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| dentifyingCpositivel y[$el ected[ami nolaci dC& teslisLanCimportant[&pproachfor (nakinglinference
aboutthefunction(df[prote ns, [@n@minol&ci disitelthatisuindergoi ngpositivelsd ectionlislikely o
play@key Mol elinfhefunctionlof thelprotei n. (Welpresent[alhewBayes aninethodfor [identifying
positively[Sel ectedi@minolaci dis tesiand@ppl y thelnethodfolaldatalSet [0f (hemaggl uti ninlSequences
fromthelInfluenzalVirus. [(IWel3howthat thefesul tsLof (thelhewlinethods arelinlaccordancelvith
resultsiobtai neditisi nglpreviousimethods. W orelimportantly, Welal soldemonstratelfiowheinethod
canlbeltisedfor [inaki ngfurther [inferences aboutthelévol uti onary[hi story [of [Thel$equences. [TFor
exampl e, iveldemonstratethat [SitesTthat [arelpositivel y [3el ected@endfiolhavelalpreponderancelof
conservativeldminolacidisubstitutions.

1{Dntr oduction

1.10Theld\/dgMatio

Theldegreelfolwhi chlan@minolaci disi telisfreefolVarylisistrongl yldependentonlits
structural AndHunctional mportance. [TAn[aminolaci dihat (bl ays al eritical (ol e—
perhapslasiamember [in[afuncti onal lylimportantstructure—isiinlikel yfolthange
over[evol utionary(iime. In[fact, [host[hethods[a med(at [detecti nglregi ons[or [Sites[of
functional importancelinCaminolaci dlor (DNA [sequenceslarelbasedonletecting
regionsLof JowVariability. [THowever, VeryhighCevel sCof (Variability(@l sols gnify
functional [importance.[For[eéxampl e, [hany i rusesléxperiencelpositiveldiversifying
sdlection(in(iheir [boat[proteinsio avoi ddmmuneltecognition’. (ITheltegionsthat
haveleenfargetedbyl3el ection@relthypervariabl e, having@néxcesslof @minolacid
alteri ng$ubstituti onsC{nonsynonymous$ubstituti ons) [comparediolivhat livoul dbe
expected(if(all [Substituti onsat fthelNA [evel [occur [at [ThelSamelrate. [T helévidence
for [ ectiond s ntheldy/ds[Tati o. [T heldy/ds[fati o0 sCthelfati oCof (thelt atelof
nonsynonymous] substituti onsC] per [0 nonsynoymous sitesd (dy) OtoOthe rateld of
synonymouslsubstituti onsL{non-aminolaci d(& tering) (ber [$ynonymous$itel{ds). [IIf
nolDarwinian(sel ectionlisacti nglonfheDNA [Sequences, ivelivoul dléxpect [dy = [dls.
I f[her eliislmegati vel$el ecti on[{sal ecti on[&gai nsthew@mi nolaci dvariants) [dly [ [dls,
andlif Eherelis(positivelsd ection{sel ectionor ChewVariants) Laly B> [ds. (T heldy/ds
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rati olis(aproxyfor [Thelstrengthlof [$el ection[and[tan, @herefore, (bellisedol$earch
for [egi onslof [functi onal [importance. [For [éxampl e, [in[SomelVi rusesthel@minol@cid
sites[thatCarelimportantforinteractionslbetweenthelVirusCandthelhost[tan[be
i dentifiedBy(fi nding(thelsitesiindergoi nglposi tivelSel ection.

1.20TheMaxi mumIikel ihoodhethod

Recently,[3everal (hew[methodshavebeen[devel opedfor [dletecting[positively
sel ected@mi noAci diSites. [T helihethods[of i el sen(@ndLY ang?(@ndLY anglet @l @re
based[on[imodeling[thel&vol uti onCof A hucl ecti de[SequencelasCal tontinuoustime
Markov(ehai nwith[Statelspacelonfhelset[of [possi bl elcodons. [Infheselinode slihe
dn/dsati olis[aparameter [and[it[danDelestimateduis nglmaxi mumikelihood({i.e.,
by ndi nglthelwal uelfor [Theld\/ds(fati olthat [Maxi mi zesthelprobability[of [@bserving
theldata). [T helinstantaneous tatelof (¢hangefromltodonifol¢codoninsitelklis

