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Abstract

Progressivesequencemodel re�nementby means of it-
erativesearches is an effectivetechniquefor high sensitiv-
ity database searches and is currently employed in popu-
lar tools such as PSI-BLAST and SAM.Recently, a novel
alignment algorithm has been proposed that offers fea-
tures expected to improve the sensitivityof such iterative
approaches,speci�cally a well-characterizedtheoryof its
statisticseven in thepresenceof position-speci�cgapcosts.
Here, we demonstrate that the new hybrid alignment al-
gorithm is ready to be usedas the alignment core of PSI-
BLAST. In addition, we evaluatethe accuracy of two pro-
posedapproaches to edge effect correction in short se-
quence alignment statistics that turns out to be oneof the
crucial issuesin developinga hybrid-alignment basedver-
sionof PSI-BLAST.

1 Intr oduction

The availabilit y of large numbers of entiregenomesre-
quirespowerful bioinformaticstools to assignmeaning to
the sequence dataandto leapforward into areaslike pro-
teomics. Perhaps the most fundamentaland widely used
tool of genomic analysis is sequencealignment. Although
sequence alignment is a well-establishedtechnique, the
needto detect weaker andweaker sequencehomologiesre-
quirescontinuousimprovementsin thesensitivity of align-
mentalgorithms.

Themostcommonly usedsequencealignment toolslike
BLAST [3] and FASTA [25] are basedon the Smith-
Watermanalgorithm [30]. Recently, a variation of the
Smith-Waterman algorithm called hybrid alignment has
beenproposed[36]. The main advantageof hybrid align-
mentis that it is backedby a theoryof its statistics thatal-
lows to quickly assignreliableE-valuesfor arbitraryscor-

ingsystems.Handling of arbitraryscoringsystemsispartic-
ularly relevant in iterative algorithmslike PSI-BLAST [3]
or SAM [16] that dynamically adapt their scoringsystem
to the query sequence. Suchiterative approaches are re-
quiredto detectmoreremotehomologiesthanthosefound
by BLAST or FASTA.

Hybrid alignment hasthesamecomputationalcomplex-
ity astheSmith-Watermanalgorithm. However, it hasalso
beencombined with the heuristic approaches of BLAST
to renderit computationally ef�c ient [35]. It has been
shown to becomparableto theSmith-Watermanalgorithm
in its ability to detect sequencehomologiesin pairwisese-
quence alignments [35]. However, it hasnever beeneval-
uatedwithin the iterative framework that it is presumably
mostusefulfor.

Here,weputthehybrid algorithmto testwithin anestab-
lishediterative searchframework, namelyPSI-BLAST. In
principle, the hybrid algorithm canoffer crucial additional
featuresto PSI-BLASTsuchasposition-speci�c gap costs.
However, the heuristics built into a high performancetool
likePSI-BLASThavebeen extensively optimizedfor its na-
tive, Smith-Watermanbased,alignment algorithmover the
courseof several years. Thus, it is not clear whatwould be
the effects of replacingthe currentalgorithm for E-value
computationwith thehybrid algorithm,evenwithoutadding
extra featuressuchaspositionspeci�c gap costs.For exam-
ple, we found that the edgeeffect correctionof E-values
follows different laws between the two versionsof PSI-
BLAST, pointing to at leastoneareain which the two al-
gorithms(andtheirunderlying statistics)interactdifferently
with therestof thecode.

The purpose of this study is to answer the questionof
thehybrid algorithm's compatibility asanE-valuecompu-
tationenginein PSI-BLAST. Assessingthiscompatibility is
crucial in determining theextent to which thehybrid algo-
rithm canleveragethe investments that went into building
thecurrent cropof high performancebioinformaticstools.



This paper offers two main contributions. The �rst is
to show that thehybrid alignment algorithmis readyto be
usedusedas the alignment core of PSI-BLAST, and that
only minimal change is requiredto PSI-BLAST (the edge
effect correctionformula).Thesecond maincontribution is
toevaluatetheaccuracy of twoproposedapproachestoedge
effect correction in shortsequencealignment statistics.

