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1 Model testingin population genetics

Thenull modelin populationgeneticgdescribesaworld in which naturalselection
hasplayedno role. A world in which geneticdrift, mutation,andrecombination
arethe only forcesthatinfluencepatternsof geneticdiversity How thencanwe
usethis modelto find outaboutselection?

Thereareeffectively only two answergo this question.First,we cantry to ask
how well the null modelfits the datawe collect (i.e. carry out a goodness-of-fit
test). If we canrejectthe null hypothesighatour dataweregeneratedby our null
model,thenwe areentitledto saythat someelementof biologicalreality is miss-
ing from themodel,andoneelementwve have notincludedis naturalselection.Of
coursetherearemary otherfactorsof biologicalreality we have notincluded,ary
oneof which mayalsohave beenresponsibldor the obsereddeviation. Interpre-
tation of goodness-of-fitestsclearly requiressomeunderstandingf the patterns
of dataonewould expectto seeunderdifferentalternatve models.

A naturalextensionto theideathatwe needto modelalternative hypothesein
orderto understandieviationsfrom the null modelis thatwe candirectly compare
the likelihood of observingthe dataundermodelsthatignoreandincludenatural
selection.If the modelthatincludesselectionis morelikely thanthe onethatig-
noresit, we canclaim evidencefor the actionof naturalselection.The difficultly
with the likelihood approachis that explicit modelsof naturalselectiontend to
introducemultiple parametersyhich makedikelihood-basednferencecomputa-
tionally daunting. In addition, the rangeof possibleselectve scenarioghat one
might consideris enormousandevenif onedoesfind a modelthatincreaseshe
likelihood, it is quite possiblethatthereareother asyet unconsidereanodelsthat
have a similar, or greaterlikelihood, thatincorporatesomeotherdeviation from
the null model(e.g. demographigrocesses)Despitethesedifficulties, in thelast
coupleof years,someimportantstepshave beentakeninto the developmentof
likelihood-basedmethodsfor inferring naturalselection(Slatkin, 2001; Kim and

Stephan2000).



Thedifficultiesraisedby attemptingto infer naturalselectionfrom population
geneticdataare considerable.This lectureaimsto follow two key themesin the
populationgenetictreatmenif selection;the rejectionof the null model,andthe
modellingof naturalselection.Clearly, goodtestsfor selectionwill beinformed
by an understandingf the patternsof geneticvariability generatedy different

selective models(andthosegeneratedby all otheralternative modelstoo!).

1.1 Goodness-of-fitests

Goodness-of-fitestsareidenticalin spirit to ary otherhypothesidestin statisti-
cal inference.Hypothesigestingstartsout with statemenabouta parametein a
model,whosevalidity we wish to assessThenull hypothesiss usuallywritten as
Hy. In orderto carryout atest,we identify a statisticof thedata,’, andidentify a
setof valuesof T (R) for whichwe will rejectthenull hypothesisf suchavalueis
obsened. By way of example suppos@®urhypothesiss thatour dataaregenerated
by aWF populationmodelwith § = 5. For asamplesizeof n = 20 chromosomes,
95% of obsenations,werethenull hypothesidrue,would have betweert and48
sgregatingsites.Consequentlyif we actuallyobsened49 (or more)or 5 (or less)
sgyregatingsites,we couldrejectthe hypothesist the 5% significancdevel.

The only differencefor a goodness-of-fitest, is that the null hypothesisis
the statemenihe assumed model is correct. Often,the assumednodelwill have
parametersvhosevalueswe have to estimate. Under such conditions,the null
hypothesisould bewritten as The assumed model is correct, including all the pa-
rameter values | have estimated. Ideally, onewould wantto testthe truth of the
statementhe assumed model is correct, though | may not know the exact param-
eter values, however, answeringthat questionis more in the realm of Bayesian
inference andfor thetime being,we will stick with the easierquestionwherewe
assumehatthe parametevaluesareestimated.

What statisticshouldbe usedasthe basisof a goodness-of-fitest? Unfortu-

nately this is not an easyquestionto answer For caseswvherealternatve models



canbespecifiedthetheoryof likelihood providesasimplerationalefor identifying
best(uniformly mostpowerful) tests;specificallyno testis more powerful thana
likelihood ratio test,and sometimegqasin the caseof Wattersons homozygosity
test),singlesufficient statisticscanbeidentifiedasproviding all possibleinforma-
tion for a likelihood ratio test. But usuallyalternative modelscannotbe specified,
or likelihoodscannotbe calculatedunderthe differentmodels.In suchcasestests
have to be formulatedfrom someknowledgeof which propertiesof the dataare
likely to be sensitve to departuregrom the assumednodel,andwhich summary
statisticsareinformative aboutsuchproperties.Watterson(1977)wrote “There is
no single statistic which is best for testing the most general departures from neu-
trality". The practicalimplication of thisis thatbiologicalintuition is an essential
partof usingand constructingnformative goodness-of-fitestsin populationge-
netics.

