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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 H1N1

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

Interactionsbetweengenomicsitescreateafitnesslandscape.Theknowledgeof topology
andstrengthof interactionsisvital for predictingtheescapeof virusesfrom drugsand
immuneresponseandtheir passingthroughfitnessvalleys.Manyeffortshavebeen
investedinto measuringtheseinteractionsfrom DNA sequencesets.Unfortunately,
reproducibilityof theresultsremainslow duepartly to averysmallfractionof interaction
pairsandpartly to stochasticlinkagenoisemaskingtrue interactions.Hereweproposea
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methodto separatestochasticlinkageandindirect interactionsfrom epistaticinteractions
andapplyit to influenzavirussequencedata.

Introduction
About acenturyago,it wasrealizedthat theevolutionof apopulationisstronglyaffectedby
thefactthat thefatesof allelesatdifferentloci arelinked unlessseparatedby recombination.
These������� effectsincludeclonalinterference[1,2],backgroundselection,genetichitchhik-
ing [3], enhancedaccumulationof deleteriousmutations(Muller's ratchet)[4], andthe
increaseof geneticdrift atonelocusdueto selectionatanother[5]. Linkagedecreasesthe
speedof adaptationandcreatesrandomassociationsbetweenpairsof mutationsoccurringon
thesamebranchof theancestraltree.

Theseeffectshavebeentakeninto accountin earlymathematicalmodelsconsideringtwo
loci [6] and,morerecently,in thetravelingwaveapproach,whichdescribesanarbitrarily large
numberof linkedsites[7±12].Thesemodelsdescribethedynamicsof fitnessclassesand
includethefactorsof selection,mutation,randomgeneticdrift andrecombination[13±16].
All thesemodelspredictanarrowfitnessdistribution travelingin thefitnessspacein adirec-
tion dependingon theinitial conditionsandparameters[17,18].This"travelingwave"consists
of thedeterministicbulk andtheleadingstochasticedge,wherethegenerationandestablish-
mentof rarebeneficialmutationslimit theadaptationrate.Alternatively,thedistribution may
movebackwardsaccumulatingmoreandmoredeleteriousalleles(Muller's ratchet).These
modelsareableto express,in thegeneralform, important observablequantitiesin termsof
modelparameters,suchasthepopulationsize,mutationrate,andthedistribution of selection
coefficientsoverloci.Theobservablequantitiesincludetheadaptationrate[7±10],Muller
ratchetrate[7,9], theconditionsof full equilibrium [7,19],fixation probabilityof anallele,and
themostprobableselectioncoefficient[12]. Thesamegeneralapproachwasusedto predict
thestatisticalpropertiesof theancestraltree[15,16,20±22].

Despiteof all theprogress,predictionof theevolutionof specificsitesin themulti-sitecon-
textremainsanopenquestion.How do allelicfrequenciesateachsitechangein time whenthe
systemisadapting?Althoughthedependenceof allelicfrequencieson time isstochasticdueto
thecombinedeffectsof selection,randomdrift, andlinkage,whatcanbesaidabouttheaver-
ageallelicfrequencyof agivensitewith agivenfitnesseffectof mutation?Also,whatcanwe
sayabouttheevolutionof sitepairs,especiallyin thepresenceof epistaticinteraction?

Epistasisdefinedastheinteractionof genesandgeneregionscontributing to phenotypeis
anomnipresentphenomenon[23]. Geneinteractionsarereportedto beresponsiblefor acon-
siderablefractionof theorganism'sgeneticinheritance[24]. Theycreatefitnessvalleysin the
evolutionarypath[25]. In pathogens,epistasisfacilitatesthedevelopmentof drugresistance
andimmuneescapeandimpedesreversionof drug-resistantmutations[26±31].Mostof HIV
variationin untreatedpatientshasbeenarguedto arisefrom mutationscompensatingearly
immuneescapemutations[32].

Pairwiseepistasiscanbemeasuredfrom binding freeenergy[33] andmeasuringfitness
gains[34]. A largenumberof approacheshavebeenproposedto measureepistasisfrom geno-
mic data[35±37].Thesimplestmethodsarebasedon pairwisealleliccorrelations[5,38].The
problemwith all theseapproachesis that linkageandindirect interactionscreatestronginter-
siteassociationsevenbetweennon-interactinglocuspairs,andthesefalse-positivepairsare
muchmorenumerousthanthetrueepistaticpairs.Stochasticeffectsarewell-recognizedas
themostseriousobstacleto thedetectionof epistaticeffects[39]. In asingleasexual
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population,stochasticlinkagecompletelyovershadowstheepistaticfootprint, exceptin anar-
row rangeof timesandparameters[40]. Thesamelimitation existsfor thetree-basedmethods
of detection[41,42].

A methodto eliminatefalse-positivelinks arisingdueto indirect epistaticinteractionsin
theabsenceof linkagehasbeendevelopedandsuccessfullyappliedto proteinsequencesiso-
latedfrom differentspecies[43,44].A similar techniquehasbeenappliedto thefitnessland-
scapeof antibody-bindingregionsof HIV proteingp120[45]. However,noneof these
methodsenablereliablemeasurementof epistasisin asexualpopulationsor in sexualpopula-
tionsatcloseloci from thesamespecies[39]. Any attemptto detectepistasis,whetherbyusing
covariancemeasures(� 0,	2, mutualentropy,universalfootprint of epistasis(UFE)[46]) or the
tree-basedmethods[42] facesthesameproblem,theoverwhelminglinkageeffects.Theexist-
ing methodsarebasedon theapproximationof quasi-linkageequilibrium whichneglectlink-
ageeffectsassumingthelimit of strongrecombination(see[47] for review).