Theremainderof themanuscriptis organizedasfollows.
Section2 provides somebackground on sequence align-
ment statistics. Section 3 presentsthe stepsnecessaryto
incorporatehybrid alignmentasthealignmentcoreof PSI-
BLAST. Then, Section 4 describesin detail how sequence
lengtheffectsarebeingtakeninto accountsincethisdiffers
signi�cantly from theoriginal versionof PSI-BLAST. The
directcomparisonof thehybrid andtheoriginal versionof
PSI-BLAST is presentedin Section 5. Finally, Section 6
concludesthepaper.

2 Review of sequencealignment statistics

Pairwisesequencealignment algorithmsassignanalign-
mentscoreto each pairof sequences.Thescoreis thelarger
themoresimilar the two sequencesare. Iterative sequence
alignment toolslikePSI-BLASTor SAM build upon these
pairwisesequence alignment algorithms. In each iteration
thepairwisesequencealignment algorithmis usedto search
a large sequence databasewhich leads to a list of hits or-
deredby their score.Fromthis list of hits a multiple align-
ment is createdthat in turn determinesthe scoringsystem
of thenext iteration. Thecrucialstepfrom oneiterationto
the other is the decisionwhich of the hits to keepas pu-
tative membersof the family (and include in the multiple
alignment) andwhich of the hits to rejectasnon-relevant.
A reliablequantitativecriterionfor whichsequencesto keep
asputativemembersandwhich to discardasrandomhits is
acutoff in theE- or p-valueof thesequences.

The statistical signi�cance expressedby the E-value
judges the quality of an alignment relative to all align-
mentsthat one would obtain by aligning randomly cho-
sen(and thus unrelated) sequences. Thus, it can only be
calculatedif it is known how the alignment scoresof ran-
domly chosensequencesaredistributed. For alignment al-
gorithmsthatdonotallow gaps,i.e., insertionsor deletions,
in their alignmentsthis alignment scoredistribution of ran-
dom sequences is known. It hasbeen rigorously proven
[14, 15, 12] thattheexpectednumberof gaplesslocalalign-
mentsof two sequencesof lengthM andN with a score
larger that § , i.e., the E-value, follows in the limit of in-
�nitely long sequencestheuniversalform

E(§) = K M N e¡ ¸ § : (1)

This form neitherdependsonthescoringparametersnoron
the sequencemodel, i.e., the frequencieswith which each

aminoacidappearsin therandom sequences,aslongasthe
parametersarechosensuchthat the alignments are really
local. However, thetwo parameters ¸ andK do depend on
thescoringparameters.TheKarlin-Altschul theoryalsode-
scribesthis dependence. Thus,anE-valuecanbeassigned
to agaplessalignment withoutany furtherneed for compu-
tation which madethe original version of BLAST so suc-
cessful.

However, in orderto detectweaksequencehomologies,
it is crucial to allow gapsin analignment[24]. In thepres-
enceof gaps the E-values follow according to numerical
studiesstill theuniversalform Eq.(1) [31, 10, 19, 33, 34, 2,
23] However, thenumerical valuesof thetwo parameters¸
andK arenot known.

There arevarious approaches to solve this dilemma:for
large gap coststhereare approximate analytical formulas
for ¸ [21, 20, 29] For a smallsub-classof scoringsystems
thereis even an analytical formula for ¸ that is valid for
all gap costs[6]. Thecurrentversionof PSI-BLASTusesa
heuristicmethodto estimatȩ for differentscoringmatrices
but at �x ed gap cost [3, 28, 27] and thereare numerical
approaches[7, 8] aswell to rapidly determinȩ .

