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Abstract

The BLASTPprogram is a seach tool for databases
of protein sequencesthat is widely used by biolo-
gists as a first step in investigating new genome se-
guences. BLASTP finds high-scoring local alignments
(9iGi+1 - - - Gitk||SjSj41 - - - 5j4%) Without gaps betweena
query sequencey and sequences in the database The
scoe of an alignmentis the sumof the scoesof individual
alignmentsg;;+||s;++ betweenamino acids that male up
the protein. Theseindividual scoes comefrom a scoring
matrix modelingtherate of evolutionarymutation.

Here we provide a detaileddescriptionof the original
program and three sepaate optimisationsto it. BLASTP
consistsof three steps,that we call neighbourhoodcon-
struction, hit detection,and hit extension. Thethree opti-
misationstarget hit extensionsinceit accountsfor 93% of
the executiontime  The first optimisationalters the data
representatiorof the querysequencend the relatedcode
for indexing the scoringmatrix. The secondoptimisation
performsextensionsin step-size®f two rather than one
Thethird optimisationforestallsthe calling of the hit exten-
sionstepin caseghatare unlikelyto leadto a high-scoring
alignment.Individually, thethreeoptimisationsshowspeed
upsof 15%,48%,and 63%respectively

1. Intr oduction

Worldwide, biologists are collaborating on genome
projectsto determinethe completegenomesof mary or-
ganisms.This hasalreadyproducedarge databasessuch
as Genbank[3], of nucleotidesequencesnd protein se-
guences. A nucleotidesequencas a string over a four-
letter alphabet,while a protein sequences a string over
a twenty-letteralphabet,one letter for eachof the twenty
aminoacidsthatoccurin proteins. Thefirst stepin inves-
tigating a new sequences to compareit againstGenbank
entriesto find similar sequencesrhis comparisoris anap-
proximatematch takinginto accounthefactthatindividual

nucleotidesr aminoacidsmutateduringthe courseof evo-
lution. A scoringmatrix S quantifiesthe rate of mutation:
anentryS(ai, az) givesanormalizedrequeng for themu-
tationof aminoacida; into as over oneunit of evolution-
ary time. The scorefor analignmentof onesequencavith
anotheris derivedfrom the scoreS(a; , as) for eachamino
acidpair, wherea, is alignedwith a,. Thesealignmentsan
belocal or global. A local alignmentis a matchbetweera
segmentof eachsequencewhereas globalalignmentis a
matchbetweenthe completesequencesThereis anartto
interpretingwhetherthe alignment,the value of the score,
andits level of statisticakignificancearereally biologically
meaningful,but generallybiologistslook for high-scoring
alignmentsof their new sequencagainsthe Genbanken-
tries. BLASTP is the mostwidely usedprogramfor deter
mining alignmentsof protein sequenceagainstdatabases
suchas Genbank. It is one of the BLAST (Basic Local
AlignmentSearchT ool) suiteof programd1].

Searchspeedis a critical issuein scanningsequence
databasewhosesizescontinueto grow [8]. We addresshis
issueby optimisingthe existing BLASTP version1.4 pro-
gram.However, to do that,we mustfirst understandheal-
gorithmandthesourcecode.While thesourcecodeis read-
ily available,thereis no cleardescriptionof the algorithm
in the literatureor the programdocumentationHence,our
first stepis afocusedreverseengineeringf the programto
identify thosepartsof the programthat,if optimisedwould
givethelargestCPUspeed-upThedescriptiorthatresulted
is that BLASTP is a three-stepalgorithmthat succeedsn
only scanninghedatabaséor exactmatchesThefirst step
is to createa neighbourhoodor each(short) sgmentof
lengthW of the querysequenceThe neighbourhooaon-
sistsof all sequencesf W aminoacidsthatmatchthequery
segmentwith a high-score An automatoris built to recog-
nizetheunionof all neighbourhoodsThe secondstepis to
scarthedatabaséor exactmatchedo ary neighbour These
matchesarecalledhits. Thethird stepattemptgo extenda
hit into ahigh-scoringpair of ssgment§H S P) with approx-
imatematchedo theleft andright of thehit. As eachpairof
alignedresiduess includedinto thealignment the scoreof



thealignedpairis looked-upin ascorematrixandaddedo
arunningsum. Extensionof a hit continueauntil the falloff
value,X is reached.

The execution profile of the BLASTP programunder
our test conditionsshaws that over 90% of the CPU time
is spentin the procedurehat implementshe third stepof
thealgorithm,extendingword hits. In addition,within that
procedurethreedo-whileloops,whichlocalisethe starting
points of extensionand performthe left andright exten-
sionsrespectiely, accountfor morethan76% of the over-
all executiontime. Eachloop containseither one or two
lines of codethatretrieve a scorefrom the matrix. These
linesaloneaccountfor morethan63% of the overalltime.
Thefocusfor optimisationis clear Any modifiedprogram
thatmoreefficiently accessethematrix, executegewer ex-
tensionloops or invokesthe extensionprocedurdessfre-
quentlywill provide a substantiakpeed-up.

