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Abstract

Linkage effects in a multi-locus population strongly influence its evolution. The models
based on the traveling wave approach enable us to predict the average speed of evolution
and the statistics of phylogeny. However, predicting statistically the evolution of specific
sites and pairs of sites in the multi-locus context remains a mathematical challenge. In par-
ticular, the effects of epistasis, the interaction of gene regions contributing to phenotype, is
difficult to predict theoretically and detect experimentally in sequence data. A large number
of false-positive interactions arises from stochastic linkage effects and indirect interactions,
which mask true epistatic interactions. Here we develop a proof-of-principle method to filter
out false-positive interactions. We start by demonstrating that the averaging of haplotype
frequencies over multiple independent populations is necessary but not sufficient for epi-
static detection, because it still leaves high numbers of false-positive interactions. To com-
pensate for the residual stochastic noise, we develop a three-way haplotype method
isolating true interactions. The fidelity of the method is confirmed analytically and on simu-
lated genetic sequences evolved with a known epistatic network. The method is then
applied to a large sequence database of neurominidase protein of influenza A HIN1
obtained from various geographic locations to infer the epistatic network responsible for the
difference between the pre-pandemic virus and the pandemic strain of 2009. These results
present a simple and reliable technique to measure epistatic interactions of any sign from
sequence data.

Author summary

Interactionsbetweergenomicsitescreatea fithesslandscaperhe knowledgeof topology
andstrengthof interactionsis vital for predictingthe escap@f virusesfrom drugsand
immuneresponsandtheir passinghroughfitnessvalleysMany effortshavebeen
investednto measuringhesenteractionsfrom DNA sequencsetsUnfortunately,
reproducibility of the resultsremainslow duepartly to averysmallfraction of interaction
pairsandpartly to stochastidinkagenoisemaskingtrue interactions Hereweproposea
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methodto separatstochastidinkageandindirect interactionsfrom epistatianteractions
andapplyit to influenzavirus sequenceéata.

Introduction

Aboutacenturyago,it wasrealizedthatthe evolutionof apopulationis stronglyaffectedby
thefactthatthefatesof allelesat differentloci arelinked unlessseparatedby recombination.
These effectancludeclonalinterferencd1,2], backgroundselectiongenetichitchhik-
ing [3], enhancediccumulatiorof deleteriousnutations(Muller's ratchet)[4], andthe
increaseof geneticdrift atonelocusdueto selectioratanother[5]. Linkagedecreasethe
speedf adaptationand createsandomassociationbetweerpairsof mutationsoccurringon
the samebranchof theancestratree.

Theseeffectshavebeentakeninto accountin earlymathematicamodelsconsideringwo
loci [6] and,morerecently,in thetravelingwaveapproachwhich describesn arbitrarily large
numberof linked sites[7+12]. Thesemodelsdescribeahe dynamicsof fithessclasseand
includethefactorsof selectionmutation,randomgenetiadrift andrecombination[13£16].
All thesemodelspredictanarrowfitnessdistribution travelingin the fithessspacen adirec-
tion dependingon theinitial conditionsandparameter$17,18].This"travelingwave'consists
of the deterministicbulk andthe leadingstochastiedgewherethe generatiorand establish-
mentof rarebeneficiaimutationslimit the adaptatiorrate.Alternativelythe distribution may
movebackwardsaccumulatingnoreandmore deleteriousallelegMuller's ratchet).These
modelsareableto expressin the generaform, important observableuantitiesin termsof
modelparameterssuchasthe populationsize mutation rate,andthe distribution of selection
coefficientoverloci. The observablguantitiesincludethe adaptationrate[7+£10],Muller
ratchetrate[7,9], the conditionsof full equilibrium [7,19],fixation probability of anallele and
themostprobableselectiorcoefficien12]. The samegenerabpproachwasusedto predict
the statisticapropertiesof theancestratree[15,16,20£22].

Despiteof all the progressprediction of the evolutionof specificsitesin the multi-site con-
textremainsanopenquestion.How do allelicfrequenciesit eachsitechangedn time whenthe
systenis adaptingAlthoughthe dependencef allelicfrequencie®n time is stochastidueto
the combinedeffectof selectionrandomdrift, andlinkage whatcanbesaidaboutthe aver-
ageallelicfrequencyof agivensitewith agivenfitnesseffectof mutation?Also,whatcanwe
sayaboutthe evolutionof sitepairs,especiallyn the presencef epistatidnteraction?

Epistasislefinedastheinteractionof genesand generegionscontributing to phenotypds
anomnipresenphenomenori23]. Geneinteractionsarereportedto beresponsibldor acon-
siderabldraction of the organism'gyenetidnheritance[24]. Theycreatdfitnessvalleysn the
evolutionarypath[25]. In pathogensepistasigacilitateghe developmenbf drug resistance
andimmune escapandimpedegeversionof drug-resistanmutations[26+31].Most of HIV
variationin untreatedpatientshasbeenarguedto arisefrom mutationscompensatinggarly
immune escapenutations[32].

Pairwiseepistasi€anbemeasuredrom binding freeenergy{33] andmeasurinditness
gaing[34]. A largenumberof approachebavebeenproposedo measureepistasigrom geno-
mic data[35+37].The simplestmethodsarebasedn pairwisealleliccorrelationg5,38]. The
problemwith all theseapproachess thatlinkageandindirect interactionscreatestronginter-
siteassociationsvenbetweemon-interactinglocuspairs,andthesefalse-positivgpairsare
much more numerousthanthetrue epistaticpairs.Stochastieffectsarewell-recognizes
themostseriousobstacleo the detectionof epistaticeffectd39]. In asingleasexual
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population,stochastidinkagecompletelyovershadowthe epistaticfootprint, excepin anar-
row rangeof timesandparameter$40]. Thesamdimitation existsfor the tree-baseanethods
of detection[41,42].

