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I. INTRODUCTION

Understandinghe function of proteinscontinuesto be a fundamentaproblemof biology[7].
Functionalannotatiorof proteinsthroughbiologicalexperimentationhowever, is time-consuming
and expensve. Many computationalmethodsfor predictionof protein function have beende-
veloped.Sometools, suchas PSI-BLAST[Z, EMATRIX[13], and PROSITE[f], use sequence
similarity to helppredictfunction,while others,suchasJESS[12] PINTS[]], webFEA'URE[10],
GeometricHashing[1], and Match Augmentation[B predict function using comparisonsof
geometricstructure Although thesecomputationatechniquesareaccurateandef cient in deter
mining geometricsimilarity, the choice of proteincomponentgo compareis importantaswell.
Thesecomponentsnust be both functionally signi cant and a geometricallydistinct represen-
tation of that protein relative to other protein structuresto prevent matcheswith proteinsthat
arenot functionally similar. Herewe explore methodsfor choosingproteincomponentsghat will
increasethe sensitvity and speci city of searching.

Il. PREVIOUS WORK

Somealgorithmsthatsearchfor matcheswith greatesgeometricsimilarity, suchasGeometric
Hashing[1] and Match Augmentation[B useleastroot meansquaredistance(LRMSD) asa
measuref geometricsimilarity. A statisticallysigni cant LRMSD betweertwo proteinstructures
cansuggessimilar function[3. In their work on Match AugmentationChenet. al. de ne a motif
asa known proteincomponentusuallyanactive site,thatis usedto searchfor structuralmatdes
in a setof functionallyuncharacterizegroteins known astargets A motif is composeaf points
in three-dimensionapacepsuallychoserfrom theareasurroundingheactive site of the protein.
Figurelshaowns an exampleof a setof motif points (left) and the samemotif superimposean
a tamget protein structure (right). Each motif point is de ned by its geometriccon guration
and its chemicalmalkeup. In previous work, motifs have beendesignedfrom a single protein
structure However, mary proteinsoccurin avariety of statesdueto conformationachangeghat
may occur during ligand binding or catalysis(Figure2).For example, the unligandedform of
glutathionetransferas€lgsd),its comple< with an ethacrynicacid glutathioneconjugate(1gse),
andits comple with ethacrynicacid alone (1gsf) are amongthe 153 structuresof glutathione
transferasesontainedin the ProteinData Bank[5] (PDB). Here we presenta processor using
this knowledgeof multiple structurego improve our methodof motif design.

[I11. DATA AND METHODS

Our primary dataconsistedof ten distinct protein structuresselectedfrom the Protein Data
Bank.A datasetappropriator studyingthe developmentof motifs basedon multiple structures



Fig. 1. An examplemotif (left) anda sampletarget with motif (right)

neededto consistof a variety of proteins,eachhaving multiple structuresin the PDB and
a set of functionally homologousproteins. Functional homology was determinedusing the
EnzymeCommission(EC) classi cation, which, althoughimperfect,is standardand useful for
our purposesFor eachof the ten protein structures,a motif consistingof four to ten residue
pointswasdesignedasedn documentatiomf functionallysigni cant aminoacidsandsequence
analysisinformation. For example,peroxidasdrom the fungusArthromycesramosuglaru)is a
hemeproteinbelongingto EC family 1.11.1.7 Five pointswereselectedor this motif, including
histidine 184, which bindsthe hemeiron[8], andthe distal amginine (Arg-52in this structure[4]),
which hasbeensuggestedo play a role in substratebinding and stabilizationof the productof
the rst stepof the enzymereaction[9].Also includedwas histidine 56, which is suggestedo
be responsibldor protontranslocationin the hydrogenperoxidesubstrateand hasbeenshovn
to undego conformationalkchangein complexeswith both cyanideandtriiodide[4]. Asparagine
93 andglutamicacid 87 were chosenbecausehey form a hydrognbondnetwork with histidine
56[4].

Using the motif designedfor eachsingle protein structure Match Augmentation[3 wasthen
usedto comparethe geometricsimilarity of the motif with that of a set of target proteins
composedf thosestructuresn the functionalhomologfamily. Match Augmentationconsistsof
two parts: seedmatchingand augmentationSeedmatchingtakes advantageof a prioritization
assignedo the motif points basedon sequencenalysisinformation, searchingfor targetsthat
match the three highestpriority motif points. The k targets that match this seedwith lowest
LRMSD arethenpassedo the Augmentationphasewherethe matchesareiteratively 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 corventionalmethodis not sensitve
or speci ¢ enoughto matchall functionally homologousproteins.The LRMSD valuesobtained
for eachtarget structurereturninga matchwerethenusedto separatehe 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 peroxidaserom the fungus Arthromycesramosuswas divided into threedistinct structural
subgroups.



Fig. 2. Threecrystallizedstructuresof HumanDNA Topoisomerasé

V. RESULTS, CONCLUSIONS, AND FUTURE WORK

For eachof the proteinstructuresn our datasetywe wereableto divide the setof functionally
homologousstructuresinto subgroupsalthoughthe numberand size of thesesubgroupsvary
widely. Theseresultsindicate that groupsof proteinswith similar function can be subdvided
into morespeci ¢ subgroupsasedon structuralsimilarity. The resultsfrom the sggmentationof
theseprotein families providesinformation that can be usedto develop an ensembleof motifs
which describethe variousstatesn which target proteinstructuresanbe found moreeffectively
than ary motif de ned by corventional means.We hypothesizethat motifs developedbased
on multiple protein structureswill have higher sensitvity and speci city than single structure
optimizedmaotifs. The next stepin the projectwill be to usethis informationto createthe new
motifs and then comparethe motifs designedoasedon this multiple structureinformationwith
motifs developedfrom a single structure.In the future, we are also interestedin developinga
meansof automatingthis motif designbasedon multiple structures.
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