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Abstract

The BLASTPprogram is a search tool for databases
of protein sequencesthat is widely used by biolo-
gists as a first step in investigating new genome se-
quences. BLASTP finds high-scoring local alignments
( �����������
	�	�	������
����� ������������	�	�	�������� ) without gapsbetweena
query sequence� and sequences� in the database. The
score of an alignmentis thesumof thescoresof individual
alignments����������� ������� betweenamino acids that make up
the protein. Theseindividual scorescomefrom a scoring
matrixmodelingtherateof evolutionarymutation.

Here we provide a detaileddescriptionof the original
program and threeseparate optimisationsto it. BLASTP
consistsof three steps,that we call neighbourhoodcon-
struction,hit detection,and hit extension.Thethreeopti-
misationstarget hit extensionsinceit accountsfor 93%of
the executiontime. The first optimisationalters the data
representationof the querysequenceand the relatedcode
for indexing the scoringmatrix. Thesecondoptimisation
performsextensionsin step-sizesof two rather than one.
Thethird optimisationforestallsthecalling of thehit exten-
sionstepin casesthatareunlikely to leadto a high-scoring
alignment.Individually, thethreeoptimisationsshowspeed
upsof 15%,48%,and63%respectively.

1. Intr oduction

Worldwide, biologists are collaborating on genome
projectsto determinethe completegenomesof many or-
ganisms.This hasalreadyproducedlarge databases,such
as Genbank[3], of nucleotidesequencesand protein se-
quences. A nucleotidesequenceis a string over a four-
letter alphabet,while a protein sequenceis a string over
a twenty-letteralphabet,one letter for eachof the twenty
aminoacidsthat occurin proteins.Thefirst stepin inves-
tigating a new sequenceis to compareit againstGenbank
entriesto find similarsequences.Thiscomparisonis anap-
proximatematch,takingintoaccountthefactthatindividual

nucleotidesor aminoacidsmutateduringthecourseof evo-
lution. A scoringmatrix � quantifiestherateof mutation:
anentry ����� ��� � ��! givesanormalizedfrequency for themu-
tationof aminoacid � � into �"� over oneunit of evolution-
ary time. Thescorefor analignmentof onesequencewith
anotheris derivedfrom thescore�#��� � � � � ! for eachamino
acidpair, where� � is alignedwith � � . Thesealignmentscan
be local or global. A local alignmentis a matchbetweena
segmentof eachsequence,whereasa globalalignmentis a
matchbetweenthecompletesequences.Thereis anart to
interpretingwhetherthe alignment,the valueof the score,
andits level of statisticalsignificancearereallybiologically
meaningful,but generallybiologistslook for high-scoring
alignmentsof their new sequenceagainsttheGenbanken-
tries. BLASTP is themostwidely usedprogramfor deter-
mining alignmentsof proteinsequencesagainstdatabases
suchas Genbank. It is one of the BLAST (Basic Local
AlignmentSearchTool) suiteof programs[1].

Searchspeedis a critical issuein scanningsequence
databaseswhosesizescontinuetogrow [8]. Weaddressthis
issueby optimisingtheexisting BLASTP version1.4 pro-
gram.However, to do that,we mustfirst understandtheal-
gorithmandthesourcecode.While thesourcecodeis read-
ily available,thereis no cleardescriptionof the algorithm
in theliteratureor theprogramdocumentation.Hence,our
first stepis a focusedreverseengineeringof theprogramto
identify thosepartsof theprogramthat,if optimised,would
givethelargestCPUspeed-up.Thedescriptionthatresulted
is that BLASTP is a three-stepalgorithmthat succeedsin
only scanningthedatabasefor exactmatches.Thefirst step
is to createa neighbourhoodfor each(short) segmentof
length $ of thequerysequence.Theneighbourhoodcon-
sistsof all sequencesof $ aminoacidsthatmatchthequery
segmentwith a high-score.An automatonis built to recog-
nizetheunionof all neighbourhoods.Thesecondstepis to
scanthedatabasefor exactmatchestoany neighbour. These
matchesarecalledhits. Thethird stepattemptsto extenda
hit intoahigh-scoringpair of segments( %&�
' ) with approx-
imatematchesto theleft andright of thehit. As eachpairof
alignedresiduesis includedinto thealignment,thescoreof



thealignedpair is looked-upin ascorematrixandaddedto
arunningsum.Extensionof ahit continuesuntil thefalloff
value,X, is reached.

The executionprofile of the BLASTP programunder
our testconditionsshows that over 90% of the CPU time
is spentin the procedurethat implementsthe third stepof
thealgorithm,extendingword hits. In addition,within that
procedure,threedo-whileloops,which localisethestarting
points of extensionand perform the left and right exten-
sionsrespectively, accountfor morethan76%of theover-
all executiontime. Eachloop containseither oneor two
lines of codethat retrieve a scorefrom the matrix. These
linesaloneaccountfor morethan63%of theoverall time.
Thefocusfor optimisationis clear. Any modifiedprogram
thatmoreefficientlyaccessesthematrix,executesfewerex-
tensionloopsor invokesthe extensionprocedurelessfre-
quentlywill providea substantialspeed-up.