We proposetwo types of optimisations: 1) New se-
guenceepresentationthatareusedexplicitly in theexten-
sionprocedureand?) A constrainton the numberof times
the extensionprocedures invoked. Thereare threeopti-
misations. The first optimisationusesa scorematrix row
addressepresentationf thequerysequencghichreduces
the numberof instructionsrequiredto accesshe matrix.
Thesecondptimisationusesa sequenceepresentatiofor
both the queryand subjectsequencethat groupsresidues
into pairsor residue-doubletsgachresidue-doublein the
aminoacidalphabeis assigneaninteger. This effectively
halvesthelengthsof the sequencesllowing extensiongo
be donein approximatelyhalf the time sincethe number
of extensionloops executedis greatlyreduced. The third
optimisation,ratherthan modify the extensionprocedure,
invokesthe procedurdessfrequently The secondstepof
the algorithm,scanningor hits, is modifiedsothatthe ex-
tensionprocedures called only whentwo hits are found
within a givendistance.For the first andsecondoptimisa-
tions,termedrow-addressndresidue-doubletespectiely,
new extensionproceduresre codedandand pluggedinto
the BLASTP version1.4 program. For the third, or two-
hit optimisation the scanningprocedurds augmentedvith
codethat countsthe numberof hits per aligned segment
of the queryand subjectsequencesComparedo the un-
modifiedprogram thoseimplementingthe threeoptimised
algorithmsshaowv speed-upsf 15%, 48% and63% respec-
tively. In addition,theeffect of eachof theoptimisationson
the detectionof HSPsis studied. The row-addresoptimi-
sationis in factmoreof a changeto theimplementatiorof
thealgorithmratherthana changdo thealgorithmsheuris-
tics. Thus,the matrix-rowv algorithmfinds all HSPsfound
by the unmodifiedalgorithm. However theresidue-doublet
and two-hit optimisationschangethe heuristicsof the al-
gorithmanddo in fact misssomelower-scoringHSPs As
a consequencef groupingresiduesnto pairs,theresidue-

doubletalgorithmmissesomeHSPswith S< 50. Thetwo-

hit algorithm missesthose HSPsthat containa single hit

sinceit only attemptgo extendthosehits thatarewithin a

givendistanceof aprevioushit. Theprogramimplementing
the two-hit algorithmreportsall HSPsreportedby the un-

modifiedprogram.Theonly differences thatthe P-values
of someof the HSPsreportedby the modifiedprogramare
slightly lower.

Two importantresultsare describedn this paper First,
eachof the optimisedBLASTP algorithmsprovidesa sig-
nificant speed-upmf the programthat enablesscientiststo
obtain resultsof BLASTP searchesnuch fasterwith an
acceptableompromisein searchsensitvity. Second,we
presenta parameterisediescriptionof the algorithm that
clearlyshaowvs how thatalgorithmworks; sucha description
washot previously availablein theliterature.

The layout of the paperis asfollows. Section2 intro-
ducesthe BLAST program,its usage,andits relationship
to other algorithmsfor comparingsequences.Section3
presents detaileddescriptiorof the programstructureand
aparametrisedescriptiorof theBLASTP algorithmandits
threemainsteps.Sectiord presentshethreeoptimisations,
while Section5 concludeghepaper

2.Background on BLAST

TheBLAST (BasicL ocalAlignmentSearchT ool) suite
of programdq1] is amguablythe besttool currentlyavailable
for searchingmolecularsequencelatabases BLASTP is
the particularprogramthat looks for similarities between
a query protein sequencandthosein a proteinsequence
database. The BLASTP algorithm is designedfor fast
databasscanning.Thealgorithmis heuristicin nature al-
lowing the userto modify the searchsensitvity by assign-
ing valuesto variousparametersGivena particularscoring
schemein mostcasesthe algorithmis sensitve enoughto
find all similaritiesthat a highly sensitve, but moretime
expensve, dynamicprogrammingalgorithmwould detect.

The programperformstwo tasks: (1) It scansthe pro-
tein sequencalatabaseavith an input query sequencend
compilesalist of HSPs and(2) analyseshe HSPIist in or-
derto assignstatisticalsignificanceto thosematches.The
minimum programinput is a query and a database.The
BLASTP algorithm generateshe HSPlist which is post-
processedo generatean outputlist in which eachHSPis
assignea measuref statisticalsignificance.

The programrequirestwo basicinputs: the nameof the
protein sequencealatabasendthe nameof the file which
containgheproteinquerysequencin FASTA format(Fig-
urel). Thesearespecifiedon thecommandine:

blastp[ dbfile] [qryfile]

The FASTA format consistsof a sequencalescriptorand
a sequencef characterghat representhe protein. The
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0i|129937 spP27644PGLR. AGRTU POLYGALA CTURONASE (PECTINASE) (PGL)gi|95113 pir||A40364picA protein
- Agrobacteriuntumeficiensgi|142256(M62814)PGL ORF[Agrobacteriumtumefciens]
>MALATRATGGAGRRKPVRARCARGLHIVSCHKTQLLGFTIRNAASWTIHPQGCEDL
TAAASTIIAPHDSPNTDGFNPESCRNVMISGVRF$GDDCIAVKA GKRGFDGEDDH
LAETRGITVRHCLMQPGHGGLVIGSEMSGGVHD/TVEDCDMIGTDRGLRLKTGARS
GGGMVGNITMRRVLLDGVQTALSANAHYHCDADGHDDWVQSRNRAPVYNDGTPR/DG

ITVEDVEIRNLAHAA GVFLGLPDVPSATSLSATSPIVSHDPSAVATPAMADRVRP

Figure 1. Example Amino-Acid Sequence

descriptoris prefixed by a’>’ character It containsthe

sequenceadentifier(s)— the sequencemay be in several

databases— anda descriptionwhich includesthe nameof

thesequencandpossiblya shortdescriptiorof its biologi-

calfunction. Thesequenceatabaseglsoin FASTA format,

mustbe processetby theset db programprior to search-
ing with BLASTPR,

The program has several commandline options [6].
Those options that a typical user may specify are: (1)
- mat r i x, which specifiesthe scoringmatrix, and (2) W,
T or X, which may be adjustedo control the sensitvity of
the search. The default matrix usedis BLOSUMB2. With
the- mat r i x option, the usermay specifythe nameof a
file containinganalternatve or userdefinedmatrix:

blastpf dbfile] [qryfile] -matrix[mfile]
The programparametersyV, T and X may be adjustedto
controlthe sensitvity of thesearch:

blastp[ db_file] [qryfil e] Weny T=nr X=nx
Thesensitvity canbeincreasedi.e. moreHSPs canbede-
tected(1) by loweringtheneighborhoodavord scorethresh-
old, T, while keepingthe word size, W, constant;(2) by
loweringboth W and T appropriatelyand/or(3) by raising
theword hit extensionfalloff scoreX. Theseparameterare
fully explainedin Section3.