given(by

0,0 if [@ndjdiffer @trhorefhanionelposition,
if [landjdiffer BylalSynonymousliransverson,
qi” =skm if [andj differ By@Synonymousiransition, (1)

wyr;,  if illandjdifferBylaldonsynonymousitransverson,

wy ko ;, if illandjdifferBylaidonsynonymousiransition,

whereldn, lisThelVal uelof Lo = [/ ds[inEhelhth$ite, klishedransition/transversion
rateltati o, [BndLx Islthelstati onaryirequencylof [dodon(jl [T helval ueldf Ly, Bt Lalsi telis
consideredtobeJunknown, ObutCOdrawnOfromOsomedparametricOdistribution.
ParametersLof [thi sCdli stributi on[¢anbelésti matedisingmaximum(likelihood. [T he
detail siof (fheldal cul ati onsiéanbefioundinFel senstein*@ndNiel sen@ndCY ang?. (i
brief, Othedikelihoodfunction sCcal cul ated by Osuperimposi ngCthelJsubstitution
processLal onglthelbranches of (the[phyl ogeneti cliree. [IThelpruni ngLal gorithmCof
Fel senstei n*[GanfhenbelDisedfoldal cul atelfhelTi kel i hoodfuncti onfor [parametersiin
thelioldi stributi onCandCother [parameter stsuchasthelbranchOengthsCof (theliree.
Becauselof (thelLiselof (Al phyl ogeneti cliree, [thelmethodisCapplicabl eliolmultiple
alignedisequences.[MHowever, (3t [hi s melit [can[onl yhelappli eddoldne, [or [ ew,
treeslbecauselof [Gomputati onal [Ii mitations.

FormulatingthelJorobl emCof Cdetecti ngCposi tivelsal ectionCinCanCexplicitly
stati stical (framewor k (hasCa humber [of (advantages. CAn[mportant[strengthCof [the
likelihood-basedhethodslistheléaselwi thiwhi chlfiypothesesldan belflested. Y anglet
al .*showedhowIhelinethod¢anbe lisedHoest if Fherelisiévidence[or [positive
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sel ection(inlalparti cul ar [datalSet. ([For [éxampl e, [in[onelof [Thelinodel S[IM 7) [InLY ang
et(@l it Was@ssumed(that (ol | owsabetaldi stri bution. A [betaldi stri buted fandom
variabl elisldefi nedlinfhelinterval hetweenO@nd1; molpositi velse ectionlislal | owed
under [Bhisimodel . (A [3lightl yCinorel¢ompli catedinodel [¢an e madelbyassuming
thatLeo(Tor Calsitelislé ther [tlrawnGromalbetal di stributi on[{asbefore) Cor [isCunder
positivelsd ection[{w(>>1).[IT helmaximumdikelihoodal ueslobtai nedCLinder the
morelgeneral inodel [@ndthelodel [Assuminglalbetaldli stributi on[¢anbelcompared,
andfhelhypothesi sLof (holsitesllindergoi ngpositivel$eal ection[tanbefestedlisi ng@&
likelihood(rati offest. [T theBetaldi stri buti on[isfej ectedinfavor [0f [AlModel [@l lowing
positivelylsd ected(Sites, [it[is[@l solpossi bl elfolpredi ctwhi ch(Sitesihavelral uesiof [a[>
1Musinglaniémpirical Bayesimethod. [T helpositivel y[3e ected(Sitesidanbelidentified
by[¢al cul atingEhelposterior [probabilityfhat [Aparti cul ar (i telhaslalval uelof (31
under Cthe[parameter CestimatesTobtai nedCfor CthelJmodel Clal | owi ngCifor Opositive
selection.

