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1 Intr oduction

Bioinformaticshasbeenreceving a lot of attentionlately from the researclcommu-
nity. Bioinformaticsblendscomputersciencepiology, andchemistrytogether It uses
computersandtechniquesievelopedin computerscienceto solve mary problemsin
biology and chemistry Several applicationsinclude moleculeand proteinmodeling,
proteinsequencalignmentproteinfolding, rationaldrugdesign anddatabaseearch-
ing to cull informationfrom large genomesand proteindatabanks Bioinformaticsis
increasingn popularitybecausét hasapplicationdn all facetsof life, andit is arela-
tively new eld with veryfertile ground.

Proteinsinteractwith eachotherin mostreactionsthat occurin the body. They
areinvolvedin everythingfrom DNA transcriptionandreplicationto viral protection
to enegy consumptioranddistribution amongthe cells. Understandindnow a protein
interactswith otherproteinsandhow it functionsis crucial to understandindgnow the
bodyworksandfunctions.

Therearethreemaintypesof protein-proteirinteractions:protein-proteirinterac-
tions, protein-DNA interactionsandtheinteractionbetweermonomerof multimeric
proteins. Protein-proteirinteractionsoccur betweentwo or more proteins. Someex-
amplesarethe interactioninvolving GroEL and GroESto aid in proteinfolding, the
interactionbetweencalmodulinany myosinto producemusclecontraction,and pro-
tein/antibodybinding. Protein-DM intreactionsnvolve a proteinanda pieceof DNA.
This situationoccursmostly in DNA replication. Finally, someproteinsare madeup
of severalchainsor loops. Thesechainsareintertwinedandinteractwith eachotherto
dictatehow the proteinfolds, its function,andhow it interactswith otherthings. For
example HIV-1 proteasés make up of two chains(or monomersihatmove with each
other

Our goalis to studythesereactionsandto simulatethem. The dif culty is that
proteinshave hundredgo thousand®f degreesof freedom. Evenwhenassumptions
aremadeandtheir structuresare simpli ed, they arestill very complex anddif cult
to simulatein a reasonablamountof time. Becausef their compleity, mostsimu-
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lationsconsiderproteinsasrigid objects.This is anunreasonablassumptiorbecause
someproteinsareknown to undegolarge conformationathanges(They exhibit large
movementslurringinteractions.)They shouldbe considerede xible, notrigid.

Motion planningtechniquesregoodat computingpathswhentherobothasmary
degreesof freedom. Several algorithms,especiallyProbabilisticRoadmapMethods
(PRMs)andtheirvariations have alot of succesén asituationwheretherobotis com-
plex. By consideringheproteinto be anarticulatedrobot (arobotwith severallinks),
we canapplythesametechniquesievelopedfor robotmotionplanningto proteinsim-
ulation.

2 Evidencethat Proteinsare Flexible

Show proofthatproteinsdo undegolargeconformationathangesShaow thattherigid
assumptionn grosslyinadequatén somecasesGive examplesandpictures.

2.1 GroEL/GroESComplex

Proteinsmay make "bad” connectionsvhentrying to fold to their native state. These
"bad” connectectionspr aggreyates,can causethe proteinto function improperly
Chaperonesanpreventandreversesuch’bad” connectiondy bindingto andreleas-
ing the unfoldedor aggreyatedproteinduring the folding process.Chaperoneso not
increaseaherateof proteinfolding, they only increaséts ef ciency.

GroEL and GroESwork together(interact)to help peoteinsfold into their native
stateproperly They do this by surroundinghe proteinlike a cagetherebyproviding a
safeervironmentfor the protein. GroESbindsto the top of GroEL andformsa cage
aroundthe protein. During this interaction,GroEL undegoeslarge conformational
changesPicturesof theseproteins(obtainedfrom the ProteinDataBank andviewed
throughRasMol)areshavn in Figure?2.

Figure 1. GroEL/GroESaretwo chaperoneshat work togetherto increasethe ef -
ciengy of proteinfolding. Thetop “cap” is GroESandthe bottomtwo ringsis GroEL.



2 EVIDENCE THAT PROTEINS ARE FLEXIBLE 3

@) (b)

Figure2: GroEL is shavn before(a) andafter(b) bindingto GroES.GroESis removed
for clarity. GroEL undegoedargeconformationathangesluringthebindingprocess.
It stretchesipwardsandtwistsin the presensef GroES.