A methodto eliminatefalse-positivdinks arisingdueto indirect epistaticinteractionsin
theabsencef linkagehasbeendevelopedindsuccessfullgppliedto protein sequenceiso-
latedfrom differentspecie$43,44].A similartechniquehasbeenappliedto thefitnessland-
scapef antibody-bindingregionsof HIV proteingp12045]. Howeverhoneof these
methodsenablereliablemeasurementf epistasisn asexuapopulationsor in sexuapopula-
tions at closeloci from the samespecie$39]. Any attemptto detectepistasiswhetherby using
covarianceneasure$ © 2 mutual entropy,universafootprint of epistasi§UFE)[46]) or the
tree-basednethodg42] faceghe sameproblem,the overwhelminginkageeffectsThe exist-
ing methodsarebasedn the approximationof quasi-linkagesquilibrium which neglectink-
ageeffectsassuminghelimit of strongrecombination(se€g47] for review).

Aswehaveshownin [40], theincreasinglydominanteffectof linkageoverepistasiin alle-
lic associationbeseerfrom the randomdivergencef independenipopulationsin time, so
thatall sequencearesimilar to their commonancestorsandthe commonancestorgnove
awayfrom the origin andfrom eachotheralongstochastidrajectorie40]. Asaresult,any
measuref co-variancepr eventhe useof the entiretree,producenly strongnoiseof ran-
dom sign.Co-variationdueto randomlinkagecompletelymaskshe epistasisignaturein a
population.Theonly wayto resolvethis issueis to averagehe haplotypefrequenciesver
manyindependenipopulationswith similar parametersinder similar conditions.Without
samplingmultiple populationsijt is not possiblgo infer epistasisn principle,dueto the sto-
chastionatureof phylogenetiaelation of sequenced his fundamentalimitation resulting
from randomphylogeny{40] cannotberesolvedy anyexistingor future method.However,
asweshowbelow,even200populationsmaybenot enoughto eliminatethe false-positives
asystenof 40loci. The contribution of the presentwork is not to overcomethis fundamental
limitation, whichis not possiblan principle, but to demonstratehe existencef alargenum-
berof residualfalse-positivénteractionsleft afteraveragingpveran ensemblef 20to 200
populationsandto proposeanewmethodto eliminatethesefalselinks.

Thenewtechniqueis basedn the useof three-wayhaplotypesThe basicideabehindthis
methodis that demandinga majority alleleat aneighborsiteof ameasuregbair of sitesinter-
ruptsa®detour®,i.e.,apathalonginteractingsitesthat createsfalse-positivénteractionfor
the pair of interest.In otherterms,the additionalcondition splitsthe genomento indepen-
dentblocks.

Thehighfidelity of this detectiontechniqueis demonstratedelowby usingtwo parallel
methodsanalyticderivationfor asimplenetworktopologyand Monte-Carlosimulation.The
analyticderivationmakeso assumptionsbouttherangeof or signor epistasisThesimula-
tion exampleconsidercompensatorgpistasis)< <1, butthetechniqueappliesatanyvalue
of , including negativeepistasis.

Then,weapplythe methodto realvirus sequenceom anadaptingpopulation.Influenza
virus evolvingin ahumanpopulationcanbe mappedonto the travelingwavetheorywith an
effectiveselectiorpressureausedy accumulatingnemorycells[48,49]. Thereforejt is
expectedo beamenabldo our method.Usingmorethan 8000influenzasequencesbtained
from variousgeographidocations both beforeandafterthe pandemicof 2009 we useour
methodto predictthe epistatidnteractionsamongalleledrom their observedssociationby
isolatingthemfrom linkageeffectdn a surfaceprotein, neurominidaseWe chosethis specific
protein,becaus& underwentstrongchangesvhenit wasreplacedy anewstrainin 2009.
Theold strainandthe pandemicstrainof HLN1 shareB0%of homology.Thisindicateshat,
atsomepoint in the pastthetwo strainshadacommonancestor.
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Weinfer the primary and secondarynutationsthat allowedthe newstrainto outcompete
theold strain. Themethodcannotinfer the orderin whichthesesecondarynutationshave
emergedut only theresultingnetwork.In asimilarfashion epistatiocnetworksin somecom-
mon proteinsareestimatedrom the comparisorbetweertheir sequences long-diverged
specieseglectindinkageeffectd43,44].Thedifferencein our casesthatour approachdoes
not makesuchanassumptiorandeliminatedinkageeffectsaswell.

Thus,theaim of our theoreticalpaperis to offeranewmethodof epistaticdetectionbased
on ananalyticderivation,testit on simulatedsequenceéata,applyit to arealsequenceet,and
makeates predictiorfor a protein network.We do not aim to describehe evolutionof HIN1
influenzastrainin detailleavingit for otherprojects.

Results
Simulation modelto generatesequencefor the test

We startby simulatingthe evolutionof ahaploidasexuapopulationusinga Wright-Fisher
processncluding the factorsof randommutation,randomgeneticdrift, and constantdirec-
tional selectionFig1A) (). We assumewo possibleallelesat eachlocus(site),0 and

Fig 1. Schematialiagram of the method and its testing on simulated sequencelata. A. Thecomputermodelof asexuaévolutionincludesthe factorsof random
mutation, selectiongpistasisandrandomgenetiadrift. Pairwisehaplotypefrequenées areaverageaversimulationruns (independntpopulatons).The pairwise
correlationmeasure is calculatd from Eq 1. Theindirectlinks andtheresidualinkagearedetectedandfiltered out by usingthetri-way correlationmeasue,

o, from Eg2.B. Pre-séepistationetworkfor 50sites Greencurvesrealepistatidnteractions Redlines:indirectinteractions Bluelines:example®f stochastic
linkageeffectsC-D. Thenetworkof strong( >0.5) candidateepistatidnteractionspredicted(C) from asinglepopulationand (D) afteraveragingver200
populationsE. Scatteplot of the three-wa haplotype, ( 0) Shownagainst for thepairsidentifiedin (D). Thedashedsectorcorrespondto the direct
interactions Theupperdashedine is thediagonal, = o, andthelowerdashedine separatedirectandindirectinteractions F. Predictechetworkaccurately
recapitulateshe pre-setepistaticnetwork. Parametes: initial allelefrequeny o= 0.45mutationratepergenome = 0.07 fixed selectiorcoefficient =0.1, =1000,

=40, epistaticstrength =0.75.

https://doi.org/10.371/journal pat.1009669 @01
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1,wherel standdfor anallelethat decreasethe logarithmof fithessby afixedvalue 1 when
it doesnot interactwith anyothersites.The effectf variableselectiorcoefficientsare
addresseélsewher§l2,50].Thebinary simplificationprovidesamajor reductionin the
computationalcostandis accuratdor relativelyconservedgequencedVe let somepairsof
sitesto interactepistaticallywith amutual degreeof compensatiorbetweerdeleteriousalleles
chosertobe =0.75.