Althoughthereareno singlemostpowerful testsin populationgeneticsthere
arevery mary teststhat onemight use. The diversity of testscan be confusing,
becausdor thereason®utlinedabove differenttestshave beendesignedo detect
differentdeparturesrom the assumechull model,andconsequentlyiseinforma-
tion from differentpartsof thedata.A testdesignedo detecthalancingselectioris
unlikely to begoodfor detectingselective sweepsandvice versa.Theagain,some
testsmay beinformative aboutboth balancingselectionrandselectie sweepsand
anumberof otherdeviationsfrom the null model(e.g. demographicompleities).
Ratherthanclassifytestson the basisof whatdeviationsfrom the null modelthey
aredesignedo detect, shallclassifyby the informationusedin thetests.On this
basis,therearethreemajor classesfrequeng distribution tests,haplotype-based

testsandheterogeneityests.



2 Frequency-distribution tests

Many of thebestknown testsof thenull modelin populationgeneticauseinforma-
tion onthefrequeng spectrunof allelesor seyregatingsites. Testssuchasthoseof
Watterson1977)andTajima(1989)typically useinformationfrom asinglelocus,
summarisedn awaythatis informative aboutthe frequeng distribution. Because
thefrequeng distributionscanbe derived analytically, it is possibleto derive test

statisticghathave thedesirablepropertieof zeroexpectationandknown variance.

2.1 Ewens-Watterson Homozygositytest

Historically, the first test of the null model (often referredto as neutrality tests,
thoughnot to be confusedwith testsof the neutraltheory), wasthatproposecdoy
Ewens(1972).In thisfamouspaper Ewensderivedthe expectednumberof alleles
in asamplefor a given# undertheinfinite-allelesmodel. In addition,he shoved
that conditionalon & allelesbeingobsered in a sampleof » chromosomesthe

probability distribution of the numbersof allelesof eachtypeis givenby

n!
Plnayma, o fnsb) = W

Wheren; is thenumberof allelesof type: and/}, is a Stirling’snumberof thefirst
kind (effectively a normalisingconstant).

Giventhis result, it is possibleto calculatethe probability of observingary
configurationof allelefrequenciesEwenssuggestedhatoneway of summarising
thefrequeny spectrumis to usetheinformation

B=- Z z;In z;
i
Wherez; is the frequeng of allelei. Whenall allelesareat equalfrequeng, the
value of the statisticis large. In contrast,whenthereis a single high frequeny
mutation,andall therestareatlow frequeng, theinformationis small. Theinfor-
mationin ary obseneddatasetcanbe comparedo thedistribution of information

expectedunderthe WF model. If theobsenredinformationis higherthanthe97.5
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percentile,or lower thanthe 2.5 percentile the WF model canbe rejectedat the
5% level.

Althoughtheinformationstatisticseemsa sensiblechoiceasa meansof sum-
marising the variancein allele frequeng, the choiceis essentiallyad hoc. As
mentionedabove, whenalternatve modelscanbe specifiedexplicitly, the theory
of likelihood providesa way of identifying the mostpowerful testpossible. Wat-
terson(1977)shavedthatif thealternatve hypothesiss thatallelesaremaintained
by heterozygotedvantagg(with an equalfitnessfor all heterozygoteskhe effect
of suchselectioris to makeallelefrequenciesnoreeventhanexpectedunderneu-
trality. Thelikelihoodratiotestfor balancingselectiorcanbereducedo afunction
of the populationhomozygosity(the probability thattwo allelespickedat random

from apopulationareidentical)

H:Zm?

In otherwords,homozygosityis a sufficient statisticfor testingthe hypothesiof
symmetricheterozygotedvantage(which decreasehomozygosity).Althoughit
is unlikely thatselectionis soevenacrosdoci, andthesituationis complicatecby
the fact thatallele frequenciedhave to be estimatedrom samplespy comparing
samplehomozygosityto the distribution from Ewen’s samplingformula, Watter
son’s homozygositytestis a powerful way of detectingunexpectedlyeven allele
frequenciessuchasthoseseematsomeHLA genes.

With theadwentof DNA sequencingtudiesneutralitytestsbasedntheinfinite-
allelesmodel have largely beensupersededby testsbasedon the infinite-sites
model. However, as mentionedlast week, whenthereis no recombination the
numberof distinct haplotypesn a samplecanbe analysedwithin the frameavork
of theinfinite-allelesmodel. Consequentlyit is possibleto testfor over- or under
dispersiorof haplotypefrequenciesisingthe Wattersorhomozygositytest. How-
ever, it is worth noting that thereis no guaranteghat the homozygositytestwill

bethe mostpowerful testfor deviationsin thedirectionof anexcessof rarealleles



(increasediomozyogsity)asmaybeexpectedunderamodelof recurrenimutation

to deleteriouslleles.