Theoutputof the programconsistf five parts:(1) Pro-
gramintroduction,(2) Histogramof expectationsf oneis
requested(3) List of one-linesummariedor eachmatch-
ing databassequencgd) List of HSPs and(5) Parameters
usedandsearchstatistics. Partsthreeandfour are of gen-
eralinterestto usersandare further describechere. For a
descriptiorof theremainingpartssee[6].

The one-line summarylist (Figure 2) facilitates the
comparison of the scores and statistical significance
of individual matchesto that of the set. The first col-
umn, Sequences Produci ng Hi gh Scoring
Segnent Pai rs, is the sequenceadescriptorfrom the
FASTA format (seeFigure 1), and containsthe sequence
identifier and name. The secondcolumn,Hi gh Scor e,
containsthe scoreof the highestscoringHSP— the MSP
or maximalsegmentpair. The query may have morethan
one HSPwith a subject,but only the highestscoringone

is reportedin the one-linesummary The third column,
Smal | est Sum Probability P(N), contains the
lowestP- val ue ascribedo ary setof HSPs Thefourth
column,N, displaysthe numberof HSPsin the setascribed
the lowest P- val ue. Essentially the P- val ue is the
probabilitythatthis HSPcould occurby chancealone.The
greaterthe numberof HSPsbetweentwo sequencesthe
lower is this probability If not otherwisespecifiedthelist
of one-linesummariess sortedby increasing?- val ue.

The set of HSPsis listed for eachmatchingdatabase
sequence.Figure 3 shavs an exampleof the information
listedfor eachHSP. The sequenceéescriptorfor thematch-
ing sequencés given, followed by eachHSPthatis found
betweenthis sequencandthe query A descriptionof an
HSPconsistof a statisticalsummaryandthe alignment.

The statistical summary contains: (1) the alignment
Scor e, (2) thenumberof timesonemight Expect to see
anequialentor bettermatchby chance(3) theP- val ue
of observingsucha match,(4) the numberandpercentage
of total residuedn the alignmentwhich areidentical,and
(5) the numberand percentagef residuepairsfor which
thescoreis positive.

Below the statisticalsummaryis the HSP, thealignment
of the query sggmentwith the subjectsegment. The off-
setsof the HSPsareplacedat the beginningandendof the
gueryandsubjectsggments.In between|ettersindicateex-
actmatcheswhile + indicatesa non-identical but positive
scoringmatch.No symbolindicatesazeroor negative score
for thatresiduepair.

2.1 Algorithms for Protein SequenceComparison

This sectionplacesthe BLASTP algorithmin context.
The popular protein sequencecomparisonalgorithmsfall
within two groups: dynamic programmingand heuristic
(Tablel). Thedynamicprogrammingalgorithmsaremore
computationallyexpensve, but arelesslik ely to overlooka
significantmatchgiven a particularscoringscheme.They
arethe methodsof choicewhena rigorouscomparisons
required.Heuristicalgorithmsarelesscomputationallyex-
pensve, but may missborderlineregionsof similarity; i.e.
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Sequences producing High-scoring Segment Pairs

sp|P27644|pglrlagrtu polygacturonase (pectinase) (pgl)...
(U70481) abscission polygalacturonas...
gi|1575705 (U70480) abscission polygalacturonas...
pir||[S57806 polygalacturonase precursor - tomato...
gi|[479088 (X77231) polygalacturonase [Prunus p...

Smallest
Sum

High Probability
Score P(N) N
1649 6.1e-226 1
117 1.1e-15 2
112 1.6e-14 2
112 2.2e-14 2
142 5.5e-12 3

Figure 2. Example BLASTP Output — One Line Summary

regionsin which the similarity measureaxceedsa preset
thresholdonly slightly. They arethe methodsof choicefor
databassearchingpecausef theirrelatively low computa-
tionalrequirements.

Table 1. Sequence Comparison Algorithms.

Algorithm AlignmentType
Type Global | Local
Dynamic Needleman-Wnsch| Smith-Waterman
Programming
Heuristic FASTA BLAST

The output of thesealgorithmsis a similarity score(s)
basedon eithera globalor oneor morelocal comparisons.
Algorithms that computea global score optimally align
both sequencesver their completelengths. In doing so,
they may assignlessthan optimal scoresto alignedsub-
segments. The corverseis true for algorithmsthat report
scorescomputedrom local alignments.In fact, no global
scoreis computed.Instead the outputconsistsof a setof
scorescomputedfrom alignedsub-sgmentswhosescores
arelocally optimal. Globalalignmentalgorithmsare often
thechoiceif two sequenceareknown a priori to beclosely
related.However, distantly-relategroteinsaremorelik ely
to be similar in sub-rgions suchas an actwve site rather
than over their completelengths. Therefore,when com-
paringan unknawvn proteinto a databaselocal alignment
algorithmsare betterthan global alignmentalgorithmsat
detectingdistantly-relategimilarity.