Aswehaveshownin [40], theincreasinglydominanteffectof linkageoverepistasisin alle-
lic associationsbeseenfrom therandomdivergenceof independentpopulationsin time,so
thatall sequencesaresimilar to their commonancestors,andthecommonancestorsmove
awayfrom theorigin andfrom eachotheralongstochastictrajectories[40]. Asaresult,any
measureof co-variance,or eventheuseof theentiretree,producesonly strongnoiseof ran-
domsign.Co-variationdueto randomlinkagecompletelymaskstheepistasissignaturein a
population.Theonly wayto resolvethis issueis to averagethehaplotypefrequenciesover
manyindependentpopulationswith similarparametersundersimilarconditions.Without
samplingmultiple populations,it isnot possibleto infer epistasisin principle,dueto thesto-
chasticnatureof phylogeneticrelationof sequences.Thisfundamentallimitation resulting
from randomphylogeny[40] cannotberesolvedbyanyexistingor futuremethod.However,
asweshowbelow,even200populationsmaybenot enoughto eliminatethefalse-positivesin
asystemof 40loci.Thecontribution of thepresentwork isnot to overcomethis fundamental
limitation, whichisnot possiblein principle,but to demonstratetheexistenceof alargenum-
berof residualfalse-positiveinteractionsleft afteraveragingoveranensembleof 20to 200
populations,andto proposeanewmethodto eliminatethesefalselinks.

Thenewtechniqueisbasedon theuseof three-wayhaplotypes.Thebasicideabehindthis
methodis thatdemandingamajority alleleataneighborsiteof ameasuredpair of sitesinter-
ruptsaªdetourº,i.e.,apathalonginteractingsitesthatcreatesafalse-positiveinteractionfor
thepair of interest.In otherterms,theadditionalcondition splitsthegenomeinto indepen-
dentblocks.

Thehigh fidelity of thisdetectiontechniqueisdemonstratedbelowbyusingtwo parallel
methods:analyticderivationfor asimplenetworktopologyandMonte-Carlosimulation.The
analyticderivationmakesno assumptionsabouttherangeof 
 or signor epistasis.Thesimula-
tion exampleconsiderscompensatoryepistasis,0<
<1, but thetechniqueappliesatanyvalue
of 
, includingnegativeepistasis.

Then,weapplythemethodto realvirussequencesfrom anadaptingpopulation.Influenza
virusevolvingin ahumanpopulationcanbemappedonto thetravelingwavetheorywith an
effectiveselectionpressurecausedbyaccumulatingmemorycells[48,49].Therefore,it is
expectedto beamenableto our method.Usingmorethan8000influenzasequencesobtained
from variousgeographiclocations,bothbeforeandafterthepandemicof 2009,weuseour
methodto predicttheepistaticinteractionsamongallelesfrom their observedassociationsby
isolatingthemfrom linkageeffectsin asurfaceprotein,neurominidase.Wechosethisspecific
protein,becauseit underwentstrongchangeswhenit wasreplacedbyanewstrainin 2009.
Theold strainandthepandemicstrainof H1N1share80%of homology.This indicatesthat,
atsomepoint in thepast,thetwo strainshadacommonancestor.
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Weinfer theprimary andsecondarymutationsthatallowedthenewstrainto outcompete
theold strain.Themethodcannotinfer theorder in whichthesesecondarymutationshave
emergedbut only theresultingnetwork.In asimilar fashion,epistaticnetworksin somecom-
mon proteinsareestimatedfrom thecomparisonbetweentheir sequencesin long-diverged
speciesneglectinglinkageeffects[43,44].Thedifferencein our caseis thatour approachdoes
not makesuchanassumptionandeliminateslinkageeffectsaswell.

Thus,theaimof our theoreticalpaperis to offeranewmethodof epistaticdetectionbased
on ananalyticderivation,testit on simulatedsequencedata,applyit to arealsequenceset,and
makeates`predictionfor aproteinnetwork.Wedo not aim to describetheevolutionof H1N1
influenzastrainin detailleavingit for otherprojects.

Results

Simulation model to generatesequencesfor the test
Westartbysimulatingtheevolutionof ahaploidasexualpopulationusingaWright-Fisher
processincluding thefactorsof randommutation,randomgeneticdrift, andconstantdirec-
tional selection(Fig1A) (������). Weassumetwo possibleallelesateachlocus(site),0 and

Fig 1. Schematicdiagramof the methodand its testingon simulatedsequencedata.A. Thecomputermodelof asexualevolutionincludesthefactorsof random
mutation,selection,epistasis,andrandomgeneticdrift. Pairwisehaplotypefrequencies��� areaveragedoversimulationruns(independentpopulations).Thepairwise
correlationmeasure��
 �� iscalculated from Eq1.Theindirect links andtheresiduallinkagearedetectedandfilteredout byusingthetri-way correlationmeasure,
��
 ��0, from Eq2.B. Pre-set epistaticnetworkfor 50sites.Greencurves:realepistaticinteractions.Redlines:indirect interactions. Bluelines:examplesof stochastic
linkageeffects.C-D. Thenetworkof strong(��
 ��>0.5) candidateepistaticinteractionspredicted(C) from asinglepopulationand(D) afteraveragingover200
populations.E.Scatterplot of thethree-way haplotype,���(��
 ��0) shownagainst��
 �� for thepairsidentifiedin (D). Thedashedsectorcorrespondsto thedirect
interactions.Theupperdashedline is thediagonal,��
 �� = ��
 ��0, andthelowerdashedline separatesdirectandindirect interactions. F.Predictednetworkaccurately
recapitulatesthepre-setepistaticnetwork.Parameters:initial allelefrequency �0 = 0.45,mutationratepergenome�� = 0.07,fixedselectioncoefficient� = 0.1,� = 1000,
� = 40,epistaticstrength
 = 0.75.

https://doi.org/10.1371/journal.ppat.1009669.g001
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1,where1standsfor anallelethatdecreasesthelogarithmof fitnessbyafixedvalue��1 when
it doesnot interactwith anyothersites.Theeffectsof variableselectioncoefficientsare
addressedelsewhere[12,50].Thebinarysimplificationprovidesamajor reductionin the
computationalcostandisaccuratefor relativelyconservedsequences.Welet somepairsof
sitesto interactepistatically,with amutualdegreeof compensationbetweendeleteriousalleles
chosento be
 = 0.75.

Weconsiderasimpleepistaticnetworkconsistingof doublearches(Fig1B).Thenetwork
hasthreetypesof correlations:direct interactions,indirect interactions,andlinkage,asshown
bydifferentcolors.If thefirst andthesecondloci interact,andthesecondloci andthethird
loci interact,this leadsto correlationsbetweenthealleliccompositionat thefirst andthird
loci,eventhoughtheydo not interact,termed"indirect interaction".In addition,thefirst and
third loci correlatedueto linkage,i.e.,havingacommonancestor.A morecomplexnetworkis
discussedlateron.

