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Abstract

We proposetwo methodsfor �nding similarities in pro-
tein structure databases. Our techniquesextract feature
vectors on triplets of SSEs(SecondaryStructure Elements)
of proteins.Thesefeature vectors are thenindexedusinga
multidimensionalindex structure. Our �r st techniquecon-
siders the problem of �nding proteinssimilar to a given
queryprotein in a protein dataset.This techniquequickly
�nds promisingproteinsusing the index structure. These
proteinsare thenalignedto thequeryproteinusinga popu-
lar pairwisealignmenttool such asVAST. Wealsodevelopa
novel statisticalmodelto estimatethegoodnessof a match
usingtheSSEs.Our secondtechniqueconsiders theprob-
lemof joining two proteindatasetsto �nd an all-to-all sim-
ilarity. Experimentalresultsshowthat our techniquesim-
provethepruningtimeof VAST3 to 3.5timeswhilekeeping
thesensitivitysimilar.

Keywords: Proteinstructures,featurevectors,indexing,
datasetjoin

1 Moti vation

Functional propertiesof proteins usually dependon
structuresof the proteinsratherthantheir sequences.Pre-
dictingfunctionalpropertiesof proteinsis neededin anum-
berof �elds suchasdrugdesign,proteinclassi�cationand
phylogenetics.Thereare many proteinswhich are struc-
turally similar but their sequencesare not similar at the
level of aminoacids. For examplehelical cytokinesform
an extendedfamily that is undetectableby sequencecom-
parison. This makes structuralsimilarity more important
thansequentialsimilarity for proteinclassi�cation. Detect-
ing structuralsimilaritiesof proteinsusingcomputerswill
bemuchfasterandlessexpensivethanwet labexperiments.
Computationalresultscanalsobeusedto narrow down the
possibleexperimentsfor scientists.

�
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Thekey problemin structuralalignmentof proteinsis to
�nd theoptimalmappingbetweentheatomsin two molec-
ular structures.It is not known in advancewhich atomsof
onestructurecorrespondto which atomsof theotherstruc-
ture. Searchingall possiblemappingsrequiresanexponen-
tial numberof comparisonsin termsof thenumberof atoms
in thecomparedstructures.Thismakesanexhaustivesearch
intractableand heuristicsare frequently employed. The
Root MeanSquareDistance(RMSD) betweenthe aligned
atomsof two alignedstructuresis typically takenasa mea-
sureof thequality of thealignment.Givena mapping,the
problemof optimally aligning two structuresthroughrota-
tion andtranslationsothat theRMSD is minimizedcanbe
solvedef�ciently in time linearin thenumberof atoms[5].

Therearethreeclassesof algorithmsfor structuralalign-
mentof proteins[8]. The�rst classof algorithmsperforms
structuralalignmentdirectly at the level of ��� atoms.The
secondclassof algorithms�rst usesthe SSEs(Secondary
StructureElements)to carryout anapproximatealignment
andthenusesthe �

� atoms.The �nal classof algorithms
usesgeometrichashing[23].

Thesimplestalgorithmfor structuralalignment[10] uses
dynamicprogrammingto �nd the optimal mapping. The
DALI algorithm [11] usesdistancematricesto align pro-
teins. TheCE algorithm[19] performsa combinatorialex-
tensionof alignedfragmentpairs. 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
theatomsthemselves.We discusstheVAST algorithmsbe-
low. Otheralgorithmscarryingout hierarchicalalignment
are[3, 13, 15, 18, 20].

TheVASTalgorithm[14] carriesoutahierarchicalalign-
mentbeginningwith SSEs.It beginswith a bipartitegraph:
verticesononesideconsistof pairsof SSEsfrom querypro-
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Figure 1. (a) An � -helix, aminoacids ��� , ����� , ��� , andthecenterof masses�	� and ��
 of two subsetsof theseamino
acids.(b) Line approximationto thesample� -helix.

tein andverticeson theothersideconsistof pairsof SSEs
from targetprotein. An edgeis insertedbetweentwo pairs
of SSEsif they canbe alignedwell. A maximalclique is
found in this bipartite graph; this de�nes the initial SSE
alignment.This initial alignmentis extendedto � � atoms
by Gibbssampling. A nice featureof the VAST program
is its ability to reporton the unexpectednessof the match
throughap-value. This is computedby consideringthesize
of thematch,thesizeof theproteins,andthequality of the
alignment.

Geometrichashingbasedalgorithmschoosea setof ref-
erenceframesfrom eachtargetproteinandplacetheother
elementsof theproteinin ahashtable,basedoneachrefer-
enceframe. The3-D Lookupalgorithm[12] de�nes refer-
enceframesusingSSEs.Nussinov andWolfson[16] de�ne
referenceframesbasedon ��� atoms.Thespacecomplexity
of this techniqueis cubicin thenumberof elementsconsid-
eredfor eachtargetprotein.

As the sizesof experimentallydetermined[1] and the-
oretically estimated[2] protein structuresgrow, thereis a
needfor scalablesearchingtechniques.In this paper, we
proposetwo novel methodsfor �nding similaritiesin large
protein structuredatasets.For a given query (or a set of
queries),our techniquescanbeusedto �nd similarproteins
in a target datasetquickly. We proposeto extract feature
vectorscorrespondingto triplets of SSEs. Later, an R*-
tree[6] is built onthisfeaturespaceusingMinimumBound-
ing Rectangles(MBRs). Our �rst technique,called PSI
(ProteinStructure Index), �nds highquality seedsby align-
ing the SSEsthataresimilar 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 valuede�nes the goodnessof
this seed.Our secondtechnique,calledPSI-NLJ, �nds the
numberof potentiallysimilar triplet pairsby searchingthe
featurespacefor join queries. Only the proteinpairs that
have enoughsimilar triplets areusedin the actualjoin op-
eration.A high level descriptionof thesystemis available
in [7].

