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Abstract

Progressivesequeace mode re nementby mears of it-
erative seaches is an effectivetechniquefor high sensitiv-
ity database seachesandis currently emplgedin popu-
lar tools sud as PSI-BLAS and SAM. Recatly, a novel
alignment algorithm has been propcsed that offers fea-
tures expected to improve the sensitivityof sud iterative
appmaches, speci caly a well-characterizedtheory of its
statistcseven in the presencef position-speci cgapcosts.
Here, we demastrate that the new hylrid alignment al-
gorithmis ready to be usedas the alignment core of PSI-
BLAST. In addtion, we evaluate the accuacy of two pro-
posedapproadies to edge effect correction in short se-
guerce alignment statistcs that turns out to be one of the
crucial issuesn developinga hybrid-alignmet basedver-
sionof PSI-BLAS.

1 Intr oduction

The availahlity of large numbes of entire geromesre-
quirespowerful bioinformaticstools to assignmeaniry to
the sequene dataandto leapforward into areadike pro-
teomics. Perhag the most fundanentaland widely used
tool of geromic andysis is sequacealignmen. Although
sequace alignment is a well-establishedtechique, the
needto dete¢ wealer andwealer sequacehomolayiesre-
quirescontinuaisimprovementsin the sensitvity of align-
mentalgorithms.

The mostcommaly usedsequenealignmert toolslike
BLAST [3] and FASTA [25] are basedon the Smith-
Watermanalgorithm [30]. Recenly, a variation of the
Smith-Waterma algorithm called hybrid alignment has
beenpropsed[36]. The main adwantageof hybrid align-
mentis thatit is baded by a theoryof its statistcsthatal-
lows to quicKy assignreliable E -valuesfor arbitraryscor
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ing systemsHanding of arbitraryscoringsystemss partic-
ularly relevant in iterative algorithmslike PSI-BLAST [3]

or SAM [16] that dynamically adap their scoringsystem
to the quay sequace. Suchiterative appoache are re-
quiredto detectmoreremotehomdogiesthanthosefound

by BLAST or FASTA.

Hybrid alignment hasthe samecomputationalcomple-
ity asthe Smith-Watermaralgorithm. However, it hasalso
beencombired with the heuristic appoache of BLAST
to renderit compuationally efcient [35]. It hasbee
shavn to be comparableto the Smith-Watermaralgorithm
in its ability to detect sequacehonmplogiesin pairwisese-
guerce alignments [35]. However, it hasnever beeneval-
uatedwithin the iterative framework thatit is presumaly
mostusefulfor.

Here,we putthehybrid algorithmto testwithin anestab-
lishediterative searchframeavork, namelyPSI-BLAST. In
principle, the hybrid algarithm canoffer crucial addtional
featurego PSI-BLAST suchasposition-speicc gap costs.
However, the heuristics built into a high performanceool
like PSI-BLASThave bean extensiely optimizedfor its na-
tive, Smith-Watermanbased alignmern algorithmover the
courseof several yeas. Thus, it is not clea whatwould be
the effects of replacingthe currentalgorithm for E -value
computationwith thehybrid algorithm,evenwithoutaddirg
extrafeaturesuchaspositionspeci 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(andtheirundelying statisticsjnteractdifferently
with therestof the code

The purpcse of this studyis to answe the questionof
the hybrid algarithm's compatibility asan E -valuecompu-
tationengirein PSI-BLAST. Assessinghis commtibility is
crucialin determinirg the extent to which the hybrid algo-
rithm canleveragethe investmeits that wentinto building
thecurrert cropof high performane bioinformaticstools.



This paper offers two main contributions. The rst is
to shaw thatthe hybrid alignment algorithmis readyto be
usedusedasthe alignmen core of PSI-BLAST, and that
only minimal charge is requiredto PSI-BLAST (the edge
effect correctionformula). The secom maincortributionis
to evaluatetheacairag of two propesedappro&zhesto edge
effectcorredion in shortsequacealignment statigics.

