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Abstract

We describethe designandimplementatiorof a fasttopology—basednethod
for proteinstructurecomparison.The approachusesthe TOPStopologicalrepre-
sentationof proteinstructure aligning two structuresusinga commondiscorered
patternand generatingmeasureof distancederived from an insertscore. Heavy
useis madeof a constraint-basegatternmatchingalgorithmfor TOPSdiagrams
thatwe have designedanddescribecelsavhereGilbertetal. (1999). The compari-
sonsystemis maintainedat the EuropearBioinformaticsinstituteandis available
overtheWebvia theattops.ebi.ac.uk/topsJserssubmita structuredescriptionn
ProteinDataBank (PDB) formatandcancompareit with structuresn the entire
PDB or arepresentate subsebf proteindomainsyeceving the resultsby email.

1 Introduction

An understandin@f the similaritiesanddifferencesetweenproteinstructureds
very importantfor the study of the relationshipbetweensequencestructureand
function,andfor the analysisof possibleevolutionaryrelationships.This haslead



to the needfor computationamethodsof structurecomparisonfurthermore the
rapidincreasan the sizeof structuraldatabasemeanghattechniqueso compare
agivenstructurewith memberof sucha databasshouldbefast.

Variousstructurecomparisormethodshave emepged,rangingfrom thosewhich
malke detailedyeometricatomparisonsf backboneoordinate§aylorandOrengo
(1989), throughmethodsusing vectorapproximationgo secondarystructureele-
ments,or SSEs,Mitchell et al. (1989); Grindley et al. (1993); Artymuik et al.
(1994),andfinishingwith methodsasedon highly simplified modelsof structure
Koch et al. (1996); Koch and Lengauern(1997); Tsukamotoet al. (1997). These
lattermethoddypically considera sequencef SSEsalongwith relationshipdike
spatialadjaceng within the fold and approximateorientation,neglecting details
like lengthsandstructuref loops,andthe lengthsof the secondarystructureel-
ementsthemseles. This type of descriptionof a protein structureis commonly
known asa ‘topological’ description.

The topologicaldescriptionhasthe advantageof simplicity, which malkes it
possibleto implementvery fastcomparisonalgorithms. Further by neglecting
mary of the detailswhich typically vary betweenrelatedstructuresjike lengths
and structuresof loops, and exact lengths, spatial positionsand orientationsof
SSEsijt hasthe potentialto detectmoredistantstructuralrelationshipghancould
be found by methodshasedon moregeometricadescriptions On the otherhand,
its disadantagesare that theremay be structureswhich, althoughrelatedat the
topologicallevel, are very differentfrom a geometricpoint of view, andhave no
meaningfulbiologicalrelationship.

2 Materialsand Methods

21 Oveview

We have designeda measurgo comparethe similarity betweentwo TOPSdia-
grams,in orderto beableto performstructurecomparisoratthetopologicallevel.
Our methodworks by performinga structuralalignmentof the SSEsof the di-
agramsand computinga scorebasedon an edit distanceover alignedblocks of
SSEsplus contrikutions from the H-bond and chirality setsof the diagrams. In
orderto performthe alignmentwe usea leastgeneralcommonpatterngenerated
by a patterndiscorery techniquenvhichwe have designedthisin turn makesheary
useof our constraint-basepatternmatchingmethodfor TOPSdiagrams.

2.2 TOPSdiagramsand patterns

TOPS cartoonswere originally dravn manually Sternbeg and Thornton (1977)
and comprisegraphicalrepresentationsf secondarystructureelements(SSEs),



their relatve orientationsand someindicationof spatialadjaceng. Subsequently
aricherrepresentatiomf the topologicalstructurehasbeendevised Floreset al.
(1994); Westheacket al. (1999, 1998), termeda TOPSdiagram, which includes
information abouthydrogenbonding betweenstrandsand chirality connections
betweenSSEs;this representatiois usedto automaticallyproducegraphicalcar
toons. In previous work we have describedn detail our formal representatiof
TOPSdiagramsand patternsasgraphs,andthe designof a fastpatternmatching
programGilbertetal. (1999).

