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Abstract:Inthedesignofpeptide-basedorotherdefinedantigen-based
vaccines,itisimportanttoknowwhichfragmentsofpathogen-derivedproteins
wouldbindtotheMHC Ⅱ molecules.MoststudiesoftheMHC Ⅱepitope
predictionrarelygavethequantitativeanalysesofbindingspecificities.Sothe
accuracyofthesemodelsstillneedstobeimproved.AUCOptimizedGibbs
(AOG)methodusesthehomologyreducedAUC,ratherthantherelative
entropytoguidethesampler.It makesboththepositiveand negative
informationofthesamplesbeincorporatedintothemodel.AOGachieves
averageAUCvaluesof0.771and0.713onthetenoriginalandhomology
reducedHLA-DR4(B1*0401)epitopebenchmarks,whicharebetterthan
0.744and0.673bytheGibbssamplingmethod.InthequantitativeIEDB
MHC-Ⅱ benchmarks,AOG achievesanaverage AUC valueof0.766,

comparedto0.718bytheTEPITOPE.Adetailedinspectionofinformation
extractedfrom HLA-DR4 (B1*0401)dataallowstheidentificationof
positionswithobviousspecificities,i.e.,P1,P4,P6andP9positions,which
havedistinctinfluenceontheMHC-peptidebinding.
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0 Introduction

Recentlytherehasbeenconstantconcern
abouttherulesforthebindingofpeptidesto
MHC molecules.The MHC moleculesdeliver
fragmentedpiecesofanantigenproteinonthe
hostcell'ssurfacetothecytotoxicTcell(Tc)or
thehelperTcell(Th),givingrisetotheir
developmentandactivation.Itisimportantto
know which peptidefragments ofpathogen-
derivedproteinsmostprobablybindtoacertain
MHC-molecule.TheMHCⅠbindinggrooveis

closed,whichtendstobindshortpeptidesof8-
10aminoacidsbybothends.ButtheMHC Ⅱ
bindinggrooveisopen,whichmakesthelength
ofthepeptidesboundby MHC Ⅱ molecules
unconstrained.Andrelativetothe MHC Ⅰ
molecules,the binding pocketsof MHC Ⅱ
molecules are more permissive in the
accommodation of amino acids. The two
obstaclesgreatlyaffecttheperformanceofMHC
Ⅱbindingpeptideprediction.

OntheopinionoftheIBShypothesis[1],for



mostpeptides,eachsidechainofthepeptide
sequencecontributesacertainamounttothe
stability of binding peptides to MHC Ⅱ
molecules;andthe MHC Ⅱ-peptideligands
bindingaffinityisindependentofthepeptide
sequence.Theinfluenceofresiduesateach

positioninthepeptidesequenceonthebinding
affinitycanbeconsideredindependently.Based
onthishypothesis,somelinearmodels,additive

PLS method[2],stabilized matrix method[3],

Gibbs sampling method[4] and SMM-align

method[5]haveachievedreasonableperformance.

AUCOptimizedGibbs(AOG)methodused
inthestudyisachangedversionof Gibbs
samplingmethod.TheGibbssamplingmethod
wasappliedtopredictclass Ⅰ andclass Ⅱ
epitopes[4];Whereas,therelativeentropyis

usedtoguidethesampler,resultinginthatonly
bindingpeptidesareusedfortraining,andnon-
bindingpeptidesarediscarded.Thisleadstoa
lowefficientuseofthetrainingdata.Inthe
study,thehomologyreducedself-fittingAUCis
usedtoguidethesampler,resultinginthatboth
thepositiveandnegativeinformationcouldbe
incorporatedintotrainingthesampler.Inthe
HLA-DR4(B1*0401)epitopebenchmarkand

quantitative IEDB benchmark, the AOG
algorithmisusedas wellas Gibbssampling
method[4]andTEPITOPE[6].Throughreduction
ofthenoisefromtheexperimentaldatausingthe
AOGmethod,MHCⅡbindingspecificitiesare
computationallypredicted,andtheprofileofthe
MHCⅡ moleculeinteractingwithitspeptidesis
analyzedfromtheresultsofthealgorithm.The

processingofclassⅡepitopesaswellasdesign
ofbetterpeptidevaccinecanbeunderstoodwell.