Theremainetr of themanuscripts organizedasfollows.
Section2 provides somebaclground on sequace align-
ment statistts. Sedion 3 presentghe stepshecessaryto
incorpaatehybrid alignmentasthe alignmentcoreof PSI-
BLAST. Then Sedion 4 describesn detailhow sequece
lengtheffectsarebeingtakeninto acountsincethis differs
signi cantly from the original version of PSI-BLAST. The
directcompaison of the hybrid andthe original version of
PSI-BLAST is presentedn Sedion 5. Finally, Sed¢ion 6
condudesthe pape.

2 Review of sequertealignment statistics

Pairwise sequenealignmert algorithmsassigranalign-
mentscoreto ead pairof sequenes.Thescores thelarger
the moresimilar the two sequecesare. Iterative sequace
alignment toolslike PSI-BLAST or SAM build uponthese
pairwisesequene alignmen algorithms. In ead iteration
thepairwisesequacealignment algorithmis usedto search
a large sequene datdbasewhich leads to a list of hits or-
deredby their score.Fromthis list of hits a multiple align-
mentis createdthatin turn determineghe scoringsystem
of the next iteration. The crucial stepfrom oneiterationto
the otheris the decisionwhich of the hits to keepas pu-
tative memlers of the family (andinclude in the multiple
alignment) andwhich of the hits to rejectasnon-relevart.
A reliablequantitative criterionfor which sequenesto keep
asputaive memtersandwhich to discardasrandomhitsis
acutoff in the E - or p-valueof thesequenes.

The statisttal signi cance expressedby the E-value
judges the quality of an alignment relative to all align-
mentsthat one would obtan by aligning randanly cho-
sen(andthus unrelded) sequenes. Thus, it canonly be
calcdatedif it is known how the alignment scoresof ran-
domly chosensequ@cesaredistributed. For alignmern al-
gorithmsthatdo notallow gaps,i.e.,insertionsor deletiors,
in their alignmentsthis alignmen scoredistribution of ran-
dom sequenesis known. It hasbee rigorously proven
[14, 15, 12] thatthe expectednumber of gagesslocal align-
mentsof two sequacesof lengthM andN with a score
largerthat 8, i.e., the E-valug follows in the limit of in-

nitely long sequenesthe universalform

E(8) = KMNe -8: 1)

Thisform neitherdependson thescoringparametes noron
the sequace model, i.e., the frequerties with which eah

aminoacidapparsin therandan sequeces,aslong asthe
paraméers are chosensuchthat the alignmerts are really
local. However, thetwo parametes, andK do depexd on
thescoringparaméers. TheKarlin-Altschultheoryalsode-
scribesthis dependerce. Thus,anE -valuecanbe assigned
to a gaplessalignmen withoutary furtherneed for compu-
tation which madethe original version of BLAST so suc-
cessful.

However, in orderto detectweaksequene homdogies,
it is crucialto allow gapsin analignment[24]. In the pres-
enceof gaps the E-valuesfollow accading to numeical
studiesstill theuniversalform Eq. (1) [31, 10, 19, 33, 34, 2,
23] However, the numeical valuesof thetwo paraméers,
andK arenotknown.

There arevarious approache to solve this dilemma: for
large gap coststhere are appraiimate analytica formulas
for, [21, 20, 29] For asmallsub-clas®f scoringsystems
thereis even an analytical formula for | thatis valid for
all gap costs[6]. Thecurrentversionof PSI-BLAST usesa
heuristicmethodto estimate for differentscoringmatrices
but at x ed gap cost [3, 28, 27] andthereare numeical
apprached7, 8] aswell to rapidly determine, .

