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1 Model testing in population genetics

Thenull modelin populationgeneticsdescribesaworld in whichnaturalselection

hasplayedno role. A world in which geneticdrift, mutation,andrecombination

arethe only forcesthat influencepatternsof geneticdiversity. How thencanwe

usethismodelto find outaboutselection?

Thereareeffectively only two answersto thisquestion.First,wecantry to ask

how well the null modelfits the datawe collect (i.e. carry out a goodness-of-fit

test). If we canrejectthenull hypothesisthatour dataweregeneratedby our null

model,thenwe areentitledto saythatsomeelementof biologicalreality is miss-

ing from themodel,andoneelementwe havenot includedis naturalselection.Of

course,therearemany otherfactorsof biologicalrealitywehavenot included,any

oneof which mayalsohave beenresponsiblefor theobserveddeviation. Interpre-

tationof goodness-of-fittestsclearly requiressomeunderstandingof thepatterns

of dataonewouldexpectto seeunderdifferentalternativemodels.

A naturalextensionto theideathatweneedto modelalternativehypothesesin

orderto understanddeviationsfrom thenull modelis thatwecandirectlycompare

the likelihood of observingthedataundermodelsthat ignoreandincludenatural

selection.If themodelthat includesselectionis morelikely thantheonethat ig-

noresit, we canclaim evidencefor theactionof naturalselection.Thedifficultly

with the likelihood approachis that explicit modelsof naturalselectiontend to

introducemultiple parameters,which makeslikelihood-basedinferencecomputa-

tionally daunting. In addition, the rangeof possibleselective scenariosthat one

might consideris enormous,andeven if onedoesfind a modelthat increasesthe

likelihood, it is quitepossiblethatthereareother, asyet unconsideredmodelsthat

have a similar, or greaterlikelihood, that incorporatesomeotherdeviation from

thenull model(e.g.demographicprocesses).Despitethesedifficulties,in thelast

coupleof years,someimportantstepshave beentakeninto the developmentof

likelihood-basedmethodsfor inferring naturalselection(Slatkin,2001;Kim and

Stephan,2000).
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Thedifficultiesraisedby attemptingto infer naturalselectionfrom population

geneticdataareconsiderable.This lectureaimsto follow two key themesin the

populationgenetictreatmentof selection;the rejectionof thenull model,andthe

modellingof naturalselection.Clearly, goodtestsfor selectionwill be informed

by an understandingof the patternsof geneticvariability generatedby different

selectivemodels(andthosegeneratedby all otheralternativemodelstoo!).

1.1 Goodness-of-fittests

Goodness-of-fittestsareidentical in spirit to any otherhypothesistestin statisti-

cal inference.Hypothesistestingstartsout with statementabouta parameterin a

model,whosevalidity we wish to assess.Thenull hypothesisis usuallywrittenas���
. In orderto carryout a test,we identify astatisticof thedata,� , andidentify a

setof valuesof � ( � ) for whichwewill rejectthenull hypothesisif suchavalueis

observed.By wayof example,supposeourhypothesisis thatourdataaregenerated

by aWF populationmodelwith ���	� . For asamplesizeof 
��
��� chromosomes,

95%of observations,werethenull hypothesistrue,would have between6 and48

segregatingsites.Consequently, if weactuallyobserved49(or more)or 5 (or less)

segregatingsites,wecouldrejectthehypothesisat the5%significancelevel.

The only differencefor a goodness-of-fittest, is that the null hypothesisis

thestatementThe assumed model is correct. Often,theassumedmodelwill have

parameterswhosevalueswe have to estimate. Under suchconditions,the null

hypothesiscouldbewrittenasThe assumed model is correct, including all the pa-

rameter values I have estimated. Ideally, onewould want to test the truth of the

statementThe assumed model is correct, though I 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 theeasierquestionwherewe

assumethattheparametervaluesareestimated.

Whatstatisticshouldbe usedasthebasisof a goodness-of-fittest? Unfortu-

nately, this is not aneasyquestionto answer. For caseswherealternative models
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canbespecified,thetheoryof likelihoodprovidesasimplerationalefor identifying

best(uniformly mostpowerful) tests;specificallyno testis morepowerful thana

likelihood ratio test,andsometimes(asin the caseof Watterson’s homozygosity

test),singlesufficient statisticscanbeidentifiedasproviding all possibleinforma-

tion for a likelihood ratio test.But usuallyalternative modelscannotbespecified,

or likelihoodscannotbecalculatedunderthedifferentmodels.In suchcases,tests

have to be formulatedfrom someknowledgeof which propertiesof the dataare

likely to besensitive to departuresfrom theassumedmodel,andwhich summary

statisticsareinformative aboutsuchproperties.Watterson(1977)wrote“There is

no single statistic which is best for testing the most general departures from neu-

trality’́. Thepracticalimplicationof this is thatbiological intuition is anessential

part of usingandconstructinginformative goodness-of-fittestsin populationge-

netics.