Experimentalresultsshow thatPSIclassi�ed morethan
88

�

of thesuperfamiliescorrectly. More than98
�

of our
resultsconcurredwith thoseof VAST. PSIran3 to 3.5times
fasterthanVAST's pruningstep.We envision that thepre-
sentedtechniqueswill be usedas a preprocessorin com-
bination with existing structurealignmenttechniquesthat
work well for modestdatabasesizes.

The rest of the paper is organizedas follows. Sec-
tion 2 discussesindex constructionon theproteinstructure
dataset.Section3 discussesoursearchalgorithm.Section4
explains the statisticalmodel usedto evaluatethe seeds.
Section5 presentsthe experimentalresults.Section6 dis-
cussesour techniquefor joining datasets.We end with a
brief discussionin Section7.

2 A novel index for protein structures

Findingsimilar structuresis a dif�cult problem.Current
techniquessequentiallycomparethegivenqueryproteinto
all of theproteinsin thetargetsetto �nd similarities.There-
fore, thecostof similarity queriesof currenttechniquesin-
creaseslinearly with thesizeof theproteindatabases.This
growth canbedisastrousgiventheincreasein thesizeof the
experimentalandtheoreticalstructuredatabases[2]. Here,
we proposeto reducethe protein structuresearchcostby
building anindex on theproteinstructuredata.

Our constructionof index structureproceedsin four
steps:

1. SSEapproximation,
2. Triplet construction,
3. Featurevectorextraction,
4. Multi-dimensionalindex structureconstruction.

Let 
����	�
�	�

�

��

�����
�

����� bethesetof proteinstructures
in thedataset.We discussthesestepsin moredetailbelow.

2.1 SSEApproximation

Let ����
 bea proteinstructure,where �������! !� , ����� ,
 �"�#$� is thesetof SSEsof � . Let %'&)( = ����*,+

� , ��*-+

 , ����� , ��*,+ .)(/�

be theorderedlist of residuesthatconstitute !* . Here, ��*,+ 0
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Figure 2. The local neighborhoodset of the SSE,
 * , of a protein. Theblacksquarecorrespondsto the
midpoint of  * . The points representthe midpoints
of theremainingSSEsof thesameprotein.

���

" is the
thresholddistancefor thelocalneighborhoodset.The
setis thenreducedto � = 4 SSEs.

correspondsto the 	�

� residuein  �* . We startby splitting
%'&)( into two equalsizedlists as %

�

& (

= ����*-+ � , ����� , �

*,+ . (�� 


� ,
and %




& (

= ���

*,+ .)( � 
����

, ����� , � *-+ . (/� . We de�ne ��� and ��
 asthe
centersof massesof the residuesin %

�

&)(

and %




&)(

. A line
segmentapproximationto  

* is achieved by extendingthe
line segment � ���

�
��
�� by half of the Euclideandistancebe-

tween��� and ��
 in bothdirections.Figure1(a)illustratesan
� -helix with eightresidues,andFigure1(b)depictstheline
segmentapproximationto this � -helix. A similarprocedure
is performedfor � -strands.

2.2 Triplet construction

Our similarity modelusestriplesof SSEs,calledtriplets
astheprimitive similarity elementto �nd long alignments.
It is well known thattheresiduesthatareclosespatiallyare
morevaluablefor structuralsimilarity [8]. In orderto cap-
ture this, we constructthe local neighborhoodsetof each
SSEasthesetof SSEswhosedistancesof midpointsto that
SSE's midpoint are less than a prede�ned threshold,

���

" .
Later, in order to limit the numberof triplets, we reduce
thesizeof thelocal neighborhoodsetto a �x ednumber, � ,
by consideringonly theclosestof theseSSEs.We use

�
�

" =
50 	�

, and � = 4 asthe default valuesin our settingssince
weobtainedthebestresultswith theseparameters.Figure2
illustrateshow thelocal neighborhoodof theSSE, !* , is se-
lected.Here,theblacksquarerepresentsthemidpointof the
SSE, �* , andtheblackpointsrepresentthemidpointsof the
SSEsin theneighborhoodof  	* .

Let � � ���
�!�

�

 �

���
�

����� be the four closestSSEsto
 

* . Every pair of SSEs��� , �
0

� � formsa triplet with  
* .

Therefore,thenumberof triplets for  
* is �"! #$!




, where �&%

"

is de�ned as ' choose� . Since ( �)(+* 4,  
* introducesat

most �

�




= 6 triplets. If thedatasetcontains� SSEs,thenthe
total numberof triplets for theentiredatasetis boundedby
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Figure 3. Theextractionof featurevectorfor triplet
,

 �* ,  � ,  �0�- .

6� . Our experimentsshow that the total numberof triplets
for the entirePDB [1] is approximately3.8 timesthe total
numberof SSEs.

2.3 Featurevector extraction

Once the triplets are determined,we constructa fea-
turevectorfor eachtriplet for compactrepresentationof the
triplets. Suchrepresentationenablestheuseof index struc-
turesandsimilarity search.

Let ,

 
* ,  .� ,  

0
- be a triplet. We startby splitting the

line segmentapproximationof eachSSEin this triplet into
threeequi-sized,non-overlappingintervals. Themiddlein-
terval of eachSSEis thenusedto representthat SSE.We
will explain why we chosethe middle interval later in this
section. For simplicity, we approximateto the middle in-
terval by splittingeachSSEinto 16equi-lengthintervalsby
placing15 pointson its line segmentapproximation.Later,
we selectthe � ve pointsin themiddleof eachSSEto rep-
resentthatSSE.Figure3 depictsthis. Theblackpointsare
thepointsselectedfor eachSSEin this triplet.