1.3[Mappinglmutati onsioniphyl ogenies

Inlthisinanuscri ptwvelwill [éxpl orel@n(al ternativel@pproach. [T hi sl@pproachlils
basedonléxplicitlynappi nglinutati onsionaphyl ogeny. MInNi el sen®An&pproach
wasltescribed[in[hi chlinferencestegardingCimol ecul ar Cevol utionCtan[bemade
usinglthelposterior(distributi on[af (fhappi ngsiaf [utati ons. [ et [D (Belfheldata, [th[our
casel Al $et[of [alignedlihucl eoti delequences, Land et (M [bel & possi bl elimappi ngLof
mutati onsLon@helphyl ogeny. [IIF gure[1[showsLan[&xampl elof (Somelobservations
(ourCtlata,[D)Cat(theldi psCof (altree[With[onelpossi bl elteali zation[of Cmutations{a
mapping, M) hat[Goul dlhavellkedfoliheldbservati onslat thelfi pslof theliree.

Wel@rellypi call ylinterestedlin[&val uati ngCsomefuncti onCof (thelimappi ngLof
mutations. [[For [éxampl e, iveldoul dbelinterestedinfhelmumber [of (honsynonymous
mutati onsd nCaCparti cul ar Cami noCaci dC{ codon) Csitelor (heldi stributi on[Cbf Csuch
mutati ons[& ongthelsequencelor [al ongLthelphyl ogeny. [T1felknew(theltorrect
mappi nglof (Mutati onsiiveldoul dléasi | y[éval uatelthi siunction. [T helprobl emlisihat
weldolChotCknowwhichCimutati onal Cappingi sCtorrect. [T PerformingCstatistical
anal ysesBased(on(alsi ngl elappi ng, [for [@éxampl elalpar s mony(inappi ng, i ghtlead
to[Seri ousbi ases’. [Minstead@More@ppropri ate@pproach isHoSum@Stati sti cover @l
possi bl elappi ngs, Wei ghti ngbyThelposterior [probability(df [@ach.

L et[i(M) befhelval ueldffhefuncti oniwelarelinterestedlin{e.g.fhehumber [of
nonsynonymousCimutationslin[& s te). [OWelassumelthat[this[function[tannot[be
cal cul ated(dli rectl yiromiheldataltisi nglsomelsi mpl elethod, but [That th(M) [éasily
canbeléval uatedif MisKnown. Welarelfhenlinterestedlinleval uating

h(D) := E{n(M) |D}= Y h(M)Pr(M |D). )

Mew
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HereW isthellset[of (possibleCimappingsCandPr(MCD) i sCthelposterior
probabilitylof @appi ng. [n@Bayes anframewor k eldan[eval uatelPr(M[ID)[8s

Pr(M [D)= [Pr(M|D,©)p(®|D)d®. 3)

OEQ

Herel®(islaector [0f [parameter slandQ [isfThelSet[6f [l | [possi bl elval uesidfthis
vector. In[our [Gase, [it Wil ihcl udefhefopol ogylaf Thelphyl ogeny, Thelbranch
lengths,[@ndlparametersiaf Thelmutati onal [processiwhi chiwil | Beldetail edleter. TN
otherWords, thelposterior [di stributi on[of mappi ngslisieval uatedBylintegratingldver
thelposterior [densi ty(df (@, (p(@ (D). T hi sidi stributi on[danBelSpeci fi edlunder @
particular hodel [of [Sequencelévol utionland(usi ngl@ppropri atelprior [di stributi ons{for
thelparameters.IIn(practi ce, [it[isAecessary(bluselM arkovichainM ontelCarl o
(MCMC), @slih(I arget[@ndSi mon®or Huel senbeck@tal ., foleval uatelp(OJID). I
theselhethods, [aIM ar kov(chai niwi th[StatelSpacelonfhelpossi bl elval uesiof [B[and
stati onaryIdi stributi on[p(©[ID) [ikSi mul atedsi ngthel etropol is-Hastings
algorithm®®. MBySampling(from(thisidhai n(at[stati onarity, [{correl ated) [Sampl esof @
from(p(©0ID)[danbeldbtai ned.

