
TeachingComputerstoFoldProteins

AndersKrogh
TheBioinformaticsCentre
UniversityofCopenhagen

Preprint:Winther&Krogh,arxiv.org/abs/cond-mat/0309497
(seealsobinf.ku.dk/krogh/)

1



Proteinsconsistsofaminoacids
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Proteinscanbewrittenassequencesofletters

>6ADH:AHOLO-LIVERALCOHOLDEHYDROGENASE
STAGKVIKCKAAVLWEEKKPFSIEEVEVAPPKAHEVRIKMVATGICRSDDHVVSGTLVTP
LPVIAGHEAAGIVESIGEGVTTVRPGDKVIPLFTPQCGKCRVCKHPEGNFCLKNDLSMPR
GTMQDGTSRFTCRGKPIHHFLGTSTFSQYTVVDEISVAKIDAASPLEKVCLIGCGFSTGY
GSAVKVAKVTQGSTCAVFGLGGVGLSVIMGCKAAGAARIIGVDINKDKFAKAKEVGATEC
VNPQDYKKPIQEVLTEMSNGGVDFSFEVIGRLDTMVTALSCCQEAYGVSVIVGVPPDSQN
LSMNPMLLLSGRTWKGAIFGGFKSKDSVPKLVADFMAKKFALDPLITHVLPFEKINEGFD
LLRSGESIRTILTF
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Butitisthestructurethatmatters
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Alphahelices
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Betasheets

AntiparallelβsheetParallelβsheet
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1THX
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Experimentalstructuredetermination

byX-raycrystallographyorNMRisdifficultandexpensive

Thenumberofknownstructures<<thenumberofknownsequences
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Experimentalstructuredetermination

byX-raycrystallographyorNMRisdifficultandexpensive

Thenumberofknownstructures<<thenumberofknownsequences

−→Predictproteinstructurefromsequence

—butthisisalsodifficult

ab009



Experimentalstructuredetermination

byX-raycrystallographyorNMRisdifficultandexpensive

Thenumberofknownstructures<<thenumberofknownsequences

−→Predictproteinstructurefromsequence

Differentapproaches:
•Predictionofsecondarystructure
•Foldrecognition
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Experimentalstructuredetermination

byX-raycrystallographyorNMRisdifficultandexpensive

Thenumberofknownstructures<<thenumberofknownsequences

−→Predictproteinstructurefromsequence

Differentapproaches:
•Predictionofsecondarystructure
•Foldrecognition
•Abinitioprediction
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Whyisitdifficulttosimulateproteinfolding?

•Toomanydegreesoffreedom
Onlyafewnanosecondscanbesimulatedforreasonablysizedproteins
withallatoms(+solvent).

•Obtainingcorrectpotentials
Correctpotentialsinvolvequantummechanicalcalculations.
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Whyisitdifficulttosimulateproteinfolding?

•Toomanydegreesoffreedom
Onlyafewnanosecondscanbesimulatedforreasonablysizedproteins
withallatoms(+solvent).

•Obtainingcorrectpotentials
Correctpotentialsinvolvequantummechanicalcalculations.

Solution

Useasimplifiedrepresentationofaminoacids:

asidechainisrepresentedbyasingle
atomwithvariabledistancetoCα.

φ            ψ

N

H

C'   
 

O

Ri

Cα
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The
polypeptide
backbone

φandψanglesare
themaindegreesof
freedom
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Newproblem:

Potentialsevenhardertocalculate!

Thereforevarious“datadriven”andmachinelearningapproacheshavebeen
usedtoestimatepairpotentialsfromknown3Dstructures.

Bestknownare“statisticalpotentials”,whichderivesanaminoacidpairpo-
tentialfromthelengthdistributioninPDBforthetwoaminoacids.

Weproposeamaximumlikelihoodapproachtotheproblem.
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Rememberphysics?

ProteinseqwithatomiccoordinatesR.

EnergyfunctionE(R,seq)

ProbabilitythattheproteinisinaparticularconformationR0(Boltzmann-
Gibbsdistribution):

P(R0)=
exp(−βE(R0,seq))

Z

Whereβ=(kBoltzmannT)−1andthepartitionfunctionZisanormalizing
constant:

Z=

∫

exp(−βE(R,seq))dR
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MaximumLikelihood

Problem:Wedon’tknowtheenergy.
AssumewehaveaparametrizedenergyEθ(R,seq).
Weneedtofindthecorrectparameters,θ.

Trainingsetwithknownstructure:(seq1,seq2,...).

