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1 Intr oduction

Bioinformaticshasbeenreceiving a lot of attentionlately from the researchcommu-
nity. Bioinformaticsblendscomputerscience,biology, andchemistrytogether. It uses
computersandtechniquesdevelopedin computerscienceto solve many problemsin
biology andchemistry. Several applicationsincludemoleculeandproteinmodeling,
proteinsequencealignment,proteinfolding, rationaldrugdesign,anddatabasesearch-
ing to cull informationfrom largegenomesandproteindatabanks.Bioinformaticsis
increasingin popularitybecauseit hasapplicationsin all facetsof life, andit is a rela-
tively new �eld with very fertile ground.

Proteinsinteractwith eachother in most reactionsthat occur in the body. They
areinvolved in everythingfrom DNA transcriptionandreplicationto viral protection
to energy consumptionanddistributionamongthecells. Understandinghow a protein
interactswith otherproteinsandhow it functionsis crucial to understandinghow the
bodyworksandfunctions.

Therearethreemaintypesof protein-proteininteractions:protein-proteininterac-
tions,protein-DNA interactions,andtheinteractionbetweenmonomersof multimeric
proteins.Protein-proteininteractionsoccurbetweentwo or moreproteins.Someex-
amplesarethe interactioninvolving GroEL andGroESto aid in proteinfolding, the
interactionbetweencalmodulinany myosinto producemusclecontraction,andpro-
tein/antibodybinding.Protein-DNA intreactionsinvolveaproteinandapieceof DNA.
This situationoccursmostly in DNA replication. Finally, someproteinsaremadeup
of severalchainsor loops.Thesechainsareintertwinedandinteractwith eachotherto
dictatehow theproteinfolds, its function,andhow it interactswith otherthings. For
example,HIV-1 proteaseis makeupof two chains(or monomers)thatmovewith each
other.

Our goal is to study thesereactionsand to simulatethem. The dif�culty is that
proteinshave hundredsto thousandsof degreesof freedom.Evenwhenassumptions
aremadeandtheir structuresaresimpli�ed, they arestill very complex anddif�cult
to simulatein a reasonableamountof time. Becauseof their complexity, mostsimu-
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lationsconsiderproteinsasrigid objects.This is anunreasonableassumptionbecause
someproteinsareknown to undergolargeconformationalchanges.(They exhibit large
movementsdurringinteractions.)They shouldbeconsidered�e xible, not rigid.

Motion planningtechniquesaregoodatcomputingpathswhentherobothasmany
degreesof freedom. Several algorithms,especiallyProbabilisticRoadmapMethods
(PRMs)andtheirvariations,havealot of successin asituationwheretherobotis com-
plex. By consideringtheproteinto beanarticulatedrobot(a robotwith severallinks),
wecanapplythesametechniquesdevelopedfor robotmotionplanningto proteinsim-
ulation.

2 Evidencethat ProteinsareFlexible

Show proofthatproteinsdoundergolargeconformationalchanges.Show thattherigid
assumptionin grosslyinadequatein somecases.Giveexamplesandpictures.

2.1 GroEL/Gr oESComplex

Proteinsmaymake ”bad” connectionswhentrying to fold to their native state.These
”bad” connectections,or aggregates,can causethe protein to function improperly.
Chaperonescanpreventandreversesuch”bad” connectionsby bindingto andreleas-
ing theunfoldedor aggregatedproteinduringthefolding process.Chaperonesdo not
increasetherateof proteinfolding, they only increaseits ef�ciency.

GroEL andGroESwork together(interact)to help peoteinsfold into their native
stateproperly. They do this by surroundingtheproteinlike a cagetherebyproviding a
safeenvironmentfor theprotein. GroESbindsto the top of GroEL andformsa cage
aroundthe protein. During this interaction,GroEL undergoeslarge conformational
changes.Picturesof theseproteins(obtainedfrom theProteinDataBankandviewed
throughRasMol)areshown in Figure2.

Figure1: GroEL/GroESare two chaperonesthat work togetherto increasethe ef�-
ciency of proteinfolding. Thetop “cap” is GroESandthebottomtwo ringsis GroEL.
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(a) (b)

Figure2: GroELis shown before(a)andafter(b) bindingto GroES.GroESis removed
for clarity. GroELundergoeslargeconformationalchangesduringthebindingprocess.
It stretchesupwardsandtwistsin thepresenseof GroES.