Dynamic programmingalgorithmshave beensuccess-
fully appliedto biological sequence&omparisorproblems.
The two algorithmsthat form the basisof most methods
arethoseof Needleman-Whsch[10] andSmith-Waterman
[12]. Theformerfindsthebestalignmentof two sequences

over their entire length; the latter, the bestlocal align-

ment. Both algorithmscomputea scorefor the bestalign-

ment. Thetime compleity of thesealgorithmsderivesfrom

the traversalof a comparisormatrix whosesizeis propor

tional to the productof the two sequencdengths. In ad-
dition, it is importantto note that thesealgorithmscom-
pute a scorefor the optimal alignment,not the alignment
itself; i.e. they do not computethe positionalmappingbe-
tweenresidues.The alignmentmustbe obtainedby back-
trackingtheoptimal-scoringpaththroughthesimilarity ma-
trix whichtakestime proportionato thelengthof thelonger
of thetwo sequencesT hus,thetime complexity for obtain-
ing the bestscoreaswell asasthe actualalignmentis of

theorder(N x M) + M whereN and M arethelengths
of thetwo sequenceand M is the longerof thetwo. The
time compleity is furtherincreasedf morethana single
bestscoreandalignmentarerequested.

Dynamic programmingalgorithmsappliedto database
searcheareimpractical.Thetimeto searcladatabasef K
sequencess of theorderK (N x M) whereK is typically
of size 10°. Theinapplicability of thesealgorithmsto se-
guenceadatabassearchingedto thedevelopmenof heuris-
tic algorithmsthatsacrificesensitvity for speed.The most
popularof theseare FASTA [11, 13, 9], which cancom-
puteeitherglobalor localgappedlignmentsandBLASTPR,
which cancomputelocal ungappedlignments.(However,
therecenBLAST version2.0suiteof programsemplo/san
algorithmthatcomputegappedalignmentd2].)

FASTA and BLASTP operateon the premisethat each
residueof both sequencesmeednot be comparedto de-
tect the highestscoringalignments. Both algorithmsfirst
identify short, highly-similar segmentswhich arethenex-
panded.The mainassumptiormadeby thesealgorithmsis
thatary significantalignmentencompassesneor moreof
thesesggments.The differencebetweerdynamicprogram-
ming and heuristicalgorithmsis bestunderstoodn terms
of a comparisormatrix whereone sequenceés positioned



Length = 387

Identities = 22/66 (33%), Positives = 35/66 (53%)

G T++N+ + | GC +

Sbijct:

Query: 97 1 AVKAG 102
| ++ G

Sbjct: 216 1 s1 PG 221

>gi|1575707 (U70481) abscission polygalacturonase [Lycopersicon esculentum]

Score = 117 , Expect = 1.1e-15, Sum P(2) = 1.1e-15

Query: 37 GFTI RNAASWTI HPQGCEDLTAAASTI | APHDSPNTDGFNPESCRNVM | SGVRFSVGDDC 96
+++P +SPNTDG
156 GVTVQNSQM FHI LVDGCHNAM IQGVKVLSPGNSPNTDGI HVQSSSGVS IM NSNI GTGDDC 215

+ +S A GDDC

Figure 3. Example BLASTP Output — HSP List

horizontallyandthe othervertically. Eachentryis a mea-
sureof similarity, or score,betweertwo residues.The dy-
namicprogrammingalgorithmdill eachentryin thematrix.
Theheuristicalgorithmsfirst fill a subsebf entriesforming
commonsub-sequenced high similarity. Then,neighbor
ing entriesarefilled or calculateduntil the scoreof an ex-
tendedalignedsegmentis maximised. The compleity of
the heuristicalgorithmsremainson the orderof (N x M),
but the numberof computationdasedon residue-residue
comparisonss greatlyreduced.

Q. querysequenceqoqiqz...q;

DB, subjectsequencéatabasesize= K

M, functionthatreturnsthealignmentscore
HSP, setof high scoringsegmentpairs

W, word size

T, thresholdword score

X, falloff score

S thresholdalignmentscore

HSP=BLASTP(Q,DB,M,W,T,X,9
N, neighborhoodvord set
SB subjectsequencesgs152...5m
N = Build-Neighborhood(Q, M, W, T)
for (i=0; i<K; i++)
SB=DBJi]
Scar(SBN)

Figure 4. The BLASTP Program

3. A Description of the BLASTP Program

This sectionprovidesa parameterisedescriptionof the
BLASTP programand eachof the threestepsof the algo-
rithm. The BLASTP program(Figure 4) first builds the
neighborhoodtheniteratively retrievesa subjectsequence

from the databasandscanst for hits. Upondetectionof a
hit, the extensionstepis invoked.

For sequenceg = qoq; - - - g, ands = sgs; ... s,, alocal
alignmentwithout gaps,(¢igi+1 - - - Gi+k||SjSj+1 - - - Sjti),
is a positional mappingfrom a segmentof ¢ to a sey-
mentof s sothatthe correspondingndividualaminoacids
gi++ and s;, are aligned, for t = 1 to k. The score
M(qiGi+1 - - - Gi+kl|8j 841 - - - 8j41) Of analignmentis the
sum of the scoresM (g;+||s;+¢) Of the individual align-
mentsg;¢||sj+¢. Theseindividual scorescome from a
scoringmatrix M|g;y+, sj4++] modelingthe rate of evolu-
tionary mutation.

The BLASTP algorithmworksin threesteps:

1. Neighborhood Construction. A setof words of
length W, calledthe neighborhood\, is computed. Each
word scoresat leastT with someword of equivalentlength
in thequerysequence).

