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Abstract
We describethe designandimplementationof a fasttopology–basedmethod

for proteinstructurecomparison.TheapproachusestheTOPStopologicalrepre-
sentationof proteinstructure,aligningtwo structuresusinga commondiscovered
patternandgeneratingmeasureof distancederived from an insertscore. Heavy
useis madeof a constraint-basedpatternmatchingalgorithmfor TOPSdiagrams
thatwehave designedanddescribedelsewhereGilbertetal. (1999).Thecompari-
sonsystemis maintainedat theEuropeanBioinformaticsInstituteandis available
over theWebvia theat tops.ebi.ac.uk/tops.Userssubmitastructuredescriptionin
ProteinDataBank (PDB) formatandcancompareit with structuresin theentire
PDB or a representative subsetof proteindomains,receiving theresultsby email.

1 Introduction

An understandingof thesimilaritiesanddifferencesbetweenproteinstructuresis
very importantfor the studyof the relationshipbetweensequence,structureand
function,andfor theanalysisof possibleevolutionaryrelationships.This haslead
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to theneedfor computationalmethodsof structurecomparison;furthermore,the
rapidincreasein thesizeof structuraldatabasesmeansthattechniquesto compare
agivenstructurewith memberof suchadatabaseshouldbefast.

Variousstructurecomparisonmethodshaveemerged,rangingfromthosewhich
makedetailedgeometricalcomparisonsof backbonecoordinatesTaylorandOrengo
(1989),throughmethodsusingvectorapproximationsto secondarystructureele-
ments,or SSEs,Mitchell et al. (1989); Grindley et al. (1993); Artymuik et al.
(1994),andfinishingwith methodsbasedon highly simplifiedmodelsof structure
Koch et al. (1996);Koch andLengauer(1997);Tsukamotoet al. (1997). These
lattermethodstypically considerasequenceof SSEs,alongwith relationshipslike
spatialadjacency within the fold andapproximateorientation,neglectingdetails
like lengthsandstructuresof loops,andthe lengthsof thesecondarystructureel-
ementsthemselves. This type of descriptionof a proteinstructureis commonly
known asa ‘topological’ description.

The topologicaldescriptionhasthe advantageof simplicity, which makes it
possibleto implementvery fast comparisonalgorithms. Further, by neglecting
many of the detailswhich typically vary betweenrelatedstructures,like lengths
and structuresof loops, and exact lengths,spatialpositionsand orientationsof
SSEs,it hasthepotentialto detectmoredistantstructuralrelationshipsthancould
befoundby methodsbasedon moregeometricaldescriptions.On theotherhand,
its disadvantagesare that theremay be structureswhich, althoughrelatedat the
topologicallevel, arevery differentfrom a geometricpoint of view, andhave no
meaningfulbiologicalrelationship.

2 Materials and Methods

2.1 Overview

We have designeda measureto comparethe similarity betweentwo TOPSdia-
grams,in orderto beableto performstructurecomparisonat thetopologicallevel.
Our methodworks by performinga structuralalignmentof the SSEsof the di-
agramsandcomputinga scorebasedon an edit distanceover alignedblocksof
SSEsplus contributions from the H-bondandchirality setsof the diagrams. In
orderto performthealignmentwe usea leastgeneralcommonpatterngenerated
by apatterndiscovery techniquewhichwehavedesigned;this in turnmakesheavy
useof ourconstraint-basedpatternmatchingmethodfor TOPSdiagrams.

2.2 TOPS diagrams and patterns

TOPScartoonswere originally drawn manuallySternberg and Thornton(1977)
and comprisegraphicalrepresentationsof secondarystructureelements(SSEs),
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their relative orientationsandsomeindicationof spatialadjacency. Subsequently
a richer representationof the topologicalstructurehasbeendevisedFloreset al.
(1994); Westheadet al. (1999,1998), termeda TOPSdiagram, which includes
information abouthydrogenbondingbetweenstrandsand chirality connections
betweenSSEs;this representationis usedto automaticallyproducegraphicalcar-
toons. In previous work we have describedin detail our formal representationof
TOPSdiagramsandpatternsasgraphs,andthedesignof a fastpatternmatching
programGilbertet al. (1999).