2.2 Tajima D statistic

Thefirst testaimedspecificallyat testingneutralityin the context of infinite-sites
modelsof sequencevolution wasthat of Tajima (1989). As wasdiscussedast
week,two possibleestimatorsf the populationmutationrate, §, arethe average
pairwisedifferencesn asampler, andthenumberof segregatingsitesdividedby
the WattersonconstantS/a,,, wherea,, = E?:_ll 1/i. Tajimasuggestedhatthe

differencebetweertheseestimatorsould be usedasthe basisof a neutralitytest

B T —S/a,
b= VVar(r — 5/ay,) @)

Wherethe differenceis normalisedby the expectedstandardieviation of the dif-

ference.Thetesthastwo particularly desirableproperties;the expectationof the
numeratoris zero,and(becausehe differenceis scaledby the variance)the criti-
calregion of thetestis little affectedby the samplesizeor numberof seggregating
sites. Tajima (1989)derived the varianceanalytically underthe assumptiorof no
recombinationandshavedhow it could be estimatedrom thedata.

Whatdoesthe Tajima D statisticmeasure®Vattersons estimatorof 6, is only
influencedby the numberof segregating sites. In contrast,n is sensitve to al-
lele frequenciesat sggregating sites, suchthat allelesat intermediatefrequencies
contribute morethanallelesatlow frequenciesConsequentlyif a samplehasan
excessof rarevariants,7 will be lessthan Wattersons estimatorand D will be
negative. In contrast,if thereis an excessof intermediatefrequeng variants,~
will begreaterthanWattersons estimatorand D will be positive.

Tajima’s D statisticis a very generalway of comparingthe allele frequeny
spectrumagainsthe expectation®f the null model. It wasnot designedo pick up
ary particulardeviation from the null model, but it will tendto be negative under

selectve sweepqand populationgrowth) and positive underbalancingselection



(or populationstructurewith samplingfrom mary populations).lt is almostcer

tainly the mostwidely usedneutralitytest.

2.3 Fu andLi D statistic

Theideaof usingdifferentestimatorf the populationmutationrateasthe basis
of neutralitytestshasbeendevelopedin severaldifferentways. A secondestwas
derived by Fu and Li (1993) who shoved that the expectednumberof derived
mutationsthatare presenbonly oncein a sample ., is equalto 4. Consequently
it is possibleto construcia teststatisticin a similar mannerto Tajima’s

D_ S —ayn. 3)
vVvar(S — a,n.)

anda similar statistic(called D*) if the directionof mutationsis not known (in

which casethe statisticis basedon the numberof segregating sitesat which the
rareallele is only represente@nce- often called singletons- the expectationof
whichis 6n/(n — 1)).

WhatdoesFuandLi’ s D statisticmeasure™ mary waysit sharesnuchinfor-
mationwith Tajima’'s D statistic,a negative valueindicatesan excessof singletons
(which would alsogive a negative Tajima D), anda positive valueindicatesa lack
of singletongwhichwouldtypically, thoughnotnecessarilygive apositive Tajima
D). However, certainpopulationgeneticscenariosparticularly selectve sweeps,
tendto generatean excessof singletonsto which this testis more sensitie than

Tajima’sD.

2.4 Fay and Wu H statistic

Fu (1995) shaved that the expectednumberof mutationsat which the derived

alleleis representedtimesin asamplef;, is givenby
El§] =0/

Clearly, this resultprovidesa whole hostof possibleestimatorsof 4, and conse-

guently aninexhaustiblebatteryof neutrality tests(Fu, 1996b). Notableamong
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these,is the testproposedby Fay and Wu (2000) which usesan estimatorof 6

whichis heavily influencedby high frequeng derived mutations

9 n—1

e > i 4)

=1

0 =

By comparingr with the new estimatoy the teststatistic H provides a way of
identifying samplesn whichthereis anexcessor dearthof high-frequeng derived
mutations.As discussedater, anexcessof high frequeng derived mutationsmay
beasignalof arecentselective sweepanda nearbylocus,thoughtherearecertain
demographicsituations(strong populationstructurewith uneven samplingfrom
populations)that can also give the samepattern. Unlike the previous tests,the

varianceof theteststatistichasto be estimatedy stochasticsimulation.