In the work reportedin this paperwe describea patterndiscovery algorithm
for TOPS diagramswhich makes heary use of the patternmatchingalgorithm
describedpreviously, andshav how we useit to structurallyalign diagramsand
computea comparisormeasure.

TOPS diagrams In TOPSdiagramg(for examplethe diagramfor 2bopin Fig-
ure 1), strandsarerepresentedtby trianglesandhelicesby circles,connectedn a
sequencé&om theamino(N) terminusto the carboxy(C) terminus.SSEsarecon-
sideredto have a directionof ‘up’ or ‘down’, implied in the way the connecting
linesto the symbolsaredravn: connectiongiravn to the edgeof a symbolimply
connectionto the baseandthosedrawn to the centreimply connectiornto the top,
andthe directionis that taken by the protein chainfrom N to C terminus. The
directioninformationis duplicatedfor strands:upward pointingtriangleshave the
direction‘up’ anddownward pointing onesthe direction‘down’. The existenceof
hydrogenbondladdersbetweena pair of strandss indicatedby a singleH-bond
in the TOPSrepresentatioriabelledasbeingparallelor anti-parallelaccordingto
therelative directionsof thetwo strandghatit joins. In addition, TOPSdiagrams
alsorepresenta subsetof all possiblechiralitieschosento facilitate cartoonlay-
out. A moredetaileddescriptionof TOPSdiagramscanbe foundin Gilbert etal.
(1999).

More formally, a TOPSdiagramis atriple (S, H,C) whereS = Si,..., Sk
is a sequencef length k of secondanstructureelementsSSEs)and H andC
arerelationsover the SSEs,called respecirely H-bondsand chiralities. In this
descriptionan H-bond constraintrefersto a ladderof individual hydrogenbonds
betweeradjacentstrandsn a sheet.We will laterreferto thelengthof adiagram
asthelengthof thesequencé.

In our formalisman SSEis a charactefrom the alphabet{«, 3} standingfor
helix and strandrespeciiely. SinceeachSSEin a TOPSdiagramis associated
with a directionup or downwe associate directionsymbol,+ or —, with each
letterof our alphabetgiving {a.y, a_, B+, 8-}

Both H-bondsand chiralities are symmetricrelations (non-directedarcsin
the graph). An H-bond constrainsthe types of the two SSES involved to be



strands,and eachbondis associatedvith a relative directiond € {P, A}, indi-
cating whetherthe bondis betweenparallel or anti-parallelstrands. Chiralities
areassociateavith handednesg € {L, R} (left andright respectiely), andonly
occurbetweenpairs of SSEsof the sametype. We denotethe H-bondrelation-
ship betweentwo SSEsS; and S; by (S;,4,S;) anda chirality relationshipby
(Sia X S])

Theformaldefinitionof aTOPSdiagramD = (S, Hy, Cy), giveny = {a4,a_, B+, 5},
is
S = (51,...,Sk),5i €
Hy; = {(Si,é, Sj)‘SZ',Sj € {ﬁ_k,,@f}, =P+ S, = Sj, d=A+ S 75 Sj}
Cy = {(Si7Xa Sj)|527sj €X, x€ {RaLa }}

As an example, considerthe TOPS diagramfor 2bopin Figure 1; we can
‘stretch out’ this diagramto give a linear form, asshavn in Figure 3, and rep-
resentit formally as2bop= (S, H, C), where
S = (B1, 0y, 0y, By, By By Oty Bs)

H = {(ﬁ-h ’ Aa /8—6)1 (ﬁ-h ’ Aa :8—8)’
(5+4aA= 18*6)7 (5+5aA= 16*6)}
C= {(18-1-1 R, :8+4)1 (ﬂ—eaRa ﬁ—s)}