We considerasimpleepistaticnetwork consistingof doublearcheqFig 1B). The network
hasthreetypesof correlationsdirectinteractionsjndirectinteractionsandlinkage,asshown
by differentcolors.If thefirst andthe secondociinteract,andthe secondoci andthethird
loci interact,this leadso correlationshetweerthe alleliccompositionat the first andthird
loci, eventhoughtheydo not interact,termedindirectinteraction.In addition, thefirst and
third loci correlatedueto linkage,i.e.,havingacommonancestorA more complexnetworkis
discussedhteron.

First step:Averagingover populations

Genomesequencegroducedby the simulationdemonstratdhe presencef strongpairwise
correlationsbetweerthe alleliccompositionof differentloci originating from threesources:
directepistatidnteraction,indirectinteraction,andstochastidinkageeffect.Our first taskis

to detectall potentialepistaticnteractionsusingcorrelationanalysisAs wementioned their
detectionis maskedy strongstochastidinkagearisingfrom commonancestor$40]. To
decreasénkageeffectsfor eachpair of sites(, ), wecalculatepairwisehaplotypefrequencies,
. Where | =0or 1,andthenweaverag¢hemovermultiple evolutionary-independenpop-
ulationsof the samesize Then,we calculatea metric termed2universaffootprint of epistasis®
(UFE)

~p o ruTol At

_ 2
*** 0110 00 T

where o0, 10, 01, 11arethehaplotypefrequenciesaverageaverthe ensemblef populations
(wedroppedindices, ). More traditional correlationmeasuressuchas andPearsorcoeffi-
cient 2 havebeenshownto generatesimilar stochastimoise[40]. As comparedo thesemea-
sures, hasthe uniqgueadvantagef directly measuringhe degreeof mutual
compensatiorof two alleledor infinite averaging, = , providedtheinteractingpairis
epistaticallyisolatedfrom the other sites[46]. Becausghe logarithmsin Eq 1 divergewhen
oneof the four haplotypefrequenciess zero,weconsideronly sitepairssuchthatall four
arelargerthan ,where 1 isalow cutoff,whichissetbelowat =0.05.

Next,wekeeponly pairswith sufficientlyhigh correlation, >0.6 (weremind thatwe
set at0.75).Forasinglepopulation,therawgraphof inferred pairsis extremelycomplexand
completelyhidestrue epistatidnteractions(in this case24interactions)(Fig 1C).Fora
genomdongerthan =40wetook here,it would beevenworse A significantreductionof
thenumberof false-positivénteractionsis obtainedby averaging over200independent
populations(Fig 1D). Howeverwecanseehat the vastmajority of remaininglinks arestill
false-positivehecauseheir numberis still much higherthanthe numberof actualinteractions
(Fig 1B,greenarches).

Step2: Three-waycorrelation

To cleanthe networkfrom residualfalse-positivdinks causedy incompleteaveragingver
ensemblewecaneithertry to averagevertensof thousandf independenipopulations,
which areneveravailablen reallife, or useatrick, asfollows.
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Theideaof the procedures basedn thefactthat false-positivéinks arecreatecby
"detours"aroundpairsof sites suchaschainsof indirect epistaticinteractionsor siteslinked
dueto the commonphylogenetiorigin (red andbluecurvesn Fig 1B).To breakup the asso-
ciation createdby detours we demandthat a neighborsiteof the site pair of interestis 0 (bet-
ter-fit, wild-type) andrecalculateghe correlation.If that neighborsitehappengo beatthe
mostimportant detour,this condition will breakup or, atleastdecreaséheindirect correla-
tion. Directinteractionsareaffectecby suchanadditionalcondition to asmallerextent(if at
all). Thus,for eachconnectedpair , , wecalculatehethree-waymeasure

R L :°°°T2T .2t

*** 010 100 000
where0in thethird positionselectshe sequencewith the consensusllele0 atachosersite
adjacento onesiteof thetestedpair. We considerall possibleconnectedsitesoneby one,as
the 0-nodeand calculatehe minimum valueof o overall possibled-nodesmin( 0)-
Finding the minimum not only detectsa detourbut alsofinds the mostimportant detourif
thereis morethanone.Thus,wecanidentify and removefalse-positivdinks asthosewith a
low ratio min( o) .

For everypotentiallink betweersites and detectedn Fig 1D, wecalculatemin( 0)
(Fig 1A, bottom). Thescattemplot in Fig 1LEdemonstrateshat, for the false-positivgairs,min
( o) isseveral-foldmallerthan (reddotsin Fig 1E).Fortruelinks (greendotsin Fig
1Band 1E),thetwo correlationmeasurearenearlythe same The choiceof the thresholdin
min( o)/ (low dashedine in Fig 1E)is not crucial,aslong asweaveragé¢he haplo-
typefrequencie®veratleast~20populations(for our parameterchoice)In this casethetwo
groups false-positivandtrue interactions remaindistinct. The endresultis 100%perfect
detection(Fig 1B).Asabonusweobtainaccurateestimate$or the compensatiorstrength:

within 15%accuracyFig 1F,numbersat greenlinks).