First step:Averagingoverpopulations
Genomesequencesproducedby thesimulationdemonstratethepresenceof strongpairwise
correlationsbetweenthealleliccompositionof differentloci originatingfrom threesources:
directepistaticinteraction,indirect interaction,andstochasticlinkageeffect.Our first taskis
to detectall potentialepistaticinteractionsusingcorrelationanalysis.Aswementioned,their
detectionismaskedbystrongstochasticlinkagearisingfrom commonancestors[40]. To
decreaselinkageeffects,for eachpair of sites(�, �), wecalculatepairwisehaplotypefrequencies,
� ��
ab, where��,�� = 0or 1,andthenweaveragethemovermultipleevolutionary-independentpop-
ulationsof thesamesize.Then,wecalculateametric termedªuniversalfootprint of epistasisº
(UFE)

��
 �� ˆ 1 �
���…�11=�00†

���…�01�10=�00
2†

…1†

where�00, �10, �01, �11arethehaplotypefrequenciesaveragedovertheensembleof populations
(wedroppedindices�, �). More traditionalcorrelationmeasures,suchas�� andPearsoncoeffi-
cient	 2, havebeenshownto generatesimilarstochasticnoise[40]. Ascomparedto thesemea-
sures,��
 �� hastheuniqueadvantageof directlymeasuringthedegreeof mutual
compensationof two allelesfor infinite averaging,��
 �� = 
, providedtheinteractingpair is
epistaticallyisolatedfrom theothersites[46]. Becausethelogarithmsin Eq1 divergewhen
oneof thefour haplotypefrequenciesiszero,weconsideronly sitepairssuchthatall four ���
arelargerthan���� , where���� �1 isalow cutoff,which issetbelowat ���� = 0.05.

Next,wekeeponly pairswith sufficientlyhighcorrelation,��
 ��>0.6 (weremind thatwe
set
 at0.75).Forasinglepopulation,therawgraphof inferredpairsisextremelycomplexand
completelyhidestrueepistaticinteractions(in thiscase,24interactions)(Fig1C).Fora
genomelongerthan� = 40wetook here,it wouldbeevenworse.A significantreductionof
thenumberof false-positiveinteractionsisobtainedbyaveraging��� over200independent
populations(Fig1D).However,wecanseethat thevastmajority of remaininglinks arestill
false-positive,becausetheir numberisstill muchhigherthanthenumberof actualinteractions
(Fig1B,greenarches).

Step2:Three-waycorrelation
To cleanthenetworkfrom residualfalse-positivelinks causedby incompleteaveragingover
ensemble,wecaneithertry to averageovertensof thousandsof independentpopulations,
whichareneveravailablein reallife,or useatrick, asfollows.
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Theideaof theprocedureisbasedon thefactthat false-positivelinks arecreatedby
"detours"aroundpairsof sites,suchaschainsof indirect epistaticinteractionsor siteslinked
dueto thecommonphylogeneticorigin (redandbluecurvesin Fig1B).To breakup theasso-
ciationcreatedbydetours,wedemandthataneighborsiteof thesitepair of interestis0 (bet-
ter-fit, wild-type)andrecalculatethecorrelation.If thatneighborsitehappensto beat the
mostimportant detour,thiscondition will breakup or, at least,decreasetheindirect correla-
tion. Direct interactionsareaffectedbysuchanadditionalcondition to asmallerextent(if at
all).Thus,for eachconnectedpair �, �, wecalculatethethree-waymeasure

��
 ��0 ˆ 1 �
���…�110=�000†

���…�010�100=�000
2†

…2†

where0 in thethird positionselectsthesequenceswith theconsensusallele0 atachosensite
adjacentto onesiteof thetestedpair.Weconsiderall possibleconnectedsites,onebyone,as
the0-nodeandcalculatetheminimum valueof ��
 ��0 overall possible0-nodes,min(��
 ��0).
Finding theminimum not only detectsadetourbut alsofindsthemostimportant detourif
thereismorethanone.Thus,wecanidentify andremovefalse-positivelinks asthosewith a
low ratio min(��
 ��0)/��
 ��.

Foreverypotentiallink betweensites� and� detectedin Fig1D,wecalculatemin(��
 ��0)
(Fig1A,bottom).Thescatterplot in Fig1Edemonstratesthat,for thefalse-positivepairs,min
(��
 ��0) isseveral-foldsmallerthan��
 �� (reddotsin Fig1E).For true links (greendotsin Fig
1Band1E),thetwo correlationmeasuresarenearlythesame.Thechoiceof thethresholdin
min(��
 ��0)/��
 �� (low dashedline in Fig1E)isnot crucial,aslongasweaveragethehaplo-
typefrequenciesoverat least~20populations(for our parameterchoice).In thiscase,thetwo
groups,false-positiveandtrue interactions,remaindistinct.Theendresultis100%perfect
detection(Fig1B).Asabonus,weobtainaccurateestimatesfor thecompensationstrength:
��
�
 within 15%accuracy(Fig1F,numbersatgreenlinks).

In our previouspaper,weshowedthataveragingoverdozensof populationn is requiredto
isolatedepistaticlinks.In our examplein Fig1,wedemonstratethat,at � = 50sitesandmoder-
atepopulationsizes,ahalfof false-positivelinks remainevenafter200populations.Thepres-
entmethodprovides100%fidelity at � = 50sitesor less,for thenumberof replicate
populationsbetween20and200,andepistaticstrength
 = 0.5�0.75.Performancedrops
sharplyat 
<0.25.

Analytic results
In the������, weshowanalyticallythatmin(��
 ��0)�min(��
 ��) for indirect interactions,
asgivenby

��
 �� �
1

4…1� 
†

��
 ��0 � 0

andthat thiscondition canbeusedto eliminateindirect interactionsanalytically,in thegen-
eralform. In theanalyticderivation,weassumethat thesystemisunderdirectedselectionand
in themultiple-mutationregime(thetravelingwaveregime),whichtakesplaceif log(��)�
log(�/�) [12]. In this regime,selectionsweepsatmanysitesoverlapin time andinterferewith
eachother[7]. Wealsoassumethat thepopulationis far from mutation-selection-driftequilib-
rium, sothatdeleteriousmutationeventsarenegligible.Thederivationgivenin the������
appliesatnegativevaluesof 
 aswell,but wefocuson positive
, whichcaseis termed
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"diminishingreturnsepistasis".Thereasonfor thischoiceisstrongeffectsof epistasisand
strongindirect interactionsin this region.Theanalyticderivationappliesatany
<1 and
belowthefull compensationpoint, whichcoversall basictypesof epistasis.