TOPS patterns A TOPSpattern (or motif) is similar to a TOPSdiagram,but
is ageneralisationvhich describesereral diagramsconformingto somecommon
topologicalcharacteristics.This generalisations achiered by specifyingthe in-
sertionof SSEs(andary associatedH-bondand chiralities)into the sequencef
secondanstructureelementsjndeeda diagramis just a patternwhereno inserts
arepermitted. The lengthof aninsertis constrainedo be within the rangeof the
lengthsof the sequencethatcanbeinserted A TOPSpatternis thusatriple, sim-
ilar to thatof a TOPSdiagram;in this case however, we referto the sequencef
SSEswith insertspermittedasT-pattern Theinsertsaresimilarto wild cardswith
lengthconstraintswe extendthedefinitionof TOPSpatterngivenin Gilbertetal.
(1999)to permitsuchwild cardsbeforethe beginning of, andafterthe endof the
sequencef SSEs.

Formally a TOPSpatternis a triple (7', H,C) whereT (referredto asa T-
pattern)is asequencéng, mg) — Vi — (n1,m1) — Vo —... — (ng_1,mg_1) — Vi —
(ng,my) comprisingsecondarystructureelementsndicatedby V; and between
eachof theseaninsertdescriptionaswell asaninsertdescription(ng, mg) before
V1 andalsoaninsert(ng, my) after V. Eachinsertdescriptionis a pair (n,m)
wheren standdor the minimumandm for the maximumnumberof SSEswhich
canbeinsertedat that position. The rangeof n andm is from zeroto the largest
numberof SSES in ary TOPSdiagram(approximately60). H are H-bondsand
C arechiralities,just asin the diagrams.SinceTOPSdiagramsexhibit rotational



invarianceof 180° aboutthex andy-axes,we associat@ directionvariable & or
© with eachSSEin a patternP s.t. they satisfythe constraint
Vo,0 € P:opp(®,0) « (@=+N0=—)V(@=—ANO=+)

The formal definition of a TOPSdiagrampatternP = (T, H,, C,), V&®, 0 €
P 0pp(69,6), givenz = {aﬂ%a@alg@aﬁ@} is:
T = (no,mo) — Vi — (n1,m1) = Vo — oo — (ng—1,mp 1) — Vi — (ng, my),
V}' €3, n; < m;
Hy ={(Si,0,55)15i,S; € {Bas, B}, 6 =P« Si=8j, § =A<+ Si #Sj}
C, = {(SZ',X, Sj)|X € {R,L, }, Si,Sj € 2}

For examplea TOPSpatternwhich describelaits, of which 2bopis anin-
stancejs givenby Plait= (V, H, C), where
V = ((0,N) = B, — (0,N) —ag, — (0,N) = B, — (0,N) = o, — (0,N) — ag, —
(OaN) —ﬂes - (OaN))
H = {(Ba:, A4, Bo.): (Bar, A, Bos): (Bass A, Bos)
C= {(18631 3 Ra 18693)’ (/8947 Ra ﬁ@e)})

Figures2 and4 illustratethisin non-linearandlinearform respecirely.

Figure2: TOPSdiagramfor the plait motif



Figure4: LinearisedTOPSdiagramfor the plait motif

We have designeda measurego comparethe similarity betweentwo TOPS
diagrams,in orderto be ableto performstructurecomparisonat the topological
level. Our methodworks by performinga structuralalignmentof the SSEsof the
diagramsandcomputinga scorebasedon an edit distanceover alignedblocks of
SSEsplus contrilutions from the H-bond and chirality setsof the diagrams. In
orderto performthe alignmentwe usea leastgeneralcommonpatterngenerated
by apatterndiscovery techniquevhich we have designedthisin turn makesheary
useof our constraint-basepatternmatchingmethodfor TOPSdiagrams.

2.3 Pattern discovery for TOPS diagrams

Patterndiscoveryfor sequenceis awell-establishetiechniqgueBrazmaetal. (1998)
which couldbe appliedto TOPSdiagramsandpatternsasfollows. Thefirst, “pat-
terndriven” (PD) is basedon enumeratingcandidatepatternsin a given solution
spaceand picking out the oneswith high fitness;the second,‘diagram driven”
(DD) comprisesalgorithmsthattry to find patternsby comparinggiven diagrams
andlooking for local similarities betweenthem. In the equvalentof DD for se-
guencesanalgorithmmay be basedon constructinga local multiple alignmentof
givensequenceandthenextractingthe patterndrom the alignmentby combining
the sggmentscommonto mostof the sequences.