In the work reportedin this paperwe describea patterndiscovery algorithm
for TOPSdiagramswhich makes heavy useof the patternmatchingalgorithm
describedpreviously, andshow how we useit to structurallyalign diagramsand
computeacomparisonmeasure.

TOPS diagrams In TOPSdiagrams(for examplethediagramfor 2bopin Fig-
ure 1), strandsarerepresentedby trianglesandhelicesby circles,connectedin a
sequencefrom theamino(N) terminusto thecarboxy(C) terminus.SSEsarecon-
sideredto have a directionof ‘up’ or ‘down’, implied in the way the connecting
linesto thesymbolsaredrawn: connectionsdrawn to theedgeof a symbolimply
connectionto thebaseandthosedrawn to thecentreimply connectionto thetop,
and the direction is that taken by the protein chain from N to C terminus. The
directioninformationis duplicatedfor strands:upwardpointingtriangleshave the
direction‘up’ anddownwardpointingonesthedirection‘down’. Theexistenceof
hydrogenbondladdersbetweena pair of strandsis indicatedby a singleH-bond
in theTOPSrepresentation,labelledasbeingparallelor anti-parallel,accordingto
therelative directionsof thetwo strandsthat it joins. In addition,TOPSdiagrams
alsorepresenta subsetof all possiblechiralitieschosento facilitatecartoonlay-
out. A moredetaileddescriptionof TOPSdiagramscanbefound in Gilbert et al.
(1999).

More formally, a TOPSdiagramis a triple

���
���
����

where
����� � 
�������
����

is a sequenceof length � of secondarystructureelements(SSEs)and
�

and
�

are relationsover the SSEs,called respectively H-bondsand chiralities. In this
descriptionan H-bondconstraintrefersto a ladderof individual hydrogenbonds
betweenadjacentstrandsin a sheet.We will laterrefer to the lengthof a diagram
asthelengthof thesequence

�
.

In our formalismanSSEis a characterfrom thealphabet�! 
�"$# standingfor
helix andstrandrespectively. SinceeachSSEin a TOPSdiagramis associated
with a directionup or downwe associatea directionsymbol, % or & , with each
letterof ouralphabet,giving �! �' 
  )( 
�" ' 
�" ( # .

Both H-bondsand chiralities are symmetricrelations(non-directedarcs in
the graph). An H-bond constrainsthe types of the two SSE’s involved to be
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strands,andeachbond is associatedwith a relative direction *,+-��. 
�/0# , indi-
cating whetherthe bond is betweenparallel or anti-parallelstrands. Chiralities
areassociatedwith handedness12+3��4 
�56# (left andright respectively), andonly
occurbetweenpairsof SSEsof the sametype. We denotethe H-bondrelation-
ship betweentwo SSEs

�87
and

�:9
by


��87;
 * 
��<9=� and a chirality relationshipby
��87>
 1 
��<9?� .
Theformaldefinitionof aTOPSdiagram@ �A
���
��CBD
��EB!�
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As an example, considerthe TOPSdiagramfor 2bop in Figure 1; we can
‘stretch out’ this diagramto give a linear form, as shown in Figure 3, and rep-
resentit formally as2bop=


���
���
����
, where�H�A
Y" 'GZ 
  (\[ 
  (^] 
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TOPS patterns A TOPSpattern (or motif) is similar to a TOPSdiagram,but
is ageneralisationwhichdescribesseveraldiagramsconformingto somecommon
topologicalcharacteristics.This generalisationis achieved by specifyingthe in-
sertionof SSEs(andany associatedH-bondandchiralities) into the sequenceof
secondarystructureelements;indeeda diagramis just a patternwhereno inserts
arepermitted.The lengthof an insertis constrainedto bewithin therangeof the
lengthsof thesequencesthatcanbeinserted.A TOPSpatternis thusa triple, sim-
ilar to thatof a TOPSdiagram;in this case,however, we refer to thesequenceof
SSEswith insertspermittedasT-pattern. Theinsertsaresimilar to wild cardswith
lengthconstraints;weextendthedefinitionof TOPSpatternsgivenin Gilbertetal.
(1999)to permitsuchwild cardsbeforethebeginningof, andafter theendof the
sequenceof SSEs.