Figur e1.TA M utati onal (happi nglon@phyl ogeny for @S ngl efucl ectidelSite. [Tircl esindicate
mutations.[[For@ach(fhutati on, theflypelof hutationl(e.g. [T < A), thelédgeldf Eheltreeldniivhi chiit
occurredi@nd, [possibly, thelfi melativhi chlit[dccurred, isfecordedlihtheldomputer hemory. TA
mutational tappi ng[(M) [donsi stslof theselriecordi ngsifor @l (Sitesih(aldatalSet, [And(@ll [edgesinfhelfree.
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I n(Ni el sen’[@n(al gori thmfor Sampling@HandomEnappi nglof (utati onsErom
theldi stribution[Pr(MO[®, D) wasldescri bed. [Us nglthi si&l gorithmlit [is(possi bl efo
obtai n[samplesCof (M fromPr(M[D) CandtherebyStochasticallyCeval uatelh(D).
Firgt, (kvalueslof[(®, ©,, O,,...,0,[@arel3ampleddromp(@0D)[LsingltheLlMCMC
method.T1nCour Cparti cul ar Cappli cati onsCthi sCwill CheldonelusingCthelprogram
MrBayes™.[IThen, For [éach[of (theseVal ueslbf (O, CalmappingLobf Cmutations, (M,
M,,... My, [is[Simul atedfromIPr (M O®;, (D). [By @ Tawldf Margelmumber sfior MM arkov
chains,

=3 h(M, D) (D) @

aslRF> 3. TInMi el sen”[thi sihethodWasToundfolbelGui teldomputati onal l y@fficient.
ItChrovidesTapractical ,Candstati stical lyOwel | -justified, Capproach[For Cexamining
patter nsof (ol ecul ar[@vol ution.

1.4 Posterior[predictiveldistributions

Thelidealdf (s nglposterior [predi ctiveldi stributi onsfor [Maki nglstati sti cal [inferences
isiwvel | [@stabli shedlinBayesi an[Statistics™. (T helposteri or [predi cti veldi stributi onof
alstati ti clis(theldli stributi onfof [afutur e[{predi cted) Wal uelof (Thel$tati sti clgivenihe
observedldata. (M oreformally,[if (D" [Henotes ALt eplication[bf (D, thelposterior
predictiveldistributi on[df[@lstati stic, [T(-) LIikgi venby

p(T(D™®)|D) = [ p(T(D"®*)|©)p(@]D)d® . (5)

OEQ

L i kewi se, lveldan[definel@posterior [predictivelp-val ue™**@s
p, = Pr{T(D")=T(D)| D} (6)

ThisCprobabilitylisléval uatedvithtespect FolThelprobabilityldli stributi on[dji venby
Equation[b.[TA [posterior Cpredi ctivelp-val ueli sCalhybridCbetween[BayesianCand
frequenti stldoncepts. [t [invol veslalp-val ue, uvhi chlisafrequenti stldonstructionfhat
traditional lylisjustifiedDylitsproperti eslinfepeatedSampling; however, [integration
over Calposterior [distributi onof CparametersCi sCusedtoldeal Gwith[thehuisance
parameter [probl em. tslisel¢anbeljustifiedbothOn[AfrequentistiandlaBayesian
setting. [IM eng?3howedhat Ehelprobabili ty[of [Afypelfrequentistiérror [of (anLa-
level [posterior [predi ctivelfest [isloften(dl oselfolbut Messthanld.[andwil | [Dever [éxceed
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20..[TRubin*'ChasCarguedthat Cusi ngCposteri or Coredictivelp-val uesCisCBayesian
justifiabl elandlal solBayesi anlrel evant [Becauseldfitsiiselihimodel [diagnosis.

A[final OpointOworthOnoti ci ngCinCtheDcurrentCcontext, (i sCthat CtoCperform
hypothesi s tests[basedbn[posterior Cpredictivelp-val ues, [t sCbnlyChecessary[to
specifylthelinode [Winder [Thelhul I-hypothesi s. MWeldolmot heed{olexplicitl y[S$pecify
anlalternativelihodd .

2.0 Simulations

2.1 Modelslianddata

Inhelfollowing, tivelil | applyEhelideas dlescribed[aboveldolihelidentifi cati on[of
positively[sd ected(Sitesin[aldatalSet [dontai ning[28[Sequencesiof [thellhhemaggl utinin
protei nifrom(thelinfluenzalvirus.IIT hi sldatalSet was(previoud y@nal yzedinlY anglet
al.*[wherefitvasshown, [isingBheli kel i hoodnethods, Bhat (Bhi sCprotei nCisinfact
subjectolpositivel$al ection. [TWelwil | Cuselthi sCatal set[for [llustratingtheChew
methodolfiaci i tatel@asyldompari soniwithEhellikelihoodhethod.