Thepair of SSEs,,

 �* ,  
�

- , contributesthreevaluesto
thefeaturevector:

1) '0/1� *
� = minimumdistancebetweenall pairof black

pointsfrom  �* and  
� .

2) ' �32 *
� = maximumdistancebetweenall pairof black

pointsfrom  
* and  .� .

3) 4
*

� = theanglebetweentheline segmentapproxima-
tionsof  

* and  .� .
Figure3 showsthesevaluesfor  

* and  .� . Sinceeachtriplet
consistsof threepairs,thefeaturevectorof eachtriplet con-
tains9 values.

We choosethemiddlepointsof SSEsbecausetheir dis-
tancesto therestof thepointsareminimal. Therefore,they
representtheSSEsbetterthanotherpoints.Thereasonthat
we choose� ve points (i.e. one-thirdof the line segment)
canbe explainedintuitively asfollows. If a small number

3



of pointsareused,thenthe featurevectorswould be very
sensitive to small shifts of the SSEs. If a large numberof
pointsareused,thentheintervalsof a featurevectorwould
spana largeinterval causinglargeamountsof overlap.Our
experimentalresultsshow thatusingone-thirdof thepoints
is betterthanotherschemes.

2.4 Index structur econstruction

For eachtriplet, we constructanobjectwith thefollow-
ing �elds:

1) Theninedimensionalfeaturevector.
2) Startlocationon theresiduelist for eachSSEin the

triplet.
3) Numberof residuesof eachSSEin thetriplet.
4) The PDB id of the protein to which the triplet be-

longs.
Here,the�rst itemcontainsnine�oat values,thesecondand
third itemscontainthreeintegervalueseach,andthefourth
itemcontains� vecharacters.Thetotalamountof spaceper
triplet addsup to 45 bytesper triplet. Oncetheobjectsfor
the featurevectorsof the triplets for all theproteinsin the
databasearecreated,we build an R*-tree [6] on theseob-
jectsto index themaccordingto their featurevectors.

3 Our search technique

OurpruningbasedonSSEsconsistsof four steps.
Step1: Similar triplets of datasetproteinsand query

proteinarecomputedandstored.
Step2: A Triplet Pair Graph (TPG) is constructedon

thesimilar triplet pairs.
Step3: A bipartitegraphis constructedusingtheTPG.

The largestmatchingin this graphde�nes the initial align-
mentseedatSSElevel. Wecomputeap-valuefor eachsuch
seedat thisstep.

Step4: Theproteinsthathave largep-valuea removed
without furtherconsideration.The � � alignmentof there-
mainingproteinsaredeterminedusingVAST.

We elaborateStep1 in Section3.1. Step2 is discussed
in Section3.2.Finally, Step3 is discussedin Section3.3.

3.1 Finding similar triplets

Let � bethegivenqueryprotein.Wecomputeall thefea-
ture vectorsof � from its SSEsasdiscussedin Section2.
Eachfeaturevectorcorrespondsto a triplet. For eachfea-
turevector, we executea rangequeryon theR*-treeof the
datasetproteinsto �nd thetriplet pairs,onefrom querypro-
tein andtheotherfrom datasetproteins,thataresimilar to
eachother.

AlgorithmRANGE-QUERY�������	��


Let ��
������������ betheSSEsin � � in increasinglengthorder.
Let ��
�������
���������� bethecorrespondingangles.
Let � beaqueue.

1. ����� ���	�	!�
 = "�# $�% ( &�'�( �

(*)

��+-, &�.0/ �

(1)

�	+ ); for all .	�02 ;

2. ����34
 = 105 ;

3. QUEUE-INSERT(�6�	� ); /* initialize queue*/

4. While �87

9;:

(a) ��<>=

9 EXTRACT-QUEUE(� );
Let ? 
 ��? � �@? � betheSSEsin ��< in increasinglengthorder.
Let 34
��A��3�
����	3B��� bethecorrespondingangles.

(b) If ( C &D.0/ �

(*)

��+E, �������1�	��!A
���&F'4( �

(*)

�	+HG ���0��������!�
�I overlaps
with C &D.0/�J (�) J + ��&�'4(�J (1) J + I ) AND ( �A� !�KL���034
 contains3�� ! )
for all .	��2 then

i. If � < is anMBR then
M Insertall childrenof � < into � ;

ii. else/* i.e. � < is a triplet. */
M If (0.5 N8OQP�RAS T�U�V

J (	W

OQP	RAS T�U�V

�

(	W

N 2) for all . then

– XY�@� � ��� < 
 :=
TRIPLET-PAIR-SCORE(���A����< );

Figure 4. Rangequeryalgorithm.

Figure4 shows the rangequeryalgorithmusedto �nd
similar triplets. The algorithmtakes the featurevectorof
a querytriplet,

� Z

, andthe root nodeof the R*-tree, % , as
input. It startsby computingerror thresholdsfor lengths
and angles(Steps1 and2). A queueis initialized by in-
sertingthe root node(Step3). While the queuecontains
moreitems,an item is extractedfrom thequeue(Step4.a).
If the differencebetweenthe queryvectorandthe item is
lessthantheerrorthresholdsin bothlengthdimensionsand
angledimensionsthenthe item is processed(Step4.b). If
theitemis anMBR, thenall its childrenareinsertedinto the
queue(Step4.b.i). Otherwise,if the ratio of the lengthsof
the line approximationsof correspondingSSEsis lessthan
2, thenthetriplet pairsareconsideredsimilar. For eachsim-
ilar triplet pair, a similarity score is calculated(Step4.b.ii).
WediscardtheSSEpairsif their lengthsarenotsimilar. The
constantsin lengthcompatibility checkaffect the sensitiv-
ity andthespeedof thealgorithm. They aresetto 0.5 and
2 basedexperimentalresults. Intuitively, theseconstants
meanthat if the length of an SSEis more than twice the
lengthof anotherSSE,thenthey areconsideredasdissimi-
lar.