Formally a TOPSpatternis a triple

ihJ
��j
��k�

where
h

(referredto as a
h

-
pattern)is asequence


Ylnm?
�opm�� &rq � & 
Yl � 
�o � � &rq � & ����� & 
Yln� ( � 
�op� ( � � &rq � &
Yln�s
�op�D�
comprisingsecondarystructureelementsindicatedby q 7 andbetween

eachof theseaninsertdescription,aswell asaninsertdescription

Ylnm=
�opm��

beforeq � andalsoan insert

Yln�t
�op�=�

after q � . Eachinsertdescriptionis a pair

Yl)
�o��

where
l

standsfor theminimumand
o

for themaximumnumberof SSEswhich
canbe insertedat thatposition. Therangeof

l
and

o
is from zeroto the largest

numberof SSE’s in any TOPSdiagram(approximately60).
�

areH-bondsand�
arechiralities,just asin thediagrams.SinceTOPSdiagramsexhibit rotational
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invariancesof uwv=xNy aboutthex andy-axes,weassociateadirectionvariable, z or{
with eachSSEin apattern. s.t. they satisfytheconstraint| z 
 { +p.~}s���N� 
 z 
 { � O 
 z � %�� { � & �a��
 z � &U� { � % �
The formal definitionof a TOPSdiagrampattern. ��
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For examplea TOPSpatternwhich describesplaits, of which 2bopis an in-

stance,is givenby Plait=

 q 
���
���� , where�2�������s�
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�" ��b �f#?�
Figures2 and4 illustratethis in non-linearandlinearform respectively.
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We have designeda measureto comparethe similarity betweentwo TOPS
diagrams,in order to be ableto performstructurecomparisonat the topological
level. Our methodworksby performinga structuralalignmentof theSSEsof the
diagramsandcomputinga scorebasedon anedit distanceover alignedblocksof
SSEsplus contributions from the H-bondandchirality setsof the diagrams. In
orderto performthealignmentwe usea leastgeneralcommonpatterngenerated
by apatterndiscovery techniquewhichwehavedesigned;this in turnmakesheavy
useof ourconstraint-basedpatternmatchingmethodfor TOPSdiagrams.

2.3 Pattern discovery for TOPS diagrams

Patterndiscoveryfor sequencesisawell-establishedtechniqueBrazmaetal. (1998)
which couldbeappliedto TOPSdiagramsandpatternsasfollows. Thefirst, “pat-
tern driven” (PD) is basedon enumeratingcandidatepatternsin a given solution
spaceand picking out the oneswith high fitness;the second,“diagram driven”
(DD) comprisesalgorithmsthat try to find patternsby comparinggivendiagrams
andlooking for local similaritiesbetweenthem. In the equivalentof DD for se-
quences,analgorithmmaybebasedon constructinga local multiple alignmentof
givensequencesandthenextractingthepatternsfrom thealignmentby combining
thesegmentscommonto mostof thesequences.

Essentiallythedifferencebetweenpatterndiscovery for sequencesandTOPS
diagramsis that techniquesfor theformerassumethat thegrammarof theformer
is regular whilst thatof the latter is context–sensitive dueto the fact thatH-bond
and chirality arcsmay cross(i.e. they describea “copy language”). Thus in a
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naive versionof a PD approachfor TOPSdiagramsnot only would we have to
enumeratean exponentiallylarge numberof patternscomprisingnot only all the
possiblecombinationsof theSSEs(andtheir orientations)in apatternof lengthk,
but alsoall thepossibleH-bondandchirality connectionsover them.