Welarelinterestedlinesti ngthelfhypothes slof (i F1[@gai nst[@ onel$ided
alternativelof (> [1.M0Our ul | odel [isther eforelSpecifi edya codonSubstitution
model Gn[whi chCe=01. MWelhoti celfhat [Such[almodel Oislidenti cal (olA hucl eotide
substitutionfmodel (i thStatel$pacelonThefour [hucl eoti des, (Wi thheléxcepti on[of
thelJpresencellof [stopcodonsCandcodonCusagelbias. [T Welwill,(therefore, Cfor
computational [feasons, [iselal hucl eoti delinodel [iol el osal yLapproximateltheltodon
substitutionCmodel . [T hi sCwil | Cal solal lowwis[toluisel & mor e tomplex Cmutati onal
model (thanthemodel [CassumedCin[EquationIL.[T1 nCparti cul ar Civelwill Cuselthe
Generalized(TimeReversiblelfnodel *[{GTR) foode Fhelnutati on[processinfhe
DNA [Sequence. MIVelwil [isel@ndini nformati velpri or [for thebaselfrequencies: [@fl at
DirichletCdistribution. DWelill Cal soCassumeluniformCpriorsCfor (theTest[bf [ the
parameters: [the[other Cremai ningCparametersCof (thelmutational Cmodel,[(theliree
topol ogy, [@ndihelbranchiengthslof [theliree. (T ol@ssurelthatthelfesul tingposterior
distributi onlis[proper, [@Maxi mumbranchl ength[of (100{expectedSubstituti onsiper
nucl eoti delsi te) [islassumed. IWelnoti celfhat [Theltiselof [Winiformpri or siénsuresihat
our [Mesul tslarelmi nimal lylinfluencedythelchoi celdf[priors.

2. 2[Estimati ngtheldumber [df[Aionsynonymousimutationslin@lsite

UsingtheCtomputer CprogramMrBayes'°CivelranCaMarkovchai nCfor
1,100,000[8ycl es.MAfter fhelirst[100,0000dycl es, ivelSampl ed[alval uelof (B @t [every
1000thLtycle,Ceventual lyCobtai ningCatotal Cof (L000Csamples,[©,,[08,,[0,...,0100p.
ThesesamplesCarelvalid, (@ beitCtorre ated, Cdrawsfromthelposterior [probability
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distributionCof (9. [TFor CeachCbf (theselsampl esCof (B, OvelsampleCamutational
mappingfromPr(MO0O,[D).r helfesultingset Cof Cmutati onal Cmappings, M,
Ma, ....,M1o00, [@relthen(di stri buted@sPr (MOID). T helSampl esivil | (@ | hel¢orrel ated
becausetheyarelsampl ed [ fromthelsame M arkovTchain, outConlyCiveakly[so,
becauseldfthelSamplinglinterval [6f[1000[dycl es.

For Ceachlof [thelimappi ngs, ivel tal cul atelthelposterior [éxpectationLof (the
number [6f [fonsynonymousi{aminol@ci didl teri ng) utati onslin(al | [Sites. [For [Site]]

T(,) = E(n, 1D) = o530, (M,.D)), @

wher el [Isithelmumber [of (honsynonymousLsubsti tuti onsinLsi tej], Landm; (M;;, [D;) [s
theChumber Cof ChonsynonymousCimutati onsthatCoccurredCnsitelj O nCimutational
mappinglil (D) [islthelstati sti clwelwil | Wiselfoleval uatelthelhypothesi slo= [ n(site
j-0%i ncelwelarelonlylinterestedlinldetecti ngpositivelsd ection, ivelvil | [inakelalone
sided(fest, [fhat(fejectsivhen

p, - Pr{T(D®)=T(D,)| D} EE. ©)

Toleval uatelthi siprobability, Wweheedfoknow theldistribution[6f (T (D;*) .Motice

that[T (D;*®) islidenti cally(di stri buted(for (@l [} [Becauselof thelindependence

assumpti on(afthelSubstituti on(processidnder thelnul | Bypothes s.WVelSimply
eval uatelthelpredi ctiveldistributi onfor [0nelSiteffolobtai ntheldi stributionfor @l
Sites.