Althoughthereareno singlemostpowerful testsin populationgenetics,there

arevery many teststhat onemight use. The diversity of testscanbe confusing,

becausefor thereasonsoutlinedabove differenttestshave beendesignedto detect

differentdeparturesfrom theassumednull model,andconsequentlyuseinforma-

tion from differentpartsof thedata.A testdesignedto detectbalancingselectionis

unlikely to begoodfor detectingselectivesweepsandviceversa.Theagain,some

testsmaybeinformativeaboutbothbalancingselectionandselectivesweeps,and

anumberof otherdeviationsfrom thenull model(e.g.demographiccomplexities).

Ratherthanclassifytestson thebasisof whatdeviationsfrom thenull modelthey

aredesignedto detect,I shallclassifyby theinformationusedin thetests.On this

basis,therearethreemajor classes;frequency distribution tests,haplotype-based

testsandheterogeneitytests.
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2 Frequency-distribution tests

Many of thebestknown testsof thenull modelin populationgeneticsuseinforma-

tion onthefrequency spectrumof allelesor segregatingsites.Testssuchasthoseof

Watterson(1977)andTajima(1989)typically useinformationfrom asinglelocus,

summarisedin a waythatis informativeaboutthefrequency distribution. Because

thefrequency distributionscanbederivedanalytically, it is possibleto derive test

statisticsthathavethedesirablepropertiesof zeroexpectationandknownvariance.

2.1 Ewens-WattersonHomozygositytest

Historically, the first test of the null model (often referredto asneutrality tests,

thoughnot to be confusedwith testsof the neutraltheory),wasthatproposedby

Ewens(1972).In this famouspaper, Ewensderivedtheexpectednumberof alleles

in a samplefor a given � undertheinfinite-allelesmodel. In addition,he showed

that conditionalon � allelesbeingobserved in a sampleof 
 chromosomes,the

probabilitydistributionof thenumbersof allelesof eachtypeis givenby

��� 
�����
�������������
�� �"!�� 
$#��#&%('�
 � 
 � �����)
�' (1)

Where
+* is thenumberof allelesof type , and %-' is aStirling’snumberof thefirst

kind (effectively a normalisingconstant).

Given this result, it is possibleto calculatethe probability of observingany

configurationof allelefrequencies.Ewenssuggestedthatonewayof summarising

thefrequency spectrumis to usetheinformation

. �0/21 *43 *6587 3 *
Where 3 * is the frequency of allele , . Whenall allelesareat equalfrequency, the

valueof the statisticis large. In contrast,whenthereis a singlehigh frequency

mutation,andall therestareat low frequency, theinformationis small.Theinfor-

mationin any observeddatasetcanbecomparedto thedistributionof information

expectedundertheWF model. If theobservedinformationis higherthanthe97.5
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percentile,or lower thanthe 2.5 percentile,the WF modelcanbe rejectedat the

5%level.

Althoughtheinformationstatisticseemsa sensiblechoiceasa meansof sum-

marisingthe variancein allele frequency, the choice is essentiallyad hoc. As

mentionedabove, whenalternative modelscanbe specifiedexplicitly , the theory

of likelihood providesa way of identifying themostpowerful testpossible.Wat-

terson(1977)showedthatif thealternativehypothesisis thatallelesaremaintained

by heterozygoteadvantage(with anequalfitnessfor all heterozygotes),theeffect

of suchselectionis to makeallelefrequenciesmoreeventhanexpectedunderneu-

trality. Thelikelihoodratiotestfor balancingselectioncanbereducedto afunction

of thepopulationhomozygosity(theprobability thattwo allelespickedat random

from apopulationareidentical)

� �
1 *43
�*

In otherwords,homozygosityis a sufficient statisticfor testingthe hypothesisof

symmetricheterozygoteadvantage(which decreaseshomozygosity).Although it

is unlikely thatselectionis soevenacrossloci, andthesituationis complicatedby

the fact thatallele frequencieshave to be estimatedfrom samples,by comparing

samplehomozygosityto the distribution from Ewen’s samplingformula,Watter-

son’s homozygositytest is a powerful way of detectingunexpectedlyeven allele

frequencies,suchasthoseseenatsomeHLA genes.