However, all of theseapproache are eitherheuristicor
restrictedto certainregimesof the alignment paraméers.
A possibleescapeaoutefrom this dilemmais analternatve
alignment algarithm thathasbeenproposedby Yu andHwa
[36]. Thealgorithmis calledhybrid alignmern sinceit is a
combination of the Smith-Wateman algorithm and prob-
abilistic schems like hidden Markov modds. In hybrid
alignment the Smith-Waterman algorithmis modi ed such
thatits E -valuesarestill calclatedacmrdingto Eq. (1) but
with theparaméer, takingtheuniversalvalue, = 1 com-
pletelyindependently of the scoringsystem.This simpli -
cation of the statisics does not deadeasethe sensitvity of
the algorithmcomparedto the traditional Smith-Waterman
algorithm[35]. The basiccompuationalcomgexity of the
alternatve algorithmis the sameas for Smith-Waterman
andit canbe combned with heuristicschemessimilar to
theonesusedin BLAST to redue thecompuationaleffort.
Mostimportantly thetheoreticapredictionof theuniversal
form Eq. (1) with , = 1 holdsevenfor position-degndent
gap costs. This predictionhasalsobeennumeically veri-
ed [35] for alarge rangeof scoringsystemswith position
depandent gap coststaken from the PFAM [4] datalase.
Theinability to calculae E -valuesfor position-speicc gap
costsis preciselythe reasorwhy PSI-BLAST does not in-
corpaate a position-specic gap costin spite of the ex-
pectdion that sucha position-specc gap costwould in-
creasesensitvity signi cantly if it werepossibleto imple-
mentit. Thus,usinghybrid alignmentin PSI-BLAST would
notonly provide atheoreical basisfor the calculdion of E -
values with the current x ed gap costscoringsystemsbut
alsoopenup the possibility to the future incorpaation of



moresensitve position-specc gapcosts.

3 Incorporation of hybrid alignment into
PSI-BLAST

As partof a previous work, a non-paition-speci c ver
sion of the hybrid alignmen algorithm was incorporated
into version2.00f thefreely availade NCBI BLAST source
code[35]. Thehybrid versionof BLAST (HYBLAST) re-
tains the familiar userinterfaceand mary of the features
of the original NCBI BLAST. It usesthe samehetristics
for decidng which datdbasesequeneis a potentialhit that
gives the original BLAST its huge speedadwantage over
full Smith-Wateman.However, by replacingthealignment
coreof BLAST by hybrid alignmen the modi ed version
is capalte to dealwith ary scoringsystemandgap costthe
userwishesto provide. Due to the moreinvolved statis
tics of the Smith-Watermanalgorithmthe original BLAST
forcesthe userto choosea combindion of a substitution
matrix and gap costsfrom a preselecte setfor which the
statistcs hasbeenpre-calclatedin time-consumingcom-
putersimulations.

Since PSI-BLAST is an extension of BLAST we took
theHYBLAST programasour startingpoint for theimple-
mentationof the hybrid algorithmin PSI-BLAST. Due to
thesimilarity of their userinterfaces pnly minimal changes
wererequiredto adap the corecommnerts of PSI-BLAST
towork with HYBLA STinsteadof BLAST asdescribe be-
low. Thereforgheresultsof ourcomparative measurments
canbe attributed purely to the differen@sin the statigics
undelying the two algaithms and the way they interact
with PSI-BLAST heuristics,andnotto code dissimilariies,
asrequiredto ful Il theobjectvesof our study

First, the alignmen routines themseles had to be
chargedsuchthatthey usetheposition-specic weightma-
trix insteadof the uniform scoringmatrix usedin BLAST
andHYBLAST. Thenew routinesimplementtherecursion
equadions for position-speci chybrid alignments given by
Yu, BundschuhandHwa [35].