1 Methodsandmaterials

1.1 Trainingandtestingdata
1.1.1 TrainingdatasetsforHLA-DR4(B1*
0401) 462 Binding peptidesand177 non-

bindingpeptidesthathaveinteractedwiththe
HLA-DR4(B1*0401)constitutetheHLA-DR4
(B1*0401)trainingset.Thebindingpeptides
areextractedfromSYFPEITHI[7],whichhave

beendescribedbyNielsen,etal[4];Thenon-

bindersareextractedfrom MHCBN[8],which

havebeendescribedbyMurugan,etal[9].Both
thetrainingsetandtheevaluationsetcontain
twocolumns.Thefirstcolumngivesthepeptide
sequence,andthesecondonegivestheIC50log-
transformedbindingaffinitypIC50,pIC50=1-

log(IC50/(nmol·L-1))/log50000[4].Thisset
isreferredtoasDR4-training.
1.1.2 TestingdatasetsforHLA-DR4(B1*
0401) HLA-DR4(B1*0401)benchmarksare
thesamebenchmarksusedbyNielsen,etal[4].
Theyconsistoftendatasets;andeightoften
datasets are downloaded from MHCbench
(http://www.imtech.res.in/raghava/mhcbench),

the rest two are Southwood and Geluk
datasets[4].Thesamethresholdtodetermine
bindersand non-binders as Nielsen,etal.
(2004)[4]isusedinstudyinthispaper.Forthe
8MHCbenchdatasets,peptideswithabinding
valueofnon-zeroaredefinedasbindersandall
otherpeptidesaredefinedasnon-binders.For
theSouthwoodandGelukdatasets,anaffinityof
1000nmol/Listakenasthethreshold,whichis

peptideswithanassociatedpIC50largerthan
0.36aredefinedasbindingpeptides.The10
benchmarksarethroughhomologyreduction,

whichensuresthatnopeptideinthebenchmarks
hasamatchinthetrainingsetwithmorethan7
identicalaminoacidsoveranalignmentof9
aminoacids.Tab.1showsasummaryofthe
originalandthehomology-reducedbenchmark
datasets,respectively.
1.1.3  IEDB HLA-DR restricted testing
datasets  A quantitative IEDB HLA-DR
restrictedpeptide-bindingdataforeachHLA-DR
allelespartitionedinto 5 datasets usingthe
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methoddescribedby Nielsen,etal[10].Each

dataset and its corresponding partition are

availableonlineathttp://www.cbs.dtu.dk/

suppl/immunology/NetMHC-2.0.php.

Tab.1 DescriptionofHLA-DR4(B1*0401)testing

datasets

Set
original homology-reduced

bindersnon-binders total bindersnon-binders total

Set1 694 323 1017 248 283 531
Set2 381 292 673 161 255 416
Set3a 373 217 590 151 204 355
Set3b 279 216 495 128 197 325
Set4a 323 323 646 120 283 403
Set4b 292 292 584 120 255 375
Set5a 70 47 117 65 45 110
Set5b 48 37 85 47 37 84
Geluk 16 6 22 15 6 21

Southwood 22 83 105 19 80 99

1.2 AOGalgorithm

1.2.1 Corenonamersfilter Thereisabinding

corein the binding peptides to MHC Ⅱ

molecules,whichisapproximately9aminoacids

long.Thisbindingcorerevealssomedistinctions

fromrandomnessinthefrequencyofaminoacids
(i.e.,thebackgroundintheSWISS-PROT

database[11]). And a statistically significant

alignmentislikelytograspsuchdistinctions[12].