However, all of theseapproaches areeitherheuristicor
restrictedto certainregimesof the alignment parameters.
A possibleescaperoutefrom this dilemmais analternative
alignment algorithm thathasbeenproposedby Yu andHwa
[36]. Thealgorithmis calledhybrid alignment sinceit is a
combination of the Smith-Waterman algorithm and prob-
abilistic schemes like hiddenMarkov models. In hybrid
alignment theSmith-Waterman algorithmis modi�ed such
thatits E-valuesarestill calculatedaccordingto Eq.(1) but
with theparameter ¸ takingtheuniversalvalue¸ = 1 com-
pletely independently of thescoringsystem.This simpli�-
cationof the statistics does not decreasethe sensitivity of
thealgorithmcomparedto the traditionalSmith-Waterman
algorithm[35]. Thebasiccomputationalcomplexity of the
alternative algorithm is the sameas for Smith-Waterman
and it can be combined with heuristicschemessimilar to
theonesusedin BLAST to reducethecomputationaleffort.
Most importantly, thetheoreticalpredictionof theuniversal
form Eq. (1) with ¸ = 1 holdsevenfor position-dependent
gap costs. This predictionhasalsobeennumerically veri-
�ed [35] for a largerangeof scoringsystemswith position
dependent gap coststaken from the PFAM [4] database.
Theinability to calculateE-valuesfor position-speci�c gap
costsis preciselythe reasonwhy PSI-BLASTdoes not in-
corporate a position-speci�c gap cost in spite of the ex-
pectation that sucha position-speci�c gap cost would in-
creasesensitivity signi�cantly if it werepossibleto imple-
mentit. Thus,usinghybrid alignment in PSI-BLAST would
notonly provideatheoretical basisfor thecalculation of E-
values with the current�x ed gap costscoringsystemsbut
alsoopenup the possibility to the future incorporation of
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moresensitiveposition-speci�c gapcosts.

3 Incorporation of hybrid alignment into
PSI-BLAST

As partof a previouswork, a non-position-speci�c ver-
sion of the hybrid alignment algorithm was incorporated
into version2.0of thefreelyavailable NCBI BLAST source
code[35]. Thehybrid versionof BLAST (HYBLAST) re-
tains the familiar user interfaceand many of the features
of the original NCBI BLAST. It usesthe sameheuristics
for deciding which databasesequenceis a potentialhit that
gives the original BLAST its hugespeedadvantage over
full Smith-Waterman.However, by replacingthealignment
coreof BLAST by hybrid alignment the modi�ed version
is capable to dealwith any scoringsystemandgapcostthe
userwishesto provide. Due to the more involved statis-
tics of theSmith-Watermanalgorithmtheoriginal BLAST
forcesthe userto choosea combination of a substitution
matrix andgap costsfrom a preselected set for which the
statistics hasbeenpre-calculated in time-consumingcom-
putersimulations.

SincePSI-BLAST is an extension of BLAST we took
theHYBLAST programasour startingpoint for theimple-
mentationof the hybrid algorithm in PSI-BLAST. Due to
thesimilarity of theiruserinterfaces,only minimalchanges
wererequiredto adapt thecorecomponentsof PSI-BLAST
toworkwith HYBLA STinsteadof BLAST asdescribedbe-
low. Thereforetheresultsof ourcomparativemeasurements
canbe attributedpurely to the differences in the statistics
underlying the two algorithms and the way they interact
with PSI-BLASTheuristics,andnot to codedissimilarities,
asrequiredto ful�ll theobjectivesof ourstudy.

First, the alignment routines themselves had to be
changedsuchthatthey usetheposition-speci�c weightma-
trix insteadof the uniform scoringmatrix usedin BLAST
andHYBLAST. Thenew routinesimplementtherecursion
equations for position-speci�chybrid alignments given by
Yu, Bundschuh, andHwa [35].

Second, the position-speci�c weight matrix has to be
�lled duringthemodel building phaseof PSI-BLAST. The
original PSI-BLAST code calculates for each position i
of the querysequence the 20 probabilities pi;a to observe
aminoacid a at this position. Theseprobabilities arede-
rivedfrom theactually observedaminoacidsatthisposition
andfrom prior expectationsdetermined by the aminoacid
in the query sequence in casethat thereareonly very few
sequencesin themultiple alignment. Theposition-speci�c
scoringmatrix si;a of PSI-BLAST at positioni for amino
acida is thenassignedascoreof si;a = log(pi;a =pa) where
pa is thebackgroundprobability to observe theaminoacid
a. Afterwardsthesescoresare rescaledin someparticu-
lar way [3]. Sincethe position-speci�calignment weight

usedby the hybrid algorithm is simply pi;a =pa itself, the
position-speci�c alignment weight matrix can easily be
�lled together with theusualposition-speci�c scorematrix
of PSI-BLAST. In contrastto thescoringmatrix theweight
matrix doesnot requireany rescaling.