Sewond, the position-specc weight matrix hasto be

lled duringthe model building phaseof PSI-BLAST. The
original PSI-BLAST code calculats for eat position i

of the query sequene the 20 probailities p;., to obsere
aminoacid a at this position. These probabilities are de-
rivedfrom theactudly obsevedaminoacidsatthisposition
andfrom prior expectationsdeterminé by the aminoacid
in the quay sequenein casethatthereareonly very few
sequacesin the multiple alignmen. The position-specic
scoringmatrix si5 of PSI-BLAST at positioni for amino
acidaisthenassignediscoreof s;s = log(pi.a =pa) Where
pa is the baclkgroundprobaility to obseve theaminoacid
a. Afterwardsthesescoresarerescaledin someparticu-
lar way [3]. Sincethe position-speci calignment weight

usedby the hybrid algorithmis simply pi.a =pa itself, the
position-specic alignmen weight matrix can easily be
lled togetterwith the usualposition-speicc scorematrix
of PSI-BLAST. In cortrastto the scoringmatrix the weight
matrix doesnotrequireary rescaling.

We did notimplemert positionspeci ¢ gap costsfor our
experiments. While highly desirablethe implement&on
of suchfeaturewould requirenontrivial changesto the ex-
isting PSI-BLAST code,andit is beyond the scopeof this
pape.

After creatinga version of PSI-BLAST incorpording
the hybrid sequene alignment algorithm(in the following
calledHybrid PSI-BLAST), we performeda seriesof mea-
surementso compae its performane to thatof theunmal-
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 the edge effect correctionformulabeingem-
ployed. The next sectiondescribs the appro&h we used
to detamine the correct formula to implemen, selected
amoryg thosefoundin theliterature. In the ensuirg section
we reportthe resultsof the Hybrid vs. NCBI comparison,
with the Hybrid incorpaatingthe formulasodetermined

4 Edge-effectcorrection

Eq. (1) is only valid in the limit of in nitely long se-
guerces.Sincesequacesn datalasesearchecanberather
short, it is importantto correctE -values for the nite se-
guercelength Forthispurposdwo differentcorrectionfor-
mulashave been suggsted.Both involve in addtion to the
paraméersK and, of Eq. (1) therelative entrory H and
theoffset™ of the scoringsystem.Thesequantitiesdepend
on the speci ¢ scoringsystemand have to be determine
numeically.

Altschul andGish [2] proposé a formulathat haslater
beenextendedby Altschul, Bundschuh Olsen,andHwa[1]
to readfor asequacepairof lengh N andM , respectiely:

H 1. M T,

_ .8 - . _§ - i .8
E(§) =K Nj ot Mi g+ @ (2
Thealternatve formulausedby Yu andHwa [36] is
E@®) = K(Ni, )(Mi )E y, ©

1 1 :
— + — :
(Mi )H (Nj )H

Eexpi, 1+

Analytical appoache to the edge corredion prob-
lem [18, 32] areconned to alignmen without gaps. Even
in theabsene of gaps, they only give correctionsof Eq. (1)
to rst orderin, §(N j ~)H]. Both correctionformulas
Eqgs.(2) and(3) coincideupto rst orderin, §=[(Nj ~)H].
Thus,theandytical resultsarenot suitedto distinguishone



correctionformula from the othereven in the absene of
gars.

The equivalerce of the two correctionformulasup to
termsof order, 8=[(N j )H]is alsothereasorwhy the
existene of differentformulaswasnotanissuefor thecon-
vertional PSI-BLAST. For the defaut scoring systemof
PSI-BLAST, i.e.,the BLOSUMG62 scoringmatrix [13] with
costof 11+ k for a gap of lengthk andthe amino acid
frequertiesof Robinsm andRohkinson[26], the paraméers
areestimatedo be, % 0:267Q K % 0:042 H % 0:14,
and™ ¥ i 30 [1]. At adatatasesizeof M = 10° amino
acidsandaquerysizeof N = 100aminoacidsanE -value
of onecorrespoadsto ascoreof | § ¥4 15. Thus,the rst or-
dercorrectionis, 8=[(N j )H] % 0:77 whichis sizeable
but still smallerthanone(i.e., thecorrectionis smallerthan
the leadirg term and highe ordercorrectionsare expectel
to becaneevensmaller)

