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Abstract

We proposetwo methoddor nding similaritiesin pro-
tein structue databases. Our techniquesextract featuie
vectos on triplets of SSEqSecondanstructue Elements)
of proteins. Thesefeature vectoss are thenindexedusinga
multidimensionalndex structure. Our r st techniquecon-
siders the problemof nding proteins similar to a given
queryproteinin a protein dataset. This technique quickly

nds promising proteinsusingthe index structue. These
proteinsare thenalignedto the queryproteinusinga popu-
lar pairwisealignmentool sudh asVAST We alsodevelopa

novel statisticalmodelto estimatethe goodnes®f a matt

usingthe SSEs.Our secondechniqueconsides the prob-

lemof joining two proteindatasetdo nd an all-to-all sim-

ilarity. Experimentalresultsshowthat our techniquesim-

provethe pruningtimeof VAST3 to 3.5timeswhile keeping
thesensitivitysimilar.

Keywords: Proteinstructuresfeaturevectors,indexing,
datasetoin

1 Motivation

Functional propertiesof proteins usually dependon
structureof the proteinsratherthantheir sequencesPre-
dictingfunctionalpropertieof proteinsis neededn anum-
berof elds suchasdrugdesign,proteinclassi cationand
phylogenetics. Thereare mary proteinswhich are struc-
turally similar but their sequencesre not similar at the
level of aminoacids. For examplehelical cytokinesform
an extendedfamily thatis undetectabldy sequenceom-
parison. This makes structuralsimilarity more important
thansequentiakimilarity for proteinclassi cation. Detect-
ing structuralsimilarities of proteinsusingcomputerswill
bemuchfasterandlessexpensvethanwetlab experiments.
Computationalesultscanalsobe usedto narrov down the
possibleexperimentgor scientists.

Work supportedartially by NSFundergrantsBDI-213903andEIA-
0080134

Thekey problemin structuralalignmentof proteinsis to
nd the optimalmappingbetweerthe atomsin two molec-
ular structures.It is not known in advancewhich atomsof
onestructurecorrespondo which atomsof the otherstruc-
ture. Searchingall possiblemappingsequiresanexponen-
tial numberof comparison termsof thenumberof atoms
in thecomparedtructuresThismakesanexhaustvesearch
intractableand heuristicsare frequently emplojed. The
Root Mean SquareDistance(RMSD) betweerthe aligned
atomsof two alignedstructuress typically takenasa mea-
sureof the quality of the alignment. Givena mapping,the
problemof optimally aligning two structureghroughrota-
tion andtranslationso thatthe RMSD is minimizedcanbe
solvedef ciently in time linearin thenumberof atoms[5].

Therearethreeclasse®f algorithmsfor structuralalign-
mentof proteins[8]. The rst classof algorithmsperforms
structuralalignmentdirectly atthelevel of ~ atoms.The
secondclassof algorithms rst usesthe SSEs(Secondary
StructureElements}o carry out anapproximatealignment
andthenusesthe  atoms. The nal classof algorithms
usesgeometrichashing23].

Thesimplestalgorithmfor structuralalignmen{10] uses
dynamicprogrammingto nd the optimal mapping. The
DALI algorithm [11] usesdistancematricesto align pro-
teins. The CE algorithm[19] performsa combinatorialex-
tensionof aligned fragmentpairs. The Double Dynamic
Programmingalgorithm [22] and Iterative Dynamic Pro-
grammingalgorithm [21] usetwo levels of dynamicpro-
gramming.

Hierarchicalalgorithmsare basedon rapidly identify-
ing mappingsbetweensmall similar SSE fragmentsof
two proteins. The similarity of two fragmentsis de ned
using length and angle constraints. Fragmentpairs that
align well form the seedfor extensive atom-level align-
ments. This is followed by a more detailedalignmentof
theatomsthemseles.We discusshe VAST algorithmsbe-
low. Otheralgorithmscarryingout hierarchicalalignment
are[3, 13, 15, 18, 20].

TheVASTalgorithm[14] carriesoutahierarchicahlign-
mentbeginningwith SSEs.It beginswith a bipartitegraph:
verticeson onesideconsistof pairsof SSESrom querypro-



Figure 1. (a)An

-helix, aminoacids ,
acids.(b) Line approximatiorto thesample -helix.

tein andverticeson the otherside consistof pairsof SSEs
from targetprotein. An edgeis insertedbetweertwo pairs
of SSEsif they canbe alignedwell. A maximalcliqueis
found in this bipartite graph; this de nes the initial SSE
alignment. This initial alignmentis extendedto atoms
by Gibbs sampling. A nice featureof the VAST program
is its ability to reporton the unexpectednessf the match
throughap-value Thisis computeddy consideringhesize
of the match,the sizeof the proteins,andthe quality of the
alignment.

Geometrichashingbasedalgorithmschoosea setof ref-
erenceframesfrom eachtarget proteinandplacethe other
elementf the proteinin ahashtable,basedn eachrefer
enceframe. The 3-D Lookup algorithm[12] de nesrefer
enceframesusingSSEs.Nussinow andWolfson[16] de ne
referencdramesbasecon  atoms.Thespacecompleity
of thistechniqués cubicin thenumberof elementsonsid-
eredfor eachtargetprotein.