The similarity scoreof a triplet pair (
�

Z

�

�

� ), where
�

Z

and
�

� arethequeryandthe target triplets, is basedon the
distinctivenessof

�
Z

. If
�

Z

is similar to many triplets in the
targetdataset,then

�
Z

is notdistinctive. Hence,a triplet pair
(

��Z

�

�

� ) hasa low score.We calculatethescorefor (
��Z

�

�

� )
pair as:

TRIPLET-PAIR-SCORE(
� Z

�

�

� ) = 1- (numberof triplets
in thedatasetthatalignto

�
Z

)/(totalnumberof tripletsin the
dataset).
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Figure 5. (a) The line segmentapproximationsof the SSEsof two proteins. (b) The triplet pairsbetweenthe two
proteinsin Figure5(a)andtheirscoresareshown onleft. ThecoorespondingTPGis shown onright. TheTPGhastwo
connectedcomponents;onewith 5 triplet pairs,theotherwith one.

3.2 Constructing Triplet Pair Graph

TherangequeryontheR*-tree�nds similarpairsof SSE
triplets. Eachsuchpair de�nes a mappingof threequery
SSEsto threeSSEsin a targetprotein. Mappingsof larger
numberof SSEscanbefoundby merging theresultsof all
suchtriplet pairs. We capturethecorrelationbetweenSSE
triplet pairsby building aTriplet Pair Graph(TPG)onsim-
ilar triplet pairs. The verticesof the TPG correspondto
triplet pairsandthe weight of a vertex indicatesthe unex-
pectednessof thematch.
De�nition 1 Let � be the set of triplet pairs, then the
Triplet Pair Graph, TPG(� ) = ���

����� , where � is the set
of verticesand � is thesetof edgessuch that

1) ��* � � if ��* ��� ,
2) �	*

�
���
��*

�
�

�	�
�

� if thetriplet pairs ��* and �
� have

twocommonSSEpairs,
3) the weightof the vertex ��* is de�ned as TRIPLET-

PAIR-SCORE(��* �
�

� ).

A connectedcomponentof theTPGcorrespondsto a set
of triplet pairs that can be combinedto �nd mappingsof
largernumberof querySSEsto datasetSSEs.WerunDepth
FirstSearch (DFS)algorithmontheTPGto �nd theLargest
WeightConnectedComponent(LWCC). TheLWCC of the
TPGis thesubsetof thetriplet pairsthatresultsin thehigh-
estscoringmappingof querySSEsto datasetSSEs.

Figure5(a) depictsthe line segmentapproximationsof
theSSEsof two proteins.Similar triplet pairs,their scores,
andtheTPGof theseproteinsareshown in Figure5(b). The
�gure containssix triplet pairs.For example,the�rst triplet
pair aligns the SSEs � , 
 , and � to ��� , 

� , and �
� respec-
tively, and the scoreof this alignmentis  �� . The vertices
of the TPG correspondto thesesix triplet pairs. Thereis
anedgebetween�rst andsecondtriplet pairs,becausethey
bothalign � to ��� and 
 to 

� . As wecanseethereis noedge
for triplet pair6. Thisis becausethereis noothertriplet pair

that sharetwo SSEalignmentswith it. Therearetwo con-
nectedcomponentsin theTPG:oneof themconsistsof the
vertices � � � � � �	� � 
�� ��� � ��� � ����� , and the otheronecon-
tainsonly � 
 � ������� . Eachof theseconnectedcomponents
de�nesanalignment.However they correspondto different
rigid bodytransformations.Therefore,bothof thesealing-
mentscannot occurat the sametime. The scoresfor the
connectedcomponents� � and � 
 are �  !���  �
��  

�
�  

�
�  

�

�

and �  	�
� respectively. We choosetheconnectedcomponent

with thehigherscore.
Thenumberof nodesof theTPGis boundedby ��� � '

� ,
where � and ' representthe numberof target andquery
SSEsrespectively. Sinceeachtriplet pair canintroduceat
most threeedgesto the TPG, the numberof edgesis also
boundedby ���
� '

� . Therefore,thespacecomplexity of the
TPGis ��� � '

� . Sincethetimecomplexity of DFSis ���
��� ,

theLWCCis foundin ��� � '
� time.

3.3 Finding initial seeds

Thelargestweightconnectedcomponentof theTPGcor-
respondsto themostsimilar subsetof targetandthequery
protein's SSEs. We �nd an alignmentof the SSEsby in-
spectingthis subset. We start by constructinga bipartite
graphon theLWCC. The bipartitegraphis de�ned asfol-
lows:

De�nition 2 Let � be a setof triplet pairs. Let � be the
LWCCof theTPGof � . Thebi-partitegraphof � is de�ned
as � �

���
�


������ , where
1) � � is setof thequerySSEsthatappearin at leastone

of thequerytriplets in � ,
2) � 
 is setof thetargetSSEsthatappearin at leastone

of thetarget triplets in � , and
3) theweightof thetheedge between�

*
� � � and � � �

�

 is thesumof thescoresof the triplet pairs that align ��*

to �
� in � .
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Figure 6. The bipartitegraphof the largestweight
componentin Figure5(b) (assuming � �  
 �  � �

 � �  � -  	� ). Thereis a con�ict in thealigmentof
SSE� : it hasanedgeto both � � and

�

� . Theedgewith
thelargestweightis chosento solve thecon�ict.