The situationin hybrid alignment is different. For the
samescoringsystem the paraméersareestimatedas, =
1, K %03 H % 0:07,and % j 50. The largervalue
of K impliesthatan E -valueof onenow correspondto a
scoreof , § % 17. More importantly dueto the smaller
valueof therelative entropy H, the rst ordercorrectionis
.8(N j )H] % 1.6 > 1. Thus, thesecondordercor
rectioncontritutessigni cantly to the E-value Therefore,
it hasto be determine for hybrid alignment which of the
two formulas more appropiately describeghe length de-
pencenceof the E-valuesor if yet another formula hasto
beworkedout.

We addresghis point empirically by aligningsequaces
from a datalasederived from SCOP[22, 11] by the astral
compendium[17, 9] (http://astral.&anford.elu/, releaseAS-
TRAL SCOP1.59). We usea datatasethat cortainsonly
sequaceswith lessthan 40% pairwise sequene idertity.
We useevery sequacefrom the databaeasa quey for a
hybrid alignment searchof thewhole databae. Thisyields
alist of hitsfor eachqueryandtheirrespectie E-values cal-
culatedby formula Eq. (2) or (3). Following the apprach
of BLAST and PSI-BLAST insteadof evaluating Egs. (2)
and(3) for ead hit, we use

E(8) = KAgee * 5 (4)

whereAp is the effective searchspace It is determine
oncefor ead queryas
e8’

Aco” ra )

with §° given by E(§8 ") = 1 acording to Eq. (2) or (3).
In this framework the differencebetweenkEgs. (2) and(3)
translatesinto a differentvalue of 87, i.e., in a different
valueof the effective searchspaceA e.

Sincethe datalaseis derived from the structuralSCOP
datalase hits canbeidenti ed astruehomdogsif they be-
longto thesamesupefamilyin SCOPandasnon-tomologs
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Figure 1. Comparison of two formulas for
edge effect correction . Both graphs show
the dependenc e between the E-value cutoff
and the number of errors per query, i.e., the
number of non-ho mologous sequence pairs
with an E-value lower than the cutoff di-
vided by the total number of sequences in
the database. The dotted line correspon ds
to hybrid alignmen t with E-values calc ulated
according to EqQ. (2) while the solid line cor-
respo nds to hybrid alignmen t with E-values
calcu lated according to Eqg. (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 show data for
the ASTRAL40 database and the BLOSUM62
scoring matrix. In (a) the cost of a gap of
length kis 11+ k while in (b) it is 9+ 2k. In both
cases BLAST 2.0 and Eq. (3) yield good esti-
mates of the E-value while Eq. (2) is clearly
inferior for hybrid alignmen t.

if not. Thus,for ead E -value cutoff the numker of errors
perquerycanbecalalatedasthe numter of non-fromologs



with an E -value lower thanthe given cutof divided by the
totalnunmberof queriesn thedataset,whichis 4;383in this
case.If the calcuation of E -valuesis correct,the numkber
of errorsperquey is identicalto the E -valuecutoff.

Figure 1 shaws the relationshipbetwea the errorsper
query and the E-value cutoff for the PSI-BLAST defaut
scoringsystemandfor theBLOSUMG62 scoringmatrix with
a costof 9 + 2k for a gap of lengthk. The latter hasa
relative entrofy of H % 0:15 andthusthe contrikution of
the highe ordertermsshouldbe lessdramaticthanfor the
PSI-BLAST defaut scoringsystem.Eachof thetwo graphs
shaws the plots of the E -valueversusthe errorsper quay
for hybrid alignmens with both length correctionformu-
las and of the original BLAST 2.0. The (ideal) identity is
shavn asthe dashedine. In both casest canbe seenthat
the E-values obtainedby Eq. (3) are very closeto ided.
The E -valuesof BLAST 2.0 are similarly goodwhile the
E -values for the hybrid algarithm calaulatedaccading to
Eqg. (2) aretoo small. As expected basedon the differ-
ences in the relative entropes the effect is much stronger
for theBLOSUM®62/11/1scoringsystenthanfor the BLO-
SUMG62/9/2 scoringsystem. We condude that for the hy-
brid alignment algorithm Eq. (3) provides good estimates
of the E -valuewhile Eq. (2) shouldnotbeused.