Essentiallythe differencebetweenpatterndiscovery for sequenceand TOPS
diagramds thattechniquedor the formerassumehatthe grammarof the former
is regular whilst that of the latteris context—sensitve dueto the factthatH-bond
and chirality arcsmay cross(i.e. they describea “copy language”). Thusin a



nawe versionof a PD approachfor TOPSdiagramsnot only would we have to
enumeratean exponentiallylarge numberof patternscomprisingnot only all the
possiblecombination®f the SSEg(andtheir orientations)n a patternof lengthk,
but alsoall the possibleH-bondandchirality connection®verthem.

Our algorithm discovers patternsof H-bonds(and chiralities) basedon the
propertiesof sheetdor TOPSdiagramswe alsoderive T-patternsj.e. the associ-
atedsequencesf SSEsandinsertsizes.Briefly, thealgorithmattemptgo discorer
anew sheetby finding, commonto all thetamget setof diagramsa (fresh)pair of
strandssharingan H-bondwith a particulardirection. Thenit attemptso extend
the sheetby repeatedlyinsertinga fresh strandwhich is H-bondedto one of the
existing strandsn the (current)sheet.Thealgorithmthenfindsall furtherH-bonds
betweerall the membersf the currentsheet.The entireprocesss repeatedintil
no moresheetanbe discorered; ary chirality arcsbetweenthe H-bondsin the
patternarethendiscoveredby a similar process.The numbersof insertsbetween
eachstrandin the patternarethencomputedor all the patternsn thelearningset,
andthe minimum and maximumsize of the gapsin the correspondingnsertpo-
sitionsin the patternarethusfound,andcombinedwith the SSEsequencéo give
the T-pattern.Theresultis the leastgeneracommonTOPSpatterncharacterising
thetargetsetof proteindescriptions.

Naive insertionof a new SSEinto anexisting sequenc®f SSEsis expensve:
considerthe casewhenthe existing sequencés of length2. Thenewv H-bondcan
beinsertedatthe beginning of the sequenceattheendof the sequencer between
the existing two SSEs.Moreover, a nev H-bondmustbe discoreredbetweerthe
nev SSEandone of the existing SSEsin the sequenceWe usea ‘seed’ derived
from oneof the target setof diagramsn orderto give theinsertionpoint: the H-
bond patternis extendedin one diagramfirst by selectingone of the remaining
bondsfrom the diagramH-bondset; if this fails to give a patternwhich matches
the otherdiagram thenanalternatve bondis selected.

An alternatve approactwould beto adapthatof Kochetal Kochetal. (1996),
which constructanedgeproductgraphfor two graphsandthenemplg/s Bronand
Kerboscls algorithmBron and Kerbosch(1973)which enumeratesll the maxi-
mal cliquesin thegraph.Although Kochetal improve Bron andKerboscls algo-
rithm by restrictingthe searchprocesdo cliquesrepresentingonnectedgubstruc-
tures,they determinecommonsubstructurefn morethantwo topologygraphsby
forming the intersectiondetweenall substructuresf all cliquesresultingfrom a
pairwisecomparison.

Thecompleity for thelearningalgorithmbasedn repeatednatchingis linear
in thenumberof TOPSdiagramsn thelearningset. Theworst-timecompleity is
approximatelyO(k xn™), wherek is thenumberof secondargtructuresequences,
andn thenumberof secondarstructureghelicesandstrands)n a sequenceThe