Wedid not implement positionspeci�c gap costsfor our
experiments. While highly desirable,the implementation
of suchfeaturewould requirenontrivial changesto theex-
isting PSI-BLAST code,andit is beyond thescopeof this
paper.

After creatinga version of PSI-BLAST incorporating
thehybrid sequencealignment algorithm(in the following
calledHybrid PSI-BLAST), we performeda seriesof mea-
surementsto compare its performanceto thatof theunmod-
i�ed versionof PSI-BLAST 2.0 (calledNCBI PSI-BLAST
in the following). In the courseof thesecomparisonswe
realizedthat the performanceof Hybrid PSI-BLAST was
in�ue ncedby theedge effect correctionformulabeingem-
ployed. The next sectiondescribes the approach we used
to determine the correct formula to implement, selected
among thosefound in the literature. In theensuing section
we reportthe resultsof the Hybrid vs. NCBI comparison,
with theHybrid incorporatingtheformulasodetermined.

4 Edge-effectcorrection

Eq. (1) is only valid in the limit of in�nitely long se-
quences.Sincesequencesin databasesearchescanberather
short, it is importantto correctE -values for the �nite se-
quencelength. For thispurposetwo differentcorrectionfor-
mulashave been suggested.Both involve in addition to the
parametersK and¸ of Eq. (1) the relative entropy H and
theoffset¯ of thescoringsystem.Thesequantitiesdepend
on the speci�c scoringsystemandhave to be determined
numerically.

Altschul andGish [2] proposed a formula thathaslater
beenextendedby Altschul,Bundschuh,Olsen,andHwa[1]
to readfor asequencepairof length N andM , respectively:

E (§) = K
·
N¡

µ
¸ §
H

+ ¯
¶¸·

M¡
µ

¸ §
H

+ ¯
¶¸

e¡ ¸ § (2)

Thealternative formulausedby Yu andHwa [36] is

E(§) = K (N ¡ ¯ )(M ¡ ¯ )£ (3)

£ exp
·
¡ ¸

½
1+

1
(M ¡ ¯ )H

+
1

(N ¡ ¯ )H

¾
§

¸
:

Analytical approaches to the edge correction prob-
lem [18, 32] arecon�ned to alignment without gaps. Even
in theabsenceof gaps, they only givecorrectionsof Eq.(1)
to �rst orderin ¸ § =[(N ¡ ¯ )H ]. Both correctionformulas
Eqs.(2)and(3) coincideupto �rst orderin ¸ § =[(N ¡ ¯ )H ].
Thus,theanalytical resultsarenot suitedto distinguishone
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correctionformula from the other even in the absence of
gaps.

The equivalence of the two correctionformulasup to
termsof order¸ § =[(N ¡ ¯ )H ] is alsothereasonwhy the
existenceof differentformulaswasnotanissuefor thecon-
ventional PSI-BLAST. For the default scoring systemof
PSI-BLAST, i.e., theBLOSUM62 scoringmatrix [13] with
cost of 11 + k for a gap of length k and the amino acid
frequenciesof Robinson andRobinson[26], theparameters
areestimatedto be ¸ ¼ 0:2670, K ¼ 0:042, H ¼ 0:14,
and¯ ¼ ¡ 30 [1]. At a databasesizeof M = 106 amino
acidsanda querysizeof N = 100aminoacidsanE-value
of onecorrespondsto ascoreof ¸ § ¼ 15. Thus,the�rst or-
dercorrectionis ¸ § =[(N ¡ ¯ )H ] ¼ 0:77which is sizeable
but still smallerthanone(i.e., thecorrectionis smallerthan
the leading termandhigher ordercorrectionsareexpected
to becomeevensmaller.)