We proposetwo types of optimisations: 1) New se-
quencerepresentationsthatareusedexplicitly in theexten-
sionprocedure,and2) A constrainton thenumberof times
the extensionprocedureis invoked. Thereare threeopti-
misations. The first optimisationusesa scorematrix row
addressrepresentationof thequerysequencewhichreduces
the numberof instructionsrequiredto accessthe matrix.
Thesecondoptimisationusesasequencerepresentationfor
both the queryandsubjectsequencesthat groupsresidues
into pairsor residue-doublets;eachresidue-doubletin the
aminoacidalphabetis assignedaninteger. Thiseffectively
halvesthelengthsof thesequences,allowing extensionsto
be donein approximatelyhalf the time sincethe number
of extensionloopsexecutedis greatly reduced.The third
optimisation,ratherthanmodify the extensionprocedure,
invokesthe procedurelessfrequently. The secondstepof
thealgorithm,scanningfor hits, is modifiedsothat theex-
tensionprocedureis calledonly when two hits are found
within a givendistance.For thefirst andsecondoptimisa-
tions,termedrow-addressandresidue-doubletrespectively,
new extensionproceduresarecodedandandpluggedinto
the BLASTP version1.4 program. For the third, or two-
hit optimisation,thescanningprocedureis augmentedwith
codethat countsthe numberof hits per alignedsegment
of the queryandsubjectsequences.Comparedto the un-
modifiedprogram,thoseimplementingthethreeoptimised
algorithmsshow speed-upsof 15%,48%and63%respec-
tively. In addition,theeffectof eachof theoptimisationson
thedetectionof HSPsis studied.Therow-addressoptimi-
sationis in factmoreof a changeto theimplementationof
thealgorithmratherthanachangeto thealgorithm’sheuris-
tics. Thus,the matrix-row algorithmfinds all HSPsfound
by theunmodifiedalgorithm.However theresidue-doublet
and two-hit optimisationschangethe heuristicsof the al-
gorithmanddo in factmisssomelower-scoringHSPs. As
a consequenceof groupingresiduesinto pairs,theresidue-

doubletalgorithmmissessomeHSPswith S ( 50. Thetwo-
hit algorithm missesthoseHSPsthat containa single hit
sinceit only attemptsto extendthosehits thatarewithin a
givendistanceof aprevioushit. Theprogramimplementing
the two-hit algorithmreportsall HSPsreportedby the un-
modifiedprogram.Theonly differenceis thattheP-values
of someof theHSPsreportedby themodifiedprogramare
slightly lower.

Two importantresultsaredescribedin this paper. First,
eachof the optimisedBLASTP algorithmsprovidesa sig-
nificant speed-upof the programthat enablesscientiststo
obtain resultsof BLASTP searchesmuch fasterwith an
acceptablecompromisein searchsensitivity. Second,we
presenta parameteriseddescriptionof the algorithm that
clearlyshowshow thatalgorithmworks;sucha description
wasnotpreviouslyavailablein theliterature.

The layout of the paperis as follows. Section2 intro-
ducesthe BLAST program,its usage,andits relationship
to other algorithmsfor comparingsequences.Section3
presentsadetaileddescriptionof theprogramstructureand
aparametriseddescriptionof theBLASTPalgorithmandits
threemainsteps.Section4 presentsthethreeoptimisations,
while Section5 concludesthepaper.

2. Background on BLAST

TheBLAST (BasicLocalAlignmentSearchTool) suite
of programs[1] is arguablythebesttool currentlyavailable
for searchingmolecularsequencedatabases.BLASTP is
the particularprogramthat looks for similarities between
a queryproteinsequenceand thosein a proteinsequence
database. The BLASTP algorithm is designedfor fast
databasescanning.Thealgorithmis heuristicin nature,al-
lowing theuserto modify thesearchsensitivity by assign-
ing valuesto variousparameters.Givenaparticularscoring
scheme,in mostcases,thealgorithmis sensitive enoughto
find all similarities that a highly sensitive, but more time
expensive,dynamicprogrammingalgorithmwoulddetect.

The programperformstwo tasks: (1) It scansthe pro-
tein sequencedatabasewith an input querysequenceand
compilesa list of HSPs, and(2) analysestheHSPlist in or-
der to assignstatisticalsignificanceto thosematches.The
minimum programinput is a query and a database.The
BLASTP algorithmgeneratesthe HSP list which is post-
processedto generatean output list in which eachHSP is
assignedameasureof statisticalsignificance.

Theprogramrequirestwo basicinputs: thenameof the
proteinsequencedatabaseandthe nameof the file which
containstheproteinquerysequencein FASTA format(Fig-
ure1). Thesearespecifiedon thecommandline:

blastp[db file] [qry file]
The FASTA format consistsof a sequencedescriptorand
a sequenceof charactersthat representthe protein. The
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gi ) 129937) sp)P27644)PGLR AGRTU POLYGALACTURONASE(PECTINASE)(PGL)gi ) 95113) pir )*)A40364picA protein
- Agrobacteriumtumefaciensgi ) 142256(M62814)PGLORF[Agrobacteriumtumefaciens]+

MALATRATGGAGRRKPVRARCARGLHLVSCHKTQLLGFTIRNAASWTIHPQGCEDL
TAAASTIIAPHDSPNTDGFNPESCRNVMISGVRFSVGDDCIAVKAGKRGPDGEDDH
LAETRGITVRHCLMQPGHGGLVIGSEMSGGVHDVTVEDCDMIGTDRGLRLKTGARS
GGGMVGNITMRRVLLDGVQTALSANAHYHCDADGHDDWVQSRNPAPVNDGTPFVDG
ITVEDVEIRNLAHAA GVFLGLPDVPSATSLSATSPIVSHDPSAVATPPIMADRVRP
MRMRLVFEQADVVCDDPALLNDAPVSISSYFD

Figure 1. Example Amino-Acid Sequence

descriptoris prefixed by a ’ , ’ character. It containsthe
sequenceidentifier(s)— the sequencemay be in several
databases— anda descriptionwhich includesthenameof
thesequenceandpossiblyashortdescriptionof its biologi-
calfunction.Thesequencedatabase,alsoin FASTA format,
mustbeprocessedby thesetdb programprior to search-
ing with BLASTP.