Onthebasisofthisidea,thealgorithmsamples

possiblyungappedalignmentfrom n peptide

sequences(nisthenumberofbindingpeptides

inthetrainingset).Becausenearlyallthe

bindingpeptideshaveahydrophobicresidue(F,

I,L,M,V,W,Y)atP1position[13],the

samplingrestrictstotheungappednonamers

thathaveahydrophobicresidueatP1position.

Thesizeofthesearchspacecouldbegreatly
reduced,e. g., given a binding peptide

'GNKLCALLYGDAEKP', nonamers for

selecting are 'LCALLYGDA' and

'LLYGDAEKP',andtheothercandidatesthat

donothaveahydrophobicresidueatP1are

discarded.

1.2.2 Sequence weights Closelyrelated

sequencescarrysimilarinformation,andalarge

setofthemmaketherawaminoacidfrequencies

calculation badly biased. Hobohm 1-like

algorithm[14]isusedforclusteringthesequences

andasequenceidentityof62%isusedasthe

clusterthreshold,e.g.,ifsequenceAhas6
(≥9×62%) amino acids identical to the

sequenceBintheiralignedpositions,AandB

areclustered,andareassignedaweight1/2.If

Chas6aminoacidsidenticaltosequenceAorB

intheiralignedpositions,A,B and C are

clusteredandassignedaweight1/3.

1.2.3 Scoring matrixcalculation Pseudo-

frequency methodisusedforestimatingthe

frequencyofaminoacidsforlowcounts[4].For

analignment,thepseudo-countfrequencyof

aminoacidiatpositionjis

gij =∑
i'

f'i'j
Pi'

qii' (1)

Wheref'i'jistheobservedfrequencyofamino

acidi' atpositionj.Pi' isthebackground

frequencyofaminoacidi'intheSWISS-PROT

database[11].qii'iscalculatedas

qii' =Qi'QieλuSi'i (2)

WhereQi'istheobservedfrequencyofamino

acidi'inthealignmentandλuisarandomscale

number (2bydefault);Si'iistheobserved

probabilityofoccurrenceforiandi'aminopair

fromtheBlosum62substitutionmatrix[14].

Theeffectiveaminoacidfrequencyis

fij =α·f'ij +β·gij

α+β
(3)

Whereαisthenumberofclusters,βisthe

weightonthepseudo-countcorrection.Atoo

greatvalueofβwouldreducethesensitivityof

scoringprediction matrix.Thescoreofthe

aminoacidiinpositionjiscomputedaslog-odds

ratios:

log(fij/Pi)
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Sincedifferentpositionshavedifferentimpacton

thebinding peptidesand MHC Ⅱ molecule

interaction,i.e.,anchorpositionsare more

importantthanordinarypositions.Theposition-

determinedparameterμjisintroduced;Andthe

final9×20scoringmatrixMiscalculatedas

mij =∑
9

j=1
μjlog(fij/Pi) (4)

Thescoreofanonamersubpeptideisthesumof

allthe scores of amino acidsin the nine

positions.Andthescoreofapeptideisthe

highestscoreofallnonamersubpeptidesinthe

peptidesequence.

1.2.4 AUCcalculation Thereceiveroperator

characteristics (ROC) curve is a two-

dimensionalcurve;thefalsepositiverateofthe

predictionisplottedontheXaxisandthetrue

positiverateofthepredictionisplottedontheY

axisoveracontinuousrangeofcut-offvalues

fromhightolow.TheAUCvalueisthearea

undertheROCcurve;itreflectstheabilityofa

modelthatcantellarandomlychosenpositive

instance from a randomly chosen negative

one[15].Inthestudy,ROCanalysisisusedfor

measurementoftheabilityofdifferentmodelsto

identifytheMHCclassⅡepitopes.Homology
reducedAUCiscalculatedontheHobohm1-

like[14]homology-reducedtrainingdataset.This

implementensures that there are not two

peptidesinthetrainingsetthathaveovernine

identicalcontinuousaminoacids.