Wealsorepeatedthisderivationfor amorecomplextopologyof closedsquares(S1AFig).
Hereindirect interactionoccursbetweentheoppositecornersof thesquare,anddirect inter-
actionbetweenthesitesof oneside.Thistopologyismorecomplex,becauseit hasaloop,and
therearetwo pathsconnectingtheoppositecorners.Theresultsshowthatat 
>1/3, themag-
nitudeof directandindirect correlationsis thesame.The3-waycorrelationmethoddecreases
indirect correlationto alargerdegree,whichcanbeusedto tell thedirectandindirect correla-
tionsapart(S1BFigandS1Table).Thus,the3-waymethodis robustwith respectto atopol-
ogy.Thedifferencefrom thedouble-archcaseis that indirect correlationdoesnot disappear
completelyandremainsof thesameorderof magnitudeasthedirect interaction.This isespe-
ciallytrue if 
 iscloseto thefull compensationpoint (in thiscase,
 = 1/2).Because,in realbio-
logicalsystems,thevalueof 
 variesbroadlyacrosspairs,suchadifferencemaybenot enough
for thereliabledetectionof thetrue links demonstratedabovefor aloop-lesstopology.The
naturalwayto addressthis issueis to addanother0 andmeasurea4-waycorrelationto inter-
rupt bothequaldetoursconnectingthetwo points.This trick, indeed,removesindirect inter-
actionscompletelyin theentireintervalof 
, asgivenby ��
 00

�� � � 0 (S2FigandS1Table).
For thegeneraltopologywith manyloops,thenumberof theadditionalzerosrequiredto

kill anindirect interactioncompletelyisequalto thenumberof directionsin whichadetour
canoccur(theconnectivityparameter).Forexample,if achosensiteof interesthassixneigh-
bor siteswith strongcorrelation(director indirect,wedo not know),andthreeof themcreate
adistinctdetourto theothersiteof interest,wewouldneedto addthreezerosandcalculating
theminimum overall possiblecombination.Therefore,to decipheraverycomplexnetwork,
oneneedsto addextrazerositerativelyaroundsiteswith manyneighborsandseeif anything
haschangedateachpoint. In theexamplewith virusdatabelow,alooplessnetworkemerges
alreadyafterthethree-waytest.

Application to influenza A virus
After testingour methodanalyticallyandon simulatedsequences,for thesakeof demonstra-
tion, wenow infer anepistaticnetworkfor anevolvingviral population.Our choiceis thesur-
faceproteinof InfluenzaA H1N1,neuraminidase(NA), important for virus infectivityandan
important targetof drug therapyandimmuneresponse.Thisprotein isoneof two proteins
thatcontrol thevirusentry into ahostcell(theotherisHemaglutinin).

Our aim is to identify mutationsandtheir interactionsthatallowedthepandemicstrainof
2009to outcompetethepre-2009strain.For thisaim,wecomparedthesequencesof thefirst
strainto thesequencesof thesecondstrain,bothsampledworldwidefrom dozensof locations.
In orderto beableto applyour method,weassumedthatvariouslocalpopulationsarenearly
independentlyevolving,andmigrationbetweenthemisveryslow.

Althoughtheyarenot actuallyindependent,but representspartsof onemetapopulation,
this is thebestapproximationonecanobtainin anystudyworking with world pandemics
data.

Wehaveusedabout8000sequencesfound in theciteddatabasefor theperiod2000±2010
from variousgeographiclocations.Our goalwasto understandthedifferencebetweenthe
strainsbeforeandafterpandemicof 2009,whichhave80%of mutualhomology.Wewishedto
infer only theepistaticsub-networkrelatedto thatdifference.For thisend,wecompared
worldwidesamplesof sequencesfrom thetwo strains.Werandomlysampledsimilaramounts
of sequencesfrom thefirst andsecondstrains,andre-sampledthemseveralhundredtimes.
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Wealsocheckedtherobustnessof theresultsto theexactsamplingsize(Fig1F).Wehave
observedthat theold andthenewstrainsarebothdiverse.Thetwo strainsevolvedtogether
overseveralyears,andthenewstraingraduallyreplacedtheold strain.In termsof travelling
wave,that impliesthatwehavetwo travelingwaveswith overlappingfitnessdistribution,one
isgraduallywaningoverseveralyearsandreplacingtheother.

To simplifyour task,webinarizedthesequencesbysettingeachconsensusalleleto 0 and
eachnon-consensus("mutant")alleleto 1.Thissimplificationisadequatefor theaimof detec-
tion of interactions,unlessseveralaminoacidvariantsarepresentatasiteatsimilar frequen-
cies,whichwefound to bearareoccurrence.Weconsideredonly thesitesthatwerestrongly
polymorphic(>5%) andobservedabimodaldistribution of sequencesin themutantallelefre-
quencypergenomewith two separatemaximaof differentheight,at � = 0.05and0.2.Thelow-
frequencypeakwastaller.Thebimodaldistribution reflectsthemixture of two strains,theold
andthenew,with 80%homology.Thus,theold andthenewstraindifferedin NA in about
100sites,whichis20%of thelength.

In orderto compensatefor unequalsamplingfrom thepre-pandemicandpandemicstrain,
themoreabundantsequenceswith mutation frequencypergenomelessthanapresetvalue,
�<� � , wererandomlysampledanddown-weightedbyacoefficient,� � , rangingfrom 5%to
50%.Thisprocedurewasdoneto balancethenumberof sequencessampledbetweenthetwo
strains.To obtaintheaveragepairwisehaplotypefrequencies,��� werepeatedtheresampling
200times.

Next,wefollowedtheproceduredescribedabovein Fig1C±1Fandcalculatedtwo-wayand
three-wayassociationUFE,Eqs1 and2,to infer theintra-proteinnetworkof interactions(Fig
2).To avoiddivergence,wehaveconsideredonly pairswhenall four haplotypeswerepresent
in excessof acutoff,���>0.05.Thedependenceof resultson (� � , � � ), whichinfersbetween15
and22compensatorysites,originatesfrom theunequalpresentationof localsubpopulations
in thedatabase.Weobservethatslightlydifferentweightinggivessimilar resultswithin apla-
teauregionin Fig2F.WechoosecasesC,D, Ebasedon therobustnesswith respectto thetwo
samplingparametersseenasthebroadplateauin the2D diagram,seepanelsC,D, E.These
casescorrespondto aroughlyequalamountof eachstrain.If onestrainisstronglyoverrepre-
sented,thenetworkdisappears(Fig2A and2B).Below,wechoosethenetworkvariantshown
in Fig2D asthe"goldenmiddle"of theset.

A primary mutation andcompensatorysites
Weobtainthatsite248in NA representstheprimary siteconnectedto multiple compensatory
sites(Fig2D).Thus,our three-waymethod,testedin simulationandanalytically,showsthat
thenewstrainthathasoutcompetedtheold strain,only becauseit hadaprimary mutation
248andmanycompensatorymutations.Thenetworkhasthetypicalappearanceof afitness
valleynetworkobserved,for example,in HIV for drug-resistantmutations.

Onemight askwhethertheseinferredmutationsin Fig2 aresimplyadriving mutation
with hitchhikermutationspresentin theinvadingstrain.Aseasyto understand,in thiscase,
our methodwouldgivezerosignalinsteadof thenetworkinferred(Fig2).To makethis fact
obvious,weconsideranextremeexample,wherethepopulationrepresentsamix of theuni-
form old anduniform newstrain.Wefocuson thepartof thegenomewherethetwo straindif-
fer, for example,101100.. . and010011. . ., respectively.Thesedifferencescanbeeitherdueto
driving or hitchhiking mutations.Notethat,for anypair of thesesites,only two haplotypes���
out of thefour arepresent.Forexample,for thefirst andsecondsites,wehavehaplotypes10
and01.Hence,whencalculatingcorrelation��
 �� and��
 ��0 in Eqs1 and2,thesepairsare
excludedfrom analysisdueto thecutoff condition, ���>0.05.Thus,bydesign,our methoddoes
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not measurethedifferencebetweenstrains,but only aspecifictypeof associationbetweenthe
fluctuationsof allelesthat iscausedbyepistasis.

Structural interpretation
It is instructiveto placetheinferredepistaticsiteson athree-dimensionalproteinstructure
(Fig3).Theactivepocketof NA (purple)servesto bind sialicacidon targetcellsurface.We
observethat theinferredprimary mutationat residue248is locatedneartheactivepocket.
Theinferredcompensatorymutations(Fig2D) helpingthemutantstrainof NA to improveits
fitnessareall locatedon theproteinsurfacein ��-helixesconnectinganddeterminingthe
mutualorientationof ��-sheets.Inferredprimary mutation248waspreviouslyshownto
enhancethelow-pH stabilityof NA [51]. It isubiquitousin all influenzaA H1N1variantsiso-
latedafterthe2009pandemic,regardlessof ageographiclocation[52±54].

Unlike theepistaticlinks, thefalsepositivesarenot linked to anyspecificbiologyor prox-
imity to 248.Linkageis indiscriminatoryin thissense,asit isasimpleconsequenceof

Fig 2. Epistaticnetwork predictedfrom sequencedataon surfaceprotein sequencesof InfluenzaA H1N1 obtainedbetweenyears2005and2010.Thecircular
diagramsshowthenetworkof interactionbetweenvariableaminoacidsitesin theneuraminidaseprotein.Sequenceswith homologyto theconsensuslessthan� � were
randomlyre-sampled200times,with their numberdownweightedbycoefficient� � . (F) 2D heatmapshowingthetotalnumberof links asafunction of � � (X-axis)and
� � (Y-axis). Differentversionsof wheelsin A-E correspondto differentchoicesof � � and� � shownbycrossesin F.All links haveestimated
 > 0.5.(A-E) Colors
correspondto different locationsin theprotein.

https://doi.org/10.1371/journal.ppat.1009669.g002

PLOS PATHOGENS High-fidelity method of epistasis measurement

PLOS Pathogens | https://doi.org/10.1371/journal.ppat.1009669 June 21, 2021 9 / 19



stochasticphylogeny.Almosteverypair of diversesitesin databaseisapotentialfalsepositive
interaction,seeFig1Casanillustration.º

Discussion
In thepresentwork,weproposeanefficientevolution-basedmethodto tell apartco-variance
causedbyepistasisfrom co-variancecausedbystochasticlinkageeffectsdueto common
inheritanceandindirect interactions.First,weaveragetheobservedhaplotypefrequencies
overindependentpopulations,thenweselectthelinks with ahighco-variance,andthenwe
applyatri-way haplotypetestfor eachcandidatelink to eliminatetheresidualfalse-positives.
Wevalidatethetri-way haplotypemethodusingasimpleanalyticalmodel(������) assuming
aquasi-equilibriumstatecreatedbyaslowly-movingtravelingwave.Theexistenceof quasi-
equilibrium hasbeentestedpreviouslybysimulationin abroadparameterrange[46,50].Intu-
itively, thedistribution of allelesbetweensiteshasasufficienttime to attainthemostprobable
state,i.e.,thestatewith largestnumberof possiblesequencesgivenfitness.

To demonstratethehigh fidelity of themethodin acontrolledenvironment,weusedasim-
ulatedsequencesetevolvedin aWright-Fisherpopulationwith aknownepistaticnetwork.In
thecaseof asimplenetworktopologyand40loci, themethodeliminatedall false-positive
interactions.