2.2 DNA Polymerases

DNA is madeup of two helices.Thearedesignedin sucha way thatgivenonehelix,
theotherhelix canbeeasilydetermined.DurningDNA replication,thesetwo helicies
aresplit apart.For eachhelix, thecell createstheotherhalf. Thecell takenonepiece
of DNA andmadeacopy of it. DNA polymerasescatalyzethis process.

DNA polymeraseI (Pol I) wasthe�rst enzymediscoveredto helpsynthesizeDNA.
Pol I hasthreemain functions: actsasa polymerase,actsasan exonucleasein the
3' � 5' direction,andactsasanexonucleasein the5' � 3' direction.As a polymerase,
it helpscreatethesecondhelix by bindingthecorrectbases.As anexonuclease,it can
correctits mistakes.Theexonucleaseactivity is like proofreading.

This enzymeis shapedlike a hand(called the Klenow fragment),seeFigure 3.
When it functionsasa polymerase,it binds to the DNA just like you would graba
rod with your hand. Whenit functionsasexonuclease3' � 5', theproteinundergoes
a large conformationalchangeandforms anothercleft perpendicularto the cleft that
containsthepolymerasesite. Thereis yet anotherbindingsite for the third function,
exonuclease5' � 3'.

TheDNA alsochangesconformationduringinteractionwith PolI. As PolI ”grabs”
theDNA, it bendsit about80degrees.This is largeenoughthatit is no longerrealistic
to considerit a rigid object. The DNA, aswell astheprotein,mustbe thoughtof as
�e xible.
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Figure3: DNA PolymeraseI is shapedlike a hand— shown in blue. It “grabs” the
pieceof DNA duringDNA replicationwhenit functionsasa polymerase.Theprotein
is shown bothspace-�lled(a)andasaribbon(b).

2.3 Calmodulin

Calmodulinregulatesmany importantfunctionsin the body by reactingto changing
calcium(Ca2+)levels. For example,it interactswith myosinto performmusclecon-
tractionsin thebody. Its sensitivity to calciumlevels is dueto its readinessto bind to
calcium.

Calmodulinhastwo globular domainsconnectedby a singlealphahelix (seeFig-
ure4, b). Eachglobulardomaincontains2 Ca2+bindingsites.Calmodulinundergoes
large conformationalchangeswhenboundto Ca2+.Also, whenboundto myosin,the
globular domainsremainrelatively unchanged,but the alphahelix connectingthem
unwindsandcontainsa sharpbend.Thedrasticchangein conformationis mainly due
to thechangein thealphahelix.

3 The Project

Thegoalof our researchthis summeris to simulateinteractionsbetweenproteins.As
discussedabove, proteinsare complex, dynamicstructures. Somemotion planning
algorithmshave hadmuchsuccessin computingpathsfor very complex robots. We
wantto applythesetechniquesfrom roboticsto protein-proteininteractionsimulation.

3.1 Background

One classof motion planningalgorithms,ProbabilisticRoadmapMethods(PRMs),
have beenvery successfulin computingpathswherethe robot hasmany degreesof
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Figure4: Calmodulinis shown in its unbound(a) andbound(b) states. This large
conformationalchangeis dueto thecentralalphahelix asit windsandunwinds.

freedomin a reasonableamountof time. Although PRMsarenot complete(i.e. the
arenot guaranteedto �nd a pathif oneexists),they areableto �nd solutionsto many
problemsquickly. Completealgorithmsdo exist, but they areprohibitively long and
computationallyexpensive. PRMssacri�ce completenessfor speed.

PRMsbuild a roadmapthroughtherobot's con�guration space(C-space)that the
robot canuseto navigate its environment. A con�guration is a uniquepositionand
orientationof the robot. The C-spaceconsistsof all con�gurations,valid or not. In
roboticsapplications,a valid con�guration is consideredto be one that is entirely
collision-free. The roadmapis muchlike a statehighway map. It consistsof nodes
(cities)andedges(streets).

Roadmapconstructionconsistsof two phases:nodegenerationandnodeconnec-
tion. During nodegeneration,nodesarecreatedthat form the basisof the roadmap.
Thesenodescanbe generatedin a numberof ways. The traditionalPRM generates
theseuniformly at random.Theseareeasyto computeandprovide goodcoverageof
theC-space.Variationsof thetraditionalPRM usedothermethodsto generatenodes.
During nodeconnection,PRM triesto connecteachnodewith its k closestneighbors
via somelocal planner. Variationsof PRM usedifferentmethodsto connectthenodes
anddifferentlocalplanners.