2.3[Estimatinglthelposterior [predictiveldistribution

Toléval uatelthelposterior [predictiveldi stributionfvel$i mul ate[10fmewlSites
for Léachof [thelpreviousl ysi mul atedWal uesLof [® [romheldi stributi on[Pr(D;[LO),

for@fotal Cof (10,000Chew 3 mul atedSites,[ID; ', D, ..., D gy, - [For each[of(ihese
10,00000posterior Cpredi ctivesite[patterns, Cwelleval uate[the[posterior Cpredictive
expectati on(of (thelfumber [Gfonsynonymousisubstituti ons. [For [Sitelpattern(D;*

welsampl el@mnutati onal (inappi ngfor [each[of [The[1000Val uesiof [®, Hol¢onstruct [
new(simul ated(Set[of (happi ngs, [Sampl ed[fromtheldistribution

Prop(M|® [D[®) = [Pr(M{®|D;®,0)p(® | D)d® ©)
[SSe
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thel$ubscript[® D [ndi catesihat i sCprobabilitylis éval uatedCover [Ehelbosterior
distributionCof (8 Chiven[D.[TByBpplyingCEquati on07on[the et [of (simul ated
mappingsior @parti cul ar [predi ctivelsitelpattern,[andtepeatingihi siior (@l | [of [The
predictivelsite[patterns, vel¢an[¢onstruct @ sampl e[of[10,0000posterior [predictive
val uesLof [T(D;).[T heselWal uesLaipproxi matelfhelposterior [predi cti veldl stri buti onLof
thelflest [Stati sti cl{Equati on[7) [dnddhelposterior [predi ctivelp-val uel{Equation[8)[dan
beléval uatedfor @l [Sites.

3.0 Results

3.1Mheumber [df[Aonsynonymousimutati onsi@l ongthelSequence

ThelJ observed distribution of [ the[ test[ stati sticCl (the[d expectedd number [ of
nonsynonymousCmutati ons_i nCalsitelgiven[thesite[pattern), CandCitsCposterior
predi ctiveldi stributi on[isShown ih[Fi gurel2for [thellnfluenzaldatalSet.

0.4 -
0.35
0.3 1

8 0.25 |
0.2 1
0.15
0.1 -

M Predictive

[ Posterior

Frequency

0.05 +

01 12 23 34 45 56 67 78
T(D)

Figur e[2.[0T he[predi ctivelandthelposteri or [di stri buti onClof CtheCinumber Cof Cnonsynonymous
substitutionsi@mong(s tesfor Ehellnfluenzalhemaggl utinindatalSet.

Thelposterior[predictiveldi stribution[has(tel ativel y[Hewer [$itesiWithdess(ihan[one
expectedmonsynonymousiinutati on[{(60%[predi cteder sus[78%labserved).IT hislis
not[surprisinglsincelconstrai ntsiat [thel@minolaci dlevel (il | end{olower [theltate
of [aminol&ci d[Substituti onnmany(Sites.(MHowever, livelhoti celfrom{igure[2[ihat
therelJarelJal solrel ativel yromore[JobservedsitesCwi thCmoredthan[03CaminolClacid
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substitutionsOthanOexpected OfromCtheldposterior OpredictiveOdistribution. OOThe
posterior [predictivelp-val uelinlalone-s dedfest [of (Thelhypothes sldE 1, [isShownlin
Figurel3.

0.95 A1

1-lpr

0.85 1

0.8

1 51 101 151 201 251 301
Positionlih(Sequence

Figur e[3.IDnelmi nusthelposteri or [predi cti velp-val uefor Thelfy pothes sLévE[1 [in(alone-s ded(fest
usi ngtheléxpectedifiumber [6f (ionsynonymousiSubstitutionsigiveniheldata, [AsAfest [Statitic.