2. Hit Detection EachsubjectSBin thedatabas®B is
scannedor (exact)matchego awordin N.

3. Hit Extension Thematch,or hit H, is extendednto
apotentiallyhigherscoringalignment.

Theneighborhoodonstructiorstep(Figureb) is param-
eterisedby the querysequenc®), the scorefunctionM, the
word sizeW, andthe thresholdword scoreT. The alphabet
of residueds AA. This stepoutputsthe neighborhoodN.
The querysequence) is scanned.Eachqueryword may
have zeroor more neighbors. The setof neighborsof all
guerywordsis the neighborhood.The neighborhoods a
setof tuplesof the form <neighboroffset-, whereneigh-
bor is theword thatmatchedhe queryword at offset

The hit detectionstep(Figure 6) is parameterisethy a
subjectsequencésB andthe neighborhood\. A word hit
H is analignmentof a queryword andsubjectword whose
offsetsare g_off and s_off respectiely. The subjectSBis
scannedor exact matchesto a memberof the neighbor



N = Build-Neighborhood(Q,M,W,T)
AA, aminoacidalphabet
for (i=0;i < FW+1;i++)
if Jawordnonine...nw_1, wheren; € AA
suchthatM(g; g +1---@i+w—1/[non;...nw—1) >=T
thenN | < nons..nw—1.qi4w—1 >

Figure 5. Step One — Neighborhood Con-
struction

hood.Whenamatchis found,theextensiornstepis invoked.

Scar(SBN)
H, word hit, composeddf (s_off,g-off), theoffsetsof H on SBandQ.
for (j=0;j < m-W+1;j++)
if ((sj8j+1--8j4w—1) €N)
H.soff = Sji+w—1
H.q.off = offset where< s;s;41...5; 4w —1, Offset> € N
Extend(H)

Figure 6. Step Two — Hit Detection

Thehit extensionstep(Figure7) is parameterisely the
word hit H, the word size W, a scoringfunction M, the
falloff scoreX, the thresholdalignmentscoreS, and the
guery and subjectsequence® and SB(1). This stepat-
temptsto extenda hit into alonger, potentiallyhigherscor
ing alignment. The offsetsq._bey, g-end s beg ands.end
mark the maximalscoringalignment. They arefirst setto
the delimitersof the word hit (2—3). The first loop (4-9)
thensetsthemto thedelimitersof the maximalscoringsub-
alignmentwithin H. The hit is traversedfrom g to g_pos
Residuepair scoresareaccumulated sum(5). Whensum
is positive (6) it is addedto score andq_end||s_end is ad-
vancedright. A negative sum(7) causesy_beg||s_beg to
be advancedright effectively excluding the negative scor
ing residuepair from themaximalscoringsub-alignmenof
H. Parameterspecificto eitherthe left or right extensions
areinitialisedin (11-12).Thesecondoop (13—-21)extends
in theleft direction.Residuepair scoresareaccumulatedh
sum(17). If sumis positive, it is addedto scole thenreset
to zeroandthe alignmentis extended(18-19).If sumfalls
below x, the extensionterminateq21). Longerextensions
arefavoredby allowing x to be setto -scoe (10,20,30).A
right extensionoccursif the conditionsin (22) hold (which
is alwaysthe caseat first). The valuesof s, sumandscoe
aresavedin theleft extensionparameterdefts leftsumand
leftscoerespectiely (23). Thethird loopworksin thesame
manneexceptthattheextensionproceedsn theright direc-
tion (24—32).Theleft extensionmay continueif the condi-
tionsin (34) hold. If so,s, sumandscoe aresavedin the

right extensionparametersiights, rightsumandrightscoe
respectiely (35). The maximalscoringalignmentis stored
in the HSPsetif scoe meetsthethresholdS (37-38).Fig-
ure8 illustratesthe dynamicsof the extensionalgorithm.

1 Extend (Q,SBW,H,M,X,S)
2 g.beg=q=H.qoff-W, g_end= g_pos= H.g_off

3 sbeg=s=H.soff-W, s.end= H.s off

4 do

5 sum+=M(Qq||SBs)

6 if (sum> score)thenscore= sum,qg-end= g, s.end=s
7 elseif (sum<=0) thensum=0,q-beg=q,s.begg=s
8 q++,s++

9  while(q < g.pos)

10 if((x =-score) X) thenx =X

11 leftg=qg_bey, lefts=s_beg, rightq= g_end,rights= s_end
12 leftsum=rightsum= leftscore= rightscore= 0

13 Left Extension:

14 qg=leftq, s=lefts,sum= leftsum

15 do

16 g--, S

17 sum+=M(Qq||S Bs)

18 if(sum> 0) then

19 score+=sum,sum=0,qg.-beg=q,sbgg=s

20 if(x =—score)< X) thenx =X

21 while (sum>=x)

22 if (score> rightscore)A (rightsum> X) A (-rightscore> X) then|
23 leftq = q, lefts = s, leftsum= sum,leftscore= score;
24 Right Extension:

25 g = rightq, s = rights, sum= rightsum

26 do

27 sum+=M(Qq||SBs)

28 if(sum> 0) then

29 score+=sum,sum=0, g.end=q,s.end=s
30 if (x = —score) X) thenx =X

31 q++,s++

32 while (sum>=x)

33 rightg=q

34 if (score> leftscore)A (leftsum> X) A (-leftscore> X) then
35 rights= s, rightsum= sum,rightscore= score
36 gotoLeft Extension

37 if (score>=S) then
38 HSPU ((Qq_beg---Qq_endHSBs_beg---SBs_end)

Figure 7. Step Three — Hit Extension

4. Algorithm Optimisations

The optimisations described focus on the
Bl ast Wor dExt end procedure. They are of two
types: (1) new sequenceepresentationshat facilitates
extensionand are usedonly in the extensionprocedure;
and (2) restricting the numberof calls to the extension
procedure.Thefirst two optimisationsare of the first type
while thethird is of the secondype. Thefirst optimisation
representshe query as a sequencef memoryaddresses.
Theseaddressearethoseof the rows in the scorematrix
whoseindicescorrespondo particularresidues.Employ-



g, query sequence
s. subject sequence
H, word hit

W word size

M score function

Figure 8. Dynamics of Extension Algorithm.