To illustratetheapplicationof our method,weaveragedhaplotypefrequenciesoverinflu-
enzaH1N1sequencesobtainedfrom alargenumberof geographiclocations.Weidentified

Fig 3. Structural location of the predictedepistasisnetwork for the neuraminidaseof influenza virus. Thefigure
showsthethree-dimensionalstructureof InfluenzaA H1N1neuraminidase(PDBID code4QVZ).Coloredspheres
representpredictedepistaticresiduesfrom Fig2D.Redsphere:Predictedprimarymutation(residue248in Fig2D).
Orangespheres:Compensatory residuesfrom Fig2D.

https://doi.org/10.1371/journal.ppat.1009669.g003
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primary andsecondarymutationsresponsiblefor thepost-2009strain.Wedid not addressthe
originsor thehistoryof thestrain.Wenotethat Influenzavirushasbeenshownto mapto the
travelingwavetheory[48,49],whichjustifiestheuseof our methodassumingdirectionalselec-
tion andthequasi-equilibriumassumption.Our resultsinfer asingleprimary siteand15±20
strongcompensatorymutations,whichnumberis in thesamegeneralrangeasthenumberof
compensatorymutationsobserved,for example,in drug-resistantstrainsof HIV. Theinferred
primary mutation,248,hasbeenobservedin all influenzaA H1N1strainsafterthe2009pan-
demicin variousgeographiclocations[52±54].It wasshownto affectvirus infectivity [51].

Wedid not find anyempiricevidencein theliteraturefor or againsttheinferrednetwork
of compensatorymutations.Hence,wemakeanewtestablepredictionfor afutureexperimen-
tal test.Primarysite248canbepredictedbysimplealignmentandiswellstudiedexperimen-
tally.Its compensatorysites,however,areimpossibleto detectin vivowithout our method,
dueto stronglinkagenoise.It wouldbeveryusefulto comparethesepredictionswith the
resultsof deepmutationalscanning[55,56],whichwehopewill beavailablein thefuture.

It isworth noting that Influenzasequencesrepresentameta-populationwith manycon-
nectedislands,not asinglewell-mixedpopulation,nor completelyindependentpopulations.
Theapproximationusedin our work hereis that theaverageoverdifferentgeographicloca-
tionsallowsto obtain,at least,apartialaverageovertheensembleof independentpopulations.
It isunclearto whichextentthelackof thefull ensembleaverageaffectstheestimate,but at
least,weareableto compensatetheresiduallinkageerrorswithin thatpartialensemble,some-
thing thathasnot beendonebefore.

Ascomparedto theexistingtechniquesof eliminationof indirect interactions,developed
for differentanimalspeciesthatdivergedmillions of yearsago[43,44],our methodisdesigned
for recentlydivergedpopulations(thousandsof generationsor less)of thesamespeciesand
recentlyemergedmutations.Furthermore,our methodiscapableof eliminatingstochastic
linkage,whichisof lessimportancewhendifferentspeciesarecompared.Wherebothmethods
canbepotentiallyapplied,suchascalculatingthefitnesslandscapeof HIV Ab-binding regions
[45], our methodismuchfastercomputationally,becauseit is localin thegenome.Indeed,we
canconsideronepair of loci atatime without theneedof simultaneousoptimizationof � 2/2
parametersof thefull interactionmatrix.Also,it helpsto avoidthesituationwhenthenumber
of fitting parameteris too large,andthesystemisover-defined.

Themain limitation of theproposedapproachis that it assumesconstantdirectionalselec-
tion, asopposedto balancingselectionor time-dependentselection,suchasoccursunder
changingexternalconditions[57]. While theevolutionof influenzain apopulationunderthe
selectionpressureof accumulatingimmunememoryBcellshasbeenmappedto thecasewith
constantselection[48,49],thecaseof virusevolutionundertheCD8T cellresponse[58] or
thecaseof avirusco-evolvingwith its defectiveinterferenceparticle[59,60]haveno suchcon-
nectionandrequireseparateinvestigation.

Our aimherewasto proposethefirst methodthatcan,in principle,isolatelinkagefrom
epistasis.Our analyticderivation,underthestatedconditions,demonstratesthat themethod
worksin abroadrange.Thefuture taskwill beto find thefull regionof theapplicabilityof our
methodin termsof �, �, �, andthenumberof sites�. Wehopeto addresstheupperlimit on �
in thefuturework.

Theapplicationof our techniqueto themetapopulationof influenzaisbasedon the
assumptionthatmigrationbetweenlocalpopulations(ªdemesº)issufficientlyslow,sothat
their evolutionalongstochastictrajectoriesremainsmostlyindependent.Thestandardcrite-
rion of independenceis that,for thegenomicregionof interest,themigrationratefrom
directlyconnecteddemesismuchsmallerthanthemutationrateperregion.In theopposite
limit whenmigration isveryfast,theentiremetapopulationiswell-mixed,andthemethod
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becomesuseless.Thereexistsalargeintermediateintervalof migrationrateswhentheneigh-
boringconnecteddemesform well-mixedclusters,andthepopulationrepresentsalargenum-
berof suchindependentclusters,sothemethodstill applies,exceptthelinkagenoiseis
increasingastheir numberisdecreasing.Whenmigration issofastthatanewbest-fitgenome
arisingin themetapopulationspreadsfasterto anydemethanthelocalproductionof best-fit
genomesbymutation,wehavethepanmixiacaseandthemethodceasesto apply.

To summarize,weproposedatechniqueto infer theepistaticeffecton evolutionof locus
pairsandteaseit out from stochasticlinkageeffects.Wehopethatour approachandfurther
developmentof this techniquewill proveusefulfor all researchersinterestedin finding fitness
landscapesof variousorganismsfrom geneticsamples.

Methods

Model
Wesimulatetheevolutionof ahaploidasexualpopulationof � binarysequences.In anindi-
vidualgenome,eachlocus(site,nucleotideposition,aminoacidposition)numbered
� = 1,2,.. .,� isoccupiedbyoneof two alleles,eitherthewild-typeallele,denoted� � = 0,or the
mutantallele,� � = 1.Weuseadiscretegenerationschemein theabsenceof generationoverlap
(Wright-Fishermodel).Theevolutionaryfactorsincludedin themodelarerandommutation
with rate�� pergenome,constantdirectionalselection,andrandomgeneticdrift dueto ran-
domsamplingof progeny.Selectionincludesanepistaticnetworkwith asetstrengthand
topology.Recombinationisabsent.A previousmodelingstudyshowsthatmoderatelevelsof
recombinationcanenhanceepistaticdetection[40]. Whereusethestandardmodelof fitness
landscapewith pairwiseinteraction.Thelogarithmof theaverageprogenynumberof anindi-
vidualgenome,�, dependson sequence[� �] asgivenby

� ‰��Š̂ �
P �

�ˆ1 � �� � ‡
P �

�<� � �� � � � � …3†

� �� ˆ 
 ��…�� ‡ � �†� �� …4†

where� �� = 0or 1 is thebinarymatrix thatshowsinteractingpairs.Heretheselectioncoeffi-
cients�� and�� denotetheindividual fitnesscostsof two deleteriousmutationsthatarepartially
compensatedbyeachother.Bydefinition, 
 �� is thedegreeof compensationof deleteriousalleles
atsites� and�. Values
 = 0and1representsno epistasisandfull compensation,respectively.