1.2.5 AOGalgorithm (i)rawalignment:a

new starting pointischosenrandomlyina

peptidesequence.Therandomalignmentisrun

for5000timestoreacharelativelyhigh-AUC

alignment.Sincethealignmentspacehasavery
largenumberoflocal maxima withcloseto

identicalpredictionaccuracy,thisprocedureis

repeated 100 times with different initial

configurations.Theprobabilityofacceptinga

newalignmentinthesamplingiscalculatedas:

P =min[1,e
(AUCnew-AUCold)/T] (5)

WhereTisascalar.(ii)Precisealignment:for

thestartingpointofthebindingpeptidevotedby
amajorityofthe100alignmentsin(i),twice

selectingprobabilitiesofotherstartingpoints

areused.Theprecisealignmentisrunfor

100000 times to reach the final optimal

alignment.(iii)Thetwofactorsthatinfluence

theperformanceofthescoringmatricesarethe

weightβintheeffectiveaminoacidfrequency
calculationandthepositionspecificweightμj.A

two-stage Monte Carlo method[16] is

implemented,alternatelyshiftingμjinEq.(4)

andβinEq.(3)tooptimizetheseparameters.

In(i),thescalarTimplicitinEq.(5)is

setto0.001,thatreducestheprobabilityof

acceptingunfavorablealignment;In (ii),the

scalarTissetfrom0.1to0.001,thatgradually
reducestheprobabilityofacceptingunfavorable

alignment;In(iii),thescalarTissetto0.001,

that reduces the probability of accepting
unfavorablescorematrices.ThealteredTin(ii)

makestheprobabilityPunfixedandaccordingly

guaranteesthealignmentchainirreducibleand

aperiodic(andthusergodic)[16].

2 Results

2.1 MHC Ⅱ (HLA-DR4 (B1*0401)) weight

matrixextraction

UsingHLA-DR4(B1*0401)trainingdata

DR4-training,anAUC-guidediterativetraining

process is employed to get the optimal

alignment,parametersandthecorresponding
scoring matrix.Thefinalscoring matrixfor

HLA-DR4(B1*0401)isshowninFig.1.Each

itemmij ofthescoring matrixM respectively
correspondstoakindofaminoacidiina

sequencepositionj,andthesumofthesescores

isthepredictedbindingaffinity.Hence,the
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scoringmatrixMcanbeseenastheimpactof

eachaminoacidinsequencepositionsonthe

bindingaffinity.Theheightofthesymbolofthe

aminoacidiisproportionaltotheabsolutevalue

of mij.The upside or upside-down symbol

representsthepositiveornegativesignofmij

respectively.Thecolorsofaminoacidsymbols

representtheirphysicochemicalcharacteristics,

i.e.,black,neutralandhydrophobic;blue,

basic;green,neutralandpolar;red,acidic.
(duetoprintlimit,hereusingdifferentshades

fordemonstration)

Fig.1 Theweightcoefficientsofaminoacidsin

HLA-DR4(B1*0401)peptides

Each symbol column corresponds to a

sequencepositionbetweenP1andP9.

2.2 ResultsfortheHLA-DR4(B1*0401)data

The performance ofthe AOG method,

Gibbssampling method and TEPITOPE are

compared on the HLA-DR4 (B1 * 0401)

benchmarks.TheresultsofGibbssamplerare

calculatedwiththe weight matrixofferedby
Nielsen;thisweightmatrixistrainedwiththe

positivesamplesoftheDR4-training;theresults

ofTEPITOPEaregainedwiththeweightmatrix

fromProPred[6].TheAUCvalueofeachmethod

onthe10benchmarksisillustratedinFig.2(a)

andFig.2(b).ItisobservedthatAOGgivesa

betterperformancethantheGibbssamplerand

TEPITOPE.TheaverageAUCvaluesonthe

originalandhomologyreducedbenchmarksare

0.771and0.713,respectively.Theaverage

AUCvaluesare0.744and0.673fortheGibbs

samplerand0.702and0.667forTEPITOPE.