2.2 DNA Polymerases

DNA is madeup of two helices.Thearedesignedn sucha way thatgivenonehelix,
theotherhelix canbe easilydetermined Durning DNA replication thesetwo helicies
aresplit apart. For eachhelix, the cell createghe otherhalf. The cell takenonepiece
of DNA andmadea copy of it. DNA polymerasesatalyzethis process.

DNA polymerasé (Poll) wasthe rst enzymediscoveredto helpsynthesizé&®NA.
Pol I hasthreemain functions: actsas a polymeraseactsas an exonucleasen the
3' 5'direction,andactsasanexonucleasén the5' 3' direction. As a polymerase,
it helpscreatethe seconchelix by bindingthe correctbasesAs anexonucleaseit can
correctits mistales. The exonucleasactiity is like proofreading.

This enzymeis shapedike a hand(called the Klenow fragment),seeFigure 3.
Whenit functionsasa polymerasejt bindsto the DNA just like you would graba
rod with your hand. Whenit functionsasexonuclease' 5', the proteinundegoes
a large conformationakchangeandforms anothercleft perpendiculato the cleft that
containsthe polymerasesite. Thereis yet anotherbinding site for the third function,
exonucleas®' 3.

TheDNA alsochangegsonformatiorduringinteractionwith Poll. As Poll "grabs”
theDNA, it bendst about80 degrees.Thisis large enougtthatit is nolongerrealistic
to considerit arigid object. The DNA, aswell asthe protein, mustbe thoughtof as
exible.
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Figure3: DNA Polymerasé is shapedike a hand— shown in blue. It “grabs” the
pieceof DNA during DNA replicationwhenit functionsasa polymeraseThe protein
is shovn bothspace- lled(a) andasaribbon (b).

2.3 Calmodulin

Calmodulinregulatesmary importantfunctionsin the body by reactingto changing
calcium(Ca2+)levels. For example,it interactswith myosinto performmusclecon-
tractionsin thebody. Its sensitvity to calciumlevelsis dueto its readinesso bind to
calcium.

Calmodulinhastwo globular domainsconnectedy a singlealphahelix (seeFig-
ure4, b). Eachglobulardomaincontains2 Ca2+bindingsites.Calmodulinundegoes
large conformationathangesvhenboundto Ca2+. Also, whenboundto myosin,the
globular domainsremainrelatively unchangedbput the alphahelix connectingthem
unwindsandcontainsa sharpbend.Thedrasticchangdan conformationis mainly due
to thechangean thealphahelix.

3 The Project

Thegoal of our researchhis summeiis to simulateinteractionshetweerproteins.As
discussedhbove, proteinsare comple, dynamicstructures. Somemotion planning
algorithmshave had muchsuccessn computingpathsfor very complex robots. We
wantto applythesetechniquedrom roboticsto protein-proteirinteractionsimulation.

3.1 Background

Oneclassof motion planningalgorithms, ProbabilisticRoadmapMethods(PRMs),
have beenvery successfuln computingpathswherethe robot hasmary degreesof
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Figure4: Calmodulinis showvn in its unbound(a) and bound(b) states. This large
conformationathangds dueto the centralalphahelix asit windsandunwinds.

freedomin a reasonablamountof time. Although PRMsarenot complete(i.e. the
arenotguaranteedo nd apathif oneexists),they areableto nd solutionsto mary
problemsquickly. Completealgorithmsdo exist, but they are prohibitively long and
computationallyexpensve. PRMssacri ce completenesfor speed.

PRMshbuild aroadmapthroughthe robot's con guration space(C-space}hatthe
robot canuseto navigateits ervironment. A con guration is a unique positionand
orientationof the robot. The C-spaceconsistsof all con gurations,valid or not. In
robotics applications,a valid con guration is consideredo be onethat is entirely
collision-free. The roadmapis muchlike a statehighway map. It consistsof nodes
(cities)andedgeqstreets).

Roadmaypconstructionconsistsof two phasesnodegeneratiorandnodeconnec-
tion. During nodegenerationnodesare createdthat form the basisof the roadmap.
Thesenodescan be generatedn a numberof ways. The traditional PRM generates
theseuniformly at random. Theseare easyto computeand provide good coverageof
the C-space Variationsof the traditional PRM usedothermethodgo generateodes.
During nodeconnectionPRM triesto connecteachnodewith its k closestneighbors
via somelocal planner Variationsof PRM usedifferentmethodgo connecthenodes
anddifferentlocal planners.