The program has several commandline options [6].
Thoseoptions that a typical user may specify are: (1)
-matrix, which specifiesthe scoringmatrix, and(2) W,
T or X, which maybeadjustedto control thesensitivity of
the search.The default matrix usedis BLOSUM62. With
the-matrix option, the usermay specifythe nameof a
file containinganalternativeor user-definedmatrix:

blastp[db file][qry file]-matrix[m file]

The programparameters,W, T andX may be adjustedto
controlthesensitivity of thesearch:

blastp[db file] [qry file] W= -�. T= -0/ X= -01
Thesensitivity canbeincreased,i.e. moreHSPscanbede-
tected,(1) by loweringtheneighborhoodwordscorethresh-
old, T, while keepingthe word size, W, constant;(2) by
loweringbothW andT appropriately;and/or(3) by raising
thewordhit extensionfalloff scoreX. Theseparametersare
fully explainedin Section3.

Theoutputof theprogramconsistsof fiveparts:(1) Pro-
gramintroduction,(2) Histogramof expectationsif oneis
requested,(3) List of one-linesummariesfor eachmatch-
ing databasesequence,(4) List of HSPs, and(5) Parameters
usedandsearchstatistics.Partsthreeandfour areof gen-
eral interestto usersandarefurtherdescribedhere. For a
descriptionof theremainingpartssee[6].

The one-line summary list (Figure 2) facilitates the
comparison of the scores and statistical significance
of individual matchesto that of the set. The first col-
umn, Sequences Producing High Scoring
Segment Pairs, is the sequencedescriptorfrom the
FASTA format (seeFigure 1), and containsthe sequence
identifier andname. The secondcolumn,High Score,
containsthescoreof the highestscoringHSP— the MSP
or maximalsegmentpair. The querymay have morethan
oneHSPwith a subject,but only the highestscoringone

is reportedin the one-linesummary. The third column,
Smallest Sum Probability P(N), contains the
lowestP-value ascribedto any setof HSPs. The fourth
column,N, displaysthenumberof HSPsin thesetascribed
the lowest P-value. Essentially, the P-value is the
probabilitythatthisHSPcouldoccurby chancealone.The
greaterthe numberof HSPsbetweentwo sequences,the
lower is this probability. If not otherwisespecified,the list
of one-linesummariesis sortedby increasingP-value.

The set of HSPs is listed for eachmatchingdatabase
sequence.Figure3 shows an exampleof the information
listedfor eachHSP. Thesequencedescriptorfor thematch-
ing sequenceis given,followedby eachHSPthat is found
betweenthis sequenceandthe query. A descriptionof an
HSPconsistsof a statisticalsummaryandthealignment.

The statistical summarycontains: (1) the alignment
Score, (2) thenumberof timesonemightExpect to see
anequivalentor bettermatchby chance,(3) theP-value
of observingsucha match,(4) thenumberandpercentage
of total residuesin the alignmentwhich areidentical,and
(5) the numberandpercentageof residuepairs for which
thescoreis positive.

Below thestatisticalsummaryis theHSP, thealignment
of the querysegmentwith the subjectsegment. The off-
setsof theHSPsareplacedat thebeginningandendof the
queryandsubjectsegments.In between,lettersindicateex-
act matcheswhile + indicatesa non-identical,but positive
scoringmatch.No symbolindicatesazeroor negativescore
for thatresiduepair.

2.1. Algorithms for Protein SequenceComparison

This sectionplacesthe BLASTP algorithm in context.
The popularprotein sequencecomparisonalgorithmsfall
within two groups: dynamic programmingand heuristic
(Table1). Thedynamicprogrammingalgorithmsaremore
computationallyexpensive,but arelesslikely to overlooka
significantmatchgivena particularscoringscheme.They
arethe methodsof choicewhena rigorouscomparisonis
required.Heuristicalgorithmsarelesscomputationallyex-
pensive, but maymissborderlineregionsof similarity; i.e.
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sp|P27644|pglr|agrtu polygacturonase (pectinase) (pgl)...
gi|1575707    (U70481) abscission polygalacturonas...
gi|1575705    (U70480) abscission polygalacturonas...
pir||S57806    polygalacturonase precursor - tomato...
gi|479088    (X77231) polygalacturonase [Prunus p...

Sequences producing High-scoring Segment Pairs

1649

112
117

112
142

Score
ProbabilityHigh

6.1e-226
1.1e-15
1.6e-14
2.2e-14
5.5e-12

P(N)

Sum

N

1
2
2
2
3

Smallest

Figure 2. Example BLASTP Output — One Line Summar y

regions in which the similarity measureexceedsa preset
thresholdonly slightly. They arethemethodsof choicefor
databasesearchingbecauseof their relatively low computa-
tional requirements.

Table 1. Sequence Comparison Algorithms.

Algorithm AlignmentType
Type Global Local

Dynamic Needleman-Wunsch Smith-Waterman
Programming

Heuristic FASTA BLAST

The output of thesealgorithmsis a similarity score(s)
basedon eithera globalor oneor morelocal comparisons.
Algorithms that computea global scoreoptimally align
both sequencesover their completelengths. In doing so,
they may assignless than optimal scoresto alignedsub-
segments. The converseis true for algorithmsthat report
scorescomputedfrom local alignments.In fact,no global
scoreis computed.Instead,the outputconsistsof a setof
scorescomputedfrom alignedsub-segmentswhosescores
arelocally optimal. Globalalignmentalgorithmsareoften
thechoiceif two sequencesareknown apriori to beclosely
related.However, distantly-relatedproteinsaremorelikely
to be similar in sub-regions suchas an active site rather
than over their completelengths. Therefore,when com-
paringan unknown protein to a database,local alignment
algorithmsare betterthan global alignmentalgorithmsat
detectingdistantly-relatedsimilarity.