As the sizesof experimentallydetermined1] andthe-
oretically estimated2] protein structuresgrow, thereis a
needfor scalablesearchingtechniques.In this paper we
proposewo novel methodsor nding similaritiesin large
protein structuredatasets. For a given query (or a set of
queries)purtechniqueganbeusedto nd similarproteins
in a target dataseiquickly. We proposeto extract feature
vectorscorrespondingo triplets of SSEs. Later, an R*-
tree[6] is built onthisfeaturespaceusingMinimumBound-
ing Rectangle§MBRs) Our rst technique,called PSI
(Protein Structue Index), nds high quality seedsy align-
ing the SSEsthat are similar to the SSEsof a given query
protein. The proteinsthat do not have high quality seeds
areremoved from the target setwithout further considera-
tion. We alsodevelopa novel statisticalmodelto compute
the p-valueof a seed. This value de nes the goodnesof
this seed.Our secondechniquecalledPSI-NLJ nds the
numberof potentiallysimilar triplet pairsby searchinghe
featurespacefor join queries. Only the protein pairsthat
have enoughsimilar triplets are usedin the actualjoin op-
eration. A high level descriptionof the systemis available
in [7].

, andthe centerof masses and

of two subsetof theseamino

Experimentaresultsshav that PSl classi ed morethan
88 of the superémiliescorrectly Morethan98 of our
resultsconcurredvith thoseof VAST. PSlran3to 3.5times
fasterthanVVAST's pruningstep. We ervision thatthe pre-
sentedtechniqueswill be usedas a preprocessoin com-
bination with existing structurealignmenttechniqueghat
work well for modestdatabassizes.

The rest of the paperis organizedas follows. Sec-
tion 2 discussedndex constructioron the proteinstructure
datasetSection3 discussesur searchalgorithm.Sectior4
explains the statisticalmodel usedto evaluatethe seeds.
Section5 presentghe experimentalresults. Section6 dis-
cussesour techniquefor joining datasets.We end with a
brief discussiorin Section?.

2 A novelindex for protein structures

Findingsimilar structuress a dif cult problem.Current
techniguesequentiallyjcomparethe givenqueryproteinto
all of theproteinsin thetargetsetto nd similarities. There-
fore, the costof similarity queriesof currenttechniquesn-
creasedinearly with the sizeof the proteindatabasesThis
growth canbedisastrougjiventheincreasen thesizeof the
experimentalandtheoreticalstructuredatabasef?]. Here,
we proposeto reducethe protein structuresearchcostby
building anindex on the proteinstructuredata.

Our constructionof index structure proceedsin four
steps:

1. SSEapproximation,

2. Triplet construction,

3. Featurevectorextraction,

4. Multi-dimensionalindex structureconstruction.

Let bethesetof proteinstructures
in the datasetWe discusghesestepsin moredetail below.

2.1 SSEApproximation
Let be a proteinstructure where .

isthesetof SSEsof . Let = , .
bethe orderediist of residueghatconstitute . Here,



Figure 2. Thelocal neighborhoodset of the SSE,
, of a protein. The black squarecorrespondso the
midpointof . The pointsrepresenthe midpoints
of theremainingSSEsof thesameprotein.  is the
thresholddistancdor thelocalneighborhoodet. The
setisthenreducedo =4 SSEs.

correspondso the residuein . We startby splitting
into two equalsizedlists as = . ,
and = . .Wedene and asthe
centersof masseof the residuesn and . Aline
segmentapproximationto  is achieved by extendingthe
line sggment by half of the Euclideandistancebe-
tween and in bothdirections.Figurel(a)illustratesan
-helix with eightresiduesandFigurel(b) depictstheline
segmentapproximatiorto this -helix. A similar procedure
is performedfor -strands.

2.2 Triplet construction

Our similarity modelusedtriplesof SSEsgcalledtriplets
asthe primitive similarity elementto nd long alignments.
It is well known thattheresidueghatareclosespatiallyare
morevaluablefor structuralsimilarity [8]. In orderto cap-
ture this, we constructthe local neighborhoodset of each
SSEasthesetof SSEswvhosedistance®f midpointsto that
SSES midpoint are lessthan a prede nedthreshold,
Later, in orderto limit the numberof triplets, we reduce
the sizeof thelocal neighborhoodsetto a x ednumber
by consideringpnly theclosesiof theseSSEsWeuse =
50 ,and =4 asthedefaultvaluesin our settingssince
we obtainedhebestresultswith theseparameterskigure2
illustrateshow thelocal neighborhoof the SSE, , is se-
lected.Here,theblacksquareepresentthemidpointof the
SSE, , andtheblackpointsrepresenthe midpointsof the
SSEsn the neighborhoof

Let be the four closestSSEsto

. Every pair of SSEs formsa triplet with
Therefore the numberof tripletsfor  is , Where
isdenedas choose . Since 4, introducesat
most  =6triplets. If thedatasetontains SSEsthenthe
total numberof tripletsfor the entiredataseis boundedoy

hetaGl) 4 A
min dist(i,j}

/max dist(i,j)

Figure 3. Theextractionof featurevectorfor triplet

6 . Ourexperimentsshow thatthe total numberof triplets
for the entire PDB [1] is approximately3.8 timesthe total
numberof SSEs.

2.3 Featurevector extraction

Once the triplets are determined,we constructa fea-
turevectorfor eachtriplet for compactepresentationof the
triplets. Suchrepresentatioenableghe useof index struc-
turesandsimilarity search.