5 Hybrid versusNCBI comparison

For the Hybrid versionof PSI-BLAST theway of calcu-
lating effective queay lengh, effective databaelengh and
effective searchspacevasmodi ed asdescribé 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 notvery small,
butin the hybrid versionH is calaulatedandtakeson small
values for somequeiesand/orscoringmatrices.

In orderto studythe performane of our prototypeHy-
brid PSI-BLAST we apdied the alignmen sensitvity as-
sessmenof Brenney Chotha andHubbard[5]. The same
SCOPderived datasetas describedn the last sectionwas
used [17, 9] (http://astral.&anford.&lu/, releaseASTRAL
SCOP1.59). However, sincewe suspectea possibletrue
relationshipnot re ectedin the SCOPclassi cationwe re-
moved a single sequace that was corsisently misclassi-
ed by all versions(Hybrid andNCBI) of thealgorithmfor
nearlyall paraméer choices, namdy the represetative of
thesuperéimily c.11.1.

Using this datalaseasa “gold standad” we performed
two differentsensitvity assessmentgirst, we usedeachof
the sequenesin the gold standad datalaseasqueries.For
eachquey we searchedhe gold standardlatalasewith the
Hybrid andthe NCBI versionof PSI-BLAST. We ran both
PSI-BLAST versionsfor several iterationsuntil they con-
verged. Fromthe resultinglists of hits with their E-values

0.1F

errors per query

0.001

0.15
coverage

Figure 2. Comparison of Hybrid PSI-BLAST
performanc e for different gap costs. The
curves show the trade-off between 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 curves are rel-
ativel y close together, a cost of 11+ 1 ¢k for
a gap of length k seems to lead to the best
performanc e.

we calaulatedfor ead E -valuecutoff in additionto theer
rorsperguerydescribedn thelastsectionthecoveragei.e.,
thenumker of true hitswith anE -valuesmallerthanthecut-
off divided by the total numbe of true hits in the databae
whichis 88;171in our study The plot of errorsper queay
versuscoverageasthe E -value cutoff is variedrepresets
therelationshipbetweenthe sensitvity andselectvity of a
program.

In thistestwe obsered alargeincreasén computational
effort whenusingthe HYBRID algorithm. The total com-
putertimerequiredfor theassessmerf theHYBRID algo-
rithm wasabou tentimeshighe thanfor the original PSI-
BLAST. However, this is an artefact of the unredistically
small datalasesizein this test. The HYBRID algorithm
requiressomequery-depementparametes lik e therelative
entrofy H to be calculaed during the startupphase For
a shortdataasethis startupphasedominaesthe computa-
tional effort. For longe databaesthe computationaleffort
for thestartupphaseis notimportart ary moreandthecom-
putatioral effort of theHYBRID algorithmandPSI-BLAST
becane conparable(seebelown.)