Dynamic programmingalgorithmshave beensuccess-
fully appliedto biologicalsequencecomparisonproblems.
The two algorithmsthat form the basisof most methods
arethoseof Needleman-Wunsch[10] andSmith-Waterman
[12]. Theformerfindsthebestalignmentof two sequences

over their entire length; the latter, the best local align-
ment. Both algorithmscomputea scorefor thebestalign-
ment.Thetimecomplexity of thesealgorithmsderivesfrom
the traversalof a comparisonmatrix whosesizeis propor-
tional to the productof the two sequencelengths. In ad-
dition, it is important to note that thesealgorithmscom-
putea scorefor the optimal alignment,not the alignment
itself; i.e. they do not computethepositionalmappingbe-
tweenresidues.Thealignmentmustbeobtainedby back-
trackingtheoptimal-scoringpaththroughthesimilarity ma-
trix whichtakestimeproportionalto thelengthof thelonger
of thetwo sequences.Thus,thetimecomplexity for obtain-
ing the bestscoreaswell asas the actualalignmentis of
theorder �3254768!:9;6 where 2 and 6 arethe lengths
of the two sequencesand 6 is the longerof the two. The
time complexity is further increasedif morethana single
bestscoreandalignmentarerequested.

Dynamic programmingalgorithmsappliedto database
searchesareimpractical.Thetimetosearchadatabaseof <
sequencesis of theorder <=��2>4?68! where < is typically
of size @�ACB . The inapplicabilityof thesealgorithmsto se-
quencedatabasesearchingledto thedevelopmentof heuris-
tic algorithmsthatsacrificesensitivity for speed.Themost
popularof theseareFASTA [11, 13, 9], which can com-
puteeitherglobalor localgappedalignments,andBLASTP,
which cancomputelocal ungappedalignments.(However,
therecentBLAST version2.0suiteof programsemploysan
algorithmthatcomputesgappedalignments[2].)

FASTA andBLASTP operateon the premisethat each
residueof both sequencesneednot be comparedto de-
tect the highestscoringalignments. Both algorithmsfirst
identify short,highly-similar segmentswhich arethenex-
panded.Themainassumptionmadeby thesealgorithmsis
thatany significantalignmentencompassesoneor moreof
thesesegments.Thedifferencebetweendynamicprogram-
ming andheuristicalgorithmsis bestunderstoodin terms
of a comparisonmatrix whereonesequenceis positioned

4



FG T RI AN S W TA HP QI CE DL T A AG S T I I A PA DS P NT DGF NP E S CRNH M I S GV RF S V GDDCV

Score = 117 , Expect = 1.1e-15, Sum P(2) = 1.1e-15
Identities = 22/66 (33%), Positives = 35/66 (53%)

>gi|1575707 (U70481) abscission polygalacturonase [Lycopersicon esculentum]
Length = 387

37 96
G T + + N+ + I GC + + + + P + S P NT DG+ + S+ V I GDDC

GV T V QNS QM HI L V DGCHNA M QGV K V L S P GNS P N DGI HV QS S S GV S I NS NI GT GDDCF I T M 215156

Query:

Query:

Sbjct:

I A V K A G

I S I GP G

I + + G

97 102

216 221

Sbjct:

Figure 3. Example BLASTP Output — HSP List

horizontallyandthe othervertically. Eachentry is a mea-
sureof similarity, or score,betweentwo residues.Thedy-
namicprogrammingalgorithmsfill eachentryin thematrix.
Theheuristicalgorithmsfirst fill asubsetof entriesforming
commonsub-sequencesof high similarity. Then,neighbor-
ing entriesarefilled or calculateduntil thescoreof anex-
tendedalignedsegmentis maximised. The complexity of
theheuristicalgorithmsremainson theorderof �32D4E68! ,
but the numberof computationsbasedon residue-residue
comparisonsis greatlyreduced.

Q, querysequence,FHG�F�IJFLK�MNMNM FHO
DB, subjectsequencedatabase,size= K
M, functionthatreturnsthealignmentscore
HSP, setof highscoringsegmentpairs
W, wordsize
T, thresholdwordscore
X, falloff score
S, thresholdalignmentscore

HSP= BLASTP(Q,DB,M,W,T,X,S)
N, neighborhoodwordset
SB, subjectsequence,P�G�P�IQPLK�MNMNM PHR
N = Build-Neighborhood(Q, M, W, T)

for (i=0 ; i S K ; i++)
SB= DB[i]
Scan(SB,N)

Figure 4. The BLASTP Program

3. A Description of the BLASTP Program

This sectionprovidesa parameteriseddescriptionof the
BLASTP programandeachof the threestepsof the algo-
rithm. The BLASTP program(Figure 4) first builds the
neighborhood,theniteratively retrievesa subjectsequence

from thedatabaseandscansit for hits. Upondetectionof a
hit, theextensionstepis invoked.

For sequences� = ��T�� � 	�	�	H��U and � = ��T�� � 	�	�	L��U , a local
alignmentwithout gaps,( � � � ����� 	�	�	L� ���
� ��� � � � ����� 	�	�	�� ����� ),
is a positional mapping from a segment of � to a seg-
mentof � sothatthecorrespondingindividualaminoacids� ����� and � ����� are aligned, for V = 1 to W . The score
6 ( � � � �X��� 	�	�	L� ���
� ��� � � � ����� 	�	�	�� ���
� ) of analignmentis the
sum of the scores6 ( � ����� �X� � ����� ) of the individual align-
ments ����������� ������� . Theseindividual scorescome from a
scoringmatrix 6ZY ������� � �������\[ modelingthe rate of evolu-
tionarymutation.

TheBLASTPalgorithmworksin threesteps:
1. Neighborhood Construction. A set of words of

lengthW, called the neighborhoodN, is computed. Each
word scoresat leastT with someword of equivalentlength
in thequerysequenceQ.