Let . be a triplet. We startby splitting the
line sgmentapproximatiorof eachSSEin this triplet into
threeequi-sizednon-overlappingintervals. Themiddlein-
terval of eachSSEis thenusedto representhat SSE.We
will explain why we chosethe middle interval laterin this
section. For simplicity, we approximateto the middle in-
terval by splitting eachSSEinto 16 equi-lengthintervalsby
placing15 pointsonits line sgmentapproximation Later,
we selectthe ve pointsin the middle of eachSSEto rep-
resentthat SSE.Figure 3 depictsthis. The black pointsare
the pointsselectedor eachSSEin thistriplet.

Thepair of SSEs, , contributesthreevaluesto
thefeaturevector:
1) = minimumdistancebetweerall pair of black
pointsfrom and
2) = maximumdistancebetweerall pair of black
pointsfrom and
3) =theanglebetweertheline sggmentapproxima-

tionsof and
Figure3 shonvsthesevaluesfor and . Sinceeachtriplet
consistf threepairs,thefeaturevectorof eachtriplet con-
tains9 values.

We choosethe middle pointsof SSEsbecauseheir dis-
tancedo therestof the pointsareminimal. Therefore they
representhe SSEsbetterthanotherpoints. Thereasorthat
we choose ve points(i.e. one-thirdof the line sgment)
canbe explainedintuitively asfollows. If a small number



of pointsareused,thenthe featurevectorswould be very
sensitve to small shifts of the SSEs. If a large numberof
pointsareused thentheintervalsof afeaturevectorwould
spanalargeinterval causingarge amountsof overlap. Our
experimentakesultsshav thatusingone-thirdof the points
is betterthanotherschemes.

2.4 Index structur e construction

For eachtriplet, we constructan objectwith the follow-

ing elds:

1) Theninedimensionafeaturevector

2) Startlocationon theresiduélist for eachSSEin the
triplet.

3) Numberof residuef eachSSEin thetriplet.

4) The PDB id of the proteinto which the triplet be-
longs.
Here the rst itemcontainsine oat valuesthesecondand
third itemscontainthreeintegervalueseach,andthefourth
item contains ve charactersThetotal amountof spaceper
triplet addsup to 45 bytespertriplet. Oncethe objectsfor
the featurevectorsof the triplets for all the proteinsin the
databasare createdwe build an R*-tree [6] on theseob-
jectsto index themaccordingto their featurevectors.

3 Our search technique

Our pruningbasedn SSEsconsistof four steps.

Stepl: Similar triplets of datasefproteinsand query
proteinarecomputedandstored.

Step2: A Triplet Pair Graph (TPG)is constructedn
thesimilartriplet pairs.

Step3: A bipartitegraphis constructedisingthe TPG.
Thelargestmatchingin this graphde nestheinitial align-
mentseedat SSElevel. We computea p-valuefor eachsuch
seedat this step.

Step4: The proteinsthathave large p-valuearemoved
without further considerationThe  alignmentof there-
mainingproteinsaredeterminedisingVAST.

We elaborateStep1 in Section3.1. Step2 is discussed
in Section3.2. Finally, Step3is discussedh Section3.3.

3.1 Finding similar triplets

Let bethegivenqueryprotein.We computeall thefea-
ture vectorsof from its SSEsasdiscussedn Section2.
Eachfeaturevectorcorrespondso atriplet. For eachfea-
ture vector, we executea rangequeryon the R*-tree of the
dataseproteinsto nd thetriplet pairs,onefrom querypro-
tein andthe otherfrom dataseproteins,thatare similar to
eachother

Algorithm RANGE-QJERY

Let bethe SSEsn  inincreasindengthorder
Let bethecorrespondingngles.
Let beaqueue.
1. = ( ); for all
2. =10 ;
3. QUEUE-INSERT( ); /* initialize queue*/
4. While
(a) EXTRAT-QUEUE( );
Let betheSSEsSn inincreasindengthorder
Let bethecorrespondingngles.
(b) 1f ( overlaps
with ) AND ( contains )

for all then

i. If isanMBR then
Insertall childrenof into
ii. else/*i.e. isatriplet.*/

If (0.5 2)forall then

TRIPLETPAIR-SCORE(  );

targetdatasetthen

Figure 4. Rangequeryalgorithm.

Figure 4 shavs the rangequery algorithmusedto nd
similar triplets. The algorithm takes the featurevector of
a querytriplet, , andtheroot nodeof the R*-tree, , as
input. It startsby computingerror thresholdsfor lengths
and angles(Stepsl and2). A queueis initialized by in-
sertingthe root node (Step3). While the queuecontains
moreitems,anitemis extractedfrom the queue(Step4.a).
If the differencebetweenthe queryvectorandthe item is
lessthantheerrorthresholdsn bothlengthdimensionsand
angledimensionghenthe item is processedStep4.b). If

theitemis anMBR, thenall its childrenareinsertednto the

queue(Step4.hi). Otherwise,|f theratio of thelengthsof

theline approximation®f correspondingSEsis lessthan

2,thenthetriplet pairsareconsideredimilar. For eachsim-
ilar triplet pair, a similarity scor is calculated Step4.hii).