Oncetheroadmapis built, a pathbetweenany startcon�gurationandgoalcon�g-
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urationis easilyfound.First thestartandthegoalareconnectedto theroadmap.Then
the roadmapis searchedfor the shortestpathbetweenthe two nodesusing a graph
searchalgorithm.

Oneparticularvariationof PRMsare focusedon single-queryplanning. Instead
of building a roadmapthat can solve multiple queries,or start and goal pairs, they
tailor theroadmapfor oneparticularquery. Two similarmethodsweredevelopedinde-
pendentlyat Iowa StateUniversityandStanfordUniversity, Steve LaValle's Rapidly-
exploring RandomTrees(RRT) andDavid Hsu's plannerfor expansive con�guration
spaces.Both of thesemethodsgrow a roadmapfrom the start towardsthe goal and
from thegoaltowardsthestartuntil they meet.

RRT alternatesnodegenerationandnodeconnectionasit expands,or grows, the
roadmap. First a nodeis generatedat random. This nodespeci�es the directionof
expansion.Thenthe algorithmselectsthe closestnodeto the new node. It makesa
smallstepfrom this nodetowardsthedirectionnode.If it is collision-free,it addsthis
stepto the roadmapandconnectsit to the nodeit beganfrom. After eachnew node
andnew edgeis added,the algorithmchecksto seeif the goal hasbeenreachedor,
in thecaseof two trees,if the treesmeeteachother. This processis repeateduntil a
solutionis found. Sincethegrowth is biasedby randomnodes,theexpansiontendsto
beaglobalone,pulling theroadmapout into unexploredregionsof theC-space.

Hsu's algorithmdiffers in how expansionis biased.Insteadof picking a random
nodeandwalking towardsit, his algorithmpicksa node,x, in thetreebasedon some
probability. Thenseveralnew nodesaregeneratedin theneighborhoodof x. Someof
thesenodesarekeptandonly addedto the roadmapif an edgeexists betweenit and
x. Again, after eactnew nodeandnew edgeis addedto the roadmap,the algorithm
checksif thegoalhasbeenreachedor the two treemeet. This algorithmimplements
localexpansionthroughneighborhoodswhile RRT usesaglobalexpansionby random
sampling.

3.2 Biology Considerations

Motion planningalgorithmsweredesignedfor roboticsapplications.With just a de-
scriptionof therobot,theenvironment,anda collision-checker, dif�cult motionplan-
ning problemscanbe solved with ease.Thesesametechniques,althoughoriginally
intendedfor robots,canbeappliedto proteins.

Proteinsaremadeup of atomsandbonds.Eachatomcanbemodeledasa sphere,
andeachbondcanbemodeledasa rod thatconnectstwo atomstogether. Theprotein
canbeconsideredto beanarticulatedrobot,or onewith multiplelinks. Here,thebonds
aretherobot's links andtheatomsaretherobot's joints.

Linked robotsmove basedon changesin joint angles,seeFigure5, (a). A joint
angleis theanglebetweentwo consecutive links. Thenumberof joint anglesplusthe
positionandorientationof thebasearetherobot'sdegreesof freedom.

Proteinsbehave slightly differently. Chemistshave discoveredthat bondlengths
and bond angles(the anglebetweentwo consecutive bonds)do not changesigni�-
cantly during conformationalchanges.We cansafely assumethat the bond lengths
andbondanglesare�x ed.Torsionalangles,on theotherhand,dochangesigni�cantly
whenthe protein's conformationchanges.It is the contributing factorto changesin
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(a) (b)

Figure5: (a) Linked manipulatorsmove basedon their joint angles,q1 andq2. (b)
Likewise,proteinsmovebasedon their torsionalangles.

conformation,seeFigure5, (b). Thenumberof torsionalanglesplus thepositionand
orientationof theroot atomaretheprotein'sdegreesof freedom.

Thegoalof motionplanningalgorithmsis to producefeasiblepathsfor therobot.
Thesepathsmustberealistic.In orderfor apathto befeasible,ateverypointalongthe
paththerobotmustbecollision-free.(A collision-freerobotis onethatis notcolliding
with itself or any otherobstaclein theenvironment.)

Thesameprincipleholdstruefor proteins.Any computedpathmustbefeasibleso
thesimulationis realistic.Thenotionof a valid/feasiblecon�gurationis morecompli-
catedfor aproteinthanfor aphysicalrobot.Not onlymusttheproteinbecollision-free,
it mustalsobeenergeticallyreasonable.In nature,proteinconformationstypicallyhave
low energies.Thesamemustbetruefor computedconformations.