Sincethe hybrid algaithm treatsgaps differently from
the Smith-Waterma algorithmundelying the NCBI PSI-
BLAST, it is not a priori clearif the costof 11+ 1 ¢k
for a gap of lengh k that hasbeendeteminedto be op-
timal for the original PSI-BLAST is alsogodd for the hy-
brid version. Thus,we rst compaed differentvalues of
the gapinitiation andextensioncostfor the hybrid version
of PSI-BLAST given ascommand line paraméers. Modi-
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Figure 3. Comparison of the NCBI and the Hy-
brid version of PSI-BLAST. The curves show
the trade-off betwee n the errors per query and
the coverage for NCBI and Hybrid PSI-BLAST
on a “gold standard” database. For small
coverages Hybrid PSI-BLAST is slightl y su-
perior while for high coverages the NCBI PSI-
BLAST performs better.

fying the gap costsaffectsthe gap distributionin the model
built in the rst iteration, and thereforeexposespotential
difference in the gap bias of the two algorithmsover the
following iterations.Themeasuremasresultin afamily of
cunes shavn in Figure2. Comparing thesecurves shavs
mainly thatthe Hybrid versionof PSI-BLAST is relatively
robust with respectto the gap costs. However, amongall
theserather similar curves, the defaut value of 11=1 for
NCBI PSI-BLAST seemsalsooptimal for the Hybrid ver-
sion,suggestingo differencesn gapbias.

The nal resultof this direct compaison between the
Hybrid andNCBI versionof PSI-BLASTusingthegapcost
11=1is shovn in Figure3. The curves shawv thatthe sensi-
tivity versusselectvity tradeof of thetwo versionss quite
comparable.Hybrid PSI-BLAST is slightly betterthanthe
NCBI PSI-BLAST upto alevel of coverageof abaut 15%,
and thenincurs slightly more errorsthan the NCBI PSI-
BLAST. The two curves are quditatively similar, which
suggsts that their difference re ect the untuneal perfor
mane of Hybrid PSI-BLAST.

In the secom sensitvity assessmemnwe aimedat com-
paring the two algorithmsin a more realistic setting. In-
steadof searchingthe very small gold standarddatabae
alone we augmeted the gold standarddatabae with
the nonredundant protein databae from NCBI. Seach-
ing this muchlarger databaeallows bettersequene mod-
els to be built andis closerto a typicd applicaions of a
tool like PSI-BLAST. The sequenesfrom the gold stan-
dard databae were marked so that they could be identi-
ed from the programoutput. Seaqien@sin the nonre-
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Figure 4. Comparison of the NCBI and the
Hybrid version of PSI-BLAST on a large
datab ase PDB40NRtrim. The curves show the
trade-off betwee n the errors per query and the
coverage for NCBI and Hybrid PSI-BLAST for
those sequence pairs the homology of whic h
is known from structural cons iderations. For
small coverages Hybrid PSI-BLAST is slightl y
inferior while for high coverages the two algo-
rithms perform nearly identicall y.

duncant datdbaselonger than 10 kilobaseswere trimmed
to 10 kilobasesbeausethe protein sequace formatting
program'formatdb’ associatedvith PSI-BLAST 2.0 can-
not hande such long sequaces. The nenvly comkined
datasetwas called PDB4ONRtrim. Since an exhaustve
testusing all sequacesfrom the gold standarddatabae
asquerieswould be too time consumiig, we randonty se-
lected 100 queriesfrom the gold standarddatabae and
searchd againstPDBAONRtrim. Thelist of querieds avail-
ableuponrequest from the authas. By selectingvery high
E -valuethresholddor outputof sequaceswe ensuré that
enowh of the sequacesfrom the gold standad datatases
wereincluded in thehit lists. In typical applicdionsof PSI-
BLAST, thenumberof iterationsis restrictecto arelatively
small numkber sincea failure to corverge fastis usually a
sign of the model being infestedby foreign sequacesin
which casemore iterationsactually worsenthe qudity of
the mockel. In orderto getanideaof the in uence of the
maxima numbe of paraméerswe chosea limit of 5 and6
for bothalgorithmsandcompaed the results.For all other
paraméerstheir respectre default valueswereused.

