome
�GF ecf J�g
MO �H ecf J!g
MiAXW@JLK to decideQ$��u+	 for eachu�[�r b ]c�8&�&(&��)�
usingGotoh’s dynamic programming.

Mismatchesor gapsin anESTalsomakeit morecomplicatedto
extendanexonandskipanintron. While theelongationstopsonly
whentheexonterminatesin thecaseof nomismatches,elongation
of theexon failswhenit reachestheendof theexonor encounters
a mismatchor a gapin thealignment.

Step2.1(Identification of oneexon)
Initialize P is the smallestposition in the EST that is not
aligned(for instance,(i+4)-th positionof = in Figure6) and
while the P -th nucleotidein = coincideswith the( Q$��P$`x]c	 b] )-th nucleotidein � , set Q$��P?	y[pQ$��P@`z]c	 b ] andincrement
P . Then,set{1[;P�`l] to memorizethepositionPZ`;] in the
ESTwheretheelongationends.

Step2.2(Search for the next exon)
Increment P until thepositionof = F -IH -NM � Wi hK is found in the
MapTable. After this, =VF | M� �H -hWi hK is calledthedanglingpart
of ESTthatremainsto bealigned.

Step2.3(Alignment of the dangling part of an EST)
Align the danglingpart of EST =SF | MO �H -IWq hK with the part of
genome � F e_f}| g
M� �H e_f -�ghWi hK usingGotoh’s dynamicprogram-
ming. Figure7 illustratesthecasewhennointron is detected
after the dynamic programming, andFigure8 shows when
anintron is observed.

2.4. Further acceleration by preprocessinglong intr ons

In practice,anintron couldbethousandsof basepairslong,while
the danglingpart is at mosthundredsof basepairs long. Naive
applicationof dynamicprogrammingto thealignmentof thedan-
gling part of EST = F | MO �H -IWq hK with � F ecf�| gNM� �H ecf -
ghWi hK is compu-
tation intensewhen �GF ecf�| g
MO �H ecf -
ghWq hK containsan intron in Step
2.3. To acceleratethis step,we examinewhetheran intron is in-
cludedin the part of genome�GF ecf�| g
MO �H ecf -
ghWq hK by comparingthe
length of = F | M� �H -hWi hK with the length of � F ecf�| g
MO �H ecf -
ghWq hK before
applying Gotoh’s dynamic programming. If �GF ecf�| g
MO �H ecf -�gIWq hK is
much longer than =SF | MO �H -IWq hK , we assumethat �GF ecf�| gNM� �H ecf -
ghWi hK
containsan intron in it. In this case,since = F | MO �H -hWi hK should
be alignedto � F ecf�| gNM� �H ecf�| gNM f -IW | g�K and � F e_f -�ghW f -IW | ghH ecf -
ghWi hK , we
align thedanglingpartof EST =SF | MO �H -IWq hK with theconcatenation
of two sequencesof lengthP$`�{ , which is �GF ecf�| g
MO �H ecf�| g
M f -IW | g(K b� F e_f -�ghW f -IW | ghH ecf -
ghWi hK (SeeFigure9).

2.5. Detecting splicedsites

We have presentedhow to determinethe approximateexon and
intron regions. However, decisionsregardingexon/intronbound-
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Figure 3: Simplest algorithm with a MapTable( ~���� ).
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Figure 4: Fast algorithm with a MapTable (Case of a single exon, ~p�^� ).
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Figure 6: Approximation of start- and endpoints ( ~^�^� ).

x i

f(i)f(x)

E

i+3

f(i+3)

G

dangling part 
      of EST

Align by Gotoh’s
        dynamic 
    programming

1

f(1)

...GGC....

...GGT.... ...GACAA

...GACAA

execute the alignment

E

i+3

f(i+3)

G

extend

1

f(1)

GACAA

...GACAA

T...

T...

T...

T...
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ariesneedrigorousinvestigation,becausemostboundariesfollow
theGT-AG rule, but someotherpatternssuchasGC-AG andAT-
AC arealsoobserved. In the literature,considerableefforts have
beenmadeto comprehendvariantsof theGT-AG rule statistically
[15, 16,17, 18] andtomakeacomparativeanalysisof gene-finding
programs[19]. For instance,Thanaraj[16] derivesdecisiontrees
for inferring humanexon-intronjunctionsfrom a numberof EST-
confirmedsplice sites. Bursetet al.[18] also presentstatistical
rulesfor mammaliansplicedsites,which alsoconfirmsthatmost
sitesobey GT-AG rule or its variantssuchasGC-AG andAT-AC.

Figure 10 illustrates some alternative solutions in deciding
splicedsites,andtheloweralignmentought to beselectedaccord-
ing to theGT-AG rule. To thisend,asshown in Figure11,weshift
the intron framelocally alongthegenomeif no moremismatches
areintroducedin the alignment,for the purposeof detectingthe
GT-AG or its slight variants. In more precise,the intron frame
is moved locally so that the numberof matchesbetweenGT-AG

G
�

enome:G

EST:E

GCGGT......AGGT

GCGGT

e� xone� xon

G
�

enome:G

EST:E GCGGT

e� xon e� xon

GCGGT......AGGT

Figure 10: Alternative solutions for spliced sites.

andthetwo plus two lettersat theboundary of the intron is max-
imized. We will demonstratethehigh sensitivity andaccuracy of
this methodlater.

2.6. Matching ratio

Having determinedtheintron regions,thematchingratio between
thegenomeandthemappedESTsequenceis examined.Sincethe
matchingratio betweenthegenomeanda codedEST is 99.9%if
theESTsequenceis readprecisely(theresidual0.1%is thediffer-
encebetweeneachhumangenome, i.e., SNP),we assumethatan
ESTwith a low matchingratio is not encoded. In effect, anEST
whosematchingratio is low containsmany misreadnucleotides,
or is not encodedin thegenomesequence. Depending on our im-
plementationresult,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 morealignments

In this section,we considercaseswhentherearetwo or moredis-
tinct alignmentsof anESTin agenomesequence,becauseanEST
is often alignedto many different regions in a chromosome be-
causeof retro-transpositionor gene-duplication (Figure12). Fur-
thermore,millions of repeptive sequencesin humangenomedis-
turbcorrectidentificationof start-pointsandend-points.

Although the start- and endpointsof an EST are inferred in
Step1.1 andStep1.2, the start-andendpoints is not determined
uniquely if the MapTable hasmany candidatesfor the primary
key. Let �t�"�B�<�'�t>�� denotethe setof candidatestartpointscalcu-
lated in Step1.1, and =s���Y�$>�� the setof candidateendpoints in
Step1.2. We thenneedto computealignmentsfor all thepairsin�$�"�.���8�$>��D��=s���Y�$>�� . In practice,however, thesizeof �$�"�.���8�$>��
or =����Y�t>�� couldbeoftenmorethanonethousand owing to repep-
tive sequences.To avoid suchdifficult cases,we focuson thefact
that the numberof 21-mersappearing no morethanten timesin
thehumangenomeis about2.2billions, which is about73%of all
the21-mersin thehumangenome.In addition,sub-sequencesin
exonsaretypically lessfrequentin thehumangenomethanother
sub-sequencesin non-coding regions.Thesefactsimply thatscan-
ning threehundredsbasesin a humanESTcouldfind, with a high
probability , sucha 21-merof frequency no more than ten. We
thereforerevise our algorithmto searcha subsequence of lengthR

until thesizeof �t�"�B�<�'�t>�� (or =s���Y�$>�� ) becomesno morethan
ten.Consequentlyouralgorithmis describedas:

Step1.3(Solution for many start- and endpoints)
Assumethat Steps1.1 and 1.2 output such �t�"�B�<�'�t>�� and
=����Y�$>�� thatareof sizeno morethanten. Solve thealign-
ment of =VF -hH J%WYT_K with �GF ���h�?��� H �"�_��K ( �L�)�B����/��$�)�B���8�$>�� ,>����o/;=��Y�Y�$>�� ) by executingStep2.1-2.3,if the distance
between���"�B�<� and>��Y� is smallerthan3,000,000bp.

This techniqueseemsto involve brute force, but it solvesthe all
alignmentsof a givenESTreliably.

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(oursoftware) 0.03
BLAT 1.69
sim4 12

3. ExecutionTime, Sensitivity, and Accuracy

The algorithmdescribedherehasbeenimplementedin C++. In
what follows, we call our softwareSquall . We installedandeval-
uatedperformance of our software Squall, sim4, and BLAT on
a singleprocessorof PrimePower 1000with a clock rateof 675
MHz, 64 Gbytesof mainmemory, andrunningSolaris8.