Oncetheroadmagis built, a pathbetweerary startcon gurationandgoalcon g-
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urationis easilyfound. First the startandthe goalareconnectedo theroadmap.Then
the roadmapis searchedor the shortestpath betweenthe two nodesusing a graph
searchalgorithm.

One particularvariationof PRMs are focusedon single-queryplanning. Instead
of building a roadmapthat can solve multiple queries,or startand goal pairs, they
tailor theroadmagor oneparticularquery Two similar methodsveredevelopednde-
pendentlyat lowa StateUniversity and StanfordUniversity, Steve LaValle's Rapidly-
exploring RandomTrees(RRT) andDavid Hsu's plannerfor expansve con guration
spaces.Both of thesemethodsgrow a roadmapfrom the starttowardsthe goal and
from the goaltowardsthe startuntil they meet.

RRT alternatesnodegeneratiorandnodeconnectionasit expands,or grows, the
roadmap. First a nodeis generatedat random. This nodespeci es the direction of
expansion. Thenthe algorithm selectsthe closestnodeto the new node. It makesa
smallstepfrom this nodetowardsthe directionnode.lf it is collision-free,it addsthis
stepto the roadmapand connectst to the nodeit beganfrom. After eachnewv node
andnew edgeis added,the algorithmchecksto seeif the goal hasbeenreachedor,
in the caseof two trees,if the treesmeeteachother This processs repeatedintil a
solutionis found. Sincethe growth is biasedby randomnodes the expansiontendsto
beaglobalone,pulling theroadmapoutinto unexploredregionsof the C-space.

Hsu's algorithmdiffersin how expansionis biased. Insteadof picking a random
nodeandwalking towardsit, his algorithmpicks a node,x, in thetreebasedon some
probability. Thenseveralnew nodesaregeneratedn the neighborhoodf x. Someof
thesenodesare keptandonly addedto the roadmapif an edgeexists betweenit and
X. Again, after eactnew nodeandnew edgeis addedto the roadmap the algorithm
checksif the goal hasbeenreachedr the two tree meet. This algorithmimplements
local expansiornthroughneighborhoodsvhile RRT usesa globalexpansiorby random
sampling.

3.2 Biology Considerations

Motion planningalgorithmswere designedor roboticsapplications.With just a de-
scriptionof therobot, the ervironment,anda collision-checler, dif cult motionplan-
ning problemscan be solved with ease. Thesesametechniquesalthoughoriginally
intendedor robots,canbeappliedto proteins.

Proteinsaremadeup of atomsandbonds.Eachatomcanbe modeledasa sphere,
andeachbondcanbe modeledasarod thatconnectdwo atomstogether The protein
canbeconsideredo beanarticulatedrobot,or onewith multiple links. Here, thebonds
aretherobot'slinks andthe atomsaretherobot'sjoints.

Linked robotsmove basedon changesn joint angles,seeFigure5, (a). A joint
angleis the anglebetweenwo consecutie links. The numberof joint anglesplusthe
positionandorientationof the basearetherobot's degreesof freedom.

Proteinsbehave slightly differently. Chemistshave discoveredthat bondlengths
and bond angles(the angle betweentwo consecutie bonds)do not changesigni -
cantly during conformationalchanges.We can safely assumethat the bond lengths
andbondanglesare x ed. Torsionalanglesontheotherhand,do changesigni cantly
whenthe protein's conformationchanges.It is the contrituting factorto changesn



3 THE PROJECT 7

@) (b)

Figure5: (a) Linked manipulatoramove basedon their joint angles,q; andgz. (b)
Lik ewise,proteinsmove basedn their torsionalangles.

conformationseeFigure5, (b). The numberof torsionalanglesplusthe positionand
orientationof theroot atomarethe protein's degreesof freedom.

The goal of motion planningalgorithmsis to producefeasiblepathsfor the robot.
Thesepathsmustberealistic. In orderfor apathto befeasible atevery pointalongthe
paththerobotmustbe collision-free.(A collision-freerobotis onethatis not colliding
with itself or any otherobstaclen theervironment.)

Thesameprincipleholdstruefor proteins.Any computedpathmustbefeasibleso
the simulationis realistic. The notion of a valid/feasiblecon gurationis morecompli-
catedfor aproteinthanfor aphysicalrobot. Not only musttheproteinbecollision-free,
it mustalsobeenepeticallyreasonableln nature proteinconformationgypically have
low enegies. The samemustbetruefor computedconformations.