A word hit H is a sub-alignment of length W, H =

(Gbeg---Gend||Sbeg---Sena) Whose score, M(H) > T. The extension algorithm finds the locall y maximal
alignment starting from H. Extension contin ues in either direction until M (ges:.. qbeg||sleft sbeg) <X
or M(q,, 4---Gright||S,nq--5rignt) < X. The total score of the alignment is M(qbeg qend“Sbeg 5004)

ing this representatiomlecreasethe numberof operations
requiredto accessthe matrix, thus reducingthe overall
time to perform an extension. The secondoptimisation
representghe query and subjectsequenceas a sequence
of residue-doublets.A doublet consistsof two adjacent
residues.Integersin the range0-399areusedto represent
the alphabetof residue-doubletsthereare 20 residuesin
the alphabet,thereforethere are 400 residuepairs. This
representatiofacilitatesthe extensionof word hitsin steps
of residue-doublepairs instead of residuepairs. This
reducesthe number of iterations of the extensionloop
requiredto performan extension thusreducingthe overall
time for extensions. The third optimisationconstrainghe
numberof invocationsof the extensionprocedure. The
scanningprocedurecountsthe numberof word hits per
aligned sggmentof the query and subjectsequencesnd
invokesthe extensionprocedureonly if the numberof hits
perseggmentmeetsathresholdcriteria. The overalltime for
extensionsis reducedsincethe procedureis invoked less
frequently

The following threesubsectionpresentachoptimisa-
tion in turn, including a discussiorof the effect they have
on the algorithm's sensitvity to detectingsimilarity. The
fourth subsectiompresentshe performanceyainsof the op-
timisations.

4.1 Row-AddressSequenceRepresentation

The profile shaws thatthe lines of codewithin the pro-
cedureBl ast Wr dExt end that accesghe residuepair
scorematrix accountfor 63% of the executiontime. The
logical instructionsequencéor the codefragmentthatac-
cesseshe scorematrix is givenin Figure9 part (iii). Two
addresgalculationsare executed:oneto calculatethe ad-
dressof the matrix row, andthe otherfor the matrix entry
(lines 2 and4 respectiely). The optimisedalgorithmlifts
instruction2 out of the extensionprocedurethusremoving
aninstructionfrom a frequentlyexecutedine of code.The
guerysequencés representedsa sequencef matrix row-
addressemsteadof matrix row indices. In the optimised
extensionprocedurejnstructionsl and2 areequialentto
oneinstructionin which the row-addresgorrespondingo
a particularresidueis obtainedby dereferencinghe query
traversalpointerq. It is costeffective to usesucha rep-
resentatiorfor the querysincethereis only onequeryper
databasesearchandthat samesequences traversedin the
extensionprocedurdor eachscan.Usinganequialentrep-
resentatiorfor the subjectsequencewould not be costef-
fective sinceeachsubjectwould needto be translatednto
the row-addressepresentationAny increasean extension
performancewould be offset by the time requiredto per
form this translatiorfor eachsubject.

This optimisationis more effective for the DEC Alpha
64-bit architectureghanfor someotherarchitectures.The



smallintegers,in the range0-19, are storedasbytes,and
have to be extractedfrom a 64-bitword beforethey canbe
usedasindexes. On the DEC Alpha, this extractionis a
particularlyslow instruction.

Row-Address Effect on HSP Detection. The row-
addressalgorithm does not effect the sensitvity of the
search. The optimisedalgorithm detectsthe sameHSPs
and their respectie scoresthat the unmodifiedalgorithm
detects.

4.2 Residue-DoubletSequencerepresentation

The unmodifiedextensionalgorithmworks in stepsof
alignedresiduepairs. The optimisedalgorithm performs
extensionsin stepsof alignedresidue-doublepairs (Fig-
ure 10). As a consequencef representingsequencess
residue-doubletssachextensioncycle accumulatescores
of residue-doublepairsinsteadof scoresof residuepairs.
Thesescoresareobtainedfrom a doubletpair scorematrix
whichis accesseth eachiterationof the extensionloop.

unmodified word hit
AASTI | APHDISPNTDGFNPESCR
optimised word hit
AASTI I APHDISPNTDGFNPESCR

Figure 10. Extending in Steps of Two.

This optimisationrequiresnew datastructuresfor the
scoringmatrix, andthe sequencesThesearein additional
to the structuresusedin unmodifiedBLASTP, sinceother
stepsof thealgorithmdependonthe original structures.

A doubletconsistf two adjacentesidues Sincethere
are 20 residuesthereare 400 residuepairs, andthey can
be representeds integersin the range0-399. A scoring
matrix for doubletsis required: it is indexed by the inte-
gers0-399,anddirectly calculatedrom the original scor
ing matrix. Eachsequenceequiresthreerepresentations:
the original one, a representatioas doubletsbeginning at
anoddposition,andarepresentatioasdoubletsheginning
atanevenposition. Thesdasttwo representationsmay pad
theoriginal sequencesoit hasevenlength.

Residue-DoubletEffect on HSP Detection. There are
threeanomaliesn the ability of the residue-doublealgo-
rithm to detectHSPswhencomparedo the unmodifiedal-
gorithm. Thesearisedirectly from groupingresiduesnto
doubletsandfrom performingextensionsusing sequences
of residue-doubletsOnecaneasily(andquickly) compen-
satefor theseanomaliesy post-processinthesetof HSPs

Anomaly 1: Lower initial falloff score. The extension
procedurebegins by calculatingthe scoreof the maximal
scoringsub-alignmenof the word hit. This scoreis as-
signedto theinitial falloff valuex. If aword hit contains
a negative scoringpair, it will not be addecto the scoreof
the sub-alignment.In the residue-doubletase,the nega-
tive scoringpair may be groupedwith an adjacenfpositive
scoringone. The scoreof thedoubletis netpositive, thusit
is addedto the sub-alignmentHowever, the negative scor
ing pair makesthe overall scoreis lower, makingtheinitial
falloff scorelower thanwould be the casein the unmod-
ified algorithm. Sincethe falloff valueis lower or more
stringent,extensionsmay terminateearlierin the residue-
doubletcase In thetestsearchsomeHSPswith S< 50are
missedby the residue-doublealgorithmthat arefound by
theunmodifiedalgorithm.