We discardthe SSEpairsif theirlengthsarenotsimilar. The

constantsn lengthcompatibility checkaffect the sensitv-
ity andthe speedof the algorithm. They aresetto 0.5and
2 basedexperimentalresults. Intuitively, theseconstants
meanthatif the length of an SSEis more thantwice the
lengthof anothelSSE thenthey areconsideredisdissimi-
lar.

The similarity scoreof a triplet pair ( ), where
and arethe queryandthe targettriplets, is basedon the
distinctvenesf . If  is similarto mary tripletsin the
is notdistinctive. Hence atriplet pair
( ) hasa low score. We calculatethe scorefor ( )
pair as:

TRIPLEFPAIR-SCORE( ) = 1- (numberof triplets
in thedatasethatalignto )/(totalnumberof tripletsin the
dataset).
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Figure 5. (a) Theline sgmentapproximationf the SSEsof two proteins. (b) The triplet pairs betweenthe two
proteinsin Figure5(a)andtheir scoresaareshaovn onleft. ThecoorespondingPGis shavn onright. TheTPGhastwo
connectedomponentspnewith 5 triplet pairs,the otherwith one.

3.2 Constructing Triplet Pair Graph

TherangequeryontheR*-tree nds similarpairsof SSE
triplets. Eachsuchpair de nes a mappingof threequery
SSEsto threeSSEsin atargetprotein. Mappingsof larger
numberof SSEscanbe found by merging the resultsof all
suchtriplet pairs. We capturethe correlationbetweenSSE
triplet pairsby building a Triplet Pair Graph(TPG)on sim-
ilar triplet pairs. The verticesof the TPG correspondo
triplet pairsandthe weight of a vertex indicatesthe unex-
pectednessf the match.

De nition 1 Let  be the set of triplet pairs, then the

Triplet Pair Graph TPG( ) = , whee is the set
of verticesand is thesetof edgessud that

1) if ,

2) if thetriplet pairs and have

two commorSSEpairs,
3) the weight of the vertex
PAIR-SCORE( ).

A connecteccomponenbf the TPG correspondso a set
of triplet pairsthat can be combinedto nd mappingsof
largernumberof querySSEgo dataseSSEs We run Depth
FirstSeach (DFS)algorithmontheTPGto nd theLargest
Weight ConnectedComponenf{LWCC) The LWCC of the
TPGis thesubsebf thetriplet pairsthatresultsin the high-
estscoringmappingof querySSEgo dataseSSEs.

Figure 5(a) depictsthe line sggmentapproximationsof
the SSEsof two proteins.Similar triplet pairs,their scores,
andthe TPGof theseproteinsareshovnin Figure5(b). The

gure containssix triplet pairs.For example the rst triplet
pair alignsthe SSEs , ,and to , ,and respec-
tively, andthe scoreof this alignmentis . The vertices
of the TPG correspondo thesesix triplet pairs. Thereis
anedgebetweenrst andsecondriplet pairs,because¢hey
bothalign to and to .Aswecanseethereisnoedge
for triplet pair 6. Thisis becausehereis no othertriplet pair

is de ned as TRIPLET-

that sharetwo SSEalignmentswith it. Therearetwo con-
nectedcomponentsn the TPG: oneof themconsistsof the
vertices , andthe otherone con-
tainsonly . Eachof theseconnectedomponents
de nesanalignment.However they correspondo different
rigid body transformationsTherefore both of thesealing-
mentscan not occur at the sametime. The scoresfor the
connectegdomponents and are

and respectiely. We choosethe connectedcomponent
with the higherscore.

Thenumberof nodesof the TPGis boundedoy .
where and representhe numberof tamget and query
SSEsrespectiely. Sinceeachtriplet pair canintroduceat
mostthreeedgesto the TPG, the numberof edgesis also
boundedyy . Thereforethespacecompleity of the
TPGis . Sincethetime compleity of DFSis ,
theLWCCis foundin time.

3.3 Finding initial seeds

Thelargestweightconnectedomponenbf the TPGcor-
respondgo the mostsimilar subsebf targetandthe query
protein's SSEs. We nd an alignmentof the SSEsby in-
spectingthis subset. We start by constructinga bipartite
graphon the LWCC. The bipartitegraphis de ned asfol-
lows:

De nition 2 Let bea setof triplet pairs. Let bethe
LWCCoftheTPGof . Thebi-partitegraphof isde ned
as , whee

1) issetofthequerySSEghatappearin atleastone
of thequerytripletsin

2) issetofthetarget SSEghatappearin atleastone
of thetargettripletsin , and

3) theweightof thethe edge between and

is the sumof the scoresof the triplet pairs that align
to in
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Figure 6. The bipartite graphof the largestweight
componenin Figure5(b) (assuming

). Thereis acon ict in the aligmentof
SSE : it hasanedgeto both and . Theedgewith
thelargestweightis choserto solvethecon ict.

Unlike TPG,thebipartitegraphconsistf two disjointver-
tex sets. The verticesin one setcorrespondo the query
SSEsdn theLWCC. Theverticesin the othersetcorrespond
to thetarget SSEsin the LWCC. The weightof anedgein-
dicatesthe quality of the alignmentof the corresponding
pair of vertices. We run a largestweight bipartite graph
matchingalgorithm[9] on the nal bipartitegraphto nd
amappingof theverticesin thetwo setsthatmaximizethe
sumof edgeweights.Theresultingmappingde nesaseed
for eachtarget protein. Finally, we align the line segment
approximationof the SSEsthat constitutethe seedto nd
their RMSD.