Maximizethetheprobabilityofthenativestructuresw.r.t.theparameters

max
θ

∏

i

P(nati|seqi,θ)

with

P(nati|seqi,θ)=

∫

natiexp(−βEθ(R,seqi))dR
∫

exp(−βEθ(R,seqi))dR

natimeansavolumearoundthenativestructure(hypersphere).
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Maximizebygradientascent

Usegradientascentonlog(P):

θ
new

:=θ
old

+η∇θ

∑

i

logP(nati|seqi,θ),

whereηisthe“learningrate”.

∇θ

∑

i

logP(nati|seqi,θ)=

β
∑

i

[

〈∇θEθ(R,seqi)〉−〈∇θEθ(R,seqi)〉nati
]

The〈...〉natiisanaverageoverthevolumearoundthenativestructure.
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LearningAlgorithm

1.Simulatefoldingofthewholetrainingsetandsamplethegradient(w.r.t.
theparameters).

2.Simulatefoldingofthewholetrainingsetaroundthenativestructureand
samplethegradient.

3.Averagethegradients.Updatetheparametersofthepotential.

4.Stopifyouarehappy(orranoutoftime).
Otherwisegoto1.

ThisissimilartoBoltzmanlearning:

Learnthenativestructureandunlearnfalsemaxima.
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TheParametrizedEnergy

•Lennard-Jonespotential
betweensidechainsai
andaj

Freeparametersσ
(radius)andε(depth)
dependsonsidechains.

ε(ai,aj)
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Lennard-Jones potential

•SimilarpotentialforCα−Cαinteractions.

•12-10Lennard-Jonespotential+angulartermforhydrogenbonds(be-
tweenN−HandC′−O)

•Stericconstraints:localinteractionsbetweenneighboringaminoacids

•Surfaceenergyterm:“counts”thenumberofatomsinaneighborhood
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TheGradient–anexample

Theterminthegradientfromε(ai,aj)iseasytocalculate.

Itresultsinthisparameterupdate:

εnew(a
i,aj)=ε(ai,aj)+

η

ε(ai,aj)

∑

n

(

〈E
n
p(ai,aj)〉−〈E

n
p(ai,aj)〉natn

)

(Thesumisoverthetrainingset.)

Ifthenativeenergyonaverageislower(=better)thanthefree-running,ε(ai,aj)
isincreased,andviceversa.
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Simulations

WeuseMonteCarlosimulations:

1.theproteinisperturbed(changingonlyφ,ψangles)

2.energychange∆Eiscalculated

3.thenewconformationisacceptedif∆E<=0

orwithprobabilityexp(−β∆E)otherwise.

Paralleltempering:thesystemissimulatedindependentlyatanumberof
differenttemperatures.Sometimesthetemperatureoftworandomsystems
areexchangedwiththeMetropolisprobability.

Thisgivesamuchbettersamplingofthesystem.
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Test

Toseeiftheprocedureworks,itwasinitiallytestedonasmalltrainingsetof
24peptidesoflength11–24.

Distributedprocessing:easytoparallelizeformultipleprocessors(8proces-
sorSGI,Origin3000)

Weonlytestedifthefoldingofthetrainingsetimproved.(Thedatasetistoo
smalltotestgeneralization.)

Afteranumberoflearningsteps(limitedbyCPUtime)conformationswhere
sampledinalongsimulationwiththefinalpotentials.

Conformationswhereclustered:theconformationwithmostneighborswithin
0.5Å(RMSD)definesthefirstcluster,etc.
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RMSDtothenativestructure

Predictedstructure:thecenterofthelargestcluster

Green:Initialpotentials—Blue:Aftertraining

Red:PedersenandMoult,J.Mol.Biol.269,240(1997).
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LYS1.R

GLY2.R GLU3.R

ARG4.R

GLN5.R ASP6.R

LEU7.R

VAL8.RALA9.R

TYR10.R

LEU11.RLYS12.R

SER13.R ALA14.R
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TYR1.CB

SER2.CBGLU3.CB

VAL4.CB

VAL5.CB

PRO6.CB

HIS7.CB

LYS8.CB
LYS9.CB

MET10.CB

HIS11.CB

LYS12.CB
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LYS1.CB

ILE2.CB

GLU3.CB
ILE4.CB

ASN5.CB

ASN6.CB

LYS7.CB

LEU8.CB
GLU9.CB

PHE10.CB
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Conclusions

1.Theminimizationprocedureworks

2.Theresultsareasgoodasanall-atompotential

3.Mainproblem:Sidechainsaretoosimple.

Future

•Scaleuptolargerdataset,realproteins

•Improvemodelofaminoacids

•Testgeneralization

•ApplysametechniqueonRNAstructure
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