UnlikeTPG,thebipartitegraphconsistsof two disjointver-
tex sets. The verticesin one set correspondto the query
SSEsin theLWCC.Theverticesin theothersetcorrespond
to thetargetSSEsin theLWCC.Theweightof anedgein-
dicatesthe quality of the alignmentof the corresponding
pair of vertices. We run a largestweight bipartite graph
matchingalgorithm[9] on the �nal bipartitegraphto �nd
a mappingof theverticesin thetwo setsthatmaximizethe
sumof edgeweights.Theresultingmappingde�nesa seed
for eachtarget protein. Finally, we align the line segment
approximationsof theSSEsthatconstitutetheseedto �nd
theirRMSD.

Figure6 showsthebipartitegraphof largestweightcom-
ponentof theTPGin Figure5(b) (assuming �� �� �
 �� 

�
�

 �� �  	� -  
� ). Here,theverticescorrespondto theSSEsin

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

�
�  



�� �

since�rst, second,andthird triplet pairsalign � to � � . This
bipartitegraphmaps� to ��� , 
 to 
 � , and � to � � . We cansee
that � hasan edgeto both � � and

�

� . We choosethe edge
with largestweight to solve this con�ict. For example,if

 !� �  
�

�  
�

-  
� , thenwe map � to � � . TheSSEs� and � �

arenot mappedto any SSEsincethereis no edgefor their
vertices.

4 Evaluating seeds

Sofar we have discussedhow theseedsareconstructed
usingthe index structure.Eachseedde�nes an alignment
of thequeryproteinto a targetproteinin thefeaturespace.
In this section,we developa statisticalmodelandpropose
a formula to calculatethe p-valueof a seed. The p-value
of a seedcorrespondsto the probability of having a seed
at leastasgoodasthegivenonein a randomlydistributed
space.Therefore,smallp-valuescorrespondto unexpected

matches.We eliminatethe target proteinsthat have seeds
with high p-value,andconsideronly the remainingtarget
proteinsfor � � alignment.Next wediscussthecomputation
of p-values.

Eachseedis representedwith the numberof � -helices
and � -strandsin queryand target proteins,the numberof
SSEsaligned of eachtype, and the RMSD betweenthe
alignedSSEs.We de�ne thep-valueof a seedbelow.

De�nition 3 Assumethat two proteinshave � � and � 
 � -
helices,and 
 � and 
 
 � -strandsrespectively. Let � bethe
seedwith � � matchesand 
 � matcheshavinganRMSDof

� , thenthep-valueof � is de�nedas
p-value(� ) = Theprobability that a randomalignment

of thesetwo proteinscontainsat least � � -helicesand at
least 
 � -strandswithin anRMSDof at most � .

Consideran exampleseedwith � ve � -helicesin query
proteinandfour � -helicesin targetprotein. For simplicity,
eachSSEis representedby a point in 3-dimensionalEu-
clideanspace.Assumethatthree� -helicesarealignedwith
RMSD = � . We assumethat thedistancebetweenany two
alignedSSEsis notgreaterthantheRMSDof theseed.Fig-
ure7 illustratesthis examplein 2-D. Here,theblackcircles
representquerySSEs,andtheblackrectanglesrepresenttar-
getSSEs.ThecirclesaroundthequerySSEsrepresentthe

� -distanceregion aroundquerySSEs.We computethe p-
value using the following observation: If a target SSEis
alignedto aquerySSE,thenit mustbelocatedin thesphere
centeredat thatquerySSE,with radius � . Only threeSSEs
arealignedin Figure7.

Let the numberof � -helicesin two proteinsbe �
� , �


 ,
thenwe build a binary probability treeof height �


 . Fig-
ure8 depictsa probabilitytreefor �

� = 5, and �

 = 4. The

nodesat the 	 

� level show thecontributionof the 	 

� SSE
to thealignmentafterthecontributionsof the�rst 	 -1 SSEs
are computed. For example, the numbers1 and 0 at the
�rst level correspondrespectively to thecaseswhenthe�rst
SSEof the target protein is alignedto (or not alignedto)
a queryproteinsSSE.The weightson the edgesshow the
probabilityof theevent for thechild node. Thevalue �

* is
theprobabilitythata randomlyselectedpoint is within one
of the / sphereswhereeachspherehasradiusequalto given
RMSDvalue(i.e. theprobabilityof success.).Therefore,� �

is equalto theratioof thevolumeof asphereto thevolume
of the whole searchspace.For simplicity, we assumethat
spheresarenon-overlapping.Hence,� * = //� �

� . Thevalueof
��* , theprobabilityof failure,is equalto 1-� * .

The probability correspondingto a nodein the treecan
becalculatedasthemultiplicationof theweightsof all the
edgeson thepathfrom the root nodeto thatnode. For ex-
ample,probabilityof theleftmostleafnodeis � ��� � � � � ��� �


 .
Theprobabilityof havinganalignmentof at least	 SSEs

for thegivenproteinsis calculatedasthesumof theproba-
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Figure 7. Illustration of a sample
seedin 2-D. The big box represents
thewholesearchspace.Black circles
representquery SSEs. Black rect-
anglesrepresenttarget SSEs. Here,
only threeSSEsarealigned.Thecir-
clesaroundquerySSEshavea radius
equalto theRMSDof this alignment.
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Figure 8. Theprobability treefor thealignmentof a queryprotein
with � ve � -helicesandatargetproteinwith four � -helices.Theprob-
abilitiesof thecirclednodesareaccumulatedto �nd theprobability
of aligningthree� -helices.

bilities of thenodeswith value 	 , andwhichdonothavean
ancestorof value 	 . For example,in Figure8, theprobabil-
ity of aligningatleastthree� -helicesis thesumof theprob-
abilitiesof thenodesin circle. All thevaluesin theproba-
bility treecanbecalculatedsimultaneouslyusingadynamic
programmingstrategy.