With theadventof DNA sequencingstudies,neutralitytestsbasedontheinfinite-

allelesmodel have largely beensupersededby testsbasedon the infinite-sites

model. However, as mentionedlast week, when thereis no recombination,the

numberof distinct haplotypesin a samplecanbe analysedwithin the framework

of theinfinite-allelesmodel.Consequently, it is possibleto testfor over- or under-

dispersionof haplotypefrequenciesusingtheWattersonhomozygositytest.How-

ever, it is worth noting that thereis no guaranteethat the homozygositytestwill

bethemostpowerful testfor deviationsin thedirectionof anexcessof rarealleles

6



(increasedhomozyogsity),asmaybeexpectedunderamodelof recurrentmutation

to deleteriousalleles.

2.2 Tajima D statistic

Thefirst testaimedspecificallyat testingneutralityin thecontext of infinite-sites

modelsof sequenceevolution wasthat of Tajima (1989). As wasdiscussedlast

week,two possibleestimatorsof the populationmutationrate, � , arethe average

pairwisedifferencesin asample,9 , andthenumberof segregatingsitesdividedby

the Wattersonconstant:�;=<�> , where <�>?�A@ >=B �*8C ��D ;�, . Tajima suggestedthat the

differencebetweentheseestimatorscouldbeusedasthebasisof a neutralitytest

E � 9�/F:�;=<�>G
Var

� 9H/I:�;=< > ! (2)

Wherethedifferenceis normalisedby theexpectedstandarddeviation of thedif-

ference.The testhastwo particularlydesirableproperties;theexpectationof the

numeratoris zero,and(becausethedifferenceis scaledby thevariance)thecriti-

cal region of thetestis little affectedby thesamplesizeor numberof segregating

sites.Tajima(1989)derivedthevarianceanalytically, undertheassumptionof no

recombination,andshowedhow it couldbeestimatedfrom thedata.

WhatdoestheTajima
E

statisticmeasure?Watterson’sestimatorof � , is only

influencedby the numberof segregating sites. In contrast, 9 is sensitive to al-

lele frequenciesat segregatingsites,suchthat allelesat intermediatefrequencies

contributemorethanallelesat low frequencies.Consequently, if a samplehasan

excessof rarevariants, 9 will be lessthanWatterson’s estimatorand
E

will be

negative. In contrast,if thereis an excessof intermediatefrequency variants, 9
will begreaterthanWatterson’sestimatorand

E
will bepositive.

Tajima’s
E

statisticis a very generalway of comparingthe allele frequency

spectrumagainsttheexpectationsof thenull model.It wasnotdesignedto pick up

any particulardeviation from thenull model,but it will tendto benegative under

selective sweeps(andpopulationgrowth) andpositive underbalancingselection
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(or populationstructurewith samplingfrom many populations).It is almostcer-

tainly themostwidely usedneutralitytest.

2.3 Fu and Li D statistic

The ideaof usingdifferentestimatorsof thepopulationmutationrateasthebasis

of neutralitytestshasbeendevelopedin severaldifferentways.A secondtestwas

derived by Fu and Li (1993) who showed that the expectednumberof derived

mutationsthatarepresentonly oncein a sample,J=K , is equalto � . Consequently,

it is possibleto constructa teststatisticin a similar mannerto Tajima’s

E � :L/M<=>NJ KG
Var

� :L/I<�>OJ K ! (3)

anda similar statistic(called
EHP

) if the directionof mutationsis not known (in

which casethe statisticis basedon the numberof segregatingsitesat which the

rareallele is only representedonce- often calledsingletons- the expectationof

which is �Q
�; � 
�/ D ! ).
WhatdoesFuandLi’ s

E
statisticmeasure?In many waysit sharesmuchinfor-

mationwith Tajima’sD statistic,anegativevalueindicatesanexcessof singletons

(which wouldalsogivea negativeTajima
E

), anda positivevalueindicatesa lack

of singletons(whichwouldtypically, thoughnotnecessarily, giveapositiveTajima

D). However, certainpopulationgeneticscenarios,particularlyselective sweeps,

tendto generatean excessof singletons,to which this testis moresensitive than

Tajima’sD.