Theformalismappliesatnegativevaluesof 
 aswell,but wefocuson positive
, whichcase
is termed"diminishingreturnsepistasis".Thereasonfor thischoiceisstrongeffectsof epistasis
andstrongindirect interactionsin this region.Theanalyticderivationin the������ applies
atany
<1 andbelowthefull compensationpoint, whichcoversmostbasictypesof epistasis.

In our simulationexamplein Fig1,weconsiderahaploidpopulationwith theinitial fre-
quencyof deleteriousalleles,�0 = 0.45,beneficialmutationrate,� = 0.07,fixedselectioncoeffi-
cient,� = 0.1,populationof � = 1000individuals,� = 40sites,andfixedepistaticstrength

 = 0.75.ThecoreMonte-Carlosimulationcodefor Fig1 iswritten in MATLAB anddepos-
itedatsitehttps://github.com/rbatorsky/hiv-recombination.It canbemodifiedfor different
typesof epistasisandrecombination.Thecodefor Fig2 (dataanalysis)hasbeenuploadedto
https://github.com/irouzine/Pedruzzi.

Main approximations
Weassumethat thesystemisunderdirectedselectionandin themultiple-mutationregime
(travelingwaveregime),whichtakesplaceif log(��)�log(�/�) [12]. In thiscase,wehave
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interferingselectionsweepsoccurringatmanysitesatonce.Wearefar from mutation-selec-
tion-drift equilibrium,sothat reverse(deleterious)mutationsarenegligible.In abroadparam-
eterrange,anadaptingpopulationcanberepresentedbyaslowly-moving,narrowpeakin
fitnesscoordinate[7,9,12,14,16].Evolutionisslow,becausethelimiting factoris theaddition
of ararebeneficialmutationestablishedwithin ahighly-fit geneticbackground[7,12].Because
thefitnessdistribution movesslowly,theentropy(thelognumberof possiblesequencesgiven
fitness)of themutationdistribution overgenomeshasenoughtime to reachits currentmaxi-
mum, restrictedby thecurrentaveragefitnessof thepopulation.Thissituationiscalled"quasi-
equilibrium".At eachmoment,eachfitnessclasshasenoughtime to reachthemostprobable,
mostchaoticstategivenits fitness.Previously,weverifiedthevalidity of quasi-equilibriumin a
broadrangeof parametersandinitial conditionsaftertime ~ 1/<�> [46].

Linkagemeasure
Wewill useabinarymeasureof alleliccorrelationsdefinedin Eq1,where�00, �10, �01�11arethe
haplotypefrequenciesaveragedovertheensembleof populations[46]. UFEperformssimilarly
to moretraditionallyusedmeasures,suchasLewontin's�� andPearsoncorrelationcoefficient,
	 2 [40] or mutual information [43,44].Ascomparedto thesemeasures,UFEhastheunique
advantageof directlymeasuringthedegreeof mutualcompensationof two alleles
, provided
theydo not interactwith othersites.If apair of loci doesnot interactwith theotherloci in the
genome,wehave��
 = 
. If theyareapartof anetwork,thismeasureoverestimates
. In the
main text,wecalculateUFEfor everypairsof sites(Fig1A).Weleaveonly thosepairswhere
��
 exceedsasetthresholdof 0.6.

Tri-way linkagemeasure
To testwhetheradetectedcorrelationfor apair of sitesisdueto direct interactionratherthan
linkageor indirect correlation,for eachconnectedpair, �, wealsocalculatethethree-waymea-
sure,Eq2,where0 in thethird positionselectsonly for thesequenceswith theconsensusallele
0atachosensiteconnectedto onesiteof thetestedpair.Weconsiderall possibleconnected
sitesas0-nodesandcalculatetheminimum valueof ��
 ��0 overall possible0-nodes.Finding
theminimum not only detectsadetourbut alsofindsthemostimportant detourif thereis
morethanone.Thus,wecanidentify andremovefalse-positivelinks asthosewith alow ratio
min(��
 ��0)/��
 ��.

Analytic testof the method
To demonstrate,in thegeneralform, that theabovemethodworkson indirect interactions,we
considerasimplifiedcaseof thefitnesslandscapemodelin Eqs3 and4.Weassumeanequal
selectioncoefficient� � = �0 andafixedepistaticstrength
 �� = 
 (Eqs3 and4).Then,wecan
fully characterizeagenomeby thenumbersof interactingallelicclustersof differentsize,�.
Eachsuchclustercomprises� directlyinteractingalleles.Let � � denotethenumberof clusters
with � allelesand � interactions.Then,from Eqs3 and4,wecanexpresslogfitness� asasum
overclustersof differentsize(Fig4)

� � � � 0�0� ˆ � �0

P ���!
�ˆ1 � �…�� 2
 �† …5†

Newnotation�0 hasthemeaningof theeffectivefrequencyof non-interactingallelesthat
wouldhavethesametotal fitness,�. Thenumberof interactions, � at ��3, dependson the
topologyof theepistaticnetwork.Here 1 = 0, 2 = 1 for anytopology.For thechosennetwork
of doublearches,wehaveclustersof single,double,andtriple alleles,and 3 = 2 (Fig4).
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Asmentionedabove,weassumequasi-equilibrium,asdeterminedby thecurrentfitness.At
eachmomentof time,numbers� � aredeterminedby thecondition that theentropyof thesys-
temismaximalgivenits fitness,Eq5.Theevolvingpopulationreachesthemaximum-entropy
stateat thegivenfitnesslevelwith respectto thepolymorphicsites.Entropy" isdefinedasthe
lognumberof possiblesequenceconfigurations(for example,0111100101)

" ˆ ���
Q ���!