This propertycan be easilyincludedin the collision-checler. Insteadof merely
checkingfor collision, the collision-checlerwill now alsocheckthe enegy. By mod-
eling proteinsasarticulatedrobotsandincluding the enegy functionin the collision-
checler, the samemotion planningalgorithmsdevelopedfor robots can be directly
appliedto proteins.

Unfortunately exactenengy calculationsarevery time consuming.They would be
inappropriateo includein a collision-checler thatis calledthousand®f timesduring
roadmapcreation. Someassumptiongan be madeto reducethe runningtime of the
enepy calculationsFirst,wewill only considethevanderWaalsenepy. Electrostatic
enegy andtorsionalenegy make up a small part of the total enegy, sothey canbe
safelyneglected.

To computethe van der Waalsenepy, every pair of atomsmustbe considered.
Atoms that are closetogethercontritute largely to the total enegy. Likewise, atoms
thatarefar apartdo not contributeawholelot to the total enegy. We canapproximate
thevanderWaalsenepgy by neglectingpairsof atomsthatarefar apart.To do this, we
imposea cutoff distancelf thedistancebetweerthetwo atomsis largerthanthe cutoff
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distance(8 A in our case)thenthe enepy for thatpair is not computed.This reduces
therunningtime of the enepgy calculationandstill givesa goodapproximatiorof the
eneny.

In summary motion planningalgorithmslike PRM and RRT can be appliedto
protein-proteirinteractiondy modelingtheproteinasanarticulatedrobotandinclud-
ing the enegy functionin the collision-checler. If the enepgy calculationis accurate
andef cient, thenthesemotionplanningalgorithmswill performwell on proteinsand
couldprovide greatefinsightinto how proteinsmove andfunction.

3.3 BasicAlgorithm

Our algorithmfor modelingprotein-proteininteractionsis an extensionof RRT and
Hsu's plannerfor expansve C-spaceswith one large variation. Insteadof building
trees,we will build graphs. This way we canlook at mary differentpathsfrom the
start(unboundstate)to the goal (boundstate)insteadof just one solution. This will
improve the quality of the “best” solutionandincreaseour understandingf protein-
proteininteractions.

The rst conscernis to generateenegeticallyfeasiblenodesto build the roadmap
with. Becausehe conformationalspaceis n-dimensionaljt is nearlyimpossibleto
performa systematicsearch. If we just generatehe nodesrandomly the likelihood
thatwe will nd “good” nodesis very small. To combatthesedif culties, we rst
generateénoderandomlyandthenperforma gradientdescento minimizeits enegy.

Performingan exact gradientdescenis too time consumingo consider Instead,
we approximatea gradientdescent.To do this we rst generatea randomnodenear
the original nodeand computeits enegy. If its enegy is lessthanthe original node,
we declareit to be the nev minimum and replacethe original node. If its enegy is
greaterthantheoriginal node,we throw it away. This processs repeatednary times,
typically anywherefrom 10to 30iterations.

To generatearandomnearbynode,we rst selectafew rotablebondsat random.
We thenapply a small, randomdisplacementn the torsionalanglesof thesebonds.
Theresultingconformationis randomlygeneratedyut very similarto theoriginal con-
formation.

Now we have all the building blocksto implementa variationof RRT andHsu's
algorithm.Roadmaponstructioris asfollows:

BUILD _ROADMAPS(Qgart, Agoar)

Retart -INit(Qsart)

Ryoal-iNit(Qgoar)

forn 1toNdo
EXTEND(Rgart)
EXTEND(Ryoal)
CONNECTMAPS[Rgart, Rgoal)

ok wnNE
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EXTEND(R)

Oorig SELECTNODE(R)

Ohev GENERATE_NEIGHBOR@orig)
MINIMIZE _-ENERGY Qnew)
R.addnodefne)

R.add edges@nen)

arwbdpE

We build two roadmapspne rootedat the start conformationand one rooted at
the goal conformation. During eachiteration, eachroadmapis extended. Thenthe
altorithmattemptgto connecthe two roadmapgogether We arelooking for multiple
paths,sowe do not stopthe algorithmonce CONNECT-MAPS() is successfullf we
werelooking to save time andonly computeonepath,we would stopthe algorithmas
soonasCONNECTMAPS()is successfuanda pathis found.

TheEXTEND() methodsimply generateanew nearbynode minimizesits enegy,
andthenaddsit to theroadmap.Thenadd edges(checksfor connectionbetweerthe
new nodeandits k closestheighbors.This allows usto build agraph,insteadof atree,
andsearchfor multiple solutionpaths.