2.4 Fay and Wu H statistic

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

alleleis represented, timesin asample,R * , is givenby

SHT R�*VUW�
�Q;=,
Clearly, this resultprovidesa whole hostof possibleestimatorsof � , andconse-

quently, an inexhaustiblebatteryof neutrality tests(Fu, 1996b). Notableamong
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these,is the test proposedby Fay andWu (2000) which usesan estimatorof �
which is heavily influencedby high frequency derivedmutations

X�ZY4� �
 � 
[/ D !
>=B �1 *8C � , � R�* (4)

By comparing 9 with the new estimator, the test statistic
�

provides a way of

identifyingsamplesin whichthereis anexcessor dearthof high-frequency derived

mutations.As discussedlater, anexcessof high frequency derivedmutationsmay

bea signalof a recentselectivesweepandanearbylocus,thoughtherearecertain

demographicsituations(strongpopulationstructurewith uneven samplingfrom

populations)that can also give the samepattern. Unlike the previous tests,the

varianceof theteststatistichasto beestimatedby stochasticsimulation.

2.5 Factors affecting test power

The rationalebehindthe threestatisticsjust presentedis thatby comparingsum-

mary statisticsof the datathat usedifferentsourcesof information,unusualdis-

crepanciesin thepatternsobservedcanbedetected(andhopefullyassociatedwith

differentdeparturesfrom thenull model).Whatmakesthesestatisticsparticularly

attractive is thatthey focuson specificaspectsof datathatarebelieveda priori to

besensitiveto deviationsfrom thenull modelin apredictableandintuitivemanner.

However, thereis noguaranteethatsuchtestswill have sufficientpower to de-

tectthedesireddeviationsfrom thenull model.Indeed,simulationstudies(e.g.Fu,

1996b;Wall, 1999;Przeworski,2002)haveshown thattestsoftenhavelittle power

to detectthedeviationsthey weredesignedto pick up. The singlegreatestfactor

affecting testpower is thenumberof mutationsin thesample- moresegregating

sites,morepower. So it is worth noting thatan increasein the region sequenced,

ratherthanthenumberof chromosomes,is morelikely to identify new mutations

(Pluzhnikov andDonnelly, 1996). An accuratemodellingof recombinationalso

usuallyincreasestestpower. If thereis recombination,differentregionsof a gene

havedifferenthistories,sampledfrom theunderlyingdistributionof possiblehisto-
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ries. Sotheeffectsof evolutionarystochasticityareaveragedout acrossa geneby

recombination,whichconsequentlymeansthatthevarianceof statisticsis reduced

relative to thecaseof no recombination.

Thepracticalimplicationof recombinationis thatthecritical regionsfor a test

(the rejectionregion) dependon thepopulationrecombinationrate, \O] K_^ . Given

an estimateof \O] K_^ , the critical regions of a testcanbe estimatedby stochastic

simulation.However, obtaininganaccurateestimateof \O] K_^ is difficult (Hudson,

1983;FearnheadandDonnelly,2001),so it is saferto takea lower boundfor the

parameter.

Finally, it is worth noting that stochasticsimulationenablesthe useof more

complex testsof thenull model,for exampleteststhatcontrastmultiple summary

statistics.Theonly difficulty is interpretingsuchtests.In effect,theonly boundon

thedesignof neutralitytestsis imagination.

3 Haplotype basedtests

Teststhatuseinformationonthefrequency spectrumof segregatingsitesareclearly

ignoringa significantsourceof information;namelyassociationsbetweenalleles,

or the haplotypestructureof the sample. However, becausehaplotypestructure

is influencedby recombination,aswell asselective anddemographicforces,it is

necessaryto have anaccurateestimateof thepopulationrecombinationrateat the

loci in questionbeforethe null model can be tested. If an estimateof \O]`K ^ is

obtainable(for example,if thereis no recombination,or thedataareon unlinked

SNPs,or \O] K_^ canbeestimatedby apopulationgeneticmethod)anumberof tests

of thenull modelareavailable.

3.1 Haplotype number

A simpletestof thenull modelbasedonhaplotypestructureis to considerwhether

therearemoreor lesshaplotypesthanareexpectedgiventhenumberof segregat-
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ing sites.Thetwo extremecasesarewherethedatais partitionedinto two or a few

distincthaplotypes,suchthatthenumberof haplotypesis muchlessthanthenum-

berof segregatingsites,andwhereeachsegregatingsitedefinesa new haplotype.

Theformercasemaybeindicativeof balancingselection,or populationstructure,

while the latter situationmay be expectedunderselective sweepsor population

growth. Notethethenumberof haplotypescannotexceed:�a D .
Testsof haplotypenumberhave beenproposedthatconditionon : (Depaulis

andVeuille, 1998)and � (Fu, 1996a).Giventhat thenumberof segregatingsites

setsthelimits for thenumberof haplotypes,it makessenseto conditionon : , how-

ever, it shouