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Abstract— Homology search is a keytool for understanding the

role, structur e, and biochemical function of genomic sequences.

The most popular techniquefor rapid homologysearch is BLAST,
which has beenin widespread use within universities, reseach
centres, and commercial enterprises since the early 1990s. In
this paper, we proposea new step in the BLAST algorithm to
reducethe computational cost of searching with negligible effect
on accuracy This new step — semi-gappedalignment — com-
promisesbetweenthe ef ciency of ungapped alignment and the
accuracyof gappedalignment, allowing BLAST to accurately Iter

sequencesvith lower computational cost.In addition, we propose
an heuristic — restricted insertion alignment — that avoids
unlik ely evolutionary paths with the aim of reducing gapped
alignment costwith negligible effect on accuracy Together after
including an optimisation of the local alignment recursion, our
two techniques more than double the speed of the gapped
alignment stagesin BLAST. We conclude that our techniques
are an important improvementto the BLAST algorithm. Source
code for the alignment algorithms is available for download at
http://www.bsg.rmit.edu.au/iga/

Index Terms— Sequence alignment, BLAST, dynamic pro-
gramming, homology search.

I. INTRODUCTION

LAST is themostwell-known andpopularbioinformatics

tool. It is usedto evaluateover 120,000homologysearch
querieseachday [25] at the popular NCBI websitd, and is
installedand maintainedin almostall medium-to large-scale
molecularbiology researcHacilities. It hasalso beenwidely
adaptedor differentplatforms,architecturesandtasks.

Thepopularityof BLAST stemsfrom its speecandaccurag.
However, searcheswith BLAST becomeslower each year
In a study of the performanceof BLAST, we have recently
found that a query on the 2003 GenBankdatausing a 2003
Intel-basedsener takes an averageof around260 seconds.
In 2001, the sametask took only 83 secondson a 2001
GenBankcollectionand 2001 hardware,andin 1999 only 36
secondsindeed,the trendis that BLAST is becomingaround
64% slower eachyearbecausef the well-known exponential
growth in genomiccollections,and despiteimprovementsin
hardware[13]. It is thereforeimperatie that the fundamental
algorithmsin BLAST continueto be improved, and that new
heuristicsthat improve speedwithout affecting accurag are
discovered.

Since1997,therehave beenno fundamentathangego the
BLAST algorithm. There has, however, beenrecentwork on
adaptingBLAST techniquegto other problems.For example,
spacedseedshave beenproposedas an improvementto the
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rst stageof BLAST algorithmandincludedin several BLAST-
like tools, suchas BLAT [22], PATTERNHUNTER [24], and
PATTERNHUNTER I [23]. However, therehasbeenlittle focus
on improving the nal stagesof BLAST that computegapped
alignments.

We have foundthatcomputinggappedalignmentonsumes
an averageof 32% of the total processingtime in a BLAST
search.Therefore, optimisation and innovation in the nal
stagesof BLAST warrantsinvestigation.This paperproposes
two such innovations, semi-gappedlignmentand restricted
insertion alignment Both reducethe computationalcost of
alignmentwith no signi cant effect on accurag.

Semi-gappedilignmentis a fundamentalnew stepin the
BLAST algorithm. This step compromisesetweenungapped
and alignment: insertionsand deletions are permitted only
every N residues,that is, gapsare allowed but not always
at the optimal position. Semi-gappedalignmentfollows the
ungappedlignmentstage aimingto ef ciently andaccurately
reducethe numberof gappedalignmentsrequiredin the stage
thatfollows. Whencarefullyparameterisedhis new technique
reduceghetime takenfor the averagealignmentstageby 40%
with no signi cant effect on accurag.

Restrictednsertionalignmentis an heuristicthatcanbe ap-
plied to semi-gappedr gappedalignment.We have obsened
that in optimal alignments,insertionsin one sequenceare
very rarely adjacentto insertionsin the other By disallonving
this event, it is possibleto make a saving in computation
following eachalignmentbetweentwo residuesthat occurs
through insertion or deletion. This reducesthe time taken
for the gappedalignmentstagesin BLAST by around 8%.
When semi-gappedalignmentis usedtogetherwith restricted
insertionalignmentandthe optimisationwe describenext, the
speedof the gappedalignmentstagein BLAST is more than
doubled.

Our improvementsto BLAST include an overlooked opti-
misation describedby Zhang et. al. [37]. This optimisation
was proposedo reducethe numberof accesse$o previously
computedvalues.However, we have obsened that this opti-
misation permits a rearrangemenbdf the recurrencerelation
usedto computegappedalignments reducingthe numberof
arithmeticand comparisonoperationsper alignmentwith no
effect on theresult.We describeandexplain this optimisation,
and shov that it reducesthe cost of the alignmentstagesby
around20%. The NCBI implementationof BLAST doesnot
usethis optimisation.

This paperis organisedasfollows. We overview homology
searchand the BLAST algorithm in Section Il, describing
in detail the processused to generategappedalignments.
Section lll describesour two new gappedalignmenttech-
nigues,andillustratehow they canbe employedby BLAST. In
SectionlV, we presentand discussthe resultsof comparing



our new techniguedo the existing methodsusedby BLAST.
Finally, SectionV presentsour conclusionsand a discussion
of plannedfuture work.

Il. BACKGROUND

In this section,we presenta short overview of homology
searchand explain the stepsusedby the BLAST algorithm
to searchgenomiccollections.We focus on detailing gapped
localalignmentanddiscusgheBLAST dropof heuristicthatis
usedto reducethe searchspacefor local alignments.Longer
overviews of homology searchand local alignmentcan be
found elsavhere[1], [19], [32].

A. Homolayy Seach

The widespreadavailability of computing resourcesand
genomic collections has changedthe approach molecular
biologistsuseto characterisesequences-undamentato un-
derstandingthe function of genomicsequencess determin-
ing commonevolutionary ancestrythat is, nding homola@y
between sequencesBy comparing sequencesand nding
homologybetweenwo sequences— oneof which hasknown
function,structure prigin, or product— inferencemaybeused
asto the biochemicalrole, evolutionary history, and chemical
structureof the secondunknaovn sequenceHomologousse-
guencesisually sharecommonelementsf three-dimensional
folding and secondarystructure;sometimeshowever, homol-
ogoussequenceslo not sharecommonfunction.

Homologyis inferredwhenthe statisticalsimilarity between
two sequencesxceedsa threshold.The similarity is measured
by nding similar regionsin two sequencesjsually through
computinga local alignment typically using a variant of the
Smith-Watermanalgorithm[34]. This estimationrequiresthe
measuremenf the numberof point mutations,or elementary
changesto transforma sequenceegion in one sequenceénto
a region in anothey and then expressingthis as a probability
that the score has arisen by chance [4]. This model of
using specialisedstring comparisonalgorithmsfor genomic
sequencedas beenshavn to be an effective model of the
evolutionary procesq32].

To computean optimal local alignment,all possibleevo-
lutionary pathways betweentwo sequencesare computed
with respectto a scoring scheme.ln practice, this requires
takulationof scoresn amatrix of sizel; |, for two sequences
of lengthsl; andl,. In addition,to constructthe evolutionary
pathway and display this to a user an additional matrix is
required to store traceba& information. The algorithm is
thereforeO(n?) is both time and space.

An exampleresultfrom a local alignmentbetweenhuman
and silkworm lysozymesequencess shovn in Figure 1. An
optimal local alignment extending over 117 amino-acidsis
shawvn in the format typically returnedto the user Scoringof
local alignmentusually relies on a mutationdatamatrix [15],
[20] andexperimentallyderived penaltiefor gaps We explain
the generalisedocal alignmentapproactthatincorporategap
scoringand mutationmatriceslater in Sectionll-C.

B. TheBLAST Algorithm

Without specialisechardware, Smith-Watermanlocal align-
ment is impractical for the comparisonof a query to each
sequenceén a large genomiccollection. This hasnecessitated
heuristicsto allow searchego be practicalon desktopwork-
stations,and to allow institutesto provide searchservicesto
large numbersof users.The FASTP algorithm[30] — which
was later revised as FASTA [31] — wasthe rst successful
heuristic approachto local alignment.However, since 1990,
BLAST [5] hasbeenthe mostpopularheuristiclocal alignment
tool andin widespreadise, rst asthe BLAST1 suiteof tools,
andsince 1997 asthe BLAST2 and PSI-BLAST tools [6].

TheBLAST algorithmis a four-stageprocesdhatis ef cient
and effective for searchinggenomic databasesThe steps
progressiely reducethe searchspace,but eachis more ne-
grainandtakeslongerto processachsequenceTablel shavs
the averagetime spentperformingeachstageof the algorithm.
We brie y discussthe four stagesn this section;more detail
on the rst two stepsof BLAST can be found elsavhere [6],
andthe nal two stepsare discussedurtherin Sectionsll-C
andll-D.

Stage 1: In the rst stage,eachsubjectsequencey from
the collection of sequencedeing searcheds retrieved and
comparedto the query sequencex using the algorithm of
Wilbur andLipman[35]. This identi es high-scoringmatches
between x ed-lengthoverlappingsubsequence®r words) of
length W extracted from the query and subject sequences.
Typically, W = 2, W = 3, or W = 4 for amino-acidsearch.
Thesematchesare referredto as hits, and the offseti from
x andj from y of eachhit is passedto the secondstage
of the algorithm.In practice,BLAST usesan ef cient lookup
tablefrom the querysequenceo identify hits for eachsubject
sequence.

To examine the performanceof this rst stage— and
producetheresultsshavn in Tablel — we carriedouta simple
experiment.We randomly extracted 100 sequence$rom the
GenBanknon-redundan{NR) protein databasg8] and then
searchedhe entire databasausing eachas query We found
that the rst stageconsumedon averagearound37% of the
total time for all four stagesandthat an averageof 229 hits
were found per collection sequencealmostall sequencebad
at leastonehit. In total, the non-redundantlatabaseve used
— which is discussedfurther in Section |V — contained
1,873,745sequencesand an average of 332 residuesper
sequence.

Stage 2: The secondstagedeterminesvhethertwo or more
hits h of lengthW could form the basisof a local alignment
that doesnot include insertionsor deletionsof residues.To
determinehis, the diagonalp of eachof the hits is determined
by computingthe differencein the queryandsubjectsequence
offsets,p=j i.If two hits, h[i1;j1] andhliz;]], arefound
to occuron the samediagonal(sincej; i1 =j2 i) and
i1 iz islessthana constantA, thenan ungappedextension
is attempted.The parameterA in uences the accuray of
BLAST, andis one of mary parameterghat can be tunedin
the algorithm.

The left side of Figure 2 illustratesthe rst two stagesof
the algorithm.The gure shows a matrix usedto computethe
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Fig. 1. Smith-Watermanalignmentof silkworm lysozyme(PDB accessioritGD6, 119 amino-acidsand humanlysozyme(PDB accessioriLZ1, 130 amino-
acids).A BLOSUM62 mutationmatrix is used,with gapopenpenaltyof 11 andextensionpenaltyof 1. The Smith-Watermanscoreis 215, with 41% identity
in a 117 amino-acidoverlap. The *+' in the middle line indicatesa conserative substitution,whilst a capital letter indicatesan identity.

TABLE |
AVERAGE RUNTIME FOR EACH STAGE OF THE BLAST ALGORITHM FOR 100 RANDOMLY-SELECTED SEQUENCES FROM THE GENBANK NON-REDUNDANT
DATABASE SEARCHED AGAINST THE ENTIRE DATABASE. EXPERIMENTSWERE CONDUCTED USING THE NCBI IMPLEMENTATION OF BLAST AND
DEFAULT PARAMETERS, INCLUDINGW = 3, T = 11, S1 = 22BITS, UNGAPPED DROPOFF OF 7 BITS, GAPPED DROPOFF OF 15 BITSAND BLOSUMG62
SUBSTITUTION MATRIX WITH GAP PENALTIESOF 11 AND 1.

Stage Task Percentag®f overall time
1 Find high-scoringshort hits 37%
2 Identify pairsof hits on the samediagonal 18%
2 Performungappedxtensions 13%
3 Performgappedextension 30%
4 Collect tracebackinformation and display alignments 2%

similarity betweentwo sequencesThe width of the matrix is
the length |, of the query sequencex, that is, thereis one
column for eachresiduein the query sequenceSimilarly,
the height of the matrix is the length I, of the subject
sequenceg thatis being considered.Therefore,eachcell in
the matrix representsan intersectionbetweena residuefrom
eachsequenceandis usedto takulate a scoreon the optimal
evolutionary pathway that considersthosetwo residues.This
processs discussedn moredetail in Sectionll-C.

The short black lines in Figure 2 representhigh-scoring
hits of lengthW that matchbetweenboth sequencesThatis,
eachsuchblack line representshe beginning of the shortest
possibleevolutionary pathway (of minimum lengthW) thatis
consideredby the BLAST algorithm. In the gure, thereare
two caseswheretwo hits are locatedon the samediagonal
lessthan the maximumdistanceA apart. For eachof these
pairs,an ungappedxtensionis performedto determineif the
hits are likely to form part of a high-scoringalignment,and
the region covered by the extensionis illustrated by a grey
line. If an ungappedextensionscoresabove the value of S1
— anotherconstantdeterminedby an external parameter—
it is consideredsuccessfubndis passecdn to the third stage
of the algorithm.In this example,the longer extensionscores
above S1, while the shorterdoesnot.

We measuredhe performanceof the secondstage,using
GenBankNR and the same 100 randomly-selectedjueries
describedpreviously. On average, 9.8 ungappedextensions
are performedper collection sequencebut lessthan 0.01%
of theseproducea scoreabove the cutoff, S1. The effect is
that around11% of the databasesequencesire passedn to
the third stage.The secondstageconsumen average31%
of the total searchtime.

Stage 3: In thethird stage a gappedalignmentis performed
to determinef the high scoringungappedegion forms part of
a larger, higherscoringalignment.The right side of Figure 2

illustratesan examplewherethis is the case:the single, high-
scoringungappedextensionidenti ed in Stage2 is considered
asthe basisof a gappedalignment,andthe black line shavs
the alignmentidenti ed through this process.The gapped
alignmentprocessis describedin more detail in Sectionll-
C.

The gappedalignment algorithm used by BLAST differs
from Smith-Watermanlocal alignment. Ratherthan exhaus-
tively computingall possible paths betweenthe sequences,
the gappedschemeexploresonly insertionsand deletionsthat
augmenthe high-scoringungappedlignment.Therefore this
stepbeagins by identifying a seedpoint that lies within a high-
scoringportion of the ungappedegion. After this, a gapped
alignmentis attemptedWe usethe term gappedalignmentto
refer to the approachusedby BLAST and local alignmentto
refer to the exhaustve Smith-Watermanapproach.

A gappedalignmentstopswhenthe scorefalls belov avalue
determinedy adropof parameterX . This parametecontrols
the sensitvity and speedtrade-of: the higher the value of
X, the greaterthe alignmentsensitvity but the slower the
searchprocesslf the resultinggappedalignmentscoresmore
than S2 — which is determinedfrom an external E-value
cutoff parameter— it is passedon to the fourth and nal
stageof BLAST. On average,n our experimentwith GenBank
NR describedpreviously, we found that less than 0.01% of
the gappedalignmentsperformedduring the third stagescore
above the default E-value cutoff of 10, and that this stage
consume®n average30% of the total searchtime.

Stage 4: In the nal stageof the BLAST algorithm,the nal
alignmentso bedisplayedto the userarerescoredDuring the
rescoring,the alignmenttracebackpathway itself is recorded
sothatit can be displayedin the format shawvn in Figure 1;
the third stagerecordsonly scores,and not the evolutionary
pathway thatleadsto thatscore.Theotherimportantdifference
duringrescoringis thatthe value of the dropof parameterX ,
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black lines. Whentwo hits occur neareachotherandon the samediagonalan ungappedxtensionis performed,with the resultshovn asa longergrey line.
In this example,the longerof the two ungappedxtensionsscoresabore S1 andis passedn to stage3, whereit is usedasa startingpoint for constructing

a higherscoringgappedalignment.

is increasedo attemptto nd a higherscoringalignment.

The numberof alignmentsprocessedluring this nal stage
of the algorithm is limited by two important factors. First,
it is determinedby the numberof sequence$ound to score
above the E -value cutoff in the third stageof the algorithm.
Second,the value of the parameteB — which defaults to
500 — limits the total numberof alignmentsto be displayed
to the user Around half of the 100 querieswe evaluatedin
our experimentwith GenBankproducedmore than500 high-
scoringalignments.n this case,only the 500 highestscoring
alignmentsfrom the third stagearerescoredn this stageand
subsequentlyglisplayedto the user On average the nal stage
consumenly 2% of the total searchtime.

Statistics: BLAST usesKarlin-Altschul statisticg4], [21] to
reportthe statisticalsigni cance of eachgappedalignmentto
the useras an E-value. The E-value representshe chance
that an alignment with at least the same score would be
found if a randomly constructedquery with typical amino-
acid compositionwas searchedagainsta randomlygenerated
databaseThelengthof the querysequencandthe sizeof the
collectionare taken into consideration.

There are three stagesto determinethe statistical signi -
canceof a gappedalignment:

1) A nominal scoreS is determinedfor eachalignment
usinga mutationdatascoringmatrix — typically either
aBLOSUM [20] or PAM [15] matrix — anda function
for penalisinggaps.Nominalscoresaregenerallywritten
without units.

The nominal scoreis corvertedto a normalizedscore
SO asfollows:

2)

o S InK
In 2

where the valuesof and K are pre-computedby
random simulation for each scoring matrix and gap
penaltycombination.Scoresn this normalizedform are
expressedn bits, and are comparableacrossdifferent
scoringschemes.

The normalizedscoreis corvertedinto an E-value as
follows:

3)

Q

E:ﬁ

where Q is the searchspacesize, that is, Q mn
wherem andn arethe total numberof residuesin the
guery and the collection respectiely. BLAST usestwo
additionalpre-computedialues and to calculatethe
exact value of Q, taking into considerationthat high-
scoring alignmentsgenerally cannot start a short dis-
tancefrom the end of eithersequenceThis edge effect
correctionis discussedn more detail elsavhere[3].

The resultingvalue of E is reportedto the userasthe align-

mentE -value.Note alsothat the equationscan be invertedto

determinethe minimum nominal scorerequiredto achieve a

speci ¢ E-value.Thisapproachs usedby BLAST to determine
the cutoff parametelS2 from the userspeci ed E -value.

C. Gappedalignments

In this paper we presenttwo improvementsto the gapped
alignmenttechniquethat is usedfor the third stageof the
BLAST algorithm. However, before we introduce these new
techniqueswe describethe gappedalignmentalgorithm that
is employed by BLAST in more detail.

BLAST usesthe popular Gotoh algorithm [17] to produce
gappedalignmentsthat employ an afne gap cost model.
Underthis model,threepossibleevolutionaryeventscanoccur
with respectto eachpossiblepair of residuesdravn from two
sequences andy: rst, theresiduesarealigned(meaningthe
residuesare consered becausehey are the same,or oneis
substitutedfor the other); second,an insertionis madewith
respectto y; and, last, an insertionis madewith respectto
X. As discussedpreviously, the rst classof eventis scored
using a mutationdatamatrix. The latter two classesof event
are scoredwith the afne gap model, wherethe penalty for
beginning an insertion is typically high but the penalty for
continuing it as a gap is low. Speci cally, the costc of a
gapof lengthk is de ned by ¢(k) = k e+ o, whereo is
the cost of openingand e the cost of extendinga gap, and



e> 0, 0> 0; k 1. We addto this de nition the pre-
computedcostd of openinga gap and the rst insertionin
thatgap,thatis,d= o+ e.

As discussedoreviously, the alignmentrecursionitself re-
quiresa matrix of sizel; |, for two sequencex andy of
lengthsl; and 1, respectiely. Eachcell [i; j] in the matrix
representshe highestscoringalignmentbetweerx andy that
endswith the i residuein x andthe ™ residuein y. The
valuein eachcell [i; j ] is dependenon threeof the immediate
neighboursof the cell at coordinatedi  1;j 1], [i 1;j],
and[i; j 1], andthesemapto thethreepossibleevolutionary
eventsthat can affect the alignmentof the i residuein x
andthe j residuein y. This dependencés illustrated in
Figure3, wherecharactematchesarerepresentedy diagonal
arrovs andinsertionswith respectto y andx are represented
by horizontaland vertical arrons respectiely.

To perform the gappedalignment, three values must be
recordedor eachcell [i; j ]. ThescoreB (i; j ) is the bestscore
for any alignmentendingat [i; j ], the scorestoredat | 4 (i; j )
representshe bestscorefor an alignmentendingat[i + 1;j]
with an insertion with respectto y, and Iy (i; j) represents
the bestscorefor an alignmentendingat [i; j + 1] with an
insertionwith respectto x. Using thesevalues,the following
recurrenceelationscanbe employedto computethe scoreof
the optimal gappedalignmentbetweentwo sequencesising
afne gapcosts:

(1) M(i;j)= B( 8l;j 1) + s(xisy;)
< k(i Lj)
) B(;j)= max_ Ily(i;j 1)
©OM(ir))
. M(;j) d
3) Iy(i:j)= max LG L) e
(4) ly(i;j) = max m((ii;;jj) 131 .

wheres(x;;y;) is the scoreresultingin a matchbetweenthe
i characterof x andthe j™ characterof y, andthe scalar
valueM representshe bestscorefor an alignmentendingat
[i; j1 with a match.In additionto theserecurrencerelations,
initialisation rulesarerequiredto handleboundaryconditions;
typically, all cells wherei = 0 or j = 0 are initialised to
1 , exceptfor the alignmentstarting point [0; O] which is
initialised to zero.

Theserulesarenot exactly asusedby BLAST. Rather they
include the importantoptimisationdescribedoy Zhanget. al.
[37] wherel,(i; j) andly(i; j) storescoresfor [i + 1;j] and
[i;j + 1] respectrely. The motivation of this is to reduce
accessefo previously computedvalues.However, thereis an
importantadditional advantagethat — to our knowledge —
has not been previously obsened: it permits rule reorgani-
sation that can reducethe computationrequiredto produce
gappedalignments)eadingto the savzings in computationthat
we discussnext. The optimisationis not includedin NCBI
BLAST. We useit in our baselineimplementationand new
schemes.

The rulesof Zhanget. al. [37] afford a performanceadvan-
tageover the original BLAST approachin two ways. First, the
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Fig. 3. Portionof thedynamicprogrammingmatrix usedto performagapped
alignment. Diagonal arravs representcharactermatcheswhile vertical and
horizontal arravs representinsertionswith respectto x andy respectiely.

The valuesfor i = 23 andj = 7 are dependenbn the three immediate
neighboursat coordinateq22; 7], [22; 6] and [23; 6].

processingf eachcell requiresfour insteadof ve arithmetic
operationssincethe valueof M (i; j) d in equation(3) can
bereusedn equation(4). Secondthe numberof comparisons
that needto be performedcan be reducedfrom four to three
for somecells. To illustrate this, considerthe casewherethe
computatiorof B (i; j ) revealsthatl (i 1;j) M (i;j), that
is, whenlx(i 1;j) is found to be the largestof the three
valuesin equation(2). In this event, it can be deducedthat
Ix(i 1;j) e>M(;j) d,avoidingthe needto compare
thesetwo valueswhen calculatingl(i; j) in equation(3).
The sameapproachcan be usedwhen calculatingl , (i; j ) in
equation(4).

The highestgappedalignmentscoreis found by recording
the highestB (i; j) value that is computed.However, if the
alignmentitself is requiredfor displayto the user— asin the
fourth stageof BLAST — the algorithmmustbe modi ed. The
modi cations required include recording information about
how scoresare derived for eachcell in the matrix, so that
a tracebackcan be performedto nd the path resulting
in the optimal score. Optimising the storage of traceback
information,andreconstructingracebacksisinglinear space,
is a well-understoogroblemthatis describecelsevhere[11],
[27]; asour novel schemesddressmproving the performance
of the third stageof BLAST, we do not considerthis problem
further. Indeed,it is unclearhow importantthis problemis in
practice:assequencegrow in numberbut notin length,it is
executionspeedratherthanmain-memoryrequirementshatis
thelimiting factorfor searchingcurrentcollectionson modern
hardware.

The variation of Gotoh's algorithmthat we have described
is suitablefor nding the optimal gappedalignmentpassing
througha given starting point. For BLAST, this start point is
a seedpoint determinedfrom its previous steps.In contrast,
therigorousSmith-Watermaralgorithmconstructdocal align-
mentsthat allow the alignmentto begin at ary point in the
dynamic programmingmatrix. This is achieved by a small
adjustmentto the recursve relationsthat disallovs negative
values.

Disallowing negative valueshasbeenusedto optimisethe
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Fig. 4. lllustration of a seededyappedalignmentwith dropof. The black
line represents high-scoringungappedalignmentbetweensequences and
y. A point on the alignmentis selectedas the seedand a gappedextension
is performedin each direction, beginning at that point. The grey regions
representellsin the alignmentmatrix that exceedthe bestscoreseensofar,
lessa constantdropof value.

Smith-Watermanalgorithm and almost double its execution
speed[28]. However, unfortunately this optimisationis not
applicableto the gappedalignmenttechniqueusedby BLAST.
Myers and Durbin [28] have also recently investigatedus-
ing a table lookup approachto increasingthe speedof the
Smith-Watermanalgorithm and found they could achieve a
speedincreaseof up to 1.5 times when using the popular
BLOSUMG62 data mutation matrix (and up to twice as fast
with othermatrices).However, this schemealsorelieson the
sparsityof high scoringcellsin the matrix, againtypically not
the casefor the gappedalignmentstagein BLAST.

D. SeededsappedAlignmentwith Dropof

As we describedpreviously, whena high scoringungapped
alignmentis found duringthe secondstageof a BLAST search,
a gappedalignmentis performed.However, BLAST doesnot
processthe entire dynamic programmingmatrix associated
with aligning the two sequenceslinstead,it considersonly
gappedalignmentshat passthrougha seedpoint [a; b], which
is chosenas the centre residue of a high scoring region
within the ungappedilignment;it is unclearif this is the best
approachto choosinga seedpoint andwe plan to investigate
other choicesin future work. The algorithm then performs
a gappedextensionbeginning at the seed,and proceedingin

eachdirection,towardsboththe startandendof the sequences.

The nal alignmentscoreis the sum of the scoresresulting
from extensionin eachdirection.

BLAST usesa dropof technique[36] to further restrictthe
number of cells processedn local alignment. To do this,
BLAST considersonly regions of the alignmentmatrix with
a scoreB(i; j) thatis greaterthan the bestscorefound so
far minus the value of a dropof parameter X . Figure 4
illustrates how this techniquelimits the areaof the matrix
to be processedthe grey shadedregion representsells that
arelocally alignedin the third andfourth stagesof BLAST as
a gappedextensionis performedin eachdirection from the
seedpoint.

The dropof schemeis effective in reducingthe compu-
tational cost of local alignment, while being sensitve in

nding homologoussequencesWhen two sequenceshare
a small region with a low alignment score, the alignment
scorestypically fall towards zero within a few cells as a
gappedextensionis attempted.This limits the areaof the
matrix thatneedso be processedndeed sincethe majority of
gappedextensionsare triggeredby ungappedalignmentsthat
arenot in fact part of a higherscoringgappedalignment,the
dropof techniqueis highly effective in reducingthe number
of cellsthatneedto be be computedn local alignment.In our
experimentwith 100 queriesandthe GenBankcollection,we
foundthaton averagdessthan2% of all cellsin thematrix are
processeavhenthe dropof techniques appliedusingdefault
parameters.

The dropof techniqueusedin BLAST is similar to the
alignmentwithin a x ed diagonalband[12] heuristicthat is
employedby FASTA. Both techniquesreeffective in avoiding
processingellsin the alignmentmatrix. However, we believe
that the dropoff techniqueis the more effective technique
becauseit is adaptve, varying both the direction and size
of the region to be computedbasedon the alignmentscores
determinedso far. We have not experimentedwith x ed
diagonalregionsin our work.

I11. A NEW APPROACH TO GAPPED ALIGNMENT

In this section,we proposetwo novel gappedalignment
algorithms. The rst is usedas a new stagein the BLAST
algorithm that Iters alignments betweenthe second and
third stages.The secondaims to reducethe time taken to
generategappedalignmentsin the third stage.Both of the
novel algorithms differ from traditional gapped alignment
by reducing the computationrequired for each cell in an
alignmentmatrix. This approachis orthogonalto the dropof
techniquealreadyemployed by BLAST, which insteadlimits
the numberof cells that needto be processedTherefore,a
signi cant advantageof our novel techniquess that they can
be usedin combinationwith the existing dropof heuristic.
We reportresultsof integratingour alignmentschemento the
nal stagesof BLAST in SectionlV.

A. Semi-gappealignment

In this section,we proposea new semi-gappedalgorithm
that compromiseshetweenthe speedof ungappedalignment
and the accurag of gappedalignment. Our motivation is
to add a new stagein the BLAST algorithm that ef ciently
and accuratelyreducesthe subsetof sequencesdenti ed by
ungappedalignmentto a very small setthat are subsequently
alignedusingthe computationallyexpensve gappedalignment
stage.Speci cally, we aim to reducethe computationat each
cell in the alignmentmatrix while still producingalignment
scoressimilar to thosefound using the Gotoh algorithm.

Our ideaiis to restrict where insertionsand deletionscan
occurin an alignment,leadingto an approachthat combines
the featuresof fast, heuristic ungappedalignment and the
slower, more rigorousgappedalignment.The basicapproach
is asfollows: we allow insertionsin sequence only at every
N™ character(where j 0; moduloN) and insertionsin
sequence atevery N characte(wherei  0;moduloN).
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Fig. 5. Portionof the dynamicprogrammingmatrix usedto performa semi-
gappedalignmentwhereN = 4. Arrows indicatehow valuesare derived for

eachcell. For mostcells only the matchoperationis consideredFor columns
wherei = 4 ori = 8, insertionswith respectto x are also considered.
Similarly, insertionswith respectto y are also consideredor the row where
j =12

Figure 5 illustratesthe effect thesetwo constraintshave on
howv values are derived for each cell in the matrix. We
explain the rationale behind this approachnext, and discuss
the reductionin computationakostand the effect of varying
N later

We proposethat semi-gappe@lignmentsbe attemptedbnly
after an ungappedalignment exceedsa cutoff, and that a
successfusemi-gappedlignmentbe usedto trigger a further
gappedalignmentasthe nal stageof BLAST. We believe that
this semi-gappedilignmentstageshould be an effective and
efcient additionalstepin BLAST for threereasons:

1) We have obsered that most gappedalignmentscal-
culated using afne gap costs contain long ungapped
regions separatedy gapsof more than one indel that
movethealignmentfrom onematrix diagonalto another;
semi-gappedalignment still permits these gaps, but
forcesthe gap startand end pointsto be moved. In the
worst case,the optimal positionfor openingthe gapis
midway betweenrows or columnswhere the insertion
is allowed, and the gap position must be moved by
bN?c residuesfrom this optimal position. On average,

a move of dieb e residuesis required. Unlessthe
optimal gap is surroundedby high-scoringmatchesor

the neighbouringungappedegionsare ank ed by low-

scoring matches,this shift has little in uence on the

overall score.

The scoring penalty associatedwith opening and ex-

tending a gap often outweighsary reductionin score
that may be causedyy openingthe gapat a sub-optimal
location.

It hasbeenobsenedby Altschul [2] thatwhenaligning

distantly relatedprotein sequencesiconsened residues
frequentlyfall into ungappecdblocks separatedy rela-

tively non-consergd regions”. This suggestghat gaps
often occurin lessconsered regionsandthat the exact
location of the gap is of less importance,given that
the surroundingmatchesare likely to be low scoring
anyway.

2)

3)

We now explain how the constraintamposedby our semi-
gappedscoringtechniqueaffect the recurrencerelationsand
the processingequiredfor eachcell in the alignmentmatrix.
Obsenre that, dependingonits locationin the matrix, eachcell
in a semi-gappedlignmentpermitsone of four cases:

1) Insertion in either the query or subject sequenceis
permissible that is, the standardgappedalignmentre-
cursionapplies;or,

Only insertionwith respectto the queryis allowed,; or,
Only insertionwith respecto the subjectis allowed; or,
No insertion is permissible,that is, the standardun-
gappedalignmentrecursionapplies.

Therefore, different recurrencerelations are applicable de-
pendingon what operationsare permitted.We considerthese
operationswith respectto the four casesext.

The semi-gappedecurrenceelationsareshavn in Tablell.
The original recurrencedescribedin Sectionll is used for
the rst case,thatis, for cells where]j 0; moduloN and
[ 0; moduloN, and where insertion in both sequences
is allowed; theserelations are shavn at the intersectionof
the row labelled*l, allowed” andthe column*l, allowed”.
When insertionin sequencey is not permitted,that is, j 6
0; moduloN and the secondcaseapplies, then there is no
needto computethevalueof |, andtherecursionis simpli ed
to that shavn at the intersectionof the row labelled“l, not
allowed” and the column labelled “I, allowed”. Similarly,
wheni 6 0;moduloN, thenthe third caseappliesandthere
is no needto computethe value of I, and the recursionis
simpli ed to that at the intersectionof the row “I, allowed”
andthe column*“l not allowed”. Last, whenonly ungapped
alignmentis permitted,the fourth caseappliesandthe simple
recursionat the intersectionof ““ 1, not allowed” and*“I not
allowed” is used.

ComputationalCosts: Tablelll shawvs the numberof arith-
meticoperationandcomparisonsequiredfor eachof thefour
differentrecurrenceelations.In addition,it shavs how vary-
ing N affectsthe numberof cellsin an alignmentmatrix that
are computedusing eachof the four relations.For example,
the table shows that in the regular gappedalignmentcase—
shavn as the intersectionof “I allowed” and“l allowed”
— four arithmeticoperationsare requiredper cell, and either
three or four comparisongas describedfor the optimisation
in Sectionll-C) arerequired.The table also shows that only
1 in every N2 cells requirethis fully-gappedalignment.For
the caseswhere |, is allowed but Iy is not, and wherel
is allowed but 1 is not, only threearithmeticoperationsand
two comparisongrerequired We canalsoapplyoptimisations
similar to thoseusedin the regular gappedalignmentcasethat
reducesthe number of comparisonsfor some cells further,
from two down to one. Importantly ungappedalignmentis
inexpensve — requiringonly onearithmeticoperation— and
for N 4 the majority of cells arein this class.

When N 2, an additional overheadis required to
determinethe classof eachcell. Sincethe valueof j doesnot
changewhile processingeachrow in the matrix, thereis no
needto determinefor eachcell whetherinsertionin sequence
y is allowed; this canbe doneoncefor eachrow at negligible
cost.In contrastthe valueof i mustbe checled for eachcell

2)
3)
4)



TABLE 1l
RECURRENCE RELATIONS FOR EACH CELL TYPE IN SEMI-GAPPED ALIGNMENT.

I« allowed I« not allowed
M) =B ll;j(' 1)1+.)5(Xi;yj)
(i L] LN o A
BGj) = max  1(;j 1) M(i;j) = B(i ll,j ) 1 +1s(x.,yJ)
M (i; }) B(i;j)= max @l 1)
ly allowed (i) = max  M@D) d M(I_, l_)
- :\;((Ii-' e ly(i;j) = max :\C((il;;jj) 131 e
Sy 7j) d
ly(i;j) = max yGij 1) e
M@ j)=B(@ L] 1)+ s(xiy)
B(i;j) = max (L)
ly notallowed ’ M5 J) B(;j)=B@G Lj 1)+ s(xiy)
L M(i;j) d
Ix(i; j) = max i Lj) e
TABLE 11l

FREQUENCY OF EACH TYPE OF CELL IN A SEMI-GAPPED ALIGNMENT AND NUMBER OF ASSOCIATED OPERATIONS.

I« allowed

Ix not allowed

Arithmetic operations= 4
3

Arithmetic operations= 3

Iy allowed Comparisons or4 Comparisonss 1 or 2
Cell type frequeny = N—lg Cell type frequeny = NWZA
Arithmetic operations= 3 Arithmetic operations= 1
Iy notallowed Comparisonss  1lor2 Comparisonss 0 ,
Cell type frequeny = S+ Cell type frequeny = (N1
TABLE IV
AVERAGE NUMBER OF OPERATIONS PER CELL FOR VARYING VALUES OF N.
N 1 2 3 4 5 6 7 8 9 10 11 12
Arithmetic operations 400 3.75 322 294 276 264 255 248 243 239 236 2.33
Comparisons 400 3.00 233 200 180 167 157 150 144 140 136 133

individually to determineif i ~ 0; modulo N . This involves
an additionalarithmeticoperationand comparisorper cell to
determineits class.

Table IV illustrateshow the averagenumberof operations
per cell variesas N is increasedfrom 1 to 12, including
the overheadof determiningthe class of each cell. When
N = 1, only gappedalignmentis usedand,asN increases,
the averagecomputationalcost per cell decreasesHowever,
the reductionin computationakcostasN is increasechasan
effect on accurag. Therefore similarly to otherparametersn
BLAST, the value of N mustbe carefully chosen.We report
experimentswith varying valuesof N in SectionlV.

Triggering GappedAlignment: Semi-gappedlignmentis
anadditionalstagein BLAST thatfollows ungappedlignment
and precedesgappedalignment. Therefore, similarly to all
othernon- nal stagesa criterionmustbeestablishedo trigger
processingf an alignmentin a subsequenstage.

After experimentationwe found the following approachs
effective for decidingwhethersemi-gappe@lignmentsshould
be passedo the nal, gappedalignmentstagein BLAST. We
scoreeachcandidatesequenceaising semi-gappedalignment
and, if the scoreexceedsR S2, then we proceedto local
alignment. The value of S2 is the existing BLAST nominal
scorerequiredto achieve cutoff, and R is a new constant

suchthat0 < R 1. Using the existing S2 constanthasan
importantadvantageif the scorefrom semi-gappeélignment
exceedsS2, thenthereis no requiremenfor gappedalignment
and the sequencecan be passedo stagefour of the BLAST
algorithmwherethere ned scoreandtracebacknformationis
determinedWe reportexperimentshatvary R in SectionlV.
Figure 6 illustrateshow the semi-gappedalignmentstage
is incorporatednto the BLAST algorithm. First, an ungapped
extensionis performedand the resulting alignment (shovn
at the left of the gure) scoresabove an S1 cutoff scoreof
40. Second,a semi-gappedlignmentis performedas shovn
in the middle of the gure. The light grey lines highlight
the columnsand rows in the semi-gappedlignmentmatrix
whereinsertionsareallowed; we shav thatthe two gapsin the
alignmentoccurin thesepermittedregions.Theresultingscore
of 87 is recordedandbecausehis lies betweenR  S2 = 63
and S2 = 90, a gappedalignmentis requiredto determine
if the alignmentscoresmore than S2. The resulting gapped
alignment(shav at the right of the gure) scores95, andis
thereforesigni cant enoughfor displayto the user

B. Restrictedinsertion alignment

In this section,we describeour secondnovel techniqueto
improve gappedalignmentin BLAST. This technique— which



Query sequence

Query sequence

Query sequence

aouanbas uonda|0D
aouanbas uono9||0D

Ungapped alignment
Score =52,S1 =40

Semi gapped alignment
Score =87,R S2 =63

2ouanbas uonoaj0d

Gapped alignment
Score =95, S2 =90

Fig. 6. The new processfor scoringsequenceskirst, an ungappedxtensionis performed(left). If the resultingalignmentscoresabove the S1 cutof, a
semi-gappedlignmentis then performed(middle). The grid overlay shavs the rows and columnswhereinsertionsare permitted.Finally, if the semi-gapped
alignmentscoresbetweenR S22 and S2 thena gappedalignmentis performed(right). In this example,the alignmentscoresabove the cutof at eachstage,

andits ®nal scoreis high enoughfor it to be displayedto the user

Query: 75 LIARSAFGDLYLWGEEIGASLKITSI 100
. + SAFG + LW E+ K TSI
Sbijct: 70 ALGFSAFGKILLWNED----YKTTSI 91
Query: 12 NQDDYY|------- DPEGRFFIVADG 30
. N+D YY +VADG
Sbijct: 169 NEDTYYAGRFSLGD------- LVADG 187

Fig. 7. Two examplepairwisealignmentsThe top shavs an exampleof an
alignmentthat containsa single gap. The bottom shavs an example of the
infrequentcasewherean alignmentcontainstwo adjacentgaps.

we refer to asrestrictedinsertion alignment— is orthogonal
to semi-gappedilignment,and can be appliedeitherto it or
to the gappedalignmentstagein BLAST.
Restrictedinsertionalignmentaims to reducecomputation
for unlikely evolutionary events.We have experimentallyob-
sened that, in optimal gappedor local alignments,nsertions
in one sequenceare very infrequently adjacentto insertions

in the other Figure 7 shavs examplesof gapsin sequences.

To the left of the gure, the typical caseof gap insertion
is shavn: a gap exists in one sequenceand contrikutes to
an optimal alignment. The right of the gure illustratesthe
rare case:two gapsare adjacentin the two sequencesut
still lead to an optimal alignment.In experiments— again
with 100 randomsequencefrom GenBank— we found that
the latter casewas extremelyrare:lessthan 0.02% of gapped
alignmentsgeneratedby BLAST contain adjacentinsertions.
Importantly in 99% of theserare cases,an alignmentthat
doesnot containadjacentgapsand scoresno more than 5%
lessthan the optimal also exists. As a result,only 17 of the
1,013 million alignmentsscoring above an e-value cutoff of
10 are not detectedvhenrestrictedinsertionis imposed.

We proposeaking advantageof theinfrequeng of adjacent
gaps.,andproposehatthesearenot permittedin the alignment
processThisworksasfollows. If thebestscorefor the current
cell[i; j] is dervedfrom I (i;j 1), thatis, from aninsertion
with respectto sequence, then the value of I (i; j) is not
calculated.Similarly, the valuefor 1(i; j) is not determined
if the bestscorefor the cell is dervedfrom I (i 1;j).

With thesenew constraints.the recurrencerelationsfrom

Sectionll-C arerewritten as follows:

M@;j)= B(@i glj 1)+ s(xi;y)
< Ix(i L))
B(i;j)= max_ ly(i;j 1)
M (i )
if 1y(;j 1))  B(j)
Ix(@;j)= 1
else .
G = max (A
if 1@ 1j)) B(j)
ly(i;j)= 1
else .
(i j) = max I“c((i';'j” 1;’ .

The outcomeof this new restrictionis a saving in computation
per cell. For cells where either M (i; j ) ly(i;j 1) or
M(i;j) Ix(i 1;j),thereis areductionfrom four arithmetic
operationsandthreecomparisongo two arithmeticoperations
andtwo comparisons.

Our restrictednsertionalignmentalgorithmis similar to the
two statevariation of the Gotoh algorithm [16], which stores
only thelargerof I andl, for eachcell in the matrix. How-
ever, the aim and effect of this otherapproachis different: it
aimsto reducemain-memoryrequirementsor alignmentswith
tracebackandthe effect is that adjacentinsertionsaretreated
as single insertionswith only one open gap penalty There
are no computationakavings in the approachandit doesnot
offer ary savings for score-onlyalignmentwithout traceback.
However, importantly Durbin obsenes— in supportof both
our and their approach— that heuristicsfor adjacentgaps
rarely affect the resultingalignment.

IV. RESULTS

In this section,we presentthe resultsof experimentswith
our semi-gappedand restrictedinsertion alignmentschemes.



We begin by describingthe collectionsandmeasuremertech-
nigueswe usedto quantify performanceandthen presentan
overall comparisorof results.The resultsummaryis followed
by detailedpresentationsf the effect of parametechoicesfor
our schemes.

A. Collections,Measuementsand Environment

The Structural Classi cation of Proteins or SCOP
databaség7], [26] hasbeenusedwidely to measurghe accu-
ragy of homologysearchtechniqued9], [14], [29]. Measures
basedon the SCOP databaseare both unbiasedand highly
rigorous.For our evaluation,we usedversion1.65 of the AS-
TRAL Compendiunfor Sequencand StructureAnalysis[10]
that was releasedon 19 December2003. The compendium
containssequence$rom the SCOP databasehat have been
annotatedwith fold, superéimily, andfamily information.The
databasehas been Itered so that sequenceswith greater
than 90% identity are removed, resultingin a collection that
contains 8,759 structurally classi ed protein sequenceghat
have eachbeenassignedo one of 1,293 superamilies.

Each sequencein the ASTRAL databasewas used to
searchthe entire collection. Searchaccurag was measured
with the commonly-usedReceiverOperating Characteristic
(ROC) [18], which providesa measureof accurag basedon
the ranked list of alignmentsreturnedby eachsearch.The
ROC scoreprovidesa measurédetweer0 and 1, wherehigher
valuesre ect bettersensitvity and selectvity. A list of true
positives of length L is usedto determinethe score.For the
SCOPtest, this list is comprisedof SCOP sequencegrom
the samesuperamily asthe query Whenmeasuringhe ROC
score,the list of alignmentsis truncatedafter the rst n false
positives,wheren is typically 50 or 100. The ROC, scoreis
calculatedasfollows:

1 X .
ROC, = R u
1 F n

whereF is the positionof the F" falsepositive in the list of
reportedalignments,and u” is the numberof true positives
that ranked aheadof that false positive. The nal ROC score
is determinedby nding the averagescoreacrossall queries
whereL 1.

Unfortunately the SCOP databaseis too small to allow
meaningfulcomparisorof the speedof alignmentalgorithms.
Therefore, we used the GenBank non-redundantprotein
databasdor timing experimentsand, as describedoreviously,
randomlyselectedl00 sequencefom the collectionthatwere
thenusedasqueriesto searchthat collection. We usedthe 30
June2004releaseof GenBankNR, which containsl,873,745
sequencef around622 megabytesof sequencalata.

Whensearchinghe ASTRAL databasewe usethe size of
the GenBankNR databasdor the calculationof E -values.We
did this to ensurethat the cutoff scoresusedwhenmeasuring
thespeedf searchindgNR andaccuray of searchindASTRAL
are comparable Without this adjustment,the values of S2
(and, therefore, R  S2) are lower when measuringthe
accurag of the semi-gappedalignmenttechniquewhich, in
turn, increaseshe numberof alignmentshatarerescorecand
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improvesROC scoresUsing the sameeffective databasesize
when measuringspeedand accurag avoids this bias.

For our timing experimentswith GenBankNR, we raneach
of the 100 queriesand recordedall high-scoringungapped
extensiongeportedusingthe rst two stagesof NCBI BLAST
with default parametersThese ungappedalignmentswere
then usedas input to all algorithmswe tested,and timings
reportedarefor all stagedollowing ungappedlignmentonly;
thesetimings thereforeinclude all non-ungappedilignment
stages,collecting tracebackinformation, and preparationof
alignmentdor displayin the BLAST standardormat. The best
elapsedime of threerunswasreportedfor eachquery

The resultspresentedare basedon experimentscarried out
on an Intel Pentium4 2.8GHzworkstationwith one gigabyte
of main-memorywhile the machinewasunderlight-load, that
is, no other signi cant processesvere running. All schemes
— with the exceptionof NCBI BLAST — include our gapped
alignmentrecursionoptimisationproposedn Sectionll-C. For
baselinecomparisonsywe used NCBI BLAST version 2.2.8.
All code was compiled with the same compiler ags and
optimisationsas NCBI BLAST.

Our implementationsof the gappedalignment stagesof
BLAST usedthe sameKarlin-Altschul statisticsto scorethe
alignmentsas NCBI BLAST. Speci cally, the pre-computed
valuesof ,K, and weretakenfrom NCBI BLAST version
2.2.8.The compositionof subjectsequencewasnot usedfor
scoring,thatis, we did not usethe composition-basestatistics
describedby Schafer et al. [33]. No ltering was appliedto
the query sequences.

B. Ovenll Results

Table V shavs a comparisonof our techniquesto NCBI
BLAST. Our resultsshawv thatthe combinationof semi-gapped
and restricted insertion alignment— labelled as combined
— better than halves the averagetime taken to carry out
alignmentscomparedto NCBI BLAST. On average,over ve
secondsis saved per query when searchingGenBankNR.
Importantly all schemeswe tested have indistinguishable
ROC scores,and this is supportedby the total number of
alignmentsreportedfrom the querieson the GenBankNR
collection.(We reportthe total numberof alignmentsreturned
from the GenBanksearchas an indicator of overall accurag
performanceandhave foundthatthesealignmentsare almost
identicalfor all schemesHowever, we believe that ASTRAL
ROC scoresare a more de niti ve indicator of performance.)

We comparedour schemego our own baselineand NCBI
BLAST. Our baseline— which is optimisedby the recursion
reomganisationdescribedin Section|l-C — is around 20%
fasterthan NCBI BLAST. However, importantly our heuristic
approachearestill muchfaster:in particular the combination
of schemess around40% fasterthan our optimisedbaseline.
We have also found that the semi-gappedlignmentstageis
efcient and effective: it discardsan averageof 87% of the
high-scoringdatabasesequencefrom Stagel andeachsemi-
gappedalignmentis performedin lessthanhalf the time of a
gappedalignment.

In the experimentsreportedin Table V, default BLAST
parametersvereused.Theseincludea gappedrigger scoreof
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AVERAGE RUNTIME AND NUMBER OF HIGH-SCORING ALIGNMENTS FOR 100 QUERIES ON THE THE GENBANK NON-REDUNDANT DATABASE, AND SCOP
ROCsp SCORESFOR THE ASTRAL COLLECTION. ALL ALIGNMENT TECHNIQUES USE DEFAULT PARAMETERS.

Scheme GenBankNR ASTRAL

Time Alignments

(secs) Reported ROGCsg
Combined 4.90 31,160 0.339
Semi-gappedlignmentonly 5.02 31,160 0.339
Restrictedinsertiononly 7.67 31,163 0.339
Baseline 8.34 31,163 0.339
NCBI BLAST 10.34 31,161 0.339

22.0bits (which affectsS1), scoringdropof of X = 15:0 bits,

an E -value cutoff of E = 10:0, and a maximum number of

alignmentgto be reportedof 500. For semi-gappedlignment,
we useN = 10 and R = 0:68, and openand extend gap
penaltiesof o; = 7 and es = 1 respectiely. We discuss
parameterchoicesfurther in the next sections.

Our schemeganbe alternatvely parameterisetb improve
accurag while having runtimessimilar to NCBI BLAST. For
example, by lowering the scoring requiredto trigger gapped
alignmentfrom the default value of 22.0 to 20.2 bits, the
ROGs5, scoreof the combinationschemeancreasesrom 0.338
to 0.342,andthe averageruntimeincreasegto 10.24seconds.
However, sinceour primaryaimis to reducethe computational
costof BLAST without affectingits accurag, we do notdiscuss
this in detail further here.

C. Varying the E -value

Table VI shaws the effect of varying the E -value cutoff
on different schemesAs describedin Sectionll-B, an E-
valuerepresentshe chancethat an alignmentwith at leastthe
samescorewould be found if a randomlyconstructedquery
with typical amino-acidcompositionwas searchedagainsta
randomly generateddlatabaseBLAST usesa default E -value
cutoff of 10, however a lower cutoff is often usedin practice
to reducefalse positives that have chancesimilarities to the
qguery ROC scoresvary dependingon the E -valuecutoff used,
becausea larger cutoff leadsto anincreasein the numberof
reportedalignmentswhich in turn improves ROC scores.

The resultsin Table VI show thatas E decreaseshe re-
ductionin processingcostsvariesbetweendifferentschemes;
indeed, in unreportedexperiments with smaller values of
E, this sametrend continues.For semi-gappedalignment
schemesquery evaluation times fall: when E = 0:1, the
gueryevaluationis around10%—25%fasterthanfor E = 100,
and almosttwo and a half times fasterthan NCBI BLAST
when E = 0:1. This is becausea smaller cutoff increases
S2, resultingin rescoringof fewer semi-gappedalignments
usingtheslow gappedschemelor the otherschemes— NCBI
BLAST, our optimisedbaseline,and restrictedinsertion only
— reducingE hasalmostno effect on speed,becausenone
have the additional ltering stepof semi-gappedlignment.

In termsof accurag, the cutoff hasthe sameeffect on all
schemesthe ROGsy scoresachieved by all techniquesare
the samefor all cutoff's we tested,including for cutoffs up
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Fig. 8. Averagedecreasean score betweensemi-gappedalignmentsand
gappedalignmentsfor varying valuesof N. The samegap penaltieswere
usedfor both methods.Only gappedalignmentsscoringabore E = 10 were
considered.

to three magnitudessmaller than reportedin Table VI. We
also measuredthe effect of varying the maximum number
of reportedalignmentsfor eachschemeand found no distin-
guishabledifferencein accurag betweenthe schemesvhena
maximumof 5, 50, 500, or 5000 alignmentswere displayed.

D. VaryingN and R

Semi-gappedilignmentis parameterisethy two constants,
N andR. Thevalueof N controlsthe ratio of gappedo un-
gappedalignment:smallvaluesof N favourgappedalignment,
andlarge valuesof N favour ungappedalignment.The value
of R in uences the numberof semi-gappedalignmentsthat
are subsequentlyescoredusing the gappedstagein BLAST.
In our previous overall results,we report experimentswith
N = 10 andR = 0:68. This sectionshavs how thesevalues
werederived experimentally how the choicesof N andR are
dependentandthatthey arerobustwhenotherparametersire
varied.

Figure 8 shavs how increasingthe ratio of ungappedto
gappedalignmentaffects alignmentscores.As N increases,
the score producedby semi-gappedalignmentbecomesin-
creasinglylower, falling to around 15% less for values of
N 11 This is as expected:semi-gappedilignmentforces
insertionsto occurin suboptimallocations,and the average
distancebetweenthe optimal gap location and the closest
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TABLE VI
AVERAGE QUERY EVALUATION TIME IN SECONDS FOR SEARCHING THE GENBANK NON-REDUNDANT DATABASE, AND RESULTS OF A SCOP ACCURACY
TEST FOR ROCs509. EACH ALIGNMENT TECHNIQUE IS REPORTED FOR A RANGE OF E -VALUE CUTOFFS.

E=100 E=10 E=0.1
ROGCsp  Time ROGCso Time ROGCsp Time
Combined 0.360 5.67 0.339 4.90 0.300 4.39
Semi-gappedlignmentonly 0.360 5.85 0.339 5.02 0.300 4.46
Restrictedinsertiononly 0.360 7.78 0.339 7.67 0.300 7.53
Baseline 0.360 8.46 0.339 8.34 0.300 8.19
NCBI BLAST 0.360 10.36 0.339 10.34 0.300 10.37

permittedgap location increaseswith N . However, as semi-
gappedalignmentsare only performedto identify regionsthat
mustberescoredvith gappedalignment,differing scoresonly
affect which alignmentsare consideredn the next stageand
not what is returnedto users.In practice, we have found
thatN = 10 affords an excellenttradeof betweenspeedand
accurag.

The scorereductioneffect is compoundedby the dropoff
technique,which processesonly cells that score above a
dynamicthreshold Decreasingcoresrom semi-gappedlign-
ment leads to a reduction in the number of matrix cells
processeand,in turn, this canleadto high scoringalignments
not being consideredluring the semi-gapped@lignmentstage.
As we shaw later, lowering the opengap penaltyprovidesan
effective solutionto the problem.

Figure 9 shaws the effect of varying R for differentvalues
of N. Eachcune in the gure shows the accurag andspeed
tradeof for a x ed value of N but with varying R. For all
cunes, decreasingR improvesthe ROC scoreand increases
averagequeryevaluationtime. Interestingly for valuesof N
10, the curve hasa characteristicshape wherethe ROC score
improves signi cantly as R is decreasedrom one and then
reaches nearmaximumfor valuesof approximatelyR  0:5.
The point on eachcurve shaws the settingR = 0:68, which
we adwcateasthe default settingand usein all experiments
reportedthroughoutour results.

E. Varying the Gap OpenPenalty

As discussedn Sectionlll-A, our semi-gappedlignment
algorithm additionally penalisesgaps by forcing them to
occur in suboptimallocations.Speci cally, on average,gaps

occurdNTeNibNTc residuedrom their optimal openposition.To
compensatéor this, we have exploredlowering the opengap
penaltyfor semi-gappedlignment.

Let oy andey denotethe opengap penaltyand extend gap
penaltyusedfor gappedalignmentrespectiely. Similarly, let
0s and e; denotethe open and extend gap penaltiesused
for semi-gappedlignment.Becausegap length hasno effect
on the constraintsimposed by semi-gappedalignment, we
let es = e5. However, for open gap penalties,we propose
0s = 05 C, whereC is a constantvalue that reducesthe
open cost for semi-gappedalignment.We use a normalized
value for C to ensurethat this compensatioris comparable
acrossdifferentscoringschemes.

Table VIl shaws the effect of varying the opengap penalty
os and its related value of C. The combinedscheme,and

defaultvaluesof og = 11, N = 10, andR = 0:68 areusedfor

all resultsshavn. In addition,becausechangingthe opengap
penalty affects the region explored by the dropof technique,
we have chosena value of X for each value of C that
provides an ROC scoreapproximatelyequalto the baseline;
this allows comparisorof oy valuesto identify the minimum
guery evaluation time. Our resultsshav that C 6:0 bits
works well, thatis, og = 7 is a suitablevalue for the BLAST

default parameters.

In unreportedexperimentswe have alsofoundthatC = 6:0
bits, N = 10, and R = 0:68 provides a good compromise
betweeraccurag andspeedor mostpopularscoringschemes
and choicesof opengap penalty og. We recommendanduse
C = 6:0 hits to calculateopengap penaltiesthroughoutour
experiments.

F. Varying the Mutation Data Matrix

The BLOSUM®G62 substitutionscoringor datamutationma-
trix is the mostcommonlyusedfor BLAST searches-However,
other scoring matrices are included in the default BLAST
distribution:

The BLOSUMA45 matrix is constructedrom alignments
betweendistantly related proteins and is suitable for

detectingdistanthomology

The BLOSUMSB0 matrix is constructedrom closely re-

latedproteinsandis suitablefor detectingclosehomology
The older PAM30 and PAM70 matricesare still occa-
sionally usedbecausehey can provide bettersensitvity

for searchexonductedwith shortqueries

We considerthe effect of usingthesematricesin this section.
Table VIII showvs a comparisonof the various gapped
alignmenttechniquedor the four additionalscoringmatrices;
resultsfor the BLOSUMG62, with oy = 11, e = 1, 05 = 7,
andes = 1 arereportedin SectionlV-B. For eachmatrix, the
recommendeapengap and extend gap penaltiestaken from
the NCBI online versiorf wereusedandarelistedin thetable.
As previously, we reportROC valuesfor searchingSCOR and
averagequery evaluationtimesfor searchingGenBankNR.
The results shav that our schemesare robust for all
matrices.As for BLOSUMG62, the accurag of our schemes
comparedto our baselineand NCBI BLAST is mostly indis-
tinguishable For PAM70, the combinedapproacthasan ROC
scorethatis 0.001lessthanNCBI BLAST, but it is staggeringly
morethanthreetimesasfast;simpleparametetuningcanalter

2Seehttp://www.ncbi.nlm.nih.gov/BLAST/
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Fig. 9. Accuray versusquery evaluationtimesfor combinedsemi-gappedalignmentand restrictedinsertionalignmentusing differentvaluesof N andR.

The default value of R = 0:68 is highlightedon eachcure.

TABLE VII
AVERAGE QUERY EVALUATION TIME FOR VARY ING SEMI-GAPPED ALIGNMENT OPEN GAP PENALTIESOs AND THE RELATED VALUE C. FOR EACH
PENALTY, A VALUE OF X THAT PRODUCES EQUIVALENT ROCs0o SCORES WAS CHOSEN.

Semi-gappe@pengap penalty (os) 6 7 8 9

C (bits) 653 6.15 576 5.38
Dropof X parameter(bits) 144 150 165 19.2
ROGCso score 0.338 0.339 0.339 0.339
Time (secs) 535 493 523 6.18

TABLE VIl
COMPARISON OF THE GAPPED ALIGNMENT TECHNIQUES WHEN USED IN COMBINATION WITH THE SCORING MATRICES INCLUDED WITH BLAST. FOR
EACH MATRIX, THE RECOMMENDED GAP PENALTIESWERE USED WITHC = 6:0.

Scoringmatrix BLOSUM45 BLOSUMBS0 PAM30 PAM70
Gappedcosts(og,eq) 14,2 10,1 10,1 9,1
Semi-gappedosts(0s,es) 10,2 51 3,1 4,1
ROGso  Time ROGso  Time ROGsy Time ROGso Time
Combined 0.331 6.58 0.332 4.07 0.238 1.75 0.292 291
Semi-gappednly 0.331 6.73 0.332 4.21 0.238 1.84 0.293 3.01
Restrictedinsertiononly 0.331 10.59 0.332 6.11 0.238 3.20 0.294 7.04
Baseline 0.331 11.23 0.332 6.72 0.238 3.59 0.294 7.91
NCBI BLAST 0.331 14.31 0.330 7.95 0.236 3.87 0.293 9.85

this tradeof asrequired.For BLOSUMB80, NCBI BLAST has
an ROC score0.002lessthanthe otherapproachesyhich we

have attributed to a minor differencein the implementation
of the dropof schemeOverall, our semi-gappedchemesre

relatively fasterfor detectingdistanthomologs.

V. CONCLUSION

The BLAST homology searchalgorithm has beenwidely-
used and widely-adaptedto different hardware, operating
systems,and tasks.However, very little work — other than
that of its original authors— hasaddressedhe fundamental
algorithmicstepsit usesto accuratelyandef ciently compute
gappedalignments.In this paper we have proposedtwo
improvementsto BLAST and shovn experimentally that —
togetherwith an optimisationof the alignmentrecursion—
they halve the query evaluationtime of the gappedalignment
stagesof BLAST with negligible effect on accurag. We
concludethat thesestepsare a valuable addition to BLAST
and proposethey areincludedin a new releaseof the tools.

We are currently investigating several extensionsto this
work. In this paperwe have con ned our experimentalwork to
proteinsequenceandwe arecurrentlyinvestigatinghow these
optimisationsapplyto nucleotidesearchsurprisingly mary of
thefeaturesof the BLAST algorithm— suchasneighbourhood
words generatedy the T parameterand the two-hit system
for triggeringungappedilignments— arenotimplementedn
NCBI BLASTN, andso this investigationis wide-ranging.We
arealsoinvestigatingoptimisationgto the rst stageof BLAST
andits relatedparameterslLast, we planto releasean entirely
new implementatiorof BLAST thatincorporateghe outcomes
of our work.
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