Figure6 shavsthebipartitegraphof largestweightcom-
ponentof theTPGin Figure5(b) (assuming

). Here theverticescorrespondo the SSEsin

Figure5(a). Theweightof anedgeis equalto thesumof the
scoresof the triple pairsthatalign thoseSSEs. For exam-
ple,theweightof theedgebetween and is

since rst, secondandthird triplet pairsalign to . This
bipartitegraphmaps to , to ,and to .Wecansee
that hasanedgeto both and . We choosethe edge

with largestweight to solve this con ict. For example, if

,thenwemap to .TheSSEs and
arenot mappedo ary SSEsincethereis no edgefor their
vertices.

4 Evaluating seeds

Sofarwe have discussedow the seedsare constructed
usingthe index structure. Eachseedde nes an alignment
of the queryproteinto atargetproteinin thefeaturespace.
In this section,we develop a statisticalmodeland propose
a formulato calculatethe p-valueof a seed. The p-value
of a seedcorrespondgo the probability of having a seed
at leastasgoodasthe givenonein a randomlydistributed
space.Therefore small p-valuescorrespondo unexpected

matches.We eliminatethe target proteinsthat have seeds
with high p-value, and consideronly the remainingtarget
proteindfor  alignment.Next wediscusgshecomputation
of p-values.

Eachseedis representedavith the numberof -helices
and -strandsin queryandtarget proteins,the numberof
SSEsaligned of eachtype, and the RMSD betweenthe
alignedSSEs.We de ne the p-valueof a seedbelow.

De nition 3 Assumehat two proteinshave and -
bethe

helices,and and -strandsrespectivelyLet
seedwith matdhesand  matdeshavingan RMSDof
, thenthep-valueof isde nedas

p-value( ) = Theprobability that a randomalignment
of thesetwo proteinscontainsat least  -helicesand at
least -strandswithin an RMSDof at most .

Consideran exampleseedwith ve -helicesin query
proteinandfour -helicesin targetprotein. For simplicity,
eachSSEis representedy a point in 3-dimensionalEu-
clideanspace Assumethatthree -helicesarealignedwith
RMSD = . We assumehatthe distancebetweenary two
alignedSSEss notgreatetthantheRMSD of theseed Fig-
ure? illustratesthis examplein 2-D. Here,theblackcircles
represenguerySSEsandtheblackrectanglesepresentar-
get SSEs.The circlesaroundthe query SSEsrepresenthe

-distanceregion aroundquery SSEs. We computethe p-
value using the following obsenation: If a target SSEis
alignedto aquerySSE thenit mustbelocatedin thesphere
centerecht thatquery SSE ,with radius . Only threeSSEs
arealignedin Figure?7.

Let the numberof -helicesin two proteinsbe ,
thenwe build a binary probability tree of height . Fig-

ure 8 depictsa probabilitytreefor =5,and =4. The
nodesatthe  level show thecontritutionof the ~ SSE
to thealignmentafterthe contributionsof the rst -1 SSEs

are computed. For example,the numbersl and 0 at the
rst level correspondespectiely to thecasesvhenthe rst
SSE of the target proteinis alignedto (or not alignedto)
a query proteinsSSE.The weightson the edgesshov the
probability of the eventfor the child node. Thevalue is
the probability thata randomlyselectedooint is within one
of the spheresvhereeachspherehasradiusequalto given
RMSDvalue(i.e. theprobabilityof success.)Therefore,

is equalto theratio of the volumeof a spherego thevolume
of the whole searchspace.For simplicity, we assumehat
spheresrenon-overlapping.Hence, = . Thevalueof

, the probability of failure,is equalto 1-

The probability correspondindo a nodein the treecan
be calculatedasthe multiplication of the weightsof all the
edgeson the pathfrom the root nodeto thatnode. For ex-
ample,probability of theleftmostleaf nodeis

Theprobabilityof having analignmentof atleast SSEs
for the given proteinsis calculatedasthe sumof the proba-



Figure 7. lllustration of a sample
seedin 2-D. The big box represents
thewhole searchspace Black circles
representquery SSEs. Black rect-
anglesrepresentarget SSEs. Here,
only threeSSEsarealigned. The cir-
clesaroundquerySSEshave aradius
equalto theRMSD of this alignment.

bilities of thenodeswith value , andwhichdonothavean
ancestoof value . For example,in Figure8, the probabil-
ity of aligningatleastthree -helicesis thesumof theprob-
abilities of the nodesin circle. All the valuesin the proba-
bility treecanbecalculatedsimultaneouslyisingadynamic
programmingstrateyy.
The p-valueof a seedcanbe calculatedasthe multipli-
cationof the probabilitiesof thealignmentof -helicesand
-strands.