2.5 Factors affecting test power

The rationalebehindthe threestatisticsjust presenteds that by comparingsum-
mary statisticsof the datathat usedifferentsourcesof information, unusualdis-
crepanciedn the patternsobsenedcanbe detectedandhopefullyassociatedvith
differentdeparturesrom the null model). Whatmakesthesestatisticsparticularly
attractive is thatthey focuson specificaspect®f datathatarebelieveda priori to
besensitveto deviationsfrom thenull modelin a predictableandintuitivemanner
However, thereis no guarante¢hatsuchtestswill have sufficientpowerto de-
tectthedesireddeviationsfrom the null model.Indeed simulationstudiege.g.Fu,
1996b;Wall, 1999;Przeavorski,2002)have shovn thattestsoftenhave little power
to detectthe deviationsthey weredesignedo pick up. The singlegreatesfactor
affecting testpower is the numberof mutationsin the sample- more seggregating
sites,morepower. Soit is worth noting thatan increasen the region sequenced,
ratherthanthe numberof chromosomess morelikely to identify nev mutations
(Pluzhnikos and Donnelly, 1996). An accuratemodellingof recombinatioralso
usuallyincreasesestpower. If thereis recombinationgdifferentregionsof agene

have differenthistories sampledrom theunderlyingdistributionof possiblehisto-



ries. Sothe effectsof evolutionarystochasticityareaveragedut acrossa geneby
recombinationwhich consequentlyneanghatthe varianceof statisticss reduced
relative to the caseof norecombination.

The practicalimplication of recombinations thatthe critical regionsfor atest
(therejectionregion) dependon the populationrecombinatiorrate,4 N.r. Given
an estimateof 4 N.r, the critical regions of a testcanbe estimatedoy stochastic
simulation.However, obtainingan accurateestimateof 4 N.r is difficult (Hudson,
1983;FearnheaédndDonnelly,2001),soit is saferto takea lower boundfor the
parameter

Finally, it is worth noting that stochasticsimulationenableshe useof more
comple testsof the null model,for exampleteststhat contrastmultiple summary
statistics.The only difficulty is interpretingsuchtests.In effect,theonly boundon

the designof neutralitytestsis imagination.

3 Haplotype basedtests

Testghatuseinformationonthefrequeng spectrunof segregatingsitesareclearly
ignoring a significantsourceof information; namelyassociationbetweeralleles,
or the haplotypestructureof the sample. However, becausehaplotypestructure
is influencedby recombinationaswell asselectve anddemographidorces,it is

necessaryo have anaccuratesstimateof the populationrecombinatiorrateatthe
loci in questionbeforethe null model can be tested. If an estimateof 4 N.r is

obtainable(for example,if thereis no recombinationpr the dataare on unlinked
SNPspr4N,.r canbeestimatedy a populationgeneticmethod)a numberof tests

of thenull modelareavailable.

3.1 Haplotype number

A simpletestof thenull modelbasedn haplotypestructureis to considemwhether

therearemoreor lesshaplotypeghanareexpectedgiventhe numberof segregat-
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ing sites.Thetwo extremecasesrewherethe datais partitionedinto two or afew

distincthaplotypessuchthatthe numberof haplotypess muchlessthanthenum-
ber of sgyregatingsites,andwhereeachsegregatingsite definesa new haplotype.
Theformercasemay beindicative of balancingselectionor populationstructure,
while the latter situationmay be expectedunderselectve sweepsor population
growth. Notethethenumberof haplotypesannotexceedsS + 1.

Testsof haplotypenumberhave beenproposedhatconditionon S (Depaulis
andVeuille, 1998)andé (Fu, 1996a). Giventhatthe numberof segregating sites
setsthelimits for thenumberof haplotypesit makessensédo conditionon.S, how-
ever, it shouldbe notedthatthe simulationschemeusedby DepaulisandVeuille,
following Hudson(1993),treatsS asa parameterGiventhat.S is a statistic,andé
is the parametersimulationsconditioningon S shouldweightindividual samples
by theprobability of observingS segregatingsites,givenanestimateof 6. In prac-
tice, thereis little differencein the critical regionsfor statisticsdefinedby the two
simulationschemes.A factor of muchgreaterimportanceis the estimateof the
populationrecombination. Thereare a numberof possibleschemedor estimat-
ing 4N.r from populationgeneticdata(Hudson,1987; Fearnheadnd Donnelly,
2001;Hudson,2001;McVeanetal., 2002)which differ considerablyn estimator

varianceandcomputationatractability (Wall, 2000).

3.2 Haplotype diversity

As indicatedpreviously, Wattersons homozygositytestcanbe applieddirectly to
haplotypesn thecaseof norecombinationWhenthereis recombinationasimilar
testcanbedesignedhatcomparedaplotypediversityto thedistribution expected
underthe null model given an estimateof § and4N.r, and conditioningon the
numberof segregatingsites(DepaulisandVeuille, 1998). Given S, haplotypedi-
versity andhaplotypenumbersharemuchinformation; haplotypediversityis high
underbalancingselection(certaindemographianodels)and low underselectie

sweepgqpopulationgrowth).
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3.3 Haplotype partitions

A relatedtestwasdesignedoy Hudsonet al. (1994)to detectsubsetf the data
thatshavedunusualpatterns Calledthe haplotypepartitiontest,theideais to ask
whethergivena sampleof sizen with S seggregatingsites,thereis likely to exist a
subsebf sequencesf size: which has; or fewer sggregatingsites.