Our algorithm discovers patternsof H-bonds(and chiralities) basedon the
propertiesof sheetsfor TOPSdiagrams;we alsoderive T-patterns,i.e. theassoci-
atedsequencesof SSEsandinsertsizes.Briefly, thealgorithmattemptsto discover
a new sheetby finding, commonto all the targetsetof diagrams,a (fresh)pair of
strands,sharinganH-bondwith a particulardirection. Thenit attemptsto extend
the sheetby repeatedlyinsertinga freshstrandwhich is H-bondedto oneof the
existingstrandsin the(current)sheet.Thealgorithmthenfindsall furtherH-bonds
betweenall themembersof thecurrentsheet.Theentireprocessis repeateduntil
no moresheetscanbe discovered;any chirality arcsbetweentheH-bondsin the
patternarethendiscoveredby a similar process.Thenumbersof insertsbetween
eachstrandin thepatternarethencomputedfor all thepatternsin thelearningset,
andthe minimum andmaximumsizeof the gapsin thecorrespondinginsertpo-
sitionsin thepatternarethusfound,andcombinedwith theSSEsequenceto give
theT-pattern.Theresultis theleastgeneralcommonTOPSpatterncharacterising
thetargetsetof proteindescriptions.

Naive insertionof a new SSEinto anexisting sequenceof SSEsis expensive:
considerthecasewhentheexisting sequenceis of length2. Thenew H-bondcan
beinsertedat thebeginningof thesequence,at theendof thesequenceor between
theexisting two SSEs.Moreover, a new H-bondmustbediscoveredbetweenthe
new SSEandoneof the existing SSEsin the sequence.We usea ‘seed’ derived
from oneof the target setof diagramsin orderto give the insertionpoint: theH-
bond patternis extendedin onediagramfirst by selectingoneof the remaining
bondsfrom the diagramH-bondset; if this fails to give a patternwhich matches
theotherdiagram,thenanalternative bondis selected.

An alternativeapproachwouldbeto adaptthatof Kochetal Kochetal. (1996),
whichconstructsanedgeproductgraphfor two graphsandthenemploysBronand
Kerbosch’s algorithmBron andKerbosch(1973)which enumeratesall themaxi-
mal cliquesin thegraph.AlthoughKochet al improve Bron andKerbosch’s algo-
rithm by restrictingthesearchprocessto cliquesrepresentingconnectedsubstruc-
tures,they determinecommonsubstructuresin morethantwo topologygraphsby
forming the intersectionsbetweenall substructuresof all cliquesresultingfrom a
pairwisecomparison.

Thecomplexity for thelearningalgorithmbasedonrepeatedmatchingis linear
in thenumberof TOPSdiagramsin thelearningset.Theworst-timecomplexity is
approximately© 
 �Eª la«<� , where� is thenumberof secondarystructuresequences,
and

l
thenumberof secondarystructures(helicesandstrands)in a sequence.The

7



E E E E

E E E E E E

E E E E E E E

E E

E E

P PP

P P P A P P

A P P

P

P P P

E

H H H H H H

HH H H

Pattern

D1

D2

N

N

N

C

C

C

Figure5: Making analignment

maximalcliquemethodhascomplexity © 
�
Yl �D¬?­ �D��®¯� (with little informationabout­ �
, except

­ ��° u ) for the same
l

and � . Theseare approximationsassuming
that numberof nodesis approximatelythe sameasthe numberof edges— this
is more or lesstrue in TOPS.In termsof implementation,the clique algorithm
(for � ��±

) tendsto be slower (up to 10 times)in comparisonwith the repeated
matchingalgorithm,althoughit sometimesproducesbetterresults. Comparison
timesusingthepatterndiscovery methodrangefrom 40to 400msonaDECalpha
computer. Comparisonsof executiontimewith otherstructurecomparisonsystems
areproblematicdueto differencesin hardwareplatforms;DALI hasbeenquotedas
computingpairwisealignmentsin 5 to 10 minutesof computertime on a SPARC-
1 Holm andSander(1993).Patterndiscovery timesfor theTOPSsystemon larger
groupsvaryagreatdealonthecomplexity of thediagramsfor thegroup;in practice
thelearningtimeperdomainrangesfrom lessthan1 msto (rarely)over2 minutes.