5 Experimental Evaluation

We usedsingledomainchainsasthetargetdatasetn our
experiments. We createda dataset of all the pro-
tein chainsin PDB that containonly one domainaccord-
ing to VAST andSCOPclassi cations.We only considered
proteinsthat are membersof one of the following SCOP
classesall ,all , + and / . Intheend,thedataset

containedl12138protein chains. We identi ed the
superémilies (accordingto SCOPclassi cation) that have
at least10 representatiesin . Thereare 180 such
superémilies. Anotherset of size 1800is createdby
including 10 proteinsfrom eachof thesesuperaimilies. We
alsoidenti ed all folds thathave atleast10 representaties
in , and formed anotherset, , by choosing10
proteinsfrom eachof thesel38folds. The queryset,
usedn ourtestsis formedby choosingarandomchainfrom
eachof the 180 superamiliesin is largeenough
tosample sinceit containsoneproteinfrom eachsu-
perfamily. Thesel80 proteinsin arelistedin Table 1.
We ran a numberof experimentson thesesetsto testthe
quality andthe performanceof our techniques. The tests

/\
SN N
A ANVANYA
NANANNANA

Figure 8. The probability treefor the alignmentof a queryprotein
with ve -helicesandatargetproteinwith four -helices.Theprob-
abilities of the circled nodesareaccumulatedo nd the probability
of aligningthree -helices.

arerun on a computerwith two AMD Athlon MP 1600+
processorsvith 1 GB of RAM, runningLinux 2.4.19.

5.1 Quality comparison

Our rst experimentsetinspectghe quality of the seeds
found using the featurevectorsby testingthe correctness
of the classi cation. We classifya givenqueryproteininto
oneof the superbimiliesusingthe bestseedsasfollows.
The logarithmsof the p-valuesof the seedsof the results
in eachsuperémily are accumulated. The query protein
is classi ed asthe superbimily that hasthe largestmagni-
tude of this sum. Figure 9 shows the percentagef query
proteinscorrectly classi ed for differentnumberof near
estneighborsusing . As canbe seenfrom the gure,
morethan86 of the proteinsareclassi ed correctlyusing
the rst two neighbors.Thequalityincreasesipto 88 for
3-NN (3-NearestNeighbor), but the percentagealropsfor
larger numberof results. Evenfor 20-NN, morethan76
of the proteinsare classi ed correctly Actually, the drop
after somepoint is asexpected. This is becausehe tarmget
dataset containsonly 9 proteinsthat arein the same
superaimily asthe queryprotein. Therefore gvenwhenall
the9 proteinsin thesamesuperaimily arereturnedn thean-
swerset,theremainingl1 proteinswill belongto the other
superfamilies. Also the dataseimay containproteinsthat
arestructurallysimilar to the queryprotein,but belongto a
differentsuperimily. We concludethat, our methodclas-
si es the proteinsaccuratelyusingthe rst few results(e.g.
top 3 results).

Ankerstetal [4] consideredhe similar problemof pro-
tein classi cation. Their accuray is similar to ours. How-



Table 1. ThePDB ids of queryproteinsusedin our experiments.

[ Queryids ] Queries |
1-10 | 1Ih1 1c2n Tret 2bby Iwjc-A | 2spz-A 2lef-A 1b67-A | Ircp-B 1i4z-B
11-20 | Ifr0-A 1dps-I 2oyk Tunk-B Tadr 1tn4 Imj2-B | IfkI-A Tihf-B 1b4f-B
21-30 | 1qck-A | 2ygs-A 1hg4-B | Tkvw Ti77-A Twiu Tegj-A 1ej8-A 2msp-A | 1do6-A
31-40 | 1g43-A | 1hu8-B | 1glo-D [ 3pcn-N [ Ibgk Igmi-A | Icov-3 Ihdf-A | Ishs-A | 1slu-A
41-50 | 1bd9-A | IcxI-A 1jh5-C Idmz-A | 7cel 4hck 2vub-A | 2pdz-A | Ti4dk-S 1pto-E
51-60 | 1vqi Imjx-B Igus-C | 7i1b 1ba7-B | Iinc 3hvp Ti7a-A Tief-B Tacd
61-70 | 2iza Idyw-A | Ibnu Ibwu-P | 1hg8-A | 1thj-C Icax-F | Ihjg-A Tgav-B 1abx
71-80 | 2f3g-B | 1KdF Tabl-B | 1f39-A | 1hg3-D | IcwZ-A | 1g4s-A | 1d3g-A | laz2 2%y
81-90 | 1ez2-B | 1fxg-B 1dxf-A 1xic Iptd Idhr 1dkd-C | 1b2s-D | 1tyf-L 1c2y-P
91-100 | If1j-B 2chf In Ixze 1d0i-C 1i7s-D Ign8-A | Icd5-A [ 1dts Tjh8-A
101-110 | Isud 5cer-A 1gca 1jf8-A Typt-A Taiu Tkc6-B | 1abv Ivin 1a2z-C
111-120 | 8cpa 1j-B 2hpa-B | Tupu-D | 1bhqg-2 | Ikpg-A 1h6j-B 1din Imas-A | 1drf
121-130 | 1rk2-D | TJjdi-A 7icd Iqui 4rnt 2051 Tau0 1bxi-B Irbg lels-A
131-140 | I1ejrA 1qg7-B Tazq-A | 3rhn 1Ifd-C T1doy 1c78-A | Tigd 1gd3-A | 1e3v-A
141-150 | Tayz-B | 2emd Tikg Tjc4-A Teyp-A 2Ci2-1 Tec6-B | Ifrk 2nck-R Ti7-A
151-160 | 1f9f-B 1fe4-B 1rcx-S 1dch-C Ixxb-F 2cht-E Totf-D licr-B 4aig TDbKI
161-170 | 2hpr 1b9FA | Lild-A | 1hqz-8 | 1@l Tbyw-A | 1ga/-A| 1b5m Ti5c-B | 1qmFA
171-179 | 1If7T-A 1g3i-R laha 1prt-G Ibnl-A 1fzd-B 1gu9-C | 1ljya-A 1is8-K Tlep-E
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Figure 9. The percentagef proteinscorrectlyclas- Figure 10. The size of the result set obtainedby
sied usmgseed‘or differentnumberof NN. VAST andPSI+\AST for variousSCOPclasses.
ever, their approachis basedon considering  atoms, 5.2 Performancecomparison

hencemuchslower thanours. We cando aswell by con-
sideringSSEsandusingsmallerindex structures.