The p-valueof a seedcanbecalculatedasthemultipli-
cationof theprobabilitiesof thealignmentof � -helicesand

� -strands.

5 Experimental Evaluation

Weusedsingledomainchainsasthetargetdatasetin our
experiments. We createda dataset

�����! 

of all the pro-
tein chainsin PDB that containonly onedomainaccord-
ing to VAST andSCOPclassi�cations.Weonly considered
proteinsthat are membersof one of the following SCOP
classes:all � , all � , � + � and � / � . In the end,thedataset

�
���! 

contained12138proteinchains. We identi�ed the
superfamilies(accordingto SCOPclassi�cation) that have
at least10 representatives in

�
���! 

. Thereare 180 such
superfamilies. Anotherset

�
��"

of size1800is createdby
including10 proteinsfrom eachof thesesuperfamilies.We
alsoidenti�ed all folds thathave at least10 representatives
in

�
�#�$ 

, and formedanotherset,
�

 %"

, by choosing10
proteinsfrom eachof these138 folds. Thequeryset,

��&

,
usedin ourtestsis formedby choosingarandomchainfrom
eachof the180superfamiliesin

�'��"

.
�(&

is largeenough
to sample

�)���! 

sinceit containsoneproteinfrom eachsu-
perfamily. These180proteinsin

�)&

arelisted in Table1.
We ran a numberof experimentson thesesetsto test the
quality and the performanceof our techniques.The tests

are run on a computerwith two AMD Athlon MP 1600+
processorswith 1 GB of RAM, runningLinux 2.4.19.

5.1 Quality comparison

Our �rst experimentsetinspectsthequality of theseeds
found using the featurevectorsby testingthe correctness
of theclassi�cation. We classifya givenqueryproteininto
oneof thesuperfamiliesusingthe 	 bestseedsasfollows.
The logarithmsof the p-valuesof the seedsof the results
in eachsuperfamily are accumulated.The query protein
is classi�ed asthe superfamily that hasthe largestmagni-
tudeof this sum. Figure9 shows the percentageof query
proteinscorrectly classi�ed for different numberof near-
estneighbors,using

���#"

. As canbeseenfrom the�gure,
morethan86

�

of theproteinsareclassi�edcorrectlyusing
the�rst two neighbors.Thequality increasesup to 88

�

for
3-NN (3-NearestNeighbor),but the percentagedropsfor
largernumberof results.Evenfor 20-NN, morethan76

�

of the proteinsareclassi�ed correctly. Actually, the drop
after somepoint is asexpected.This is becausethe target
dataset

�
�#"

containsonly 9 proteinsthat are in the same
superfamily asthequeryprotein. Therefore,evenwhenall
the9 proteinsin thesamesuperfamilyarereturnedin thean-
swerset,theremaining11 proteinswill belongto theother
superfamilies. Also the datasetmay containproteinsthat
arestructurallysimilar to thequeryprotein,but belongto a
differentsuperfamily. We concludethat, our methodclas-
si�es theproteinsaccuratelyusingthe�rst few results(e.g.
top3 results).

Ankerstet al [4] consideredthesimilar problemof pro-
tein classi�cation. Their accuracy is similar to ours. How-
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Table 1. ThePDB idsof queryproteinsusedin ourexperiments.

Queryids Queries
1-10 1lh1 1c2n 1ret 2bby 1wjc-A 2spz-A 2lef-A 1b67-A 1rcp-B 1i4z-B

11-20 1fr0-A 1dps-I 2cyk 1unk-B 1adr 1tn4 1mj2-B 1fk1-A 1ihf-B 1b4f-B
21-30 1qck-A 2ygs-A 1hg4-B 1kvw 1i77-A 1wiu 1egj-A 1ej8-A 2msp-A 1do6-A
31-40 1g43-A 1hu8-B 1g1o-D 3pcn-N 1bqk 1gmi-A 1cov-3 1hdf-A 1shs-A 1slu-A
41-50 1bd9-A 1cx1-A 1jh5-C 1dmz-A 7cel 4hck 2vub-A 2pdz-A 1i4k-S 1pto-E
51-60 1vqi 1mjx-B 1gus-C 7i1b 1ba7-B 1inc 3hvp 1i7a-A 1ief-B 1acd
61-70 2iza 1dyw-A 1bnu 1bwu-P 1hg8-A 1thj-C 1cax-F 1hjg-A 1qaw-B 1a6x
71-80 2f3g-B 1kdf 1a5l-B 1f39-A 1hg3-D 1cw2-A 1g4s-A 1d3g-A 1az2 2xyl
81-90 1ez2-B 1fxq-B 1dxf-A 1xic 1ptd 1dhr 1dkd-C 1b2s-D 1tyf-L 1c2y-P

91-100 1f1j-B 2chf 1¯n 1xze 1d0i-C 1i7s-D 1gn8-A 1cd5-A 1dts 1jh8-A
101-110 1sud 5cev-A 1qca 1jf8-A 1ypt-A 1aiu 1kc6-B 1a5v 1vfn 1a2z-C
111-120 8cpa 1jlj-B 2hpa-B 1upu-D 1bhq-2 1kpg-A 1h6j-B 1din 1mas-A 1drf
121-130 1rk2-D 1jdi-A 7icd 1qui 4rnt 205l 1au0 1bxi-B 1rbg 1e1s-A
131-140 1ejr-A 1qg7-B 1azq-A 3rhn 1lfd-C 1doy 1c78-A 1igd 1gd3-A 1e3v-A
141-150 1ayz-B 2emd 1fkg 1jc4-A 1eyp-A 2ci2-I 1ec6-B 1frk 2nck-R 1fj7-A
151-160 1f9f-B 1fe4-B 1rcx-S 1dch-C 1xxb-F 2cht-E 1otf-D 1icr-B 4aig 1bkl
161-170 2hpr 1b9l-A 1i1d-A 1hqz-8 1®l 1byw-A 1ga7-A 1b5m 1i5c-B 1qmr-A
171-179 1f7l-A 1g3i-R 1aha 1prt-G 1bnl-A 1fzd-B 1gu9-C 1jya-A 1is8-K 1lep-E

Figure 9. Thepercentageof proteinscorrectlyclas-
si�ed usingseedfor differentnumberof NN.

ever, their approachis basedon considering � � atoms,
hencemuchslower thanours. We cando aswell by con-
sideringSSEsandusingsmallerindex structures.