We usea variantof therepeatedmatchingalgorithmto discover commonpat-
ternsin all-  domains,wherepatternsof chirality arcsarediscoveredinsteadof"

-sheets.

Distance measure

Giventwo TOPSdiagrams@�u �²
�� u 
�� u 
�� u � , @ ±I�³
��)±�
��V±�
��0±N�
anda least

generalcommonpattern. �´
�� . 
�� . 
�� . � , we canmakeastructuralalignment
of S1andS2by matchingP with @Mu and @ ± . If µ·¶ l�¸t¹>ºG
�� . �»��¼ , thenthereare¼ %�u insertpositionsin thepattern,correspondingto

¼ %�u blocksof unaligned
SSEsin @�u and @ ± . An exampleis illustratedin Figure5, wherealignedblocks
aredelineatedby verticaldottedlines.Wedonotherecomputeadistancebetween
adiagramandapatternor betweentwo patterns.

The distancemeasure½ betweentwo diagrams@Mu and @ ± is given by the
normalisedsumof theedit distances(Levenshtein(1965))of all theblocksplusa
contribution from theextra (whencomparedwith thepattern)H-bondsandchiral-
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ities in thediagrams.Thedistancebetweenidenticaldiagramsis zero;the larger
thedistance,themoredissimilararethetwo diagrams.

Structure comparison server

Thecomparisonsystemcanbeusedvia aWebserverat tops.ebi.ac.uk/tops.Target
structurescanbecomparedagainstadatabaseof TOPSdiagramscorrespondingto
all thedomainscurrentlyin thePDB(currentlyover24000domains),arepresenta-
tivesubset(theTOPSAtlasWestheadetal. (1998)),basedonclusteringstructures
in the structuraldatabankBernsteinet al. (1977); Abola et al. (1987) using the
standardsinglelinkageclusteringalgorithmat95%sequencesimilarity, theCATH
list of non-identicalrepresentatives (N-reps)(www.biochem.ucl.ac.uk/bsm/cath),
or theSCOPPDB90ddatabase(scop.mrc-lmb.cam.ac.uk/scop/). TheTOPSAtlas,
CATH N-repsandSCOPPDB90ddatabaseseachcurrentlycontainjustover3000
members.

Usersuploada target structuredescriptionin PDB format, selecta database
againstwhich to compare,andentertheir emailaddressin orderto receive there-
sult. The targetdescriptionis first analysedusingtheDSSPprogramKabschand
Sander(1983)which locatesSSEsandatomichydrogenbonds. The TOPSpro-
gramFloreset al. (1994);Westheadet al. (1999)usesthis informationin a topo-
logical analysiswhich includesanalysisof connectionchirality; the resultingfile
is thentranslatedinto aTOPSdiagramin logic programmingformatby acompiler
we have written in clp(FD) CodognetandDiaz (1996). The comparisonis then
performedoff-line, the result of eachcomparisoncomprisingthe distancemea-
sure,thenameof thedomaincompared,andits hierarchicclassificationaccording
to theCATH systemdevelopedat UCL Orengoet al. (1997).Theoutputis sorted
by distancefrom the targetprotein,andreturnedto theuserby email. Usersmay
alsorequesttheoutputfor eachcomparisonto be annotatedwith thenumbersof
thecorrespondingresiduesandalsothecommondiscoveredpattern.

Thesystemis fast;acomparisonof onestructureagainsttheentirePDB(24000
domains)takesfrom under10minutesto 1 houror moreonaDECAlpha,depend-
ing on thecomplexity of thestructuresubmitted.Theservicewaslaunchedat the
endof July1998andsubmissionratesduringthisperiodhave been30permonth.