In our previouspaperweshowedhat averagingverdozensof populationn is requiredto
isolatedepistatidinks. In our examplén Fig1,wedemonstrateéhat,at = 50sitesandmoder-
atepopulationsizesahalf of false-positivéinks remainevenafter200populations The pres-
entmethodprovides100%fidelity at = 50sitesor lessfor the numberof replicate
populationshetweer?0and200,andepistaticstrength = 0.5 0.75.Performancealrops
sharplyat <0.25.

Analytic results

In the , weshowanalyticallythat min( o) Min( ) for indirectinteractions,
asgivenby
1
4.1 t
o O

andthatthis condition canbeusedto eliminateindirect interactionsanalyticallyjn the gen-
eralform. In the analyticderivation,weassumehat the systems underdirectedselectiorand
in the multiple-mutationregime(the travelingwaveregime) which takesplaceif log( )
log(/) [12].In thisregime selectiorsweepstmanysitesoverlapin time andinterferewith
eachother[7]. We alsoassumeéhat the populationis far from mutation-selection-drifiequilib-
rium, sothatdeleteriousnutation eventsarenegligible Thederivationgivenin the
appliesatnegativevaluef aswell,but wefocuson positive , which caseastermed
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"diminishingreturnsepistasis'Thereasorfor this choiceis strongeffectof epistasignd
strongindirectinteractionsin this region. Theanalyticderivationappliesatany <1 and
belowthefull compensatiorpoint, which coversall basictypesof epistasis.

We alsorepeatedhis derivationfor amore complextopologyof closedsquaregS1AFig).
Hereindirectinteractionoccursbetweerthe oppositecornersof the squareanddirectinter-
actionbetweerthe sitesof oneside.Thistopologyis more complexbecausé hasaloop,and
therearetwo pathsconnectingthe oppositecorners.Theresultsshowthatat >1/3, themag-
nitude of directandindirect correlationss the sameThe 3-waycorrelationmethoddecreases
indirect correlationto alargerdegreewhich canbeusedto tell the directandindirect correla-
tionsapart(S1BFigand S1Table).Thus,the 3-waymethodis robustwith respecto atopol-
ogy.Thedifferencefrom the double-archcasas thatindirect correlationdoesnot disappear
completelyandremainsof the sameorder of magnitudeasthe directinteraction.Thisis espe-
ciallytrueif iscloseto thefull compensatiompoint (in thiscase, = 1/2).Becausén realbio-
logicalsystemsthevalueof variesbroadlyacrosgairs,suchadifferencemaybenot enough
for thereliabledetectionof the true links demonstratecbovefor aloop-lesdopology.The
naturalwayto addresghis issueisto addanotherO and measurea 4-waycorrelationto inter-
rupt both equaldetoursconnectingthetwo points. Thistrick, indeed,removesndirectinter-
actionscompletelyin theentireintervalof , asgivenby % 0(S2FigandSiTable).

For the generatopologywith manyloops,the numberof the additionalzerosrequiredto
kill anindirectinteractioncompletelyis equalto the numberof directionsin whichadetour
canoccur(the connectivityparameter) For examplejf achosersiteof interesthassix neigh-
bor siteswith strongcorrelation(direct or indirect, wedo not know), andthreeof themcreate
adistinctdetourto the other siteof interestwewould needto addthreezerosandcalculating
theminimum overall possiblecombination.Thereforeto decipheraverycomplexnetwork,
oneneeddo addextrazerosterativelyaroundsiteswith manyneighborsandseef anything
haschangedat eachpoint. In the examplewith virus databelow,alooplessxetworkemerges
alreadyafterthe three-waytest.

Application to influenza A virus

After testingour methodanalyticallyand on simulatedsequence$or the sakeof demonstra-
tion, wenow infer an epistaticnetworkfor an evolvingviral population.Our choiceis the sur-
faceprotein of InfluenzaA H1N1, neuraminidas€NA), important for virus infectivity andan
importanttargetof drug therapyandimmuneresponseThis protein is oneof two proteins
that control thevirus entryinto ahostcell (the otheris Hemaglutinin).

Our aimisto identify mutationsandtheir interactionsthat allowedthe pandemicstrain of
2009to outcompetethe pre-200strain. For this aim, we comparedhe sequencesf thefirst
strainto the sequencesf the secondstrain,both sampledvorldwidefrom dozensof locations.
In orderto beableto applyour method,weassumedhatvariouslocalpopulationsarenearly
independentlyevolving,and migration betweerthemis veryslow.

Althoughtheyarenot actuallyindependentput representpartsof onemetapopulation,
thisis the bestapproximationonecanobtainin anystudyworking with world pandemics
data.

We haveusedabout8000sequence®und in the citeddatabaséor the period 2000+£2010
from variousgeographidocations.Our goalwasto understandhe differencebetweerthe
strainsbeforeandafterpandemicof 2009 which have80%of mutualhomology We wishedto
infer only the epistaticsub-networkrelatedto that difference For this end,wecompared
worldwidesample®f sequenceom thetwo strains.We randomlysampledsimilaramounts
of sequenceom thefirst andsecondstrains,andre-sampledhemseverahundredtimes.
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We alsocheckedherobustnes®f theresultsto the exactsamplingsize(Fig 1F).We have
observedhatthe old andthe newstrainsareboth diverse Thetwo strainsevolvedogether
overseverayearsandthe newstraingraduallyreplacedhe old strain.In termsof travelling
wave thatimpliesthat we havetwo travelingwaveswith overlappindfitnessdistribution, one
is graduallywaningoverseverayearsandreplacingthe other.

To simplify our task,webinarizedthe sequenceby settingeachconsensuslleleto 0 and
eachnon-consensué'mutant”)alleleto 1. This simplificationis adequatdor the aim of detec-
tion of interactions unlessseveraamino acidvariantsarepresentatasiteat similar frequen-
cieswhichwefoundto bearareoccurrenceWe considerednly the sitesthat werestrongly
polymorphic(>5%) and observedibimodaldistribution of sequencei the mutantallelefre-
guencypergenomewith two separatenaximaof differentheight,at =0.05and0.2.Thelow-
frequencypeakwastaller. The bimodaldistribution reflectshe mixture of two strains the old
andthe new,with 80%homology.Thus,theold andthe newstraindifferedin NA in about
100siteswhichis 20%of thelength.