The situationin hybrid alignment is different. For the
samescoringsystem,theparametersareestimatedas¸ =
1, K ¼ 0:3, H ¼ 0:07, and¯ ¼ ¡ 50. The larger value
of K implies thatanE-valueof onenow corresponds to a
scoreof ¸ § ¼ 17. More importantly, due to the smaller
valueof therelative entropy H , the�rst ordercorrectionis
¸ § =[(N ¡ ¯ )H ] ¼ 1:6 > 1. Thus, the secondordercor-
rectioncontributessigni�cantly to theE-value. Therefore,
it hasto be determined for hybrid alignment which of the
two formulasmore appropriately describesthe length de-
pendenceof the E-valuesor if yet another formula hasto
beworkedout.

We addressthis point empiricallyby aligningsequences
from a databasederived from SCOP[22, 11] by the astral
compendium[17, 9] (http://astral.stanford.edu/,releaseAS-
TRAL SCOP1.59). We usea databasethat containsonly
sequenceswith lessthan40% pairwisesequence identity.
We useevery sequencefrom the databaseasa query for a
hybrid alignment searchof thewholedatabase.This yields
alist of hitsfor eachqueryandtheirrespectiveE-valuescal-
culatedby formulaEq. (2) or (3). Following theapproach
of BLAST andPSI-BLAST insteadof evaluating Eqs.(2)
and(3) for each hit, we use

E(§) = K Ae®e¡ ¸ § (4)

whereAe® is the effective searchspace. It is determined
oncefor each queryas

Ae® ´
ȩ § ¤

K
(5)

with § ¤ given by E(§ ¤) = 1 according to Eq. (2) or (3).
In this framework the differencebetweenEqs.(2) and(3)
translatesinto a different value of § ¤, i.e., in a different
valueof theeffective searchspaceAe®.

Sincethe databaseis derived from the structuralSCOP
database,hits canbeidenti�ed astruehomologsif they be-
longto thesamesuperfamily in SCOPandasnon-homologs

(a)

(b)

Figure 1. Comparison of two form ulas for
edge effect correction . Both graphs sho w
the dependenc e between the E­value cutoff
and the number of errors per quer y, i.e., the
numbe r of non­ho mologous sequ ence pair s
with an E­value lower than the cutoff di­
vided by the total numbe r of sequence s in
the databa se. The dotted line correspon ds
to hybrid alignmen t with E­values calc ulated
according to Eq. (2) while the solid line cor ­
respo nds to hybrid alignmen t with E­values
calcu lated according to Eq. (3). The dash­
dotted line is the result of BLAST 2.0 and the
dashed line is the identity correspo nding to
an ideal algorithm. Both graphs sho w data for
the ASTRAL40 databa se and the BLOSUM62
sco ring matrix. In (a) the cost of a gap of
length k is 11+ k while in (b) it is 9+ 2k. In both
cases BLAST 2.0 and Eq. (3) yield good esti­
mates of the E­value while Eq. (2) is clearl y
inf erior for hybrid alignmen t.

if not. Thus,for each E-value cutoff the number of errors
perquerycanbecalculatedasthenumberof non-homologs
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with anE-value lower thanthegiven cutoff divided by the
totalnumberof queriesin thedataset,which is 4;383in this
case.If the calculation of E-valuesis correct,the number
of errorsperquery is identicalto theE-valuecutoff.

Figure1 shows the relationshipbetween the errorsper
query and the E-value cutoff for the PSI-BLAST default
scoringsystemandfor theBLOSUM62 scoringmatrixwith
a cost of 9 + 2k for a gap of length k. The latter hasa
relative entropy of H ¼ 0:15 andthusthe contribution of
thehigher ordertermsshouldbe lessdramaticthanfor the
PSI-BLAST default scoringsystem.Eachof thetwo graphs
shows the plots of the E-valueversusthe errorsper query
for hybrid alignments with both length correctionformu-
las andof the original BLAST 2.0. The (ideal) identity is
shown asthedashedline. In bothcasesit canbeseenthat
the E-values obtainedby Eq. (3) are very closeto ideal.
The E-valuesof BLAST 2.0 aresimilarly goodwhile the
E-values for the hybrid algorithm calculatedaccording to
Eq. (2) are too small. As expected basedon the differ-
ences in the relative entropies the effect is muchstronger
for theBLOSUM62/11/1scoringsystemthanfor theBLO-
SUM62/9/2 scoringsystem. We conclude that for the hy-
brid alignment algorithm Eq. (3) provides good estimates
of theE-valuewhile Eq.(2) shouldnotbeused.

5 Hybrid versusNCBI comparison

For theHybrid versionof PSI-BLASTthewayof calcu-
lating effective query length, effective databaselength and
effectivesearchspacewasmodi�ed asdescribed in thepre-
vious sectionto be able to deal with small values of the
relative entropy H . In the NCBI versionof PSI-BLAST,
thevalueH is looked up from atableandis notverysmall,
but in thehybrid versionH is calculatedandtakesonsmall
values for somequeriesand/orscoringmatrices.

In orderto studythe performance of our prototypeHy-
brid PSI-BLAST we applied the alignment sensitivity as-
sessmentof Brenner, Chothia andHubbard[5]. The same
SCOPderived datasetasdescribedin the last sectionwas
used [17, 9] (http://astral.stanford.edu/, releaseASTRAL
SCOP1.59). However, sincewe suspecteda possibletrue
relationshipnot re�ected in theSCOPclassi�cationwe re-
moved a single sequence that was consistently misclassi-
�ed by all versions(Hybrid andNCBI) of thealgorithmfor
nearlyall parameter choices, namely the representative of
thesuperfamily c.11.1.

Using this databaseasa “gold standard” we performed
two differentsensitivity assessments.First,weusedeachof
thesequencesin thegold standard databaseasqueries.For
eachquery wesearchedthegoldstandarddatabasewith the
Hybrid andtheNCBI versionof PSI-BLAST. We ranboth
PSI-BLAST versionsfor several iterationsuntil they con-
verged. Fromtheresultinglists of hits with their E -values

Figure 2. Comparison of Hybrid PSI­BLAST
perf ormanc e for diff erent gap cos ts. The
cur ves sho w the trade­off betwee n the errors
per query and the coverage for Hybrid PSI­
BLAST on a “gold standar d” databas e using
diff erent gap costs. While all cur ves are rel­
ativel y close tog ether , a cost of 11 + 1 ¢k for
a gap of length k seems to lead to the best
perf ormanc e.

we calculatedfor each E-valuecutoff in additionto theer-
rorsperquerydescribedin thelastsectionthecoverage, i.e.,
thenumberof truehitswith anE-valuesmallerthanthecut-
off dividedby the total number of truehits in thedatabase
which is 88;171 in our study. Theplot of errorsperquery
versuscoverageasthe E-valuecutoff is variedrepresents
therelationshipbetweenthesensitivity andselectivity of a
program.

In thistestweobserved alargeincreasein computational
effort whenusingtheHYBRID algorithm. The total com-
putertimerequiredfor theassessmentof theHYBRID algo-
rithm wasabout tentimeshigher thanfor theoriginal PSI-
BLAST. However, this is an artefact of the unrealistically
small databasesize in this test. The HYBRID algorithm
requiressomequery-dependentparameters like therelative
entropy H to be calculated during the startupphase. For
a shortdatabasethis startupphasedominatesthecomputa-
tional effort. For longer databases,thecomputationaleffort
for thestartupphaseis not important any moreandthecom-
putationaleffort of theHYBRID algorithmandPSI-BLAST
becomecomparable(seebelow.)