Although the test soundscomple, the testis aimedto pick up incomplete
selectie sweepspr local adaptationthe effect of which is to reducediversityin
asubsebf the population without affectingthe rest. Suchprocessesreatestrong
haplotypestructurefor only a subsef the sample.A similarideahasbeenused
to identify domainswithin a larger region that shav unusuallystronghaplotype
structure(Wall, 1999; Andolfattoetal., 1999).

3.4 Linkage disequilibrium

Giventhatthe key pointin usinghaplotypedataratherthanjust allele frequengy
spectrumss to usetheinformationgainedfrom consideringassociationbetween
alleles,it makessensdo considersuchassociationslirectly. The 7,, s testof Kelly
(1997)considerghe averageacrossall pairsof segregatingsitesof onemeasuref

allelic associatior{or linkagedisequilibrium)

RE]
Wherer?, = D?/(p:qip;q;), the squareof the correlationcoeficient of the two
allelesat sites: andj (Hill andRobertson1968). Alternative testscould be con-
structedfrom othersummarief linkagedisequilibrium suchasthe | D’| statistic
of Lewontin (1964). Althoughtheideaof directly usinglinkagedisequilibriumis
appealingthe varianceof measure®f linkage disequilibrium is large, andis af-
fectedby allele frequenciesin addition,linkagedisequilibriumis alsoinfluenced
by recombinationhenceanaccurateestimateof 4 N.r is necessaryo definecriti-

cal regionsfor teststatistics.
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The dependeng of haplotypestatisticson allele frequenciesandrecombina-
tion ratesclearly makesthe constructiorof good haplotype-basetestsof the null
modelproblematic.ldeally, we would hopeto considetthe effectsof thefrequeng
distribution and allelic associationseparately By analogywith the testswhich
compareestimatorsof 4, oneapproachwould be to constructteststhat compare
differentestimatorsof 4 NV, r, or thejoint distribution of estimatorof § and4 N,.r.
However, becausef the technicaldifficulties of estimating4 V.r, suchtestsare

notyetavailable.

4 Testsfor heterogeneity

All thetestsof the null modeldiscussedo far have consideredpatternsof diver-
sity at a single locus, and assumedhat all sitesat the locus are equivalentand
subjectonly to neutralmutations.However, thereis an extremelyimportantclass
of testsof the null modelwhich usecontrastdetweertwo or moreloci (or classes
of mutations)asa sourceof information. Deviationsfrom the null modelareiden-
tified by greatervariation betweenloci (or classesof mutations)than expected.
An importantelementin several of suchtestsis the contrastbetweenpatternsof

polymorphismanddivergence.

4.1 The HKA test

Perhapshe bestknown heterogeneitytestin populationgeneticsis the Hudson-
Kreitman-Agua@ test (1987). The testconsidergpatternsof polymorphismand
divergenceat two loci, that have differentmutationratesf; andé,. Supposewve
have collectedn, andn, chromosomest eachlocus,andan outgroupsequence

for both. Underthe null model,the expectednumberof fixed differencess

Eld)] = 6;(r — M= 1)

n;
Wherer is thedivergencetime betweerthe outgroupandsamplespeciescaledn

unitsof 2N, generationsthe effective populationsize of the samplespecies.The
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expectednumberof seggregatingsitesis given by the Wattersonformula E'[S;] =
;a,. Giveninformationon the numberof polymorphicandfixed differencesat
eachlocus, the three parametergé for eachlocusandr) canbe estimatecby a
least-squarefit (maximumlikelihood is anotherpossibility). Hudsonet al. sug-
gestedthat the sum of the squareof differencesbetweenobsered and expected
valuesshouldbe approximatelyy? distributedunderthe null model(the exactdis-
tribution canbe estimatedoy stochasticsimulation). By contrastinga locusof in-
terestagainsta referencenull locus,the HKA testprovidesa potentiallypowerful
methodfor detectingoci thatdemonstrateinusuapatternsof polymorphism.
The HKA testcan easily be extendedto comparingmore thantwo loci, and
patternsof polymorphismin two species. The testwas originally formulatedto
testthe null modelat the Adh locus of Drosophila melanogaster (Hudsonet al.,
1987). This locushastwo differentelectrophoreticvariants(calledFastand Slow
alleles)which are associatedvith a two-fold differencein enzymeactuity (the
resultof variationin the regulatorysequencavith which the electrophoretioari-
antsarein strongassociation).The polymorphismexistsin a longitudinal cline in
North America,with thefastallelebeingfoundfurthernorthandathigheraltitudes
(Berry andKreitman,1993).1t is mostlikely thatthe polymorphismis maintained
by balancingselection(local selectionbalancedoy migration). In line with this

hypothesisthe locusshavs anexcessof polymorphismgelative to referencdoci.