In orderto compensatéor unequalsamplingfrom the pre-pandemiand pandemicstrain,
themoreabundantsequencewith mutation frequencypergenomdesshanapresetalue,

< ,wererandomlysampledanddown-weightedy acoefficient, , rangingfrom 5%to
50%.This procedurewasdoneto balancehe numberof sequencesampledetweerthetwo
strains.To obtainthe averag@airwisehaplotypefrequencies, werepeatedheresampling
200times.

Next,wefollowedthe proceduredescribedaboven Fig 1C+1Fandcalculatedwo-wayand
three-wayassociatiotUFE,Eqsl and 2, to infer theintra-protein networkof interactions(Fig
2). To avoiddivergencewe haveconsiderednly pairswhenall four haplotypesverepresent
in excessfacutoff, >0.05.Thedependencefresultson( , ), whichinfersbetweerl5
and22compensatorgitesoriginatesirom the unequalpresentatiorof localsubpopulations
in the databasaWe observehatslightly differentweightinggivessimilar resultswithin apla-
teauregionin Fig 2F.We choosecase£, D, E basedn the robustnessvith respecto thetwo
samplingparameterseerasthe broadplateaun the 2D diagram,seepanelsC, D, E. These
casesorrespondo aroughlyequalamountof eachstrain.If onestrainis stronglyoverrepre-
sentedthenetworkdisappeargFig 2A and 2B).Below wechooseghe networkvariantshown
in Fig 2D asthe"goldenmiddle"of the set.

A primary mutation and compensatorysites

We obtainthat site248in NA representshe primary siteconnectedo multiple compensatory
sites(Fig 2D). Thus,our three-waymethod,testedn simulationandanalytically showshat
thenewstrainthathasoutcompetedhe old strain,only becaus& hadaprimary mutation
248and manycompensatorynutations.Thenetwork hasthetypicalappearancef afitness
valleynetworkobservedfor examplejn HIV for drug-resistantnutations.

Onemight askwhetherthesanferred mutationsin Fig 2 aresimplyadriving mutation
with hitchhiker mutationspresentn theinvadingstrain.As easyto understandin this case,
our methodwould givezerosignalinsteadof the networkinferred (Fig 2). To makethis fact
obvious we consideran extremeexamplewherethe populationrepresentsimix of the uni-
form old anduniform newstrain.We focuson the part of the genomewherethe two straindif-
fer,for example,101100.. and010011.. ., respectivelyThesdlifferencesanbeeitherdueto
driving or hitchhiking mutations.Note that, for anypair of thesesites only two haplotypes
out of thefour arepresentFor examplefor thefirst and secondsiteswe havehaplotypes 0
and01.Hence whencalculatingcorrelation and oin Egsl and?2,thesepairsare
excludedrom analysiglueto the cutoff condition, >0.05.Thus,by designpour methoddoes
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Fig 2. Epistatic network predicted from sequencelataon surfaceprotein sequencsof InfluenzaA H1N1 obtained betweenyears2005and 2010.Thecircular

diagramsshowthe networkof interactionbetweervariableaminoacidsitesin the neuraminidaseprotein. Sequencesith homologyto theconsensutesshan  were

randomlyre-samped 200times,with their numberdownweighedby coefficient . (F) 2D heatmapshowingthetotal numberof links asafunctionof  (X-axis)and
(Y-axis) Differentversionf wheeldn A-E correspondo differentchoicef and shownby crossein F. All links haveestimated > 0.5.(A-E) Colors

correspondo different locationsin the protein.

https://doi.org/1A.371/journal pat. 1009669 @02

not measurehe differencebetweerstrains but only a specifictype of associatiorbetweerthe
fluctuationsof alleleghatis causedy epistasis.

Structural interpretation

It isinstructiveto placetheinferred epistaticsiteson athree-dimensionaprotein structure
(Fig 3). Theactivepocketof NA (purple) servedo bind sialicacidon targetcellsurfaceWe
observahattheinferred primary mutation atresidue?248is locatednearthe activepocket.
Theinferred compensatorynutations(Fig 2D) helpingthe mutantstrainof NA to improveits
fithessareall locatedon the protein surfacen -helixesconnectingand determiningthe
mutualorientationof -sheetslnferred primary mutation 248waspreviouslyshownto
enhancehelow-pH stabilityof NA [51]. It is ubiquitousin all influenzaA H1N1 variantsiso-
latedafterthe 2009pandemicregardlessf ageographidocation[52+54].

Unlike the epistatidinks, the falsepositivesarenot linked to any specifichiologyor prox-
imity to 248.Linkageisindiscriminatoryin this senseasit is a simpleconsequencef
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Fig 3. Structural location of the predicted epistasisnetwork for the neuraminidaseof influenzavirus. Thefigure
showsghethree-dimen®nal structureof InfluenzaA H1N1 neuramnidase(PDBID code4QVZ).Coloredspheres
represenpredictedepistatioesiduesrom Fig 2D. RedspherePredictedprimary mutation (residue248in Fig 2D).
OrangespheresCompensatry residuegrom Fig 2D.

https://cbi.org/10.1371durnal.ppal009669y003

stochastiphylogeny Almosteverypair of diversesitesin databasés a potentialfalsepositive
interaction,see~ig 1Casanillustration.®

Discussion

In the presentwork, we proposean efficientevolution-basednethodto tell apartco-variance
causedy epistasisrom co-variancecausedy stochastidinkageeffectddueto common
inheritanceandindirectinteractions First,weaveragehe observedaplotypefrequencies
overindependenpopulationsthenweselecthelinks with ahigh co-varianceandthenwe
applyatri-way haplotypetestfor eachcandidatdink to eliminatetheresidualfalse-positives.
We validatethetri-way haplotypemethodusingasimpleanalyticaimodel( ) assuming
aquasi-equilibriumstatecreatedby a slowly-movingtravelingwave The existencef quasi-
equilibrium hasbeentestedpreviouslyby simulationin abroadparameterange[46,50].Intu-
itively, the distribution of allelesbetweersiteshasa sufficienttime to attainthe mostprobable
statej.e.,the statewith largesihumberof possiblesequencegivenfitness.