Figure5: Making analignment

maximalclique methodhascompleity O((n*/cx)!) (with little informationabout
¢, excepte, > 1) for the samen andk. Theseare approximationsassuming
that numberof nodesis approximatelythe sameasthe numberof edges— this
is more or lesstrue in TOPS.In termsof implementation the clique algorithm
(for k = 2) tendsto be slower (up to 10 times)in comparisorwith the repeated
matchingalgorithm, althoughit sometimesroducesbetterresults. Comparison
timesusingthe patterndiscorery methodrangefrom 40to 400msonaDEC alpha
computer Comparison®f executiontime with otherstructurecomparisorsystems
areproblematicddueto differencesn hardwareplatforms;DALI hasbeenquotedas
computingpairwisealignmentdn 5 to 10 minutesof computertime ona SPARC-
1 Holm andSande(1993). Patterndiscovery timesfor the TOPSsystemon larger
groupsvary agreatdealonthecompleity of thediagramdor thegroup;in practice
thelearningtime perdomainrangedrom lessthanl msto (rarely) over 2 minutes.

We usea variantof therepeatednatchingalgorithmto discorer commonpat-
ternsin all-a domains,wherepatternsof chirality arcsare discoreredinsteadof
B-sheets.

Distance measure

Giventwo TOPSdiagramsD1 = (S1, H1,C1), D2 = (52, H2,(C2) andaleast
generacommonpatternP = (SP, H P, C P), we canmale a structuralalignment
of SlandS2by matchingP with D1 andD2. If length(SP) = N, thenthereare
N + 1 insertpositionsin the pattern,correspondingo N + 1 blocksof unaligned
SSEsin D1 andD2. An exampleis illustratedin Figure5, wherealignedblocks
aredelineatedy verticaldottedlines. We do not herecomputea distancebetween
adiagramanda patternor betweertwo patterns.

The distancemeasureM betweentwo diagramsD1 and D2 is given by the
normalisedsumof the edit distancegLevenshtein(1965))of all the blocksplusa
contritution from the extra (whencomparedvith the pattern)H-bondsandchiral-



ities in the diagrams.The distancebetweendenticaldiagramss zero;the larger
thedistancethe moredissimilararethetwo diagrams.

Structure comparison server

Thecomparisorsystemcanbeusedvia aWebsenerattops.ebi.ac.uk/topSamet
structurecanbe comparedigainstadatabasef TOPSdiagramscorrespondingo
all thedomainscurrentlyin the PDB (currentlyover 24000domains) arepresenta-
tive subse(the TOPSAtlas Westheacktal. (1998)),basedn clusteringstructures
in the structuraldatabankBernsteinet al. (1977); Abola et al. (1987) using the
standarasinglelinkageclusteringalgorithmat 95%sequencsimilarity, the CATH
list of non-identicalrepresentates (N-reps) (www.biochem.ucl.ac.uk/bsm/cath),
or the SCOPPDB90ddatabaséscop.mrc-Imlcam.ac.uk/scop/ The TOPSAtlas,
CATH N-repsandSCOPPDB90ddatabasesachcurrentlycontainjust over 3000
members.

Usersuploada tamget structuredescriptionin PDB format, selecta database
againstwhich to compareandentertheir emailaddressn orderto receve there-
sult. Thetamgetdescriptionis first analysedusingthe DSSPprogramKabschand
Sander(1983)which locatesSSEsand atomic hydrogenbonds. The TOPSpro-
gramFloreset al. (1994); Westheackt al. (1999) usesthis informationin a topo-
logical analysiswhich includesanalysisof connectionchirality; the resultingfile
is thentranslatednto a TOPSdiagramin logic programmingormatby a compiler
we have written in clp(FD) Codognetand Diaz (1996). The comparisonis then
performedoff-line, the result of eachcomparisoncomprisingthe distancemea-
sure,the nameof the domaincomparedandits hierarchicclassificatioraccording
to the CATH systemdevelopedat UCL Orengoetal. (1997). The outputis sorted
by distancefrom the tamget protein,andreturnedto the userby email. Usersmay
alsorequestthe outputfor eachcomparisorto be annotatedwvith the numbersof
the correspondingesiduesandalsothe commondiscoreredpattern.

Thesystemis fast;acomparisorof onestructureagainstheentirePDB (24000
domains}akesfrom underl0 minutesto 1 houror moreona DEC Alpha, depend-
ing on the compleity of the structuresubmitted.The servicewaslaunchedatthe
endof July 1998andsubmissiorratesduringthis periodhave been30 permonth.

