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I . INTRODUCTION

Understandingthe function of proteinscontinuesto be a fundamentalproblemof biology[7].
Functionalannotationof proteinsthroughbiologicalexperimentation,however, is time-consuming
and expensive. Many computationalmethodsfor predictionof protein function have beende-
veloped.Sometools, suchas PSI-BLAST[2], EMATRIX[13], and PROSITE[6], usesequence
similarity to helppredictfunction,while others,suchasJESS[12],PINTS[1], webFEATURE[10],
GeometricHashing[11], and Match Augmentation[3], predict function using comparisonsof
geometricstructure.Althoughthesecomputationaltechniquesareaccurateandef�cient in deter-
mining geometricsimilarity, the choiceof proteincomponentsto compareis importantaswell.
Thesecomponentsmust be both functionally signi�cant and a geometricallydistinct represen-
tation of that protein relative to other protein structuresto prevent matcheswith proteinsthat
arenot functionallysimilar. Herewe exploremethodsfor choosingproteincomponentsthatwill
increasethe sensitivity andspeci�city of searching.

I I . PREVIOUS WORK

Somealgorithmsthatsearchfor matcheswith greatestgeometricsimilarity, suchasGeometric
Hashing[11] and Match Augmentation[3], use least root meansquaredistance(LRMSD) as a
measureof geometricsimilarity. A statisticallysigni�cant LRMSD betweentwo proteinstructures
cansuggestsimilar function[3]. In their work on MatchAugmentation,Chenet.al. de�ne a motif
asa known proteincomponent,usuallyanactivesite,that is usedto searchfor structuralmatches
in a setof functionallyuncharacterizedproteins,known astargets. A motif is composedof points
in three-dimensionalspace,usuallychosenfrom theareasurroundingtheactivesiteof theprotein.
Figure1shows an exampleof a set of motif points (left) and the samemotif superimposedon
a target protein structure(right). Each motif point is de�ned by its geometriccon�guration
and its chemicalmakeup. In previous work, motifs have beendesignedfrom a single protein
structure.However, many proteinsoccurin a varietyof statesdueto conformationalchangesthat
may occur during ligand binding or catalysis(Figure2).For example,the unligandedform of
glutathionetransferase(1gsd),its complex with an ethacrynicacid glutathioneconjugate(1gse),
and its complex with ethacrynicacid alone(1gsf) are amongthe 153 structuresof glutathione
transferasescontainedin the ProteinDataBank[5] (PDB). Herewe presenta processfor using
this knowledgeof multiple structuresto improve our methodof motif design.

I I I . DATA AND METHODS

Our primary dataconsistedof ten distinct protein structuresselectedfrom the ProteinData
Bank.A datasetappropriatefor studyingthedevelopmentof motifs basedon multiple structures
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Fig. 1. An examplemotif (left) anda sampletarget with motif (right)

neededto consist of a variety of proteins,each having multiple structuresin the PDB and
a set of functionally homologousproteins. Functional homology was determinedusing the
EnzymeCommission(EC) classi�cation,which, althoughimperfect,is standardanduseful for
our purposes.For eachof the ten protein structures,a motif consistingof four to ten residue
pointswasdesignedbasedondocumentationof functionallysigni�cant aminoacidsandsequence
analysisinformation.For example,peroxidasefrom the fungusArthromycesramosus(1aru)is a
hemeproteinbelongingto EC family 1.11.1.7.Five pointswereselectedfor this motif, including
histidine184,which bindsthehemeiron[8], andthedistalarginine (Arg-52 in this structure[4]),
which hasbeensuggestedto play a role in substratebinding andstabilizationof the productof
the �rst stepof the enzymereaction[9].Also includedwas histidine 56, which is suggestedto
be responsiblefor proton translocationin the hydrogenperoxidesubstrateandhasbeenshown
to undergo conformationalchangein complexeswith both cyanideandtriiodide[4]. Asparagine
93 andglutamicacid 87 werechosenbecausethey form a hydrognbondnetwork with histidine
56[4].

Using the motif designedfor eachsingleproteinstructure,Match Augmentation[3] wasthen
used to comparethe geometricsimilarity of the motif with that of a set of target proteins
composedof thosestructuresin the functionalhomologfamily. MatchAugmentationconsistsof
two parts:seedmatchingand augmentation.Seedmatchingtakes advantageof a prioritization
assignedto the motif points basedon sequenceanalysisinformation,searchingfor targetsthat
match the three highestpriority motif points. The k targets that match this seedwith lowest
LRMSD arethenpassedto theAugmentationphasewherethematchesareiteratively expanded,
adding the remainingmotif points in order of decreasingpriority. We use k = 30. Multiple
completematchesmay be found, but we use only the match with the lowest LRMSD. For
all protein structures,approximately80% of the functional homologsreturneda matchfor the
initial motif. This indicatesthat a motif designedusingthe conventionalmethodis not sensitive
or speci�c enoughto matchall functionally homologousproteins.The LRMSD valuesobtained
for eachtargetstructurereturninga matchwerethenusedto separatethe targetsinto subgroups.
Targets with a low pairwise LRMSD have similar structure,while thosewith high pairwise
LRMSD have less similar structure.For example, the functional homolog family containing
the peroxidasefrom the fungusArthromycesramosuswasdivided into threedistinct structural
subgroups.
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Fig. 2. Threecrystallizedstructuresof HumanDNA TopoisomeraseI

IV. RESULTS, CONCLUSIONS, AND FUTURE WORK

For eachof theproteinstructuresin our dataset,we wereableto divide thesetof functionally
homologousstructuresinto subgroups,althoughthe numberand size of thesesubgroupsvary
widely. Theseresultsindicate that groupsof proteinswith similar function can be subdivided
into morespeci�c subgroupsbasedon structuralsimilarity. Theresultsfrom thesegmentationof
theseprotein families provides information that can be usedto develop an ensembleof motifs
which describethevariousstatesin which targetproteinstructurescanbefoundmoreeffectively
than any motif de�ned by conventional means.We hypothesizethat motifs developedbased
on multiple protein structureswill have higher sensitivity and speci�city than single structure
optimizedmotifs. The next stepin the projectwill be to usethis information to createthe new
motifs and thencomparethe motifs designedbasedon this multiple structureinformationwith
motifs developedfrom a single structure.In the future, we are also interestedin developing a
meansof automatingthis motif designbasedon multiple structures.
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