4.2 The McDonald-Kr eitmantest

Anothertestoriginally formulatedto analysethe Adh locusof D. melanogaster is
the McDonald-Kreitmannor MK test. Ratherthancontrastpatternsof polymor
phismanddivergenceat differentloci, the MK testcontrastgatternsof polymor
phismanddivergencefor differenttypesof mutations(for example,synorymous
and nonsynolymous)at a singlelocus. A contingeny table of countsof poly-
morphismsandfixed differencesds obtainedfrom the dataandnon-independence

betweenthe rows andcolumnsis assesselly meansof a Fishers exacttest(or a
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permutatiortest).

The MK testis actuallya much moregeneraltestthatthe HKA test, asit is
insensitize to almostall deviationsfrom the null model, exceptnaturalselection.
Thecentralideais thatif thetwo classe®f mutationsareequialent,thenpatterns
of polymorphismanddivergencefor the two will bethe same(aslong asthey are
interspersed)Evenif therehasbeenpopulationgrowth, or geographicastructur
ing, therelative proportionsof polymorphismsandfixed differenceshouldbethe
sameunderthe assumptiorof homogeneity(thoughallele frequeng distributions
andhaplotypepatternamaywell indicatea deviation from the null model).

How shoulddeviations from the assumptiorof homogeneitybe interpreted?
The key is that one classof mutationsmustbe deemedneutral (or lessstrongly
selectedpnanapriori basis;for examplesynorymousmutations.If suchaclass
canbeidentified,an excessof fixed differencedn the putatively selectedclassis
typically indicative of adaptve evolution (becausadvantageousnutationsrapidly
fix in populations).In contrast,an excessof sgygregating mutationscanbe inter-
pretedas evidenceof purifying selection. Deleteriousmutations(as mostamino
acid changingmutationsareexpectedto be) may contributeto polymorphism but

arevery unlikely to becomdixedin apopulation.

4.3 The Lewontin-Krakauer test

The MK testcanpotentiallybe usedto identify geneshathave undegonerecur
rent adaptve evolution (throughan excessof fixed differences).However, there
aremary instancesvherea singleinstanceof local adaptve evolution is a more
realisticmodel(for exampleasmay applyto the null Duffy allele - which confers
resistanceo the Plasmodium vivax agentof malaria- which probablyunderwent
a selectve sweeparoundthe time of the humantransitionto agriculture,andthe
spreadf malaria). Whattype of testmay be usedto identify suchevents?

The olbvious consequencef local adaptatioris thata subseof globally sam-

pled sequencewiill shov a markedlydifferentpatternof polymorphismthanthe
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restof the sample,and this subsetwill be geographicallyrestricted. Suchloci
may thereforebe identifiable by the demonstratiorof an unusuallyhigh level of
geographicstructuring(in additionto the haplotype-basetkstsconsideredorevi-
ously).

The Lewontin-Krakauettestwasoriginally formulatedto detectsuchoutliers
(Lewontin andKrakauer,1973). Geographicstructuringis assessetly Wright's
fixationindex Fs7, whichwill bediscussedn the next lecture,andloci with un-
usually high levels of the statisticcan potentiallybe identified. Actually carrying
outthetestis difficult, becausédeally we wish to testthe hypothesids the varia-
tionin Fs between loci greater than that expected under a model of geographical
structure alone. However, thereis an essentiallyinfinite numberof possiblemod-
els of geographicabtructure,and statisticalinferenceunderary but the simplest
is currentlyintractable.For this reasonthe Lewontin-Krakauetestis impossible
to use,however oneway roundthe problemwassuggestedby Taylor et al. (1995)
who usedthe a priori hypothesighat the locusthey wereinterestedn (onethat
conferredinsecticideresistanceghouldshowv greatergeographicsubdvision that
a setof referencdoci. Thatsucha patternwasobsenred wastakenas statistical

evidencefor the hypothesif local adaptation.

4.4 Other testsfor heterogeneity

Justasthereis a hostof possibletestsof the null modelat singleloci, thereis a
potentiallyinexhaustiblesupplyof testsfor heterogeneitypetweeroci. A simple
approachis to usethe variancebetweenloci in somesummarystatisticasa test
statisticin its own right. For example,Frisseet al. (2001)shoved unexpectedly
high levels of variationin Tajima’s D statisticbetweenanorymousnon-coding
loci in a humanpopulationsamplefrom China. Testsbasedon an ensembleof
summarystatisticsare potentially powerful for detectingsubtledeviations from
the null modelthatcould not be detectedn alocus-by-locudasis.