This propertycanbe easily includedin the collision-checker. Insteadof merely
checkingfor collision, thecollision-checkerwill now alsochecktheenergy. By mod-
eling proteinsasarticulatedrobotsandincluding theenergy functionin thecollision-
checker, the samemotion planningalgorithmsdevelopedfor robotscan be directly
appliedto proteins.

Unfortunately, exactenergy calculationsarevery time consuming.They would be
inappropriateto includein a collision-checker thatis calledthousandsof timesduring
roadmapcreation.Someassumptionscanbe madeto reducethe runningtime of the
energycalculations.First,wewill onlyconsiderthevanderWaalsenergy. Electrostatic
energy andtorsionalenergy make up a small part of the total energy, so they canbe
safelyneglected.

To computethe van der Waalsenergy, every pair of atomsmust be considered.
Atoms that areclosetogethercontribute largely to the total energy. Likewise, atoms
thatarefarapartdonot contributea wholelot to thetotalenergy. We canapproximate
thevanderWaalsenergy by neglectingpairsof atomsthatarefarapart.To do this,we
imposeacutoff distance.If thedistancebetweenthetwo atomsis largerthanthecutoff
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distance(8 	A in our case)thentheenergy for thatpair is not computed.This reduces
therunningtime of theenergy calculationandstill givesa goodapproximationof the
energy.

In summary, motion planningalgorithmslike PRM and RRT can be appliedto
protein-proteininteractionsby modelingtheproteinasanarticulatedrobotandinclud-
ing theenergy function in thecollision-checker. If theenergy calculationis accurate
andef�cient, thenthesemotionplanningalgorithmswill performwell onproteinsand
couldprovidegreaterinsightinto how proteinsmoveandfunction.

3.3 BasicAlgorithm

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

The�rst conscernis to generateenergeticallyfeasiblenodesto build theroadmap
with. Becausethe conformationalspaceis n-dimensional,it is nearly impossibleto
performa systematicsearch.If we just generatethe nodesrandomly, the likelihood
that we will �nd “good” nodesis very small. To combatthesedif�culties, we �rst
generateanoderandomlyandthenperforma gradientdescentto minimizeits energy.

Performinganexact gradientdescentis too time consumingto consider. Instead,
we approximatea gradientdescent.To do this we �rst generatea randomnodenear
theoriginal nodeandcomputeits energy. If its energy is lessthantheoriginal node,
we declareit to be the new minimum andreplacethe original node. If its energy is
greaterthantheoriginal node,we throw it away. This processis repeatedmany times,
typically anywherefrom 10 to 30 iterations.

To generatea randomnearbynode,we �rst selecta few rotablebondsat random.
We thenapply a small, randomdisplacementin the torsionalanglesof thesebonds.
Theresultingconformationis randomlygenerated,but verysimilar to theoriginalcon-
formation.

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

BUILD ROADMAPS(qstart , qgoal)
1. Rstart .init(qstart)
2. Rgoal.init(qgoal)
3. for n � 1 to N do
4. EXTEND(Rstart)
5. EXTEND(Rgoal)
6. CONNECTMAPS(Rstart , Rgoal)
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EXTEND(R)
1. qorig

� SELECT NODE(R)
2. qnew

� GENERATE NEIGHBOR(qorig)
3. MINIMIZE ENERGY(qnew)
4. R.addnode(qnew)
5. R.addedges(qnew)

We build two roadmaps,one rootedat the start conformationandone rootedat
the goal conformation. During eachiteration,eachroadmapis extended. Then the
altorithmattemptsto connectthetwo roadmapstogether. We arelooking for multiple
paths,sowe do not stopthealgorithmonceCONNECTMAPS() is successful.If we
werelooking to save time andonly computeonepath,we would stopthealgorithmas
soonasCONNECTMAPS() is successfulanda pathis found.

TheEXTEND() methodsimplygeneratesanew nearbynode,minimizesits energy,
andthenaddsit to theroadmap.Thenaddedges()checksfor connectionsbetweenthe
new nodeandits k closestneighbors.Thisallowsusto build agraph,insteadof a tree,
andsearchfor multiplesolutionpaths.