Sincethe hybrid algorithm treatsgaps differently from
the Smith-Waterman algorithmunderlying the NCBI PSI-
BLAST, it is not a priori clear if the cost of 11 + 1 ¢k
for a gap of length k that hasbeendetermined to be op-
timal for the original PSI-BLAST is alsogood for the hy-
brid version. Thus, we �rst compared different values of
thegap initiation andextensioncostfor thehybrid version
of PSI-BLAST given ascommand line parameters. Modi-
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Figure 3. Compa rison of the NCBI and the Hy­
brid version of PSI­BLAST. The cur ves sho w
the trade­off betwee n the errors per quer y and
the coverage for NCBI and Hybrid PSI­BLAST
on a “gold stand ard” datab ase. For small
coverages Hybrid PSI­BLAST is slightl y su­
perior while for high coverages the NCBI PSI­
BLAST perf orms better .

fying thegapcostsaffectsthegap distribution in themodel
built in the �rst iteration, and thereforeexposespotential
differences in the gap biasof the two algorithmsover the
following iterations.Themeasurementsresultin afamily of
curves shown in Figure2. Comparing thesecurves shows
mainly that theHybrid versionof PSI-BLAST is relatively
robust with respectto the gap costs. However, amongall
theserathersimilar curves, the default value of 11=1 for
NCBI PSI-BLAST seemsalsooptimal for the Hybrid ver-
sion,suggestingno differencesin gapbias.

The �na l result of this direct comparison between the
Hybrid andNCBI versionof PSI-BLASTusingthegapcost
11=1 is shown in Figure3. Thecurves show thatthesensi-
tivity versusselectivity tradeoff of thetwo versionsis quite
comparable.Hybrid PSI-BLASTis slightly betterthanthe
NCBI PSI-BLASTup to a level of coverageof about 15%,
and then incurs slightly more errors than the NCBI PSI-
BLAST. The two curves are qualitatively similar, which
suggests that their differences re�ect the untuned perfor-
manceof Hybrid PSI-BLAST.

In the second sensitivity assessmentwe aimedat com-
paring the two algorithmsin a more realistic setting. In-
steadof searchingthe very small gold standarddatabase
alone, we augmented the gold standarddatabase with
the non-redundant protein database from NCBI. Search-
ing this muchlargerdatabaseallows bettersequencemod-
els to be built and is closerto a typical applications of a
tool like PSI-BLAST. The sequencesfrom the gold stan-
dard database were marked so that they could be identi-
�ed from the programoutput. Sequences in the nonre-

Figure 4. Compa rison of the NCBI and the
Hybrid version of PSI­BLAST on a large
datab ase PDB40NRtrim. The cur ves sho w the
trade­off betwee n the errors per quer y and the
coverage for NCBI and Hybrid PSI­BLAS T for
those sequ ence pair s the homology of whic h
is kno wn from structural cons iderations. For
small coverages Hybrid PSI­BLAST is slightl y
inf erior while for high coverages the two algo­
rithms perf orm nearl y identicall y.

dundant databaselonger than 10 kilobaseswere trimmed
to 10 kilobasesbecausethe protein sequence formatting
program'formatdb' associatedwith PSI-BLAST 2.0 can-
not handle such long sequences. The newly combined
datasetwas called PDB40NRtrim. Since an exhaustive
test using all sequencesfrom the gold standarddatabase
asquerieswould be too time consuming, we randomly se-
lected 100 queriesfrom the gold standarddatabase and
searched againstPDB40NRtrim. Thelist of queriesis avail-
ableuponrequest from theauthors. By selectingvery high
E-valuethresholdsfor outputof sequencesweensured that
enough of the sequencesfrom the gold standard databases
wereincluded in thehit lists. In typicalapplicationsof PSI-
BLAST, thenumberof iterationsis restrictedto a relatively
small number sincea failure to converge fast is usuallya
sign of the model being infestedby foreign sequencesin
which casemore iterationsactually worsenthe quality of
the model. In order to get an ideaof the in�uence of the
maximal number of parameterswe chosea limit of 5 and6
for bothalgorithmsandcomparedtheresults.For all other
parameterstheir respective default valueswereused.