3 Reaultsand Discussion

We have evaluatedour methodby performinga pairwisecomparisorof 1396do-
mainsfrom the SCOPPDB40ddatabaseMurzin et al. (1995) and computedthe
errorversuscoveragedatausingthe SCOPnumbersasanindicationof structural
homology Two domainsare definedas homologousif at leasttheir first three
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Patternsize Comparisons Patternsize Comparisons
0 382740 14 48
2 211463 15 53
3 132186 16 43
4 109845 17 21
5 74282 18 13
6 32005 19 15
7 16797 20 13
8 8445 22 15
9 3336 23 9
10 1366 24 11
11 652 25 1
12 238 26 3
13 105 27 2
28 2

Tablel: Patternsizesfor 1396pairwisecomparison§SCOPPDB40d)

SCOPnumbersareidentical; the domainsare non-homologousf only their first
SCOPnumbersareidentical. Matchesbetweendomainswith with only the first
two SCOPnumbersidentical are ignored (not performed)sincethe SCOPhier
archydoesnot differentiatehomologousand non-homologougpairs at this level.
Of the possible973710pairwisecomparisongtop half of the matrix), 3910were
definedashomologous965523asnon-homologousnd4277ignored.

Althoughour patterndiscovery algorithmproducegherichestpatternsover a—
B domainswhenbothH-bondandchirality connectionsanbediscorered,it also
discoverspatternsof H-bondsfor all-g domainsandpatternsof chiralitiesfor all-a
domains.However, the null patternwill be discoreredwhencomparingtwo all-«
domainswith no chirality information,andthusin this caseneitheran alignment
norameaningfulcomparisormeasureanbe computed.Thenull patternwill also
be discoveredwhen both domainshave non-emptyH-bond or chirality sets,but
no commonarcscanbe discovered. This is confirmedby the datasummarised
in table 1 which illustratesthe sizesof patternsdiscovered. Of the 382740null
patterns22%werefor homologuesthemajority (69%)of thesehomologousull-
patternpairsbeingall-alphadomains.

Coverageversuserrorresultsaregivenin Figure6. Timespercomparisorpair
aretypically 30—400mson average(DEC Alpha). The accurag of the systemas
measuredy coverageagainsterrorfallsin betweerthosefor STAMP Russeland
Barton (1992), a well-performing atom-coordinateapproachranging from 60%
coverageat 1% errorto 78% coverageat 5% error (G Barton,personacommuni-
cation)andsequence-basegproachegangingfrom 16%coverageat 1%errorto
18% coverageat 5% error) (G Barton,personacommunication) Actual timings
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Protein structure homology comparison using TOPS: SCOP domains
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Figure6: Coveragevserror

canbeimprovedby usinga moreefficientimplementationanguaggsuchasC++)
anda prefilter techniquesuchasthat usedin the DALI systemHolm and Sander
(1995).

A disadwantageof the topologicalapproachis that no RMSD outputcanbe
made- the bestthatcanbe doneis to returnthe numbersof the matchingresidues
of thematchingSSEswhichis notaoneto onerelationshipbetweerresiduesput
ratherbetweerbetweerSSEswhich arepotentiallyof differentlengths.However,
an advantageof our pattern—basedeclaratie approachis that the patternscan
be returnedto the user- thesecontainmoreinformationthanis corveyed by the
comparisorscorealone for examplethatbothpatterncontaineca completebarrel.

The compleity measureshat we have givenin Section2.3 demonstratéhat
our pattern-disceery basedapproachis fasterthan a maximal clique algorithm
implementedon the sameprogrammingplatform, especiallyover groupsof more
thantwo proteinssinceit is lineartime in thenumberof memberf thetametset.
Indeed theadwantage®f our approachmay strongestor patterndiscovery per se
We arenow investigatingthe useof our methodto compilesetsof topologicalpat-
ternsfor proteinfamilies,andthenusingthesepatterndor the rapid classification
of new structures.
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