Anomaly 2: Lower scoresfor HSPs. Scoref HSPsare
lower by approximatelyoneto five pointsin the residue-
doubletcasefor the samereasonasdescribedn (1). The
maximal scoring local alignmentis delimited by q_beg
andg-end. The residuepair immediatelyleft of q_beg
or right of g_end is negative scoringandis thefirst pair of
the sub-alignmenthatbringssumbelow x. This negative
scoringsub-alignments not part of an HSP. However, in
the residue-doubletase the negative scoringpair may be
groupedwith the positive scoringone, lowering the over-
all score. In the unmodifiedalgorithm, the negative score
would not have beenaddedto the overall score.In thetest
searchthis anomalyoccurredrequently

Anomaly 3: Higher scoresfor negative scoring falloff
sub-alignment. This anomalyis the corverseof thefirst
two in the sensehatit arisesby anunwantedgroupingof a
positive scoringpair with a negative scoringone. The neg-
ative scoringresiduepair causingsumto fall belowv x are
locatedatpositionsg_| ef t andg_ri ght - 1 fortheleft
andright extensiongespectiely. However, in theresidue-
doubletcasethesenegative scoringpairs may be grouped
with positive scoringonesat positionscausingsumto re-
main above X, thusallowing the extensionto continue. In
thetestsearchthisanomalyoccurredwice outof 452HSPs
with S> 50.



(i) unmodified

remove 2
(i) optimised

(qrls+]

(iii) logical instruction sequence
matrix[*q++][*s++] 1

N o o WwWN

row_offset = Dereference(q)
row_address = matrix_address + row_offset
column_offset = Dereference(s)
score_address = row_address + column_offset
score = Memory_Access(score_address)
Increment(q)

Increment(s)

Figure 9. Logical Instruction Sequence for Retrieval from Score Matrix. Part (iii) shows the logical

instruction sequence for retrieving a score from the matrix.

Part (i) shows the line of C code for

this access in the unmodified BLASTP, where ¢ and s are references to residues, and residues are
integ ers in the range 0-19. Part (ii) shows the line of C code for the optimised BLASTP, where now

q is a reference to the row of the score matrix for the corresponding

integ er in the rang e 0-19.

4.3 Two-Hit Detection

The third stepof the BLASTP algorithm extendsword
hits to longer, potentially higherscoring,alignments.The
extensionalgorithmusegheword hit asa seedandextends
it to the left and right to determinethe maximal scoring
alignmentrelative to the word hit. The scoreof an align-
mentis thecumulative sumof thescoreof its residuepairs,
makingthe scorea function of the alignmentdength. The
extensionalgorithmhasa hill climbing character As the
extensionproceedsn a particulardirection, net scoresfor
both positive scoringand negative scoringsub-alignments
are computed. Net positive scoresare addedto the total
scorefor the extensionin a particulardirection. The exten-
sionin thatdirectionterminatesvhena netnegative score
matcheor falls belov thefalloff parameteiX. The greater
the numberof net positive scoringsub-alignmentsvithin
analignmentthe greaterthe probabilitythatthe alignment
scoresabove thethresholdSandis anHSP.

Table 2. Alignments versus Number of Hits.

Hits Alignmentswith n Hits
n % of Alignments | % of ExtendCycles
1 75 71
2 21 24
3 3 5
| I 99 | 100 |

Word hits are net positive scoringsub-alignmentsThe

residue; s still references an

alignmentsthat resultfrom an extensioncontainthe word
hit from which it is seededand possiblyothers. Word hits
are detectedduring the scanningphase(step2) of the al-
gorithm. Therefore,during scanningit is possibleto ob-
tain a measureof the numberof word hits locatedon an
alignment. The dataof Table2 shaws thatvirtually all ex-
tensionsarealignmentghatcontaineitherone,two or three
wordhits. As shavnin Figurell,theaveragescoreof these
alignmentgarely meetsa scoreof 32, thedefault valuefor
thecutoff parameteB. Theplotindicateghatfor thevalues
of word size,W=3, andthreshold;T=11,theHSPsthatmeet
the cutoff containfive word hits. Of the total time spentin
hit extension,only a minutepercentagactualextendsa hit
intoaHSP.

The two-hit algorithmemplgys a scanningstep(step?2)
that constrainghe numberof timesthatthe extensionpro-
cedureis invoked. An alignedsegmentof two sequences
mustcontaintwo word hitswithin agivendistance Thedis-
tanceconstraintis the averagelengthof a negative scoring
sub-alignmentvhosescoremeetsor falls belov the falloff
parameteX. The two-hit algorithmusesthe heuristicthat
only an alignmentof a query and subjectsegmentwhich
containstwo hits within a distancethatis lessthanthe av-
eragefalloff distanceis likely to be a sub-alignmenbf an
HSP.

Two-Hit Effecton HSP Detection. Thetwo-hitBLASTP
programreportsthe samehighestscoringalignmentsasthe
unmodifiedprogram. However, the two-hit BLASTP pro-
gramdoesmisslower scoringHSPs The highestscoring
alignments selectedrom thesetof reportedHSPs andthis
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Figure 11. Average Alignment Score vs Hits
per Alignment.

setis usedto calculatethe P(N) value,andthevalueof N.
Sincethetwo-hit algorithmmay not detectsomeHSPsthat
ar e detectedby the unmodifiedalgorithm,it reportslower
N values.This effectsthevaluefor P(N). For the experi-
mentalsearchthis hasno effect on thereportedalignments
sincethe missedHSPsarenotthehighestscoringones.