Whenedgesarecheckedfor validity, every node's energy alongthatedgeis com-
puted.Wecanusethis informationto computeanedgeweight.Thesimplestschemeis
to let theedgeweightequalthesumof all nodeenergiesalongthatedge.This givesa
higherweightto pathswith higherenergies.It alsogiveslongeredgesahigherweight.
Thismayundulybiasthealgorithmto look for shorterpaths,ignoringlongerpathsthat
maybeenergeticallyfeasible.To avoid this, theaverageenergy alongtheedgecould
bestoredastheedgeweightintead.

As longashigherweightscorrespondto edgeswith highenergiesandlowerweights
correspondto edgeswith low energies,edgeweightscanidentify themostenergetically
feasiblepaths.A graphsearchthatlooksfor a pathwith thelowesttotal weightwould
pull out themostenergeticallyfeasible,or “best”, path.

3.4 Implementation

Sofar, we have implementedseveralpiecesof thealgorithmin C++. We beganwith a
framework developedby Ming Zhang,apostdocin Dr. Kavraki's researchgroup.This
framework supplieda working representationof moleculesandproteins.We areusing
the AtomroupLocal Framesapproach,developedby Zhang,to quickly calculatethe
new xyz postitionsof theatoms.An atomgroupis simplyagroupof atomsthatremain
�x ed relative to eachother. Suchgroupsmay be rings, proteinsidechains,or atoms
connectedby nonrotablebonds.

Thecodecaninputandoutput�les in themol2 format1. Weselectedthisformatfor
a numberof reasons.First, it is very intuitive to useandcode.Second,Rasmol,a free
moleculevisualizationtool, workswith mol2 �les. Finally, andmostimportantly, we
canutilize the thousandsof proteinstructuresstoredin the ProteinDatabank(PDB).
Thesestruturesarestoredaspdb �les, but sincethey arenotasintuitive,weuseSybyl2

to convert themto themol2 �le format.
1Themol2 �le formatdevelopedby Triposis usedby many biochemists.
2Sybyl is anextensive tool for visualizationandbiologicalcomputationdevelopedby Tripos.
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With PaulMurphrey'shelp,anothermemberof Dr. Kavraki'sgroup,wehaveadded
basicenergy calculationsto the implementation.Thesecalculationscomputethevan
derWaalsenergy of themolecule.This energy calculationusesa distancecutoff of 8
	A. Thisdistanceis standardin thebiochemistrycommunity. To savecomputationtime,
the energy dervived from pairsof atomsin the sameatomgroupis only computedin
the�rst energy calculation.Sincetheseatomsdonotmoverelative to eachother, their
vanderWaalsenergy is constant.Dependingon how theatomgroupsarede�ned, this
cangreatlyreducecomputationtime.

WehavealsoimplementedtheGENERATE NEIGHBOR()andMINIMIZE ENERGY()
methods.Thesewerefairly straightforwardto implementbut needsomeoptimization
work.

4 Futur e Research

The next stepis to put all the piecestogetherto developethe entirealgorithm. The
RoboticsgroupatTexasA&M Universityhasagoodimplementationof aPRMframe-
work. Working with that group last summerand last year, I have a good working
knowledgeof theircode.To haveaworkingalgorithm,all thatis left is to integratethe
piecesdevelopedthissummerinto theirPRM framework.

As mentionedearlier, someoptimizationwork is neededto reducethe running
time. An obviousapproachis to computeenergy calculationsin parallel. Also, every
nodealong an edgemust be checked for validity to add that edgeto the roadmap.
Checkinga nodeis independentof the othernodes,so this canbe donein parallel,
giving a node(or setof nodes)to eachprocessor. Sincemostof the runningtime is
spentin checkingvalidity andcomputingenergies,theseimprovementswill producea
signi�cant reductionin runningtime. We needto look into otherwaysto parallelize
thecode.

Oncetheentirealgorithmis implementedandworking,wecanlook atmany differ-
entprotein-proteininteractions.Wewould like to �rst considerthecalmodulin/myosin
interactionfor two reasons.First,calmodulinundergoeslargeconformationalchanges,
theexactsituationour researchis targeting.Second,it is alreadyknown how calmod-
ulin movesto bind to myosin. We canusethis informationto testthevalidity of our
results.

The work this summerprovidesa goodfoundationfor future research.This re-
searchwill provide insight into how proteinsmove and function. It will mainly be
usedto studyhow proteinsinteractwith eachotherandotherbiologicalsubstancesin
thebody. This knowledgehasthepower to impactthebioinformaticscommunityasa
whole,especiallypharmaceuticaldrugdesignandmolecularmodeling.