(a)AUCvaluesfororiginaltestingdatasets

(b)AUCvaluesforhomologyreducedtestingdatasets

Fig.2 Predictionperformanceofvariousmethods

ontheHLA-DR4(B1*0401)benchmarks

2.3 ResultsforquantitativeIEDBHLA-DRdata

ThepredictiveperformancesofAOGand

TEPITOPEonthequantitativeIEDBbenchmark

datasetsare estimated usingfive-fold cross-

validation.Ineachcross-validation,1/5ofthe

dataareleftoutforevaluationandtheremaining
4/5areusedforanalternatingtraining.The

predictiveperformancesofAOGandTEPITOPE

onthe11HLA-DRallelebenchmarksareshown

inTab.2.ThepredictiveperformancesofAOG

methodandTEPITOPEareintermsofAUC

values,usingabindingaffinitythresholdof500
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nmol/L.TheresultsofTEPITOPEareobtained

with the use of the scoring matrix from

ProPred[6]. Since ProPred offers scoring
matricesforonly11alleles,therest3allelesare

notincludedinthetable.ItisclearthatAOG

method has a higher performance than

TEPITOPEformostalleles(10/11).Onlyfor

oneallele(DRB1*0404)doestheTEPITOPE

outperformAOGmethod.

Tab.2 PredictiveperformancesofAOGandTEPITOPE

forthe11 HLA-DRallelesinthequantitative

IEDBbenchmarkdatasets

Allele Total Binders
Predictiveperformances

TEPITOPE AOG

DRB1*0101 5166 3505 0.720 0.754
DRB1*0301 1020 276 0.664 0.769
DRB1*0401 1024 510 0.716 0.781
DRB1*0404 663 386 0.770 0.752
DRB1*0405 630 426 0.759 0.792
DRB1*0701 853 498 0.761 0.773
DRB1*0802 420 148 0.766 0.801
DRB1*01101 950 429 0.721 0.770
DRB1*01302 498 199 0.652 0.760
DRB1*01501 934 450 0.686 0.741
DRB5*0101 924 478 0.680 0.733
Ave 0.718 0.766

3 Discussion

AsshowninFig.1,theheightofeach

aminoacidsymbolisproportionaltoitsabsolute

score,whichisthecontributionoftheamino

acidinasequencepositiontotheMHC-peptide

bindingaffinity,andtheheightofallaminoacid

symbolsstackedoneachpositionalongP1-P9is

proportional to the sum of corresponding
absolutescoresforthe20possibleaminoacids

ontheposition,whichisthecontributiontothe

bindingaffinity.Thepositionsincoreregionof

thepeptideshavedistinctspecificities,i.e.,

P1,P4,P6 and P9 positions have distinct

influenceontheHLAⅡ-peptidebinding.

Forthepurposeofinterpretingtheamino

acidcharacteristicsin HLAⅡ-peptideprimary

positionsthatarepresentedin Fig.1,the

crystalstructuresofDRB1*0401 (PDBid:

1J8H,1D5Z,1D6E,2SEB,1D5M,1D5X)are

usedtofindaminoacidsthatmakenonbonding

contactwiththepeptides(i.e.,tworesidues

aredefinedtobenonbondingcontactifthe

distanceoftwoatomsoftheseresiduesissmaller

than0.4nm)[17].Tab.3liststheaminoacidsof

α-chainandβ-chainofDRB1*0401nonbonding
contactwiththepeptides.

Tab.3 TheaminoacidsoftheHLA-DR4(B1*0401)