4.4. Performanceof Optimisations

Eachof theoptimisationgesultsn asignificantdecrease
in thecomputationatime requiredto performa search.Ta-
ble 3 compareghe programandextensionperformanceof
eachoptimisedprogramwith that of an unmodifiedpro-
gram.

A singletestsearchis usedasa standard. The search
programis BLASTR, versionl.4 [4]; the default valuesfor
all parameterareused.The databasés the proteinNRDB
(non-redundantiatabase)5], a conglomerateof several
proteinsequencdatabaset whichidenticalsequenceare
mergedinto oneentry The databaseontains252,307en-
tries. The querysequencélength= 312 residuesjs given
in Figurel. Theaveragdengthof databassequencés 283
residuesThetestsearchusesa DEC Alpha computer

ThecolumnheadedMl | O ock ti nmeistheelapsed
time reportedby the C library functiont i me. Thecolumn
headedCPU cycl es ti ne is the cputime asreported
by the profiler. The gainin performances measuredy
the changen the numberof CPU cycles. Individually, the
threeoptimisationsshav speedupsof 15%,48%,and63%
respectiely. In generalthesereportedgainsagreewith the
time figures. However, thereis a glaringanomalywith the
residue-doubledptimisation,in thatits elapsedime is ac-

10

tually longerthanthe unmodifiedprogram.We do nothave
a clearexplanationof this, but suspecit is dueto the fact
thatthelargerscoringmatrix (400x 400)is too largefor the
cache:we have no way to measurecacheusage. Further
more,we do not have clearinformationon how the profil-
erstreatthe timing of individual fetch instructionsin the
presencendabsencef cachefaults.

5. Conclusions

We provide a detailed description of the original
BLASTP programand three separateoptimisationsto it.
Sucha descriptionof the BLASTP programwas not pre-
viously availablein theliterature. The descriptionis devel-
opedusinga reverseengineeringorocesghat iteratespro-
filing, focusedreadingof the sourcecode,andmodelcon-
struction. The executionprofiles also suggesttargetsfor
optimisation.

BLASTP consistsof threesteps,andthe optimisations
targetthe third step,calledhit extension,sinceit accounts
for 93% of the executiontime. The first optimisational-
tersthe datarepresentationf the query sequencandthe
relatedcodefor indexing the scoringmatrix. The second
optimisationperformsextensionsn step-sizesf two rather
thanone. The third optimisationforestallsthe calling of
the hit extensionstepin caseghatare unlikely to leadto
a high-scoringalignment.Individually, the threeoptimisa-
tionsshawv speedupsof 15%,48%,and63%respectiely.

Thereis somelossin sensitvity whenoneemploys the
optimisations. That is, thereis a decreasedbility of the
optimisedalgorithmto detectHSPs For the row-address
optimisation,thereis no lossin sensitvity at all. For the
residue-doublebptimisation,thereare edgeeffectson the
alignmentsdueto extendingtwo residuesat a time. How-
ever, theseareminor, andcanbe easily correctedby post-
processingFor thetwo-hit optimisation thereis generally
nodifferencen thehighestscoringalignmenthowever, the
calculationof P(V) valueand N valueareeffected.If one
is interestedn all theHSPs andnotjustthehighestscoring
alignmentthenthey areminorlosses.

The three optimisationsprovide a significant perfor
manceenhancemertb a popularalgorithmusedfor protein
databasescanning. The row-addressand residue-doublet
optimisationtake adwantageof the view that a sequence
canhave multiple equivalentrepresentationsachof which
is usedfor a particular part of the overall computation.
The developmentof the two-hit optimisationarosefrom
an experimentin which a querywascomparedo a single
databassequencandthenumberof hitsperalignmentvas
measuredThis experimentwaslater extrapolatecover the
entiredatabaseheresultsof whichareshavnin Figurel1.
However, we make no claimsof original discovery of this
optimisationsinceit is implementedn the BLAST version



Table 3. Summary of Performance . (Time in seconds on DEC Alpha.)

Program Extension Total
CPUcycles Wall Clock CPUcycles
No.x10'° | time time No.x10° | time || % Gain

BLASTP (row-address) 1.7 57.9 1.8 62.9 15

BLASTP (residue-doublet 1.2 39.9 109 1.3 455 48

BLASTP (two-hit) 0.6 194 40 0.8 27.4 63

BLASTP (unmodified) 2.0 68.4 100 2.1 73.4
2.0 program[2]. This paperprovidesa parameterisede- [5] National Center for Biotechnology Information.
scription of the BLASTP algorithm. Descriptionsof the The Protein  Non-redundant Database (NRDB).

algorithmthat exist in the literature provide only general
textual anddiagrammatiadescriptionsof eachof thethree
stepsof the algorithmfrom which a directimplementation
is notpossible.
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Postscript We developed these optimisationsindepen-
dentlyof developmentainderway atNCBI for BLAST 1.4.
The new BLAST version2.0 program[2] from NCBI ex-
tendsBLAST to include the two-hit optimisation,and to
addgappeBLAST andPSIBLAST asmethodgo increase
sensitvity atthelossof computatiorspeed.The NCBI au-
thors[2] discusghelossin sensitvity of thetwo-hit optimi-
sation,andhow thoselossesmay be detectedby lowering
thethreshold,T’, for neighborhoodvords. This essentially
increaseghe probability of having two hits on the align-
ment.

Anotherindependentine of developmentof BLAST is
being carriedout by WarrenGish [7], one of the original
BLAST authors.Thiswork is aimedmoreatincreasesgen-
sitivity thanat optimisationsof performance.
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