WelSeelthat[Therelarefai rlyinanylsitesiwvi th[p-val ues ¢l oselfolzero. [T herelare[11
sitestithCposterior Cpredi ctivelp-val ues[X[0.01.[TGiventheChumber Cof [Sites, [ve
woul diexpect(approxi matel y[3[Such(si teslif theldul | hodel twereldorrect. INLY anglet
al®. [Ehelproporti on[6fSi teslinder goi ngpositivelsd ecti onWaséstimated o0.013, [or
approximately[4SitesM odel M 8).

For[@omparison,thelposterior [probabilityfhat[asitelisiuindergoi nglpositive
sel ection(&ccordingfoinodel M 30f LY anglet @l . *[isshown in(Fi gurel4. MNoti cethe
verylstrong(dorrel ati onBetweenthi siprobabilityl@nd13Hpr.
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o
©
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o
©

0.85 1

Posterior[probability

51 101 151 201 251 301
Positionlih[sequence

o
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N

Figur e[4. T helposteri or [probability fhat[AlSi telis(posi tivel y [Sel ected(@ccordi ngfoltodel (M 3[af[Y ang
et[@[r000).

For[é&xampl e,[@mongihel11[Sitesivithposterior [predi ctivelp-val uesiessithan(0.01,
therel@relmolsi tesiwithlalposteri or [probability[of (el ngposi tivel y[$el ectedlessfhan
0.975.0T he(wolmethodsessenti al l yCidentifythe[samel&ites[asbeingCpositively
sel ected. [T hi slislquiteldemarkabl elgi ventheldi fferencesiinimode [assumptions.

3.2[Mhemumber [df[fadi cal [Ami no@ci diSubsti tuti onsial ongthelSequence

Oneldffheladvantagesiaf thelpresent(dpproachlisihat[éxtens onsibldther [problems
followlquiteléasily.[TFor[@xampl e, [it [fni ght Beldf [SomelinterestiWhether [positively
sel ectedmutati ons@relriadi cal [mutati onslor fendibbeldonservativel@mino@cid
mutations. [ [positivel y[Sel ectedSubsti tuti onsifendibbeladi cal, veldanUselthis
informati onWwhen(iryi ngiblidentify(siteslindergoi nglpositivelsal ection. MWeldan
estimateltheléxpectedinumber [6f [Gonservati velSubstituti onslgi ventheldatalfor [éach
sitelihfhelSequences, [Usi nglthelVerySamelSampl esiaf [Pr(MID) [dbtai nedfor the
purposeldf identifyi nglpositivel y(Sel ectedSites. [[Her e, weld mplyldefine@

substituti on(fobelriadi cal [if [it (has@PA M 100(Scor elof Tessithan=2@nd[Gonser vative
if[itMas@PA M 100(Scor eldf [mor elthan32. [Dbviously, [fhanyldther heasuresidoul d
havelbeensed(ibldivi delSubstituti onslintolriadi cal [And[donser vati velSubstitutions.
Welal soldividelsiteslintolsitesiwith[positivelsal ection[@nd(ditesiévol vinglneutral | ylor
subject(iblniegativelse ection. [T helfiesul ts@relshowninFigure3
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Figur eB.[T helproporti on(af radi cal [@mi nolaci dichangeslihpositivel y[Sel ected(si tesl{(Positive), [Sites
that[@relevolving(heutrally(OrSubj ectfbNegati velSd ection{Neutral ) [@ndlih(S tesiSampl edfrom(the
posterior[predictiveldistribution[(Predictive).

Noti celthat fhelproporti onlof [fiadi cal [Substi tuti onslisimuchlower [ihfhelpositively
sel ectedlSitesthan(inother [Sites.[IM oreover, [Thelproporti on[of (fadi cal [Substitutions
in[positivel y(Sd ectedSiteslismuchlessithanéxpectedfromihelposterior [predictive
di stributi onlassumi ngnolsel ection. [Tt [@ppear slthat[positi vel y(Sel ectedSubstitutions
tend(iblbBeldonservative.