2. Hit Detection. EachsubjectSBin thedatabaseDB is
scannedfor (exact)matchesto aword in N.

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

Theneighborhoodconstructionstep(Figure5) is param-
eterisedby thequerysequenceQ, thescorefunctionM, the
word sizeW, andthethresholdword scoreT. Thealphabet
of residuesis AA. This stepoutputsthe neighborhood,N.
The querysequenceQ is scanned.Eachqueryword may
have zeroor moreneighbors.The setof neighborsof all
querywords is the neighborhood.The neighborhoodis a
setof tuplesof the form ( neighbor,offset, , whereneigh-
bor is theword thatmatchedthequerywordatoffset.

The hit detectionstep(Figure6) is parameterisedby a
subjectsequenceSBandthe neighborhoodN. A word hit
H is analignmentof a queryword andsubjectwordwhose
offsetsareq off ands off respectively. The subjectSB is
scannedfor exact matchesto a memberof the neighbor-
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N = Build-Neighborhood(Q,M,W,T)
AA, aminoacidalphabet
for ( i=0 ; i S l-W+1 ; i++ )

if ] aword ^ G ^ I ^ K MNMNM ^`_ba I , wherêdcfehg�g
suchthatM( FHijF�iXk I MNMNM F iXk _ba I�lNl ^ G�^"iJMNMNM ^ _ba I ) m = T
thenN noSp^ G�^"i\MNMNM ^`_ba I , F iXk _ba I m

Figure 5. Step One — Neighborhood Con-
struction

hood.Whenamatchis found,theextensionstepis invoked.

Scan(SB,N)
H, word hit, composedof (s off,q off), theoffsetsof H onSBandQ.
for ( j=0 ; j S m-W+1 ; j++ )

if (( P3c�P3cLk I MNMNM P c�k _ba I ) e N)
H.s off = P cLk _ba I
H.q off = offset, where SqPrc�Prc�k I MNMNM P cLk _ba I , offsetmqe N
Extend(H)

Figure 6. Step Two — Hit Detection

Thehit extensionstep(Figure7) is parameterisedby the
word hit H, the word size W, a scoring function M, the
falloff scoreX, the thresholdalignmentscoreS, and the
queryand subjectsequencesQ andSB (1). This stepat-
temptsto extenda hit into a longer, potentiallyhigherscor-
ing alignment. The offsetsq beg, q 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 themaximalscoringsub-
alignmentwithin H. The hit is traversedfrom q to q pos.
Residuepair scoresareaccumulatedin sum(5). Whensum
is positive (6) it is addedto score and � s -0t ��� � s -0t is ad-
vancedright. A negative sum (7) causes� u�s�v0�X� � u�s�v to
be advancedright effectively excluding the negative scor-
ing residuepair from themaximalscoringsub-alignmentof
H. Parametersspecificto eitherthe left or right extensions
areinitialisedin (11–12).Thesecondloop (13–21)extends
in theleft direction.Residuepairscoresareaccumulatedin
sum(17). If sumis positive, it is addedto score thenreset
to zeroandthealignmentis extended(18–19).If sumfalls
below x, the extensionterminates(21). Longerextensions
arefavoredby allowing x to besetto -score (10,20,30).A
right extensionoccursif theconditionsin (22) hold (which
is alwaysthecaseat first). Thevaluesof s, sumandscore
aresavedin theleft extensionparameters,lefts, leftsumand
leftscorerespectively(23). Thethird loopworksin thesame
mannerexceptthattheextensionproceedsin theright direc-
tion (24–32).Theleft extensionmaycontinueif thecondi-
tions in (34) hold. If so,s, sumandscore aresaved in the

right extensionparameters,rights, rightsumandrightscore
respectively (35). Themaximalscoringalignmentis stored
in theHSPsetif score meetsthethresholdS (37–38).Fig-
ure8 illustratesthedynamicsof theextensionalgorithm.

1 Extend (Q,SB,W,H,M,X,S)
2 q beg = q = H.q off-W, q end= q pos= H.q off
3 s beg = s= H.s off-W, s end= H.s off
4 do
5 sum+= M( w
x lNl y{z
| )
6 if (sum m score)thenscore= sum,q end= q, s end= s
7 elseif (sum S = 0) thensum= 0, q beg = q, s beg = s
8 q++,s++
9 while(q S q pos)
10 if ((x = –score)S X) thenx = X
11 leftq = q beg, lefts= s beg, rightq= q end,rights= s end
12 leftsum= rightsum= leftscore= rightscore= 0
13 Left Extension:
14 q = leftq , s= lefts,sum= leftsum
15 do
16 q--, s--
17 sum+= M( w x lNl y{z | )
18 if (sum m 0) then
19 score+= sum,sum= 0, q beg = q, s beg = s
20 if ((x = –score)S X) thenx = X
21 while (sum m = x)
22 if (scorem rightscore)} (rightsum m X) } (-rightscorem X) then
23 leftq = q, lefts= s, leftsum= sum,leftscore= score;
24 Right Extension:
25 q = rightq,s= rights,sum= rightsum
26 do
27 sum+= M( w:x lNl y�z�| )
28 if (sum m 0) then
29 score+= sum,sum= 0, q end= q, s end= s
30 if ((x = –score)S X) thenx = X
31 q++,s++
32 while (sum m = x)
33 rightq= q
34 if (scorem leftscore)} (leftsum m X) } (-leftscorem X) then
35 rights= s,rightsum= sum,rightscore= score
36 gotoLeft Extension
37 if (scorem = S) then
38 HSP n (( w x ~��r� MNMNM w x �\��� lNl y�z | ~3�3� MNMNM y�z | �\��� )