We alsotestedPSI to seehow it performsasa pruning
techniquefor anexisting alignmenttool suchasVAST. For
eachqueryproteinin

�
&

, we �rst ranVAST on
�

��"

. We
storedtheresultsin a set,called %��

�
&




. We alsoranPSIfor
thesamequeryproteinson

�
��"

to obtainasmallcandidate
setby pruningtheproteinsin

�
��"

thathasseedsof highp-
value.Later, we ranVAST on this candidateset,andstored
theresultsin set %�������"	� � We compared%��

�
&




and %����
�	"�� �

tocheckwhetherPSIhasdismissedproteinsthatVASTcon-
sidersrelevant. Theresultsareshown in Figure10. As we
canseefrom this �gure, running the VAST on the whole
datasetor on thepruneddatasetdoesnot changetheresult
setsizesigni�cantly. Accordingto this test,PSIhasarecall
(or sensitivity) of 98.2

�

. Therefore,we concludethatPSI
only eliminatestheproteinsthatarenotsimilar to thequery
protein.

Figure 10. The size of the result set obtainedby
VAST andPSI+VAST for variousSCOPclasses.

5.2 Performancecomparison

We comparedthe runtime performanceof PSI with
VAST's pruningstep. VAST �rst �nds seedsusingSSEs
of the query and the target protein. Then it computesp-
valuescorrespondingto theseseeds.Finally, the promis-
ing proteins(basedon p-values)areconsideredfor theex-
pensive � � alignmentstep.SincePSIaimsto optimizethe
initial pruning,we consideredthe runtimeof only the �rst
two stepsof VAST. For all proteinsin

�
&

, we ranPSIand
VAST on

�
�#�$ 

. The resultsfor eachproteinare shown
in Figure11. As canbe seen,PSI is fasterthenVAST for
all theproteins.Figure12 shows a class-wisesummaryof
theseresults.For all classes,PSIis signi�cantly fasterthan
VAST. We achieved the highestspeedupfor � / � proteins.
This canbe explainedusingFigure10. The � / � proteins
have more neighborson the average. As a result of this,
VAST inspectsmore seedsin thesecases. However, PSI
only considersthepartsof proteinsthatarecandidatesfor a

8



Figure 11. Runtime comparisonsof VAST prune
techniqueandPSI for eachqueryprotein. Targetset
is singledomainproteinchains.

similarity, and�nds theseedsin linear time w.r.t. thenum-
berof SSEsin theproteins.

Our lastexperimentconsidersthescalabilityof PSIwith
respectto the datasetsize. In this experiment,we created
datasetsof sizes2, 4, 8, and16 timeslargerthanthe

�
���! 

datasetby duplicating
�

�#�$ 

. This led to a linear increase
in the numberof relevant proteinsas well as the number
of irrelevant proteinsfor eachquery. Figure13 compares
the averagerunning time of VAST and PSI for the query
proteinsin

�)&

. Therunningtimesincreaselinearly for our
techniqueaswell asfor VAST's pruningstep. As a result
of this, PSI alwaysrunssigni�cantly fasterthanVAST for
all datasetsizes.We observedasimilarbehavior with

�� %"

dataset.
Our index structuretakesonly 55 MB of memoryand

canbeconstructedin 28.5minutesfor
�'���! 

dataset.The
memoryoverheadis negligible for currentPCs. The time
overheadis alsoinsigni�cant sinceit is a onetime costand
thesameindex structurewould beusedfor all thequeries.

6 Joining protein structure datasets

So far, we discussedhow to �nd proteinssimilar to a
singlequeryprotein. Here,we extendthesetechniquesto
answerjoin queriesonproteinstructuredatasets.Giventwo
proteindatasets% and � , the join of % and � is de�ned as
the setof proteinpairs( � ,  ), where � � % ,  ��� , and �

and  aresimilar. We representthis setusingJOIN(%
�

� ).
If % = � , then this is calleda Self Join. This problemis
harderthansearchingasinglequeryproteinsinceit involves
�nding similarity to all the proteinsin the query dataset.
A structurealignmenttool suchasVAST cananswerjoin
queriesby comparingevery � � % with every  � � . How-

Figure 12. Run time comparisonsof VAST prune
techniqueandPSI for variousSCOPclasses.Target
setis the

�)���! 

dataset.

ever, thiswill leadto averyslow computation.For example,
thepruningstepof VAST for self joining

�'���! 

takesmore
thantwo weekson a 1.6 GHz computerwith 1 GB mem-
ory. In this section,we will discusshow to acceleratejoin
queriesby usingthefeaturevectorsof theproteins.

6.1 Using featurevectorsfor join queries

In Section3, weshowedthatfeaturevectorscanbeused
to prune uninterestingregions of the datasetfor a given
query. We will employ a similar pruningtechniqueto the
classicNestedLoopJoin (NLJ) algorithm[17]. Therefore,
we call this techniquePSI-NLJ.