3.1. Execution time comparisonwith sim4and BLAT

Theperformanceof Squallwascomparedwith sim4andBLAT us-
ing thechromosome22 of theNCBI draft humangenome(Build
28) . We have alignedcurrentversionof RefSeqsequences [14]
(14784 sequences,theiraveragelengthwas2415 bases)to thehu-
manchromosome22. Table1 presentsaveragetime in seconds to
align anEST, which makesit clearthatour methodhasimproved
the computationtime by ordersof magnitude. Both BLAT and
sim4 initially feed genomicsequences, and then perform align-
mentsof ESTs. In Table1, we excludedexecutiontimesof the
formerfeedingstep,sothatthis comparison wasfair to bothsim4
andBLAT, becausesim4 andBLAT requiredmuchmoreexecu-
tion time to feedthegenomethanoursoftwareSqualldid.

3.2. Execution time to align millions of ESTs with
genome

Using Squall,we evaluatedaveragetime of checking whetheror
noteachESTin theUniGenedatabasewasalignedwith theNCBI
draft humangenome(Build 28) and calculating the alignment
whentheESTmappedto thegenome.Table2 illustratesaverage
timein seconds,andobservethataveragetimetoprocessonechro-
mosomeisalmostproportionalto thesizeof thechromosome.The
total of averagetime is 0.0504seconds. Thus,for instance,align-
ing threemillions ESTscanbedonein about150,000 secondson
a singleprocessor, but in practice,we cantypically completethis
taskin lessthanhalf a daywith usingseveralprocessors.

3.3. Sensitivity and accuracy

To validate sensitivity and accuracy of Squall, we considered
to use clean datasetsof spliced sites [15, 16, 17, 18, 19].
These datasetshave been collected from various species to
derive statistically confirmedrules for improving genefinding
algorithms. Among these,we usedHMR195 [19], a collection
of 195 Mammalian genomic sequences that are annotated
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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 experiment, because it includes103
humangenomic sequences,from which we extracted103mRNA
sequencesby consulting the locationsof splicedsites. We then
attemptedto alignthese103sequencesto theNCBI draftsequence
of humangenome(Build 28)by usingSquallandBLAT [13]. We
abandonedthe sametaskby executingsim4 andSpidey because
thetaskwasvery time-consumingandimpossibleto complete.

Table3 presentsthe quality of eachalignmentby Squall and
BLAT. ‘ � ’ indicatestheexactlycorrectalignmentis computed. ‘ � ’
meansthatpositionsof oneor two exons areincorrect,while ‘ � ’
indicatesthat more than two exons are locatedincorrectly . ‘-’
implies thatno alignmentsarecalculatedfor themRNA. Table4
summarizesthe numbersof alignmentsin eachquality category.
Observe thatSquallis muchsuperiorto BLAT both in sensitivity
andin accuracy.

3.4.Alignment of NCBI ReferenceSequences

The known genes other than HMR195 datasetsare available at
theRefSeqdatabase[14], a manuallycuratedcollectiondesigned
to containnonredundant representative of mostfull-length human
mRNA sequencesin GenBank.

We have alignedcurrentversionof RefSeqsequences(14784
sequences) to NCBI working draft sequence of humangenome
(Build 28),andasa result,morethan94.5%of theRefSeqentries
werealignedundertheconditionthat: (i) thematchingratio was
at least70%;(ii) thecoverageratio(thelengthof alignedpart/ the
entirelength)wasat least50%;,showing thatour softwareSquall
have high sensitivity. Also, we confirmthatSquall is ableto ob-
tain the accuratealignmentof eachRefSeqsequencewith multi-
ple exonsandits boundaries,by checking300randomly-selected
alignments.

4. Graphical Viewer

We herepresenta graphicalviewer for browsing the intron and
exon structuresresolved in our implementation. The viewer is
availableat

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

This browser is called Gene Resource Locator viewer (GRL
viewer, for short) [20] andit shows the alignmentof eachEST
in thegenomic sequencewith a user-friendly interface.Figure13,
for instance,presentsa group of ESTs mappedto the samelo-
cus.Eachthick line representsthealignmentof oneEST(anEST

alignment) in which the narrow yellow boxes areexonsand the
blueboxesareintrons.Notethatalignmentssharesomecommon
exons. Somealternatively splicedtranscriptsare also observed.
Thedetailsof biologicalresultsdiscoveredby oursoftwarecanbe
foundin [20].