Figure 7. Step Three — Hit Extension

4. Algorithm Optimisations

The optimisations described focus on the
BlastWordExtend procedure. They are of two
types: (1) new sequencerepresentationsthat facilitates
extensionand are usedonly in the extensionprocedure;
and (2) restricting the numberof calls to the extension
procedure.Thefirst two optimisationsareof thefirst type
while thethird is of thesecondtype. Thefirst optimisation
representsthe queryas a sequenceof memoryaddresses.
Theseaddressesarethoseof the rows in the scorematrix
whoseindicescorrespondto particularresidues.Employ-
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ing this representationdecreasesthe numberof operations
requiredto accessthe matrix, thus reducing the overall
time to perform an extension. The secondoptimisation
representsthe query and subjectsequenceas a sequence
of residue-doublets.A doublet consistsof two adjacent
residues.Integersin the range0-399areusedto represent
the alphabetof residue-doublets;thereare 20 residuesin
the alphabet,thereforethereare 400 residuepairs. This
representationfacilitatestheextensionof wordhits in steps
of residue-doubletpairs insteadof residuepairs. This
reducesthe number of iterations of the extension loop
requiredto performanextension,thusreducingtheoverall
time for extensions.The third optimisationconstrainsthe
numberof invocationsof the extensionprocedure. The
scanningprocedurecounts the numberof word hits per
alignedsegmentof the query and subjectsequencesand
invokestheextensionprocedureonly if thenumberof hits
persegmentmeetsa thresholdcriteria.Theoverall time for
extensionsis reducedsincethe procedureis invoked less
frequently.

The following threesubsectionspresenteachoptimisa-
tion in turn, including a discussionof the effect they have
on the algorithm’s sensitivity to detectingsimilarity. The
fourthsubsectionpresentstheperformancegainsof theop-
timisations.

4.1. Row-AddressSequenceRepresentation

Theprofile shows that the lines of codewithin thepro-
cedureBlastWordExtend that accessthe residuepair
scorematrix accountfor 63% of the executiontime. The
logical instructionsequencefor thecodefragmentthatac-
cessesthescorematrix is given in Figure9 part (iii). Two
addresscalculationsareexecuted:oneto calculatethe ad-
dressof the matrix row, andthe otherfor the matrix entry
(lines 2 and4 respectively). Theoptimisedalgorithmlifts
instruction2 outof theextensionprocedure,thusremoving
aninstructionfrom a frequentlyexecutedline of code.The
querysequenceis representedasa sequenceof matrix row-
addressesinsteadof matrix row indices. In the optimised
extensionprocedure,instructions1 and2 areequivalentto
oneinstructionin which the row-addresscorrespondingto
a particularresidueis obtainedby dereferencingthequery
traversalpointerq. It is costeffective to usesucha rep-
resentationfor the querysincethereis only onequeryper
databasesearchandthatsamesequenceis traversedin the
extensionprocedurefor eachscan.Usinganequivalentrep-
resentationfor thesubjectsequenceswould not becostef-
fective sinceeachsubjectwould needto be translatedinto
the row-addressrepresentation.Any increasein extension
performancewould be offset by the time requiredto per-
form this translationfor eachsubject.

This optimisationis moreeffective for the DEC Alpha
64-bit architecturethanfor someotherarchitectures.The
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small integers,in the range0–19,arestoredasbytes,and
have to beextractedfrom a 64-bit word beforethey canbe
usedas indexes. On the DEC Alpha, this extraction is a
particularlyslow instruction.

Row-Addr ess Effect on HSP Detection. The row-
addressalgorithm does not effect the sensitivity of the
search. The optimisedalgorithm detectsthe sameHSPs
and their respective scoresthat the unmodifiedalgorithm
detects.

4.2. Residue-DoubletSequenceRepresentation

The unmodifiedextensionalgorithmworks in stepsof
alignedresiduepairs. The optimisedalgorithm performs
extensionsin stepsof alignedresidue-doubletpairs (Fig-
ure 10). As a consequenceof representingsequencesas
residue-doublets,eachextensioncycle accumulatesscores
of residue-doubletpairs insteadof scoresof residuepairs.
Thesescoresareobtainedfrom a doubletpair scorematrix
which is accessedin eachiterationof theextensionloop.

A A S T I I A P H D S P N DT G F N P E S C R

Q G V K V L S P G N S P N T D G I H V Q S S S

P

Q

A A S T I I A RH D S P N DT G F N P E S C

K SG V PV L S P G N S TN HD G I V SQ S

optimised word hit

unmodified word hit

Figure 10. Extending in Steps of Two.

This optimisationrequiresnew datastructuresfor the
scoringmatrix, andthesequences.Thesearein additional
to the structuresusedin unmodifiedBLASTP, sinceother
stepsof thealgorithmdependontheoriginalstructures.

A doubletconsistsof two adjacentresidues.Sincethere
are20 residues,thereare400 residuepairs,and they can
be representedas integersin the range0–399. A scoring
matrix for doubletsis required: it is indexed by the inte-
gers0–399,anddirectly calculatedfrom theoriginal scor-
ing matrix. Eachsequencerequiresthreerepresentations:
the original one,a representationasdoubletsbeginningat
anoddposition,anda representationasdoubletsbeginning
atanevenposition.Theselasttwo representationsmaypad
theoriginalsequence,soit hasevenlength.

Residue-DoubletEffect on HSP Detection. There are
threeanomaliesin the ability of the residue-doubletalgo-
rithm to detectHSPswhencomparedto theunmodifiedal-
gorithm. Thesearisedirectly from groupingresiduesinto
doubletsandfrom performingextensionsusingsequences
of residue-doublets.Onecaneasily(andquickly) compen-
satefor theseanomaliesby post-processingthesetof HSPs.