Finally, it is worth noting that asthe scaleof available sequencénformation
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increasest will bepossibleto comparepatternsof variationatthelocusof interest
to the empiricaldistribution. Although thereis no guaranteghatthe tails of the
empirical distribution arein ary way unusual,the a priori expectationis that if
thereis a smallsubse®f loci subjectto recentselectve forces,thesearelikely to

beatthe extremeof theempiricaldistribution.

5 Modelling natural selection

Throughouthelecture, animplicit understandingf the patternsof polymorphism
expectedunderdifferentselectve regimeshasbeenassumedintuitively, it is quite
easyto describehetypesof patternonemight expectto find, but it is only through
explicit modellingof the selectve processhat suchintuition canbe tested. Fur-
thermoregxplicit modelling,enablesusto identify importantparameterg natural
selection,and potentiallyderive waysof estimatingsuchparameterérom empir
ical data. In this lastsection,l will outline simple populationgeneticmodelsfor
balancingselection selectve sweepsandlocal adaptationand describesomeof

the patternof polymorphismthey arelikely to generate.

5.1 Balancingselection

Historically, balancingselectionis the form of naturalselectionthat hasreceved
the mostattention. Balancingselectioncancomeaboutthroughheterozygotead-
vantage(thoughtto be the casefor HLA classl alleles,and mutationscausing
sickle-cell anaemia),frequeng-dependentelection(as for self-incompatibility
loci in plants)or a balancebetweenocal directionalselectionand migration (for
examplethe Adh cline in Drosophila melanogaster). Whatever the cause palanc-
ing selectiorcausesnultiple allelesto bemaintainedn apopulation oftenatfairly
constanfrequencies.

Therehave beentwo majorclasse®f modelsfor loci underbalancingselection.

Wright (1931)andWatterson1977)consideredhe caseof multiple alleles,which
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candrift in frequeny (andeven belost). Recently modelsof balancingselection
with two allelesmaintainedat a constantfrequeng over time have beenusedto
caricaturghe selectve process.

Usingdiffusiontheory WattersorandWright derived severalpropertiesof the
frequeng distribution of multiple allelessubjectto balancingselection.However,
in termsof interpretingpatternsof putatively neutraldiversity at siteslinked to
the position subjectto selection,the two allele modelshave beenmore useful.
Undertheassumptiorthatthereis a singleselectedsiteheldat constanfrequeng,
the genealogicaprocessat linked sitescan be treatedas a structuredcoalescent
procesgqHudson,1990)in which chromosomesarryingthe sameselectedallele
can coalescehut thosecarrying different selectedallelescannot. Chromosomes
canonly move from onebackgroundo the otherby recombinatioratraterz; per
generationwherez; is thefrequeng of thealternatie background.

This model sharesmary similarities to the coalescenprocessin geograph-
ically structuredpopulations,wherechromosomegan only coalescewithin the
samepopulation,andmovementbetweenpopulationsoccursby migration (Hud-
son,1990)at aratem pergeneration.Several propertiesof the structuredcoales-
centareknown; for examplethe expectedcoalescencéme for a pair of chromo-
somessampledfrom the samegeneticbackgrounds identicalto thatin the null
model,2 (scaledin unitsof 2V, generations)andthe expectedcoalescencéme
for a pair sampledrom differentbackgroundss 2(1 + 1/R).

Whatdoesthis resulttell us aboutpatternsof polymorphismunderbalancing
selection?Threeconclusionscanbe drawvn. First, balancingselectioneffectively
structuregpolymorphisminto two subpopulationsSecondwhile diversity within
eachclassshouldbe similar to thatin other parts of the genome,betweenge-
netic backgroundgherewill be anexcessof polymorphism.Finally, becausehe
increasdn coalescencémesfor chromosomesn differentbackgroundss a de-
creasingunctionof R, theincreasen diversitywill peakatthebalancedsite,and

decayasa functionof 1/R. Sucha peakof polymorphismcanbe seenat the Adh
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locusof Drosophila melanogaster (Hudsonetal., 1987).

The key featureof genealogiesit balancedoci is that coalescencéypically
occursrapidly within the classesbut thereis a long waiting time for coalescence
events betweenclasses. A consequencef suchtopologiesis that the internal
branchesf an n-coalescentire much longer than the terminal brancheswhich
leadsto anexcessof mutationsat intermediatdrequencieghencepositive Tajima
D values) andsetsof mutationsatdifferentsitesthathave identicalallelefrequen-
cies, hencestronglinkagedisequilibrium(mutationswhich arefixed betweerthe
classes)In short,balancingselectionleadsto high levels of diversity, andstrong
haplotypestructure which both decaywith distancefrom the selectedocus. An
exampleof alocusthatdisplaysexactly thesepropertiess 3-globin (Hardingetal.,
1997)