moleculenonbondingcontactwiththepeptides

position chain aminoacids
 
P1

α-chain Ile7 Phe24 Ile31 Phe32Trp43Ala52Ser53Phe54

β-chain Asn82Val85 Gly86Phe89 
P2

α-chain Phe24

β-chain Thr77Tyr78 His81Asn82 
P3

α-chain Gln9 Phe22Phe54Gly58 Ala59Asn62

β-chain Tyr78
 
P4

α-chain Gln9 Asn62

β-chain His13Phe26Asp28Gln70Lys71 Ala74Tyr78
 
P5

α-chain Gly58 Ala61Asn62Val65

β-chain His13Gln70Lys71
 
P6

α-chain Glu11Asn62Val65Asp66Asn69

β-chain Val11 His13Lys71
 
P7

α-chain Val65Asn69

β-chain Tyr30Tyr47Trp61Leu67
 
P8

α-chain Val65 Ala68Asn69Ile72

β-chain Tyr60Trp61
 
P9

α-chain Asn69Ile72 Met73Arg76

β-chain Glu9 Tyr37Asp57Tyr60Trp61

Neutralamino acids are colored black,

electropositiveandbasicaminoacidsarecolored

blue,andelectronegativeandacidicaminoacids

arecoloredred(duetoprintlimit,hereusing

differentshadesfordemonstration).

P1position:ResiduesoftheHLADRB1*

0401 moleculethat makenonbondingcontact

withresiduesofpeptidesinP1positionareIle7,

Phe24,Ile31,Phe32,Trp43,Ala52,Ser53,

Phe54intheα-chainandAsn82,Val85,Gly86,

Phe89intheβ-chain(seeTab.3).Itisfound

that,theP1 pocketisshapedbyconserved

aliphaticaminoacids (Ileα7,Ileα31,Serα53,
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Alaα52,Valβ85,Glyβ86)andaromaticamino

acids (Pheα24, Pheα32, Pheα54, Trpα43,

Pheβ89)andrepresentsahighlyhydrophobic

environment. Jardetzky's single residue

substitutionexperiment[13]demonstratesthatthe

maindeterminantofbindingisalargepocket

thataccommodatesahydrophobicoraromatic

aminoacidsidechainneartheNterminusofthe

peptide(theP1position).From Fig.1,the

followingcanbefiguredout:(i)Thesumof

absolutevaluesinP1positionissignificantly
largerthanthatofanyotherposition,indicating
thatP1positionhasthehighestinfluenceonthe

bindingaffinity;(ii)Polaraminoacidshave

negativescoresinP1,whichindicatesthatpolar

aminoacidsareunfavorabletothebinding;

Hydrophobicaminoacidshavepositivescoresin

P1,whichindicatesthatthese hydrophobic

aminoacidsarefavorabletothebinding;(i)and
(ii)areinaccordance withtheJardetzky's

conclusion[13].(iii)Stableaminoacidresidues

F,WandYhavemuchhigherscoresthanless

stableaminoacidresiduesI,L,MandV,which

indicatesthatstableaminoacidresiduesare

morefavorabletothebinding;thisresultisin

accordancewiththe Tobita'sconclusion[18]—

Differenceinstability ofaminoacidsin P1

closelycorrelateswiththebindingaffinity.

P4position:ResiduesoftheHLADRB1*

0401 moleculethat makenonbondingcontact

withresiduesofpeptidesin P4 positionare

Gln9,Asn62intheα-chainandHis13,Phe26,

Asp28,Gln70,Lys71,Ala74,Tyr78intheβ-

chain(Tab.3).Theelectronegativeandacidic

aminoacidsAspβ28andelectropositiveandbasic

aminoacidsHisβ13andLysβ71endowtheP4

pocketpolarbindingcharacteristics;Previous

studies[19] onthe HLA-peptideaffinity have

shownthatthepositivelychargedLysβ71can

makedirectcontact with side-chain residues

fromtheantigenicpeptide;Lysβ71makesthis

pockettendtohaveahighaffinityfornegatively
charged or uncharged polar amino acids,

whereasdisfavorspositivelychargedaminoacids
(likeLys).Thisisanapprovalofthealgorithm

inP4position:inFig.1,negativelycharged

aminoacids Asp and Glu havethe highest

positive scores, whereas electropositive and

basicaminoacidsLys,Argand Hishavethe

lowestnegativescores.FromFig.1,itisalso

foundthatbulkyaminoacidsPheandTrpalso

haverelatively high positivescorethat may
indicatethatP4pocketisalargesizedone.