Anomaly 1: Lower initial falloff score. The extension
procedurebegins by calculatingthe scoreof the maximal
scoringsub-alignmentof the word hit. This scoreis as-
signedto the initial falloff valuex. If a word hit contains
a negative scoringpair, it will not beaddedto thescoreof
the sub-alignment.In the residue-doubletcase,the nega-
tive scoringpair maybegroupedwith anadjacentpositive
scoringone.Thescoreof thedoubletis netpositive, thusit
is addedto thesub-alignment.However, thenegativescor-
ing pair makestheoverall scoreis lower, makingtheinitial
falloff scorelower than would be the casein the unmod-
ified algorithm. Sincethe falloff value is lower or more
stringent,extensionsmay terminateearlier in the residue-
doubletcase.In thetestsearch,someHSPswith S ( 50are
missedby the residue-doubletalgorithmthat arefound by
theunmodifiedalgorithm.

Anomaly 2: Lower scoresfor HSPs. Scoresof HSPsare
lower by approximatelyone to five points in the residue-
doubletcasefor the samereasonasdescribedin (1). The
maximal scoring local alignmentis delimited by q beg
andq end. The residuepair immediatelyleft of q beg
or right of q end is negativescoringandis thefirst pair of
thesub-alignmentthatbringssum below x. This negative
scoringsub-alignmentis not part of an HSP. However, in
the residue-doubletcase,the negative scoringpair maybe
groupedwith the positive scoringone, lowering the over-
all score. In the unmodifiedalgorithm,the negative score
would not have beenaddedto theoverall score.In thetest
search,thisanomalyoccurredfrequently.

Anomaly 3: Higher scores for negative scoring falloff
sub-alignment. This anomalyis theconverseof thefirst
two in thesensethatit arisesby anunwantedgroupingof a
positive scoringpair with a negativescoringone.Theneg-
ative scoringresiduepair causingsum to fall below x are
locatedatpositionsq left andq right - 1 for theleft
andright extensionsrespectively. However, in theresidue-
doubletcasethesenegative scoringpairsmay be grouped
with positive scoringonesat positionscausingsum to re-
mainabovex, thusallowing the extensionto continue. In
thetestsearch,thisanomalyoccurredtwiceoutof 452HSPs
with S , 50.
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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)

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

(*q++)[*s++]

(ii) optimised

(i) unmodified

remove 2

Figure 9. Logical Instruction Sequence for Retrie val from Score Matrix. Part (iii) sho ws the logical
instruction sequence for retrie ving a score from the matrix. Part (i) sho ws the line of C code for
this access in the unmodified BLASTP, where � and � are references to residues, and residues are
integ ers in the rang e 0–19. Part (ii) sho ws the line of C code for the optimised BLASTP, where now� is a reference to the row of the score matrix for the corresponding residue; � still references an
integ er in the rang e 0–19.

4.3. Two-Hit Detection

The third stepof the BLASTP algorithmextendsword
hits to longer, potentiallyhigherscoring,alignments.The
extensionalgorithmusesthewordhit asaseedandextends
it to the left and right to determinethe maximal scoring
alignmentrelative to the word hit. The scoreof an align-
mentis thecumulativesumof thescoresof its residuepairs,
makingthescorea functionof thealignmentslength. The
extensionalgorithmhasa hill climbing character. As the
extensionproceedsin a particulardirection,net scoresfor
both positive scoringandnegative scoringsub-alignments
are computed. Net positive scoresare addedto the total
scorefor theextensionin a particulardirection.Theexten-
sion in thatdirectionterminateswhena netnegative score
matchesor falls below thefalloff parameterX. Thegreater
the numberof net positive scoringsub-alignmentswithin
analignment,thegreatertheprobabilitythatthealignment
scoresabovethethresholdSandis 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

99 100

Word hits arenet positive scoringsub-alignments.The

alignmentsthat result from an extensioncontainthe word
hit from which it is seededandpossiblyothers.Word hits
aredetectedduring the scanningphase(step2) of the al-
gorithm. Therefore,during scanningit is possibleto ob-
tain a measureof the numberof word hits locatedon an
alignment.Thedataof Table2 shows thatvirtually all ex-
tensionsarealignmentsthatcontaineitherone,two or three
wordhits. As shown in Figure11,theaveragescoreof these
alignmentsrarelymeetsa scoreof 32, thedefault valuefor
thecutoff parameterS. Theplot indicatesthatfor thevalues
of wordsize,W=3,andthreshold,T=11,theHSPsthatmeet
thecutoff containfive word hits. Of the total time spentin
hit extension,only a minutepercentageactualextendsa hit
into aHSP.

The two-hit algorithmemploys a scanningstep(step2)
thatconstrainsthenumberof timesthat theextensionpro-
cedureis invoked. An alignedsegmentof two sequences
mustcontaintwo wordhitswithin agivendistance.Thedis-
tanceconstraintis theaveragelengthof a negative scoring
sub-alignmentwhosescoremeetsor falls below the falloff
parameterX. The two-hit algorithmusesthe heuristicthat
only an alignmentof a queryand subjectsegmentwhich
containstwo hits within a distancethat is lessthantheav-
eragefalloff distanceis likely to be a sub-alignmentof an
HSP.

Two-Hit Effect onHSPDetection. Thetwo-hit BLASTP
programreportsthesamehighestscoringalignmentsasthe
unmodifiedprogram. However, the two-hit BLASTP pro-
gramdoesmisslower scoringHSPs. The highestscoring
alignmentis selectedfromthesetof reportedHSPs, andthis
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Figure 11. Average Alignment Score vs Hits
per Alignment.

setis usedto calculatethe 'p��2E! value,andthevalueof 2 .
Sincethetwo-hit algorithmmaynotdetectsomeHSPsthat
ar e detectedby theunmodifiedalgorithm,it reportslower
2 values.This effectsthevaluefor 'p��2E! . For theexperi-
mentalsearchthis hasno effect on thereportedalignments
sincethemissedHSPsarenot thehighestscoringones.