To demonstratehe high fidelity of the methodin acontrolledenvironment,weusedasim-
ulatedsequencsetevolvedn aWright-Fisherpopulationwith aknown epistaticnetwork.In
the caseof asimplenetworktopologyand40loci, the methodeliminatedall false-positive
interactions.

To illustratethe applicationof our method,weaveragedhaplotypefrequenciesverinflu-
enzaH1N1 sequencesbtainedfrom alargenumberof geographidocations We identified
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primary andsecondarynutationsresponsibldor the post-200%train.We did not addresshe
originsor the history of the strain.We notethat Influenzavirus hasbeenshownto mapto the
travelingwavetheory[48,49],whichjustifiesthe useof our methodassuminglirectionalselec-
tion andthe quasi-equilibriumassumptionOur resultsinfer asingleprimary siteand 15+20
strongcompensatorynutations,which numberis in the samegenerarangeasthe numberof
compensatorynutationsobservedfor examplejn drug-resistanstrainsof HIV. Theinferred
primary mutation, 248, hasbeenobservedn all influenzaA H1N1 strainsafterthe 2009pan-
demicin variousgeographidocations[52+54].It wasshownto affectvirusinfectivity [51].

Wedid not find anyempiric evidencen theliteraturefor or againsthe inferred network
of compensatorynutations.Hence wemakeanewtestableredictionfor afuture experimen-
tal test.Primary site248canbepredictedby simplealignmentandis well studiedexperimen-
tally. Its compensatorgites howeverareimpossibleo detectin vivo without our method,
dueto stronglinkagenoise.lt would beveryusefulto comparethesepredictionswith the
resultsof deepmutationalscanning55,56],whichwehopewill beavailablen the future.

It isworth noting that Influenzasequencerepresent meta-populatiorwith manycon-
nectedislandshot asinglewell-mixedpopulation,nor completelyindependenpopulations.
Theapproximationusedin our work hereisthatthe averageverdifferentgeographidoca-
tionsallowsto obtain,atleasta partial averag®verthe ensembl®f independenpopulations.
It isunclearto which extentthelackof the full ensembleveragaffectghe estimatebut at
leastweareableto compensatéheresiduallinkageerrorswithin that partialensemblesome-
thing that hasnot beendonebefore.

As comparedo the existingtechniquef elimination of indirect interactions developed
for differentanimalspecieshat divergedmillions of yearsago[43,44],our methodis designed
for recentlydivergedpopulations(thousandf generation®r less)f the samespeciesind
recentlyemergednutations.Furthermore,our methodis capableof eliminating stochastic
linkage whichis of lessmportancewhendifferentspeciesrecomparedWhereboth methods
canbepotentiallyapplied,suchascalculatinghefithesslandscap®f HIV Ab-binding regions
[45], our methodis muchfastercomputationallybecausé islocalin thegenomelndeed,we
canconsideronepair of loci atatime without the needof simultaneousptimizationof %2
parameter®f thefull interactionmatrix. Also, it helpsto avoidthe situationwhenthe number
of fitting parameteis too large andthe systemis over-defined.

Themain limitation of the proposedapproachsthatit assumesonstantdirectionalselec-
tion, asopposedo balancingselectioror time-dependenselectionsuchasoccursunder
changingexternalconditions[57]. While the evolutionof influenzain apopulationunderthe
selectiorpressuref accumulatingmmune memoryB cellshasbeenmappedto the caseawith
constantselectior[48,49]the caseof virus evolutionunderthe CD8 T cellresponsg58] or
the caseof avirus co-evolvingwith its defectivanterferenceparticle[59,60]haveno suchcon-
nectionandrequireseparaténvestigation.

Our aim herewasto proposethefirst methodthat can,in principle,isolatelinkagefrom
epistasisOur analyticderivation,underthe statedconditions,demonstratethat the method
worksin abroadrange.Thefuture taskwill beto find thefull regionof the applicabilityof our
methodin termsof , , , andthenumberof sites. Wehopeto addresshe upperlimit on
in thefuture work.

Theapplicationof our techniqueto the metapopulatiorof influenzais basedn the
assumptiorthat migration betweerocal populations(2Bdemes®)is sufficientlyslow,sothat
their evolutionalongstochastidrajectorieremainsmostlyindependentThe standardcrite-
rion of independencés that, for the genomicregionof interest,the migration ratefrom
directly connecteddemess much smallerthanthe mutation rateperregion.In the opposite
limit whenmigrationis veryfast,the entire metapopulatioris well-mixed,andthe method
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becomesiselessThereexistsalargeintermediateinterval of migration rateswhenthe neigh-
boring connectedlemedorm well-mixedclustersandthe populationrepresentslargenum-
berof suchindependentlusterssothe methodstill appliesgxcepthelinkagenoiseis
increasingastheir numberis decreasingWWhen migrationis sofastthat anewbest-fitgenome
arisingin the metapopulatiorspreadgasterto anydemethanthelocalproduction of best-fit
genomedy mutation, wehavethe panmixiacaseandthe methodcease® apply.

To summarizeweproposedatechniqueto infer the epistaticeffecton evolutionof locus
pairsandteaseét out from stochastidinkageeffectsWe hopethat our approachandfurther
developmenbf this techniquewill proveusefulfor all researchergterestedn finding fithness
landscapesf variousorganismsrom geneticsamples.