�ˆ1 # � �
� �
…��†

� �

h i
…6†

where� � is thenumberof all possiblelocationsfor aclusterof size�, and� � is thenumberof
eachcluster'sconfigurations(shapes).Thevaluesof � � and� � dependon thenetworktopology.

Previously,weappliedthisargumentfor severaltopologiesto derivethenumbersof clusters
of differentsize[46]. Weshowed,for thetopologyin Fig4,that thefrequenciesof clustersof
size� = 1,2and3,denoted�� = � �/�, arerelatedas

�2 ˆ
1
3

� 2� 2

1 ; �3 ˆ

2
3

� 3� 4

1 
 <

3
4

…7†

The1stand3dsitein eachtriplet in Fig1Bdo not interactdirectly,but only indirectly through
site2.For thesetwo sites,thehaplotypefrequenciesare

�11 ˆ 3�3 ‡ � 2
1 ; �10 ˆ

3
2

�2 ‡ �1 …8†

Whenepistaticinteractionissufficientlystrong,asgivenby thecondition 
 > $%&,triplets
dominatenumericallyoversingleallelesanddoubles,asgivenby �1�� 2�� 3 (Eq7).FromEqs7
and8,usingthesestronginequalities,wecanapproximatethehaplotypefrequenciesas

�11 � 2� 3� 4

1 ; �10 �

1
2

� 2� 2

1 ;

1
2

< 
 <
3
4

…9†

Usingcovariancemeasure��
 �� definedin Eq1,weobtain

��
 �� �
1

4…1� 
†
…10†

Fordirectlyinteractingsites1and2 (Fig1),wepreviouslyobtained� ��	
11 � � 3� 4


1 ; � ��	
10 � 1

3 � 2� 2

1

see[46], Supplement,Eqs(3.29)and(3.30)].Thisgivesthesameresult,Eq10.Weobservethat
theindirect covariancebetweensites1 and3 isasstrong,asfor directlyinteractingsites.

However,if wecalculatethree-waymeasure��
 ��0 in Eq2 insteadof ��
 �� by including
only thesequenceswith majority allele0 atsite2,then,insteadof Eq9,weobtain

�101 � � 2
1 ; �100 � �1 …11†

��
 ��0 � 0:

Thus,thephantomcovariancedisappearswhenweselectonly thesequenceswith amajority

Fig 4. An epistaticnetwork madeof doublearchesusedfor simulation andanalyticderivation. Numbers� � denotethenumbersof
clusterswith � connectedsitesin agenome.Dotsshowdeleteriousalleles.Interactionsbetweentheexistingdeleteriousalellesareshownin
red.

https://doi.org/10.1371/journal.ppat.1009669.g004
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alleleinsertedbetweenthetwo testedsites.Thisresultis intuitively clear:by thedefinition of
fitness(Eq3),only minority allelesinteractwith eachother,whilemajority allelesform aneu-
tral background.Thesamemethodturnsout to beextremelyeffectivefor eliminatingfalse-
positiveinteractionscreatedby linkage(compareFig1Bwith Fig1E).

Wealsorepeatedthesamederivationfor amorecomplextopologyof closedsquares(S1
TextandS1Fig).Theresultsarediscussedin themain text.

Sequencepreparation
Wehaveappliedthethree-waytestto influenzavirus.Weperformedamultiple progressive
alignmentfor aminoacidsequencesof Neuraminidaseproteinof InfluenzaA virusstrain
H1N1obtainedfrom publicdatabasehttps://www.fludb.org.Wefocusedon NA becauseof
themassiveamountof sequencedataandbecausestrongchangesin NA areresponsiblefor
thehigherinfectivity of thepandemicstrain.

Theamountof datamustbesufficientlyhigh to ensurethateachthree-sitehaplotypeenter-
ing UFEberepresentedbyalargenumberof sequences,with their inversesquareroot being
therelativeerror. In our case,thiscondition wasfulfilled bysettingcutoffatallelicfrequency
�>5%. Wedownloaded8440sequencesof NA from apublicdatabase(https://www.fludb.org).
Theywerecollectedworldwide,from differentgeographiclocations,from year2005andyear
2010,andincludedbothpre-pandemicandpost-pandemicstrain.All sequenceswerealigned.
Weconsideredonly thesitesthatwerestronglypolymorphic(>5%) sometimesin thewindow
of 5years,during whichtime theycontributeto thecalculatedcorrelationmeasures.Then,we
found thecommonconsensus(majority) allelefor eachaminoacidposition.Notethatwe
havechosenthecommonconsensusof theentiresetasthereferencesequencefor calculating
allelefrequencies.Thechoiceof thereferencesequencedoesnot matterfor thesite-sitecorre-
lationsandtheinferrednetwork.

Pairwisedistancesbetweensequenceswerecomputedusingpairwisealignment.The
obtainedconsensus,definedasthemostfrequentvariantin thepopulation,servedasauniver-
salreferenceto binarizeddatasequences.Beforeapplyingthedetectionalgorithm,theprotein
sequenceswerebinarized,bydirectcomparisonof eachsequenceto theconsensus.Each
amino-acidresiduewassetto 0 or 1 for consensusor non±consensus.Althoughcombiningall
aminoacidvariantspersiteignoresthespecificbiochemistryof substitutions,thisapproach
greatlyreducesthenumberof haplotypecombinationsandalsoincreasesthesensitivityby
effectivelyincreasingthehaplotypefrequencies.

Next,wemeasuredthemutationalfrequencyfor eachsequencealongsequencesandfor
eachsiteacrosssequences.Thesubsetof low-diversitysequenceswith allelicfrequencybelowa
cut-off � � wasrandomlysampledanddown-weightedaccordingto asetcoefficient,� � . Then,
wedeterminedtheaveragepairwiseandthree-wayhaplotypefrequenciesfor all pairsandtrip-
letsof sites,asdescribedin the'������ section.

Supporting information
S1Text. Derivation of UFEfor the closedsquaretopology.
(PDF)

S1Table.Direct and indirect UFEvaluesfor the squaretopology. Index0 indicatesa3-way
measure.
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Indirect interactionpairwise.C) Indirect interactionthree-way,with afixedzeroatanode.d)
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Indirect interactionwith two fixedzeros.E)Direct interactionpairwise.F) Direct interaction
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(TIFF)
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strengthpredictedfor squaretopology.
(TIFF)
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