Rumingthetwo prograns onthe PDB4AONRtrim dataset
tookatotalof abait 64 housfor theNCBI PSI-BLAST, and
54 hous for HYBRID PSI-BLAST. We ran eachprogram
onfour nodesof aLinux clusterof 1GHzPerium lll, 1GB
RAM machines by marually partitioningthe list of quey
sequacesequdly amongthe nodes. The useof a cluster
redu@dthedurationof the experimentsto a moremanag-



able 13-17 hours. Coincidentally, this approachpointsto

an easyway of parallelizingthe PSI-BLAST code; alorg

thesdines,in a seperatexperimentwe have written a sim-
ple MPI wrapger that enable usto run NCBI toolsin par

allel on a cluster As expected,the computationa effort of

thetwo algorithmsapgied to this datalaseof realisticsize
is compaable,with the HYBRID algorithmtaking rougHy

25% longer thanthe original PSI-BLAST. This resultcon-
rms that the large differencein computationaleffort be-
tweentheHYBRID algaithm andtheoriginal PSI-BLAST

seenin the shortdatatasetestis attributableto the startup
phaseof the HYBRID algorithm.

Thesensistiity wasassessely the samecurves for the
tradeof betwea errorsper quay andcoverag as before.
In calaulatingthe errorsper queryandthe coverageall hits
from the non redurdant datatasewere ignoredsincetheir
homdogiesare not knowvn. Only hits from the gold stan-
dard datdbasewere evaluated The resultsfor the two al-
gorithmsfor the differentlimits onthe numter of iterations
areshavnin Figure4. We nd , thattheHYBRID algorithm
seemsgo depend strongeron the limit on the numter of it-
erationsthanthe original PSI-BLAST. In geneal the HY-
BRID algorithmis inferior at small coverages. Note, how-
ever, that the region of coverage and errorsper quey in
whichthe HYBRID algorithmwasfoundto be superioron
thesmallerdatatasecamot be probel in this testdueto the
smallernumbe of queieswhich limit the errorsperquey
to aminimumof 0:01. At highercoverage the sensitvity
of the two algorithmsbecanesnearly indistinguishale at
leastif the numter of iterationsis limited to ve.

6 Conclusion

In this studywe have establishedhat the hybrid align-
ment algorithm can be succesfully used within PSI-
BLAST with only modest chargesto the original coce.
In studyinghow to bestmatchthe algorithm to the PSI-
BLAST code, we have resoled the question of sequace
length correction. Throuwgh direct compaison, andin op-
timizing one paraméer for the hybrid algorithmwithin the
wholeframeawvork of PSI-BLAST, namdy thegapcostswe
foundthatthe Hybrid versionof PSI-BLAST andthe orig-
inal versionof PSI-BLAST arevery similarin their perfor
mane.

By incorporatingthe hybrid alignment directly into the
existing PSI-BLAST code we demorstratethe suitability
of the algorithmto the iteratve searchmethodwhereits
featurescanbe the mostadvantageus. We do soin away
that effectively leveragesall the efforts that wentinto the
development of the currentPSI-BLAST andthe tools that
build upan it.

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

Watermanalgorithm doesnot provide. Most notaby, it
opers the possibility of including position-speci c gap
costsin PSI-BLAST. Position-specic gap costsrepresent
differentpropensitiesfor alignmer gapsin differentregions
of thesequaces.Thepropeisity for gaps,i.e.,for theinser
tion or deldion of aminoacids,is highe in loop regionsof
aproteinfamily thanin its coreregions. Thus,it is expecteal
thattakingthis informationinto accaint would greatlyim-
provethesensitvity of PSI-BLAST. Currently PSI-BLAST
is preventedfrom taking advantag of this addtional infor-
mation due to a fundametal limitation of the underlyirg
theoryof thealignment scorestatistcs for Smith-Waterman
alignment. This limitation is overcomeby the hybrid al-
gorithm, andthe resultspresentd herelay the groundfor
developing a hybrid basedversion of PSI-BLAST with
position-specic gap costs.
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