5.2 Selectivesweeps

Whenanadwantageoumutationappearsn apopulationandsweepshroughto fix-
ation, it leavesbehindactrail in patternsof linked neutraldiversity (MaynardSmith
andHaigh,1974). Supposea favourablemutationhasjust becomdixedin a popu-
lation. Looking backin time, we canthink of the coalescenprocessatsiteslinked
to the selectedmutationin a similar mannerasfor balancingselection. Thatis,
thereis a structuredcoalescentin which chromosomesanonly coalescef they
carry the sameallele at the selectedsite, and whererecombinatiorallows linked
sitesto move betweengeneticbackgroundg{Bravermanet al., 1995). The only
differencefrom balancingselectionis that the populationsizesof the two back-
groundsarenot constantratherthe selectectlasshasundegonerapid expansion,
and the non-selecteackgroundhas undegonea rapid decreasén population
size.

Closeto the selectednutation,all chromosomewvill coalesceon the selected
backgroundThis hastwo key effectson the genealogyfirst the coalescencémes

are much lessthan underthe null model, so diversity is reduced. Becausethe
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rate of coalescenceés a function of the reciprocalof the populationsize, the rate
of coalescencaccelerateasyou look backin time, sothetime intervalsbetween
successiecoalescentventsgetsshorter(ratherthanlonger).Sothesecondeature
of genealogiesinderhitch-hikingis thatif therearemutationsthey arelikely to be

recenthencearelikely to beatalow frequeng in thesample Consequentlyhitch-

hiking is associateavith negative Tajima D andFuandLi D statistic§Braverman
etal.,1995;Fu, 1996a)

A third featureof genealogiesinderselectve sweep®nly occursatsitessome
geneticdistancefrom the selectedsite (Fay andWu, 2000). As mentionedabove,
looking backin time, chromosomesanpotentiallymove to the non-selectethack-
groundthroughrecombination.Supposéhat only a single chromosomeescapes
in sucha manney thenthe ancestof the chromosomesvithin the selectedclass
andthe escapeadhromosomeanonly coalesceprior to the origin of the selected
mutation. Becausdhereis no selectionoperatingat this point in time, the num-
berof mutationsthatoccurin this portion of the genealogyis simply the expected
numberfor a pair of chromosomesanderthe null model.

The key point aboutsuchgenealogiess that they are very unbalancedyith
n — 1 and1 descendant®r the two mostancientlineages.Furthermorepecause
themajority of mutationsoccurin the pre-selectiorportionof thegenealogythere
is an excessof mutationsfor which the derived stateis at high frequeng (n — 1
of n sequencesjFay andWu, 2000). Fay andWu’s H test,discusseckarlier is
specificallydesignedo detectsuchhigh frequeng derived mutations.

We notedfor the caseof balancingselectionthatin mary waysit mimicspop-
ulation structure. Likewise, selectve sweepsmimic populationgrowth (at the
selectedsite). Are theredemographigorocesseshat can mimic the genealogi-
cal processat sitespartially linked to strongfavourablemutations?The situation
mostlikely to give asimilar patternis strongpopulationstructurewith mostchro-
mosomedeing sampledfrom a single population. Undersuchconditions,chro-

mosomeswithin the populationwill rapidly coalesceput the time to the sample
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MRCA maybeconsiderable.

5.3 Local adaptation

A third modelof naturalselectionthatwe maywish to modelis local adaptation,
wherea mutationarisesthatis locally favourable,so sweepgo fixation in some
populationsput doesnot becomeglobally fixed. An exampleof sucha situationis
the FY* O alleleatthe Duffy locusin humangHamblinetal., 2002).

In mary ways, the patternsof geneticdiversity expectedunderlocal adapta-
tion area mixture of thosegeneratedy balancingselectionandselectie sweeps;
geographicallylocalisedreductionsin diversity and excessef rare mutations,
but alsostronghaplotypestructure(at leastfor a subsef the chromosomesam-
pled). As discussedvith referenceo the Lewontin-Krakauertest, high levels of

geographicstructuringmaybe expectedat suchloci.

5.4 Distinguishing selectionand demography

It shouldbe clearfrom the above discussionof how selectioncan be modelled,
thattherearemary strongsimilaritiesbetweerthe effectsof naturalselectionand
variousdemographigrocesse®n patternsof geneticvariability. How thencan
onebesurethatthe patternsobsenedaretheresultof selection?

It is, of coursejmpossibleto be certain.If thereis a stronga priori reasorfor
thinking thelocusin questionhasbeensubjectto selectionjt seemgarsimonious
to acceptsuch patternsas evidencefor selection. However, for loci wherethe
selectveforcesareobscuretheonly optionis to contrasipatternf polymorphism
atmultiple loci. Theidealchoicefor suchreferencdoci aregenomicregionswith
no known function (Frisseet al., 2001). If the samepatternsare obsered at the

testandreferencdoci, thendemographidactorsarethe mostlikely cause.
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