3 Results and Discussion

We have evaluatedour methodby performinga pairwisecomparisonof 1396do-
mainsfrom the SCOPPDB40ddatabaseMurzin et al. (1995)andcomputedthe
errorversuscoveragedatausingtheSCOPnumbersasanindicationof structural
homology. Two domainsare definedas homologousif at least their first three
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Patternsize Comparisons
0 382740
2 211463
3 132186
4 109845
5 74282
6 32005
7 16797
8 8445
9 3336
10 1366
11 652
12 238
13 105

Patternsize Comparisons
14 48
15 53
16 43
17 21
18 13
19 15
20 13
22 15
23 9
24 11
25 1
26 3
27 2
28 2

Table1: Patternsizesfor 1396pairwisecomparisons(SCOPPDB40d)

SCOPnumbersareidentical; the domainsarenon-homologousif only their first
SCOPnumbersareidentical. Matchesbetweendomainswith with only the first
two SCOPnumbersidenticalare ignored(not performed)sincethe SCOPhier-
archydoesnot differentiatehomologousandnon-homologouspairsat this level.
Of thepossible973710pairwisecomparisons(top half of thematrix), 3910were
definedashomologous,965523asnon-homologousand4277ignored.

Althoughourpatterndiscoveryalgorithmproducestherichestpatternsover  –"
domains,whenbothH-bondandchirality connectionscanbediscovered,it also

discoverspatternsof H-bondsfor all-
"

domainsandpatternsof chiralitiesfor all-  
domains.However, thenull patternwill bediscoveredwhencomparingtwo all-  
domainswith no chirality information,andthusin this caseneitheranalignment
norameaningfulcomparisonmeasurecanbecomputed.Thenull patternwill also
be discoveredwhenboth domainshave non-emptyH-bondor chirality sets,but
no commonarcscanbe discovered. This is confirmedby the datasummarised
in table1 which illustratesthe sizesof patternsdiscovered. Of the 382740null
patterns,22%werefor homologues;themajority (69%)of thesehomologousnull-
patternpairsbeingall-alphadomains.

Coverageversuserrorresultsaregivenin Figure6. Timespercomparisonpair
aretypically 30–400mson average(DEC Alpha). Theaccuracy of thesystemas
measuredby coverageagainsterror falls in betweenthosefor STAMP Russeland
Barton (1992), a well-performingatom-coordinateapproachrangingfrom 60%
coverageat 1% errorto 78%coverageat 5% error(G Barton,personalcommuni-
cation)andsequence-basedapproaches(rangingfrom 16%coverageat1%errorto
18%coverageat 5% error) (G Barton,personalcommunication). Actual timings
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canbeimprovedby usingamoreefficient implementationlanguage(suchasC++)
anda prefilter techniquesuchasthatusedin theDALI systemHolm andSander
(1995).

A disadvantageof the topologicalapproachis that no RMSD outputcanbe
made- thebestthatcanbedoneis to returnthenumbersof thematchingresidues
of thematchingSSEs,which is notaoneto onerelationshipbetweenresidues,but
ratherbetweenbetweenSSEswhicharepotentiallyof differentlengths.However,
an advantageof our pattern–baseddeclarative approachis that the patternscan
be returnedto the user- thesecontainmoreinformationthanis conveyed by the
comparisonscorealone,for examplethatbothpatterncontainedacompletebarrel.

The complexity measuresthat we have given in Section2.3 demonstratethat
our pattern-discovery basedapproachis fasterthan a maximal clique algorithm
implementedon thesameprogrammingplatform,especiallyover groupsof more
thantwo proteins,sinceit is lineartimein thenumberof membersof thetargetset.
Indeed,theadvantagesof ourapproachmaystrongestfor patterndiscovery perse.
Wearenow investigatingtheuseof ourmethodto compilesetsof topologicalpat-
ternsfor proteinfamilies,andthenusingthesepatternsfor therapidclassification
of new structures.
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