Discussionf@and[@onclusion

Thelapproachbased(On(posterior [predicti velp-val uesfor [identifyinglpositively
sl ected[si tes(di ffer sfromhelprevi ous@pproaches®*[in(Several [differentivays.
Mostlimportantly, fhelhode [assumpti onsar elqui teldi fferent. nthelpresent
approachiwel@assumelprior [di stributi ons{for [@l | fhelnui sancelparameters,[including
parameter sliiel atedfoltheliree. MVelthenbaselour [inferencesidirectlylonthe
posterior[distribution[of mutati ons.[Inhelprevi ousidapproach(parametersiarelfirst
estimatedDy(maximi zingthellikeli hoodfunction. TEsti matesiaf Thelposterior
probabilitieslarelfhen(dbtai nedbaseddn(theselestimates. [T heldost[intheldew
approachlik@n(additi onal [Set[0f [assumpti ons, But(it [does@l | owlalproper [freatment
of [thelproblem(of theldnknown i eelfopol ogy. [In[fhellikelihoodl@pproach,
maximi zati onlover [freelfopol ogi eslikinot [presentlyldomputational l y[feasi bl e.
Inlthelpresent@ppli cation, @RAucl eoti delmodel wastisedtinder thelnul |-
model fo@approxi matelaldodonbasedmhodel i th[aE1. [For[SomeldatalSetsfit
mi ghtBelorrisomelthat[thi sihodel [doesnotfakelintolaccount[@odonbi aslandlihe
exi stenceldf[stopldodons.[Al so, Thelnul | ypothesi slof [aw= A ik@Erguabl yiery
simplistic.[Amhorelfeali sticinul | [thode That @l solal | owssi teslinwhi chla< A mi ght
beldonsi deredlinfuture@pplications.
Despiteltheldi fferencesbetween(thelfivol@pproaches, thelbiol ogical
conclusi onslarelfemarkabl y(simil ar [ihfhelfivolstudi es. [T her el@ppear sibbelalsmall
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fracti on[of(si tesihfheldatalSet [Uindergoi nglposi tivelse ection, @ndihelSites
i dentifi ed(fbBelundergoi ngposi ti velsd ection(@relmorelor lessiSamelinthelfivo
studies.

Thelstrengthlof theldurrent@pproachiwasbest il l ustratedlihfhelanal ysi slof
thelproporti onlof [onser vativel@and(riadi cal [Substituti ons. [Tt Wasléas | yldemonstrated
thatfhelpositivel ylSel ectedlaminolaci diSubsti tuti onslfend(blbeldonservative
substitutions. [T hi slisaot@ftrivial idesul t. M flact, [it[Goul dbelhypothesi zedthat [in
thelditesiof [@lcoat [protel n[fhat [interactsiwi thlahostimmunelSystem, [@ny
substitutionlisfavorabl e.Mn(parti cul ar, reryradi cal [Substitutionsthatvoul d
changelthebi ndinglaffiniti esiaf [@nti bodi esl@andldther [Gomponentsiof fhelhost
immunelSystem, [shoul dbelfavored. THowever ,[asishownhere, thi sldoeslnot@ppear
tolbelfheldase, [at Meastfotihfhelhemaggl utini n[protei n(of fhellinfluenzalVirus.

Although(thi siquesti onldoul d[@ solhavebeenladdressedlusinglexplicit
modelinglinthellikelihoodframework, thi siivoul dlhaveldequiredfhelcomputer
implementati onlof(Such@fodel . [Minfhelpresent(daseltheldanal ysi sidoul dibeldonely
simply(eadi ng(of [thelfesul tsifrom(ihelsi mul atedhutati onal [happings. [T he
strengthlof fhelpresent[@pproachlisihat it @l owslfor [hi slilypelof [expl oratoryldata
analysi slin(alri gorous(stati sti cal framework. [Earli er[Studi eslhavelal soltised@
mutati on-mappi nglapproach, Wherelfhelhappi nglisiperformedius ngthelparsimony
method. A [parsi mony-based@pproach, however, [Suffersifrom@Humber [6f
problems; thelhethodonl yldonsi der sithelfhappi ngiwi thEhelfi nimumumber [6f
changes({therebyltunderestimati ngthefotal fumber [6f ([changes) [@nd(freatsthe
mappinglas@n(abservati onlinfurther@nalysis. T helBayes an@pproach(di scussed
herel@avoi dsithelfhanystati ti cal [probl ems[@ssoci atedWi th[lsi nglparsimonyland
focussinglon(just(alsingl elmutati onal happing.
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