We alsotestedPSI to seehow it performsasa pruning
techniqudor anexisting alignmenttool suchasVAST. For
eachqueryproteinin , we rst ranVAST on . We
storedtheresultsin aset,called . We alsoranPSlfor
thesamequeryproteinson to obtainasmallcandidate
setby pruningthe proteinsin thathasseedf high p-
value.Later, we ran VAST on this candidateset,andstored
theresultsin set We compared and
to checkwhethePSlhasdismissegroteinghatVAST con-
sidersrelevant. Theresultsareshowvn in Figure10. As we
canseefrom this gure, runningthe VAST on the whole
datasebr on the pruneddatasetioesnot changethe result
setsizesigni cantly. Accordingto thistest,PSlhasarecall
(or sensitvity) of 98.2 . Therefore we concludethat PSI
only eliminategheproteinsthatarenot similarto thequery
protein.

We comparedthe runtime performanceof PSI with
VAST's pruning step. VAST rst nds seedsusing SSEs
of the query and the target protein. Thenit computesp-
valuescorrespondingo theseseeds. Finally, the promis-
ing proteins(basedon p-values)are consideredor the ex-
pensve  alignmentstep. SincePSlaimsto optimizethe
initial pruning,we consideredhe runtime of only the rst
two stepsof VAST. For all proteinsin , weranPSland
VAST on The resultsfor eachproteinare shavn
in Figure11. As canbe seen,PSlis fasterthenVAST for
all the proteins. Figure 12 shows a class-wisesummaryof
theseresults.For all classesPSlis signi cantly fasterthan
VAST. We achiered the highestspeedugdor / proteins.
This canbe explainedusing Figure 10. The / proteins
have more neighborson the average. As a result of this,
VAST inspectsmore seedsin thesecases. However, PSI
only considerghe partsof proteinsthatarecandidategor a
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Figure 11. Runtime comparisonof VAST prune
techniqueand PSIfor eachqueryprotein. Target set
is singledomainproteinchains.

similarity, and nds the seedsn lineartime w.r.t. the num-
berof SSEsn the proteins.

Our lastexperimentconsiderghe scalabilityof PSlwith
respecto the datasesize. In this experiment,we created
dataset®f sizes2, 4, 8, and16timeslargerthanthe
dataseby duplicating . Thisledto alinearincrease
in the numberof relevant proteinsaswell asthe number
of irrelevant proteinsfor eachquery Figure 13 compares
the averagerunningtime of VAST and PSI for the query
proteinsin . Therunningtimesincreasdinearly for our
techniqueaswell asfor VAST's pruningstep. As a result
of this, PSlalwaysrunssigni cantly fasterthanVAST for
all datasesizes.We obsenedasimilar behaior with
dataset.

Our index structuretakesonly 55 MB of memoryand
canbe constructedn 28.5minutesfor dataset.The
memoryoverheads negligible for currentPCs. Thetime
overheads alsoinsigni cant sinceit is a onetime costand
thesameindex structurewould be usedfor all the queries.

6 Joining protein structur e datasets

So far, we discussechow to nd proteinssimilar to a
single query protein. Here,we extendthesetechniquego
answeljoin guerieson proteinstructuredatasetsGiventwo
proteindatasets and ,thejoin of and isdenedas
the setof proteinpairs( , ), where , , and
and aresimilar. We representhis setusingJOIN( ).
If = ,thenthisis calleda SelfJoin. This problemis
harderthansearchingsinglequeryproteinsinceit involves
nding similarity to all the proteinsin the query dataset.
A structurealignmenttool suchas VAST cananswerjoin
querieshy comparingevery with every . How-
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Figure 12. Runtime comparison®of VAST prune
techniqueand PSl for variousSCOPclasses.Target
setisthe dataset.

Average runtime for a protein (sec) _.

ever, thiswill leadto averyslow computationFor example,
thepruningstepof VAST for selfjoining takesmore
thantwo weekson a 1.6 GHz computerwith 1 GB mem-
ory. In this section,we will discusshow to acceleratgoin

querieshy usingthefeaturevectorsof theproteins.

6.1 Usingfeature vectorsfor join queries

In Section3, we shavedthatfeaturevectorscanbe used
to prune uninterestingregions of the datasetfor a given
query We will employ a similar pruningtechniqueto the
classicNested_oop Join (NLJ) algorithm[17]. Therefore,
we call thistechniquePSI-NLJ

We startby extractingthefeaturevectorsof every protein
in eachdataseasexplainedin Section2. Later, wecreatean
MBR for thefeaturevectorsof eachproteinin  and . For
agivenqueryJOIN( , ),we Il half of theavailablemem-
ory with the MBRs andthe featurevectorsof the proteins
from . Similarly, the otherhalf of the memoryis usedto
storethe MBRs andthefeaturevectorsof the proteinsin
Next, we compareall pairsof MBRsof and thatarein
thememoryaccordingo threedifferentpruningcriteria:

P1 (Angletest) Pruneif theanglesdiffer by morethan
10 .