Methods
Model

We simulatethe evolutionof ahaploidasexuapopulationof  binarysequencedn anindi-
vidualgenomegachlocus(site,nucleotideposition,aminoacid position) numbered

=1,2,..., isoccupiedbyoneoftwo alleleseitherthewild-typealleledenoted =0,or the
mutantallele, =1.Weuseadiscretegeneratiorschemeén the absencef generatioroverlap
(Wright-Fishermodel). The evolutionaryfactorsincludedin the modelarerandommutation
with rate  pergenomeconstantdirectionalselectionandrandomgenetiadrift dueto ran-
dom samplingof progeny Selectiorincludesan epistaticnetworkwith asetstrengthand
topology.Recombinatioris absentA previousmodelingstudyshowsthat moderatdevelsof
recombinationcanenhanceepistaticdetection[40]. Whereusethe standardnodelof fithess
landscapevith pairwiseinteraction.Thelogarithm of the averaggrogenynumberof anindi-
vidualgenome,, dependonsequencg ] asgivenby

P P

%0S" 4 1 . .3t

O S | .4t

where = 0or 1isthebinary matrix that showsnteractingpairs.Herethe selectiorcoeffi-
cients and denotetheindividual fithesscostsof two deleteriousnutationsthatarepartially
compensatetdy eachother.Bydefinition, isthedegreeof compensatiorof deleteriousalleles
atsites and . Values = 0and1representso epistasiendfull compensationrespectively.

Theformalismappliesatnegativevaluesof aswell,but wefocuson positive , whichcase
istermed"diminishingreturnsepistasis'Thereasorfor this choiceis strongeffectf epistasis
andstrongindirectinteractionsin this region.Theanalyticderivationin the applies
atany <1 andbelowthe full compensatiorpoint, which coversmostbasictypesof epistasis.

In our simulationexamplédn Fig 1, weconsiderahaploid populationwith theinitial fre-
quencyof deleteriousalleles,o = 0.45 beneficiamutationrate, = 0.07 fixed selectiorcoeffi-
cient, =0.1,populationof =1000individuals, =40sitesandfixed epistaticstrength

= 0.75.ThecoreMonte-Carlosimulationcodefor Fig 1 iswritten in MATLAB anddepos-

ited at sitehttps://github.com/rbatorsihiv-recombination It canbemodifiedfor different
typesof epistasisndrecombination.Thecodefor Fig 2 (dataanalysishasbeenuploadedo
https://github.com/irouzine/Pedrzzi.

Main approximations

We assumehatthe systenis underdirectedselectiorandin the multiple-mutationregime
(travelingwaveregime) whichtakesplaceif log( ) log(/) [12]. In this casewehave
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interfering selectiorsweep®ccurringat manysitesat once We arefar from mutation-selec-
tion-drift equilibrium, sothatreversgdeleteriousynutationsarenegligibleln abroadparam-
eterrange anadaptingpopulationcanberepresentedby aslowly-moving harrow peakin
fitnesscoordinate[7,9,12,14,16Evolutionis slow,becaus¢he limiting factoris the addition
of ararebeneficiaimutation establisheavithin ahighly-fit genetichackground7,12].Because
thefitnessdistribution movesslowly,the entropy(the log numberof possiblesequencegiven
fitness)of the mutation distribution overgenome$asenoughtime to reachits current maxi-
mum, restrictedby the currentaveragditnessof the population.This situationis called'quasi-
equilibrium". At eachmoment,eachfitnessclasshasenoughtime to reachthe mostprobable,
mostchaoticstategivenits fithess Previouslyweverifiedthe validity of quasi-equilibriumin a
broadrangeof parametergndinitial conditionsaftertime ~ 1/< > [46].

Linkagemeasure

Wewill useabinary measureof alleliccorrelationsdefinedin Eql,where g 10 0111arethe
haplotypefrequenciesiveragedverthe ensemblef populationg46]. UFE performssimilarly
to moretraditionally usedmeasuressuchasLewontin's andPearsorcorrelationcoefficient,
2140] or mutualinformation [43,44].As comparedo thesemeasuresJFE hasthe unique
advantagef directly measuringhe degreeof mutual compensatiorof two alleles, provided
theydo not interactwith othersitesIf apair of loci doesnot interactwith the otherlociin the
genomewehave = . If theyareapartof anetwork,this measureverestimates In the
main text,wecalculatedJFEfor everypairsof sites(Fig 1A). We leaveonly thosepairswhere
exceedasetthresholdof 0.6.

Tri-way linkage measure

To testwhetheradetectedtorrelationfor apair of sitesis dueto directinteractionratherthan
linkageor indirect correlation,for eachconnectedair, , wealsocalculateghethree-waymea-
sure,Eq2,where0in thethird positionselect®nly for the sequencewith the consensusllele
O atachosersiteconnectedo onesiteof thetestedpair. We considerall possibleconnected
sitesas0-nodesand calculatehe minimum valueof o overall possibled-nodesFinding
theminimum not only detectsadetourbut alsofinds the mostimportant detourif thereis
morethan one.Thus,we canidentify andremovefalse-positivdinks asthosewith alow ratio
min( o)/

Analytic testof the method

To demonstratein the generaform, thatthe abovemethodworkson indirect interactionswe
considerasimplified caseof the fithesslandscapenodelin Eqs3 and4.We assumenequal
selectiorcoefficient = gandafixedepistaticstrength = (Egs3and4).Then,wecan
fully characterizea genomeby the numbersof interactingallelicclustersof differentsize, .
Eachsuchclustercomprises directlyinteractingallelesLet denotethe numberof clusters
with allelesand interactions.Then,from Eqs3 and4,wecanexpressogfitness asasum
overclustersof differentsize(Fig 4)

o " o 4 a2 1 .5t

Newnotation g hasthe meaningof the effectivefrequencyof non-interactingalleleghat
would havethe sametotal fitness,. Thenumberofinteractions, at 3, depend®nthe
topologyof the epistaticnetwork.Here ; =0, ,=1for anytopology.Forthechosemetwork
of doublearcheswehaveclustersof single, double,andtriple allelesand ;=2 (Fig4).
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Fig 4. An epistaticnetwork madeof doublearchesusedfor simulation and analytic derivation. Numbers denotethe numbersof
clusterswith connectedsitesin agenomeDotsshowdeleteriousallelesinteracions betweerthe existingdeleteriouslellesareshownin
red.

https://doiorg/10.1371§urnal.ppal009669.g004

As mentionedaboveweassumejuasi-equilibrium asdeterminedby the currentfitness At
eachmomentof time,numbers aredeterminedby the condition thatthe entropyof the sys-
temis maximalgivenits fitness Eq 5. Theevolvingpopulationreachegshe maximum-entropy
stateat the givenfitnesslevelwith respecto the polymorphicsites Entropy" is definedasthe
log numberof possiblesequenceonfigurations(for example£111100101)

h i
"o Qil# LT ...67T
where isthenumberof all possibldocationsfor aclusterof size, and isthenumberof
eachcluster'sconfigurations(shapes)Thevalueof and dependon the networktopology.