Runningthetwo programsonthePDB40NRtrimdataset
tookatotalof about64hoursfor theNCBI PSI-BLAST, and
54 hours for HYBRID PSI-BLAST. We ran eachprogram
on four nodesof aLinux clusterof 1GHzPentium III, 1GB
RAM machinesby manually partitioningthe list of query
sequencesequally amongthe nodes. The useof a cluster
reducedthedurationof theexperimentsto a moremanage-
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able13-17hours. Coincidentally, this approachpoints to
an easyway of parallelizingthe PSI-BLAST code; along
theselines,in aseperateexperimentwehavewrittenasim-
ple MPI wrapper thatenables us to run NCBI tools in par-
allel on a cluster. As expected,thecomputational effort of
the two algorithmsapplied to this databaseof realisticsize
is comparable,with theHYBRID algorithmtakingroughly
25%longer thantheoriginal PSI-BLAST. This resultcon-
�rms that the large differencein computationaleffort be-
tweentheHYBRID algorithm andtheoriginalPSI-BLAST
seenin the shortdatabasetest is attributableto the startup
phaseof theHYBRID algorithm.

Thesensistivity wasassessedby thesamecurves for the
tradeoff between errorsper query andcoverage asbefore.
In calculatingtheerrorsperqueryandthecoverageall hits
from the non redundantdatabasewere ignoredsincetheir
homologiesarenot known. Only hits from the gold stan-
darddatabasewereevaluated. The resultsfor the two al-
gorithmsfor thedifferentlimits on thenumberof iterations
areshown in Figure4. We�nd , thattheHYBRID algorithm
seemsto depend strongeron the limit on thenumber of it-
erationsthanthe original PSI-BLAST. In general the HY-
BRID algorithmis inferior at smallcoverages. Note,how-
ever, that the region of coverages and errorsper query in
which theHYBRID algorithmwasfoundto besuperioron
thesmallerdatabasecannotbeprobed in this testdueto the
smallernumber of querieswhich limit theerrorsperquery
to a minimum of 0:01. At highercoverages thesensitivity
of the two algorithmsbecomesnearly indistinguishable at
leastif thenumberof iterationsis limited to � ve.

6 Conclusion

In this studywe have establishedthat the hybrid align-
ment algorithm can be successfully used within PSI-
BLAST with only modest changes to the original code.
In studyinghow to bestmatch the algorithm to the PSI-
BLAST code, we have resolved the question of sequence
lengthcorrection. Through direct comparison, and in op-
timizing oneparameter for thehybrid algorithmwithin the
wholeframework of PSI-BLAST, namely thegapcosts,we
foundthat theHybrid versionof PSI-BLAST andtheorig-
inal versionof PSI-BLASTarevery similar in their perfor-
mance.

By incorporatingthe hybrid alignment directly into the
existing PSI-BLAST code, we demonstratethe suitability
of the algorithm to the iterative searchmethodwhere its
featurescanbethemostadvantageous. We do so in a way
that effectively leveragesall the efforts that went into the
development of the currentPSI-BLAST andthe tools that
build upon it.

This �nding will provide a basis for future exploita-
tion of featuresof the hybrid algorithm that the Smith-

Watermanalgorithm doesnot provide. Most notably, it
opens the possibility of including position-speci�c gap
costsin PSI-BLAST. Position-speci�c gap costsrepresent
differentpropensitiesfor alignment gapsin differentregions
of thesequences.Thepropensityfor gaps,i.e.,for theinser-
tion or deletion of aminoacids,is higher in loop regionsof
aproteinfamily thanin its coreregions. Thus,it is expected
that takingthis informationinto account would greatlyim-
provethesensitivity of PSI-BLAST. Currently, PSI-BLAST
is preventedfrom takingadvantage of this additional infor-
mation due to a fundamental limitation of the underlying
theoryof thealignment scorestatistics for Smith-Waterman
alignment. This limitation is overcomeby the hybrid al-
gorithm, andthe resultspresented herelay the groundfor
developing a hybrid basedversion of PSI-BLAST with
position-speci�c gapcosts.
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