P6position:ResiduesoftheHLADRB1*

0401 moleculethat makenonbondingcontact

withresiduesofpeptidesin P6 positionare

Glu11,Asn62,Val65,Asp66,Asn69intheα-

chainandVal11,His13andLys71intheβ-chain
(Tab.3).Asindicated bytheaminoacid

symbolheightstackedinP6positioninFig.1,

P6isa majoranchorandinhibitoryresidue

position.Theelectronegativeandacidicamino

acidsGluα11,Aspα66andelectropositiveand

basicaminoacidsHisβ13andLysβ71endowthe

P6pocketapolarinterface;Theexperimental

results[20]haveshownthatthispocketfavorsthe

bindingofmediumsized(likeMet,LeuandIle)

orpolaraminoacidresidues.Inthescoring
matrix(Fig.1),thenegativelychargedamino

acidsAspandpolaraminoacidsAsn,Serand

Thr have positive scores, which may be

beneficialtothebindingaffinity.

P9position:ResiduesoftheHLADRB1*

0401 moleculethat makenonbondingcontact

withresiduesofpeptidesin P9 positionare

Asn69,Ile72,Met73,Arg76intheα-chainand

Glu9,Tyr37,Asp57,Tyr60,Trp61intheβ-

chain(Tab.3).Asindicatedbytheaminoacid

symbolheightstackedinP9positioninFig.1,

P9isa majoranchorandinhibitoryresidue
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position.TheP9pocketisshapedbyneutral

amino acids Tyrβ37 and Tyrβ60 and

electronegativeandacidicaminoacidsGluβ9and

Aspβ57
[21].Sothepositivelychargedorpolar

residuesarefavoredintheP9pocket.Inthe

scoringmatrix(Fig.1),thepositivelycharged

aminoacidsHisandpolaraminoacidsGly,Ser

andGlnhavepositivescores.Itisindicatedthat

theseaminoacidsmayentertheinnercavitywall

ofP9easily.Asan unexpectedresult,the

hydrophobicaminoacid Alahasthehighest

scoreintheP9position,whichindicatesthatP9

pocketisasmallsizedpocket.

4 Conclusion

Amethod,AUCOptimizedGibbs(AOG)

isdevelopedforpredictionofpeptidebindingto

MHCⅡ molecules.Testson10HLA-DR4(B1

*0401)benchmarksand quantitativeIEDB

HLA-DRbenchmarkshowthatAOGisabetter

predictivemethodfor MHCclass Ⅱ epitopes

thanGibbssamplingmethodandTEPITOPE.

ThepositionsincoreregionoftheHLA-DR4
(B1*0401)peptideshavedistinctspecificities,

i.e.,P1,P4,P6andP9positionshavedistinct

influenceontheMHC-peptidebinding.
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基于AUCOptimizedGibbs方法的

MHCⅡ-短肽配体结合特异性预测
盛  浩*1, 卢 玉 峰1, 张  屹2

(1.大连理工大学 数学科学学院,辽宁 大连 116024;

2.河北科技大学 理学院,河北 石家庄 050018)

摘要:在以短肽定义的或以抗原定义的疫苗设计中,识别哪个来自病原体的蛋白质片段会

结合 MHCⅡ分子是个重要问题.多数 MHCⅡ表位预测的研究很少给出结合特异性的定量

分析,所以这些模型的精确度仍然需要进一步提高.AUCOptimizedGibbs(AOG)使用约化

同源性的AUC值而不是相对熵来引导采样,使得正样本和负样本的信息都被用于模型的训

练.在10个 HLA-DR4(B1*0401)原测试集和约化同源性测试集的测试中,AOG得到的平

均AUC值分别是0.771和0.713,优于Gibbs的0.744和0.673.在定量IEDB的 MHCⅡ测

试集中,AOG得到的平均AUC值是0.766,而TEPITOPE得到的平均 AUC值是0.718.从

HLA-DR4(B1*0401)数据提取的信息可以识别某些有明显特异性的位置,即P1、P4、P6和

P9位置,其对 MHC-短肽结合有明显的影响.

关键词:Gibbs采样方法;表位;MHCⅡ分子;约化同源性
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