Whenedgesarechecledfor validity, every nodes enegy alongthatedgeis com-
puted.We canusethisinformationto computeanedgeweight. Thesimplestschemas
to let the edgeweightequalthe sumof all nodeenegiesalongthatedge.This givesa
higherweightto pathswith higherenepies.It alsogiveslongeredges higherweight.
Thismayundulybiasthealgorithmto look for shortempaths,gnoringlongerpathsthat
may be enegetically feasible.To avoid this, the averageenegy alongthe edgecould
bestoredasthe edgeweightintead.

Aslongashigherweightscorrespondo edgesith highenegiesandlowerweights
correspondo edgeswith low enegies,edgeweightscanidentify themostenegetically
feasiblepaths.A graphsearchthatlooksfor a pathwith thelowesttotal weightwould
pull outthe mostenegeticallyfeasible or “best”, path.

3.4 Implementation

Sofar, we have implementedseveral piecesof the algorithmin C++. We beganwith a
framework developedby Ming Zhang,apostdodn Dr. Kavraki'sresearclgroup. This
framework supplieda working representationf moleculesandproteins.We areusing
the Atomroup Local Framesapproachdevelopedby Zhang,to quickly calculatethe
new xyz postitionsof theatoms.An atomgrougs simply agroupof atomsthatremain
x edrelative to eachother Suchgroupsmay be rings, proteinsidechainspr atoms
connectedy nonrotablebonds.

Thecodecaninputandoutput les in themol2 format!. We selectedhisformatfor
anumberof reasonsFirst, it is very intuitive to useandcode.SecondRasmol.afree
moleculevisualizationtool, works with mol2 les. Finally, andmostimportantly we
canutilize the thousand®f proteinstructuresstoredin the ProteinDatabank(PDB).
Thesestruturesarestoredaspdb les, but sincethey arenotasintuitive, we useSybyP
to corvertthemto themol2 le format.

1Themol2 le formatdevelopedby Triposis usedby mary biochemists.
2Sybylis anextensie tool for visualizationandbiological computatiordevelopedby Tripos.
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With PaulMurphrey'shelp,anothemembeiof Dr. Kavraki'sgroup,we haveadded
basicenepy calculationgto the implementation.Thesecalculationscomputethe van
derWaalsenegy of the molecule. This enegy calculationusesa distancecutoff of 8
A. Thisdistances standardn the biochemistrycommunity To saze computatiortime,
the enepgy dervived from pairsof atomsin the sameatomgroupis only computedn
the rst enegy calculation.Sincetheseatomsdo not move relative to eachother, their
vanderWaalsenegy is constant.Dependingon how theatomgroupsrede ned, this
cangreatlyreducecomputatiortime.

We havealsoimplementedhe GENERATE_NEIGHBOR()andMINIMIZE _[ENERGY)(()
methods.Thesewerefairly straightforvardto implementbut needsomeoptimization
work.

4 Future Reseach

The next stepis to put all the piecestogetherto developethe entire algorithm. The
Roboticsgroupat TexasA&M Universityhasa goodimplementatiorof a PRM frame-
work. Working with that group last summerand last year, | have a good working
knowledgeof their code.To have aworking algorithm,all thatis left is to integratethe
piecesdevelopedthis summeiinto their PRM framework.

As mentionedearlier someoptimizationwork is neededto reducethe running
time. An obviousapproaclhis to computeenegy calculationsn parallel. Also, every
node along an edgemustbe checled for validity to add that edgeto the roadmap.
Checkinga nodeis independentf the othernodes,so this canbe donein parallel,
giving a node(or setof nodes)to eachprocessar Sincemostof the runningtime is
spentin checkingvalidity andcomputingenegies,theseémprovementswill producea
signi cant reductionin runningtime. We needto look into otherwaysto parallelize
thecode.

Oncetheentirealgorithmis implementedandworking, we canlook atmary differ-
entprotein-proteirinteractionsWe wouldliketo rst considetthe calmodulin/myosin
interactionfor two reasonsFirst, calmodulinundegoedarge conformationathanges,
the exactsituationour researchs tamgeting. Secondit is alreadyknown how calmod-
ulin movesto bind to myosin. We canusethis informationto testthe validity of our
results.

The work this summerprovides a good foundationfor future research.This re-
searchwill provide insightinto how proteinsmove and function. It will mainly be
usedto studyhow proteinsinteractwith eachotherandotherbiological substancem
thebody. This knowledgehasthe power to impactthe bioinformaticscommunityasa
whole,especiallypharmaceuticadrugdesignandmoleculamrmodeling.