Previouslyweappliedthis argumentfor severatopologiego derivethe numbersof clusters
of differentsize[46]. We showedfor thetopologyin Fig4,thatthefrequencie®f clustersof
size =1,2and3,denoted = /, arerelatedas

.1 .2 3
2 31 s 31 <3 T
Thel1stand3dsitein eachtriplet in Fig 1Bdo not interactdirectly, but only indirectly through
site2. Fortheseawo sitesthe haplotypefrequenciesire

, .3

n” 32t B’ 52t ...81

When epistatidnteractionis sufficientlystrong,asgivenby thecondition > $%é&iplets
dominatenumericallyoversingleallelesanddoublesasgivenby ; > 3(Eq7).FromEqgs7
and8, usingthesestronginequalitiesye canapproximatethe haplotypefrequenciess

1,,.1 3

11 2134;10 21 ;§< <Z .91
Usingcovarianceneasure definedin Eq1,weobtain
1
P — LA
4..1 1 o

Fordirectlyinteractingsitesl and2 (Fig 1), wepreviouslyobtained ,, 2 *;,, 12?2

sed46], SupplementiEqgs(3.29)and (3.30)]. This givesthe sameresult,Eq 10.We observehat
theindirect covariancebetweersitesl and 3 is asstrong,asfor directlyinteractingsites.

However if we calculate¢hree-waymeasure oin Eq2insteadof byincluding
only the sequencewith majority allele0 at site2, then,insteadof Eq 9, weobtain
101 12’ 100 1 11T
o O

Thus,the phantomcovariancelisappearsvthenwe selecbnly the sequencewith amajority
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alleleinsertedbetweerthe two testedsites This resultis intuitively clear:by the definition of
fitness(Eq 3), only minority allelesnteractwith eachother,while majority alleleform aneu-
tral backgroundThe samemethodturns out to beextremelyeffectivefor eliminatingfalse-
positiveinteractionscreatedoy linkage(comparerig 1Bwith Fig 1E).

We alsorepeatedhe samederivationfor amore complextopologyof closedsquare¢S1
Textand S1Fig). Theresultsarediscussedh the main text.

Sequenc@reparation

We haveappliedthe three-waytestto influenzavirus. We performeda multiple progressive
alignmentfor aminoacidsequencesf Neuraminidaseprotein of InfluenzaA virus strain
H1N1 obtainedfrom public databaséttps://www.fludb.orgWe focusedbn NA becausef
themassiveamountof sequenceéataandbecausstrongchangesn NA areresponsibldor
the higherinfectivity of the pandemicstrain.

Theamountof datamustbesufficientlyhigh to ensurethat eachthree-sitehaplotypeenter-
ing UFEberepresentedby alargenumberof sequencesyith their inversesquareroot being
therelativeerror. In our casethis condition wasfulfilled by settingcutoff atallelicfrequency

>5%. We downloadedB440sequencesf NA from apublic databaséhttps://www.fludb.org).
Theywerecollectedvorldwide,from differentgeographidocations from year2005andyear
2010andincludedboth pre-pandemiand post-pandemigtrain.All sequenceserealigned.
We considerednly the sitesthat werestronglypolymorphic(>5%) sometimesn the window
of 5yearsduring whichtime theycontributeto the calculatedcorrelationmeasuresThen,we
found the commonconsensugmajority) allelefor eachaminoacidposition.Note thatwe
havechoserthe commonconsensusf the entire setasthe referencesequencéor calculating
allelefrequenciesThe choiceof the referencesequenceoesnot matterfor the site-sitecorre-
lationsandtheinferred network.

Pairwisedistancedetweersequencewerecomputedusingpairwisealignment.The
obtainedconsensugjefinedasthe mostfrequentvariantin the population,servedasauniver-
salreferenceo binarizeddatasequence®eforeapplyingthe detectionalgorithm,the protein
sequencewerebinarized by direct comparisonof eachsequencéo the consensustach
amino-acidresiduewassetto 0 or 1 for consensusr nontconsensuglthoughcombiningall
aminoacidvariantsper siteignoresthe specifichiochemistryof substitutionsthis approach
greatlyreduceghe numberof haplotypecombinationsandalsoincreaseshe sensitivityby
effectivelyincreasinghe haplotypefrequencies.

Next,wemeasuredhe mutationalfrequencyfor eachsequencalongsequenceandfor
eachsiteacrossequenced.hesubsebf low-diversitysequencewith allelicfrequencybelowa
cut-off wasrandomlysampledanddown-weightedaccordingto asetcoefficient, .Then,
wedeterminedthe averaggairwiseandthree-wayhaplotypefrequenciegor all pairsandtrip-
letsof sitesasdescribedn the' section.

Supporting information

S1Text. Derivation of UFEfor the closedsquaretopology.
(PDF)

SiTable.Direct andindirect UFEvaluesfor the squaretopology. Index0Qindicatesa3-way
measure.
(TIFF)

S1Fig. Squaretopology UFE calculation. A) Possibleonfigurationsandtheir symmetry B)
Indirectinteractionpairwise C) Indirect interactionthree-waywith afixed zeroatanode.d)
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Indirect interactionwith two fixed zeros E) Direct interactionpairwise F) Directinteraction
three-way.
(TIFF)

S2Fig. Dependenceof 5 different typesof linkage measureg(S1B+S1H-ig) on epistatic
strength predicted for squaretopology.
(TIFF)
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