4.4. Performanceof Optimisations

Eachof theoptimisationsresultsin asignificantdecrease
in thecomputationaltime requiredto performa search.Ta-
ble 3 comparestheprogramandextensionperformanceof
eachoptimisedprogramwith that of an unmodifiedpro-
gram.

A single test searchis usedasa standard.The search
programis BLASTP, version1.4 [4]; thedefault valuesfor
all parametersareused.Thedatabaseis theproteinNRDB
(non-redundantdatabase)[5], a conglomerateof several
proteinsequencedatabasesin whichidenticalsequencesare
mergedinto oneentry. Thedatabasecontains252,307en-
tries. Thequerysequence(length= 312residues)is given
in Figure1. Theaveragelengthof databasesequenceis 283
residues.ThetestsearchusesaDECAlphacomputer.

ThecolumnheadedWall Clock time is theelapsed
time reportedby theC library functiontime. Thecolumn
headedCPU cycles time is the cpu time as reported
by the profiler. The gain in performanceis measuredby
thechangein thenumberof CPUcycles. Individually, the
threeoptimisationsshow speedupsof 15%,48%,and63%
respectively. In general,thesereportedgainsagreewith the
time figures.However, thereis a glaringanomalywith the
residue-doubletoptimisation,in that its elapsedtime is ac-

tually longerthantheunmodifiedprogram.We donothave
a clearexplanationof this, but suspectit is dueto the fact
thatthelargerscoringmatrix(4004 400)is too largefor the
cache:we have no way to measurecacheusage.Further-
more,we do not have clearinformationon how theprofil-
ers treat the timing of individual fetch instructionsin the
presenceandabsenceof cachefaults.

5. Conclusions

We provide a detailed description of the original
BLASTP programand threeseparateoptimisationsto it.
Sucha descriptionof the BLASTP programwasnot pre-
viouslyavailablein theliterature.Thedescriptionis devel-
opedusinga reverseengineeringprocessthat iteratespro-
filing, focusedreadingof thesourcecode,andmodelcon-
struction. The executionprofiles also suggesttargetsfor
optimisation.

BLASTP consistsof threesteps,andthe optimisations
target the third step,calledhit extension,sinceit accounts
for 93% of the executiontime. The first optimisational-
ters the datarepresentationof the querysequenceandthe
relatedcodefor indexing the scoringmatrix. The second
optimisationperformsextensionsin step-sizesof two rather
than one. The third optimisationforestallsthe calling of
the hit extensionstepin casesthat areunlikely to lead to
a high-scoringalignment.Individually, the threeoptimisa-
tionsshow speedupsof 15%,48%,and63%respectively.

Thereis somelossin sensitivity whenoneemploys the
optimisations. That is, thereis a decreasedability of the
optimisedalgorithmto detectHSPs. For the row-address
optimisation,thereis no loss in sensitivity at all. For the
residue-doubletoptimisation,thereareedgeeffectson the
alignmentsdueto extendingtwo residuesat a time. How-
ever, theseareminor, andcanbeeasilycorrectedby post-
processing.For thetwo-hit optimisation,thereis generally
nodifferencein thehighestscoringalignment,however, the
calculationof 'p��2E! valueand 2 valueareeffected.If one
is interestedin all theHSPs, andnot just thehighestscoring
alignment,thenthey areminor losses.

The three optimisationsprovide a significant perfor-
manceenhancementto apopularalgorithmusedfor protein
databasescanning. The row-addressand residue-doublet
optimisationtake advantageof the view that a sequence
canhave multiple equivalentrepresentationseachof which
is usedfor a particular part of the overall computation.
The developmentof the two-hit optimisationarosefrom
an experimentin which a querywascomparedto a single
databasesequenceandthenumberof hitsperalignmentwas
measured.This experimentwaslaterextrapolatedover the
entiredatabase,theresultsof whichareshown in Figure11.
However, we make no claimsof original discovery of this
optimisationsinceit is implementedin theBLAST version
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Table 3. Summar y of Performance . (Time in seconds on DEC Alpha.)
Program Extension Total

CPUcycles Wall Clock CPUcycles
No. 4#@�A � T time time No. 4#@�A � T time % Gain

BLASTP(row-address) 1.7 57.9 1.8 62.9 15
BLASTP(residue-doublet) 1.2 39.9 109 1.3 45.5 48
BLASTP(two-hit) 0.6 19.4 40 0.8 27.4 63
BLASTP(unmodified) 2.0 68.4 100 2.1 73.4

2.0 program[2]. This paperprovidesa parameterisedde-
scription of the BLASTP algorithm. Descriptionsof the
algorithmthat exist in the literatureprovide only general
textual anddiagrammaticdescriptionsof eachof the three
stepsof thealgorithmfrom which a direct implementation
is notpossible.
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Postscript We developed theseoptimisationsindepen-
dentlyof developmentsunderwayatNCBI for BLAST 1.4.
The new BLAST version2.0 program[2] from NCBI ex-
tendsBLAST to include the two-hit optimisation,and to
addgappedBLAST andPSIBLAST asmethodsto increase
sensitivity at thelossof computationspeed.TheNCBI au-
thors[2] discussthelossin sensitivity of thetwo-hit optimi-
sation,andhow thoselossesmaybe detectedby lowering
thethreshold,� , for neighborhoodwords. This essentially
increasesthe probability of having two hits on the align-
ment.

Anotherindependentline of developmentof BLAST is
beingcarriedout by WarrenGish [7], oneof the original
BLAST authors.Thiswork is aimedmoreat increasedsen-
sitivity thanatoptimisationsof performance.
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