P2 (Intervaltest) Pruneif the min-maxintervalsdiffer
by morethan20 of thelengthof theintervals.

P3 (Lengthtest) Pruneif theratio of thelengthof the
correspondingsSEss morethantwo.
If anMBR pair cannot be prunedafterthe above tests,we
performthesametestsontheindividual featurevectorpairs
within theseMBRs. In this case,we perform one more
pruningtest:

PO (Typetest) Prune,if the SSEsof a triplet pair are



WVAST prune
oesi

60
40
\

Dataset size (x1800)

3

Average runtime for a protein(sec)
8

Figure 13. Increasein runningtime of VAST and
PSlwith a growth of the proteindatabase.

not of the sametype (e.g. pruneif onetripletis - - ,and
theothertripletis - - .). Notethatall thesepruningsteps
arealsousedin single-proteinsearch(seeSection2). For
a protein pair, if the numberof triplet pairsthat remainis
largerthansomethreshold thenwe useVAST to nd
the alignmentbetweenthem. The default value for

isl. As increasesPSI-NLJ eliminatesmore protein
pairsat the costof beinglesssensitvte. Oncewe process
all the proteinpairsin the memory we readanotherblock
of unprocesseBR setfrom both dataset@ndrepeathe
process.

Constructingthe MBRs and extractingthe featurevec-
torstake + timeandspacewhere and are
the sizesof the datasetsThis is a one-timecost. The prun-
ing steptakes time. However, it is still much
fasterthanVVAST sincethe searchs donein featurespace.
Onecanalsoimprove theamortizedrun time complexity of
PSI-NLJto by building an
R*-treeontheresultingMBRs.

6.2 Experimental evaluation

Table 2 showvs the numberof protein pair comparisons
madefor self join of and datasetsfter vari-
ouspruningstepsof PSI-NLJ.As increasesPSI-NLJ
prunesmore candidatepairs. This is expectedsincethe
pruningcriteriabecomesgnorestringent.Consecutre rows
of this tableshav the amountof pruningobtainedby each
pruningtest. Let us considerthe default case(i.e.
=1) for dataset:type testprunesl0 of the can-
didates,angle, interval, and length testsprune additional
175 ,22.4 ,and28.2 of the candidates.This means
thatthe lengthtesthasthe highestcontribution to the prun-
ing process. The ratio of the initial candidatesetsize to

10

Table 2. The numberof protein pairs that needto
be comparedafter pruning stepsP0 to P3 of PSI-
NLJ for the self join of the dataset. VAST
requires82.1M pairwise comparisondor the same
dataset. The numbersin parenthesishav the same
valuefor the self join of the dataset.VAST re-
quires1.6M pairwisecomparison$or

Pruning | Numberof proteinpairscompared |
Test [ [ [ |
PO 73.7M(L.AM) | 73.56M(L.4M) | 73.5M(1.3M)
PO-P1 | 59.3M(1.1M) | 52.7/M(1.0M) | 47.6M(0.9M)
PO-P2 | 40.9M(0.7M) | 30.IM(0.5M) | 23.5M(0.4M)
PO-P3 | 17.7M(0.3M) | 8.IM(0.IM) | 4.AM(68.1K)

prunedcandidatesetsizeafterall pruningtestsis 4.3.

We foundtheactualruntime of VAST's pruningstepfor
self joining of . It took 14,313secondgo complete
this query PSI-NLJcomputedhe samejoin in only 4,096
secondsvherethe pruningstepof ouralgorithmconstitutes
29 secondf this time. The remaining4,067secondsare
spendfor VAST's pruningon the remainingset. PSI-NLJ
ran 3.5 timesfasterthanVAST. This is consistenivith the
resultswe obtainedn Table2.

7 Discussion

We consideredthe problem of similarity searchingin
proteinstructuredatasetsOurtechniquesanbeusedto de-
tectpromisingproteinsfor agivenquery(or asetof queries)
quickly.

We proposedo extract featurevectorsof thetriplets of
SSEs.Later, an R*-tree is built on this featurespace.Our

rst techniquecalledPSI, nds highquality seedsy align-
ing the SSEsof dataseproteinsto a givensinglequerypro-
tein. The proteinsthat do not have high quality seedsare
dismissedvithoutfurtherconsiderationWe alsodeveloped
a novel statisticalmodelto computethe p-valueto a seed.
This valuede nes the goodnes®f this match. Our second
technique called PSI-NLJ nds the numberof potentially
similar triplet pairsby searchinghe featurespacefor join

queries. Only the protein pairs that have enoughsimilar
tripletsareusedin theactualjoin operation.

Accordingto our experimentalresultson the PDB, PSI
classi ed more than 88 of the superfmilies correctly
More than 98 of our results concurredwith those of
VAST. PSlran 3 to 3.5 timesfasterthan VAST's pruning
step.

Proteinstructuresearchis animportantemeging appli-
cation. The explosive increaseof the size of the structure
databaseandthe compleity of thesearchalgorithmsmake
fastertechniqguesmperative. The techniquegresentedn



this paperare animportantstepin this regard,andwill be
widely applicablein the eld of structuralsimilarity.
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