5. Conclusionand Future Work

Our softwareSquallshows excellentspeedandhigh precision,as
describedin Section3. Genestructurescanberesolvedfasterand
morepreciselyusingthis algorithmthanwith othermethods.In
thefield of medicine,therearemany instancesin whichadisease-
relatedgeneis known. Thepreciselocalizationof suchgeneswill
be possiblein future by referring to the completegeneticmap.
Moreover, thegenerationof precisegeneticmapsfor many crea-
turesis a prerequisitefor inter- andintra-speciesgenome compar-
isons. Our algorithmcanbe usedto generategeneticmapsthat
combine thegenomesandgenesof variousspecies.
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Appendix

In order to approximatethe startpointof an EST = in Step1.1
of our algorithm,we scanthe first 300 basesof the EST to look
for an

R
-mer = F -IH -NMqT+Wq hK thatperfectlymatcheswith thegenome.

We have selected21 for
R

, and300 for the lengthof the range
to search. In what follows, we discussthe rationalebehindthis
selectionfrom astatisticalviewpoint.

Let us call the rangeto searchin the EST the headsequence.
Givenaheadsequenceof length£ (weused300for £ ), ourgoal
is to efficiently associatewith the headits homologousrangein
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thegenomicsequence by finding one
R

-mer in theheadthatper-
fectly matcheswith thegenome.To acceleratetheoverall perfor-
manceof this approach, we have to exclude falsepositive

R
-mers

in the headthat happen to matchwith the genomic sequence by
chance. To reducesuchfalsepositive candidates,we can sim-
ply uselarger valuesfor

R
in orderto increasethe specificityofR

-mersandhencethe computationalefficiency of our alignment
algorithm. However, longer

R
-mersmaydecreasethenumberof

headsequencesthat successfullymapto thegenome throughthe
useof

R
-mersandmaymakeouralgorithmlesssensitive,because

of noisesbothin headandgenomic sequences.
Supposethat the matchratio betweentheheadandits homol-

ogous region is � . When � getslower, say 85%, it becomes
hardto find one

R
-mersharedby theheadandits homologousre-

gion in thegenome.Thus,depending on typical valuesof � , we
have to decidean appropriate valueof

R
in the considerationof

the tradeoff betweensensitivity andspecificity. To resolve this,
we herepresenta way of computingtheprobability that thehead
of length£ andits homologousregionshareat leastonecommonR

-mer for variousvaluesof � . In the literature,Kent [13] stud-
ies this problemwhen

R
-mersaredistinct andnon-overlapping,

which is not applicableto our casesincewe useoverlapping
R

-
mers. Kasahara[21] investigatesthe statisticalpropertyof over-
lapping

R
-mers,andwe follow theline suggestedby Kasahara.

Let ¤���u$�"¥��h¦�	 denote thenumberof headsequencesof lengthu suchthat eachheadcontains¥ mismatchnucleotideswith its
homologousregion andthe longestsubsequenceof length ¦ that
perfectlymatchits homologousregion. Observethatthefollowing
recurrenceshold for ¤���u+�"¥��"¦L	 :

¤���u$��§t�)¦�	¨[ ] ��u�[�¦�	
¤���u$��§t�)¦�	¨[ § ��u1©[�¦�	
¤���u$�"¥���¦�	¨[

ª
-�«t¬ ¤���u�`x¦q`;]_�)¥­`®]c�)P?	

b ª Wq 
-�«t¬ ¤���u�`xP�`;]_�)¥¯`�]_�)¦�	

Then,theprobabilitythattheheadof length£ anditshomologous
region shareat leastone

R
-merwhenthematchratio is � is:

°
± «t¬

°
ª «YT ¤���£C��¥���¦�	��

° W ± ��]E`x�²	 ±

In the above formula, we simply assumethat the head is not
split into morethanoneexonswhentheheadis alignedwith the
genome. Table5 displaystheprobabiliti esfor variousvaluesof �
and

R
. Furthermore,to measurethe specificityof usingeach

R
-

mer, thelowestrow presentsthenumber¤ of
R

-mersin thehead
thatareexpectedto matchby chance,under thecondition thatall
nucleotidesequallyoccur in the sequences. ¤ is definedas the
following formula,andvaluesin thelowestrow arecalculatedfor�^[^³´�x]�§tµ and£w[^³!§<§ .

¤¶[p��£·` R�b ]<	X�z³´�z]!§ µ �j��]_���$	 T
Observe thatevenif thematchratio is 90%,our choiceof assign-
ing 21 to

R
is ableto locatetheheadof length300in thegenome

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

R
� 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
¤ 12.3 3.08 0.767 0.191 0.0475 0.0119

with a probabilityof 98.6%.Furthermore,thevalueof ¤ is suffi-
ciently low, andhencefalsepositive predictionsof headlocations
would bereducedeffectively.
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