Westartby extractingthefeaturevectorsof everyprotein
in eachdatasetasexplainedin Section2. Later, wecreatean
MBR for thefeaturevectorsof eachproteinin % and � . For
agivenqueryJOIN(% , � ), we �ll half of theavailablemem-
ory with the MBRs andthe featurevectorsof the proteins
from % . Similarly, theotherhalf of thememoryis usedto
storetheMBRsandthefeaturevectorsof theproteinsin � .
Next, we compareall pairsof MBRs of % and � thatarein
thememoryaccordingto threedifferentpruningcriteria:

P1 (Angletest): Pruneif theanglesdiffer by morethan
10

�

.
P2 (Interval test): Pruneif themin-maxintervalsdiffer

by morethan20
�

of thelengthof theintervals.
P3 (Lengthtest): Pruneif theratio of the lengthof the

correspondingSSEsis morethantwo.
If anMBR pair cannot beprunedafter theabove tests,we
performthesametestsontheindividual featurevectorpairs
within theseMBRs. In this case,we perform one more
pruningtest:

P0 (Typetest): Prune,if the SSEsof a triplet pair are

9



Figure 13. Increasein running time of VAST and
PSIwith a growth of theproteindatabase.

notof thesametype(e.g.pruneif onetriplet is � - � - � , and
theothertriplet is � - � - � .). Notethatall thesepruningsteps
arealsousedin single-proteinsearch(seeSection2). For
a proteinpair, if the numberof triplet pairs that remainis
largerthansomethreshold

�

%

* " thenwe useVAST to �nd
the alignmentbetweenthem. The default value for

�

%

* "

is 1. As
�

%

* " increases,PSI-NLJeliminatesmoreprotein
pairsat the costof being lesssensitive. Oncewe process
all theproteinpairsin thememory, we readanotherblock
of unprocessedMBR setfrom bothdatasetsandrepeatthe
process.

Constructingthe MBRs andextracting the featurevec-
torstake ����( % ( + ( ��(

� time andspace,where ( % ( and ( � ( are
thesizesof thedatasets.This is a one-timecost.Theprun-
ing steptakes ��� ( %"( � ( ��(

� time. However, it is still much
fasterthanVAST sincethesearchis donein featurespace.
Onecanalsoimprovetheamortizedruntimecomplexity of
PSI-NLJ to ��� � ( % (�� ( ��(

�������
��( % (�� ( � (

� � by building an
R*-treeon theresultingMBRs.

6.2 Experimental evaluation

Table2 shows the numberof proteinpair comparisons
madefor self join of

�
���! 

and
�

��"

datasetsafter vari-
ouspruningstepsof PSI-NLJ.As

�

%

* " increases,PSI-NLJ
prunesmore candidatepairs. This is expectedsince the
pruningcriteriabecomesmorestringent.Consecutive rows
of this tableshow theamountof pruningobtainedby each
pruning test. Let us considerthe default case(i.e.

�

%

* "

= 1) for
�)���! 

dataset:type testprunes10
�

of the can-
didates,angle, interval, and length testspruneadditional
17.5

�

, 22.4
�

, and28.2
�

of the candidates.This means
thatthelengthtesthasthehighestcontribution to theprun-
ing process. The ratio of the initial candidateset size to

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 comparisonsfor the same
dataset.The numbersin parenthesisshow the same
valuefor theself join of the

� �#"

dataset.VAST re-
quires1.6M pairwisecomparisonsfor

� ��"

.

Pruning Numberof proteinpairscompared
Test �	�

(�

� �

�	�

(�

� 


�	�

(�

� �

P0 73.7M(1.4M) 73.5M(1.4M) 73.5M(1.3M)
P0-P1 59.3M(1.1M) 52.7M(1.0M) 47.6M(0.9M)
P0-P2 40.9M(0.7M) 30.1M(0.5M) 23.5M(0.4M)
P0-P3 17.7M(0.3M) 8.1M (0.1M) 4.4M (68.1K)

prunedcandidatesetsizeafterall pruningtestsis 4.3.
Wefoundtheactualrun timeof VAST'spruningstepfor

self joining of
� ��"

. It took 14,313secondsto complete
this query. PSI-NLJcomputedthesamejoin in only 4,096
secondswherethepruningstepof ouralgorithmconstitutes
29 secondsof this time. The remaining4,067secondsare
spendfor VAST's pruningon the remainingset. PSI-NLJ
ran 3.5 timesfasterthanVAST. This is consistentwith the
resultsweobtainedin Table2.

7 Discussion

We consideredthe problem of similarity searchingin
proteinstructuredatasets.Ourtechniquescanbeusedto de-
tectpromisingproteinsfor agivenquery(orasetof queries)
quickly.

We proposedto extract featurevectorsof the tripletsof
SSEs.Later, an R*-tree is built on this featurespace.Our
�rst technique,calledPSI, �nds highqualityseedsby align-
ing theSSEsof datasetproteinsto agivensinglequerypro-
tein. The proteinsthat do not have high quality seedsare
dismissedwithout furtherconsideration.Wealsodeveloped
a novel statisticalmodelto computethe p-valueto a seed.
This valuede�nes thegoodnessof this match.Our second
technique,calledPSI-NLJ�nds the numberof potentially
similar triplet pairsby searchingthe 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 superfamilies correctly.
More than 98

�

of our results concurredwith those of
VAST. PSI ran 3 to 3.5 times fasterthanVAST's pruning
step.

Proteinstructuresearchis an importantemerging appli-
cation. The explosive increaseof the sizeof the structure
databasesandthecomplexity of thesearchalgorithmsmake
fastertechniquesimperative. The techniquespresentedin
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this paperarean importantstepin this regard,andwill be
widely applicablein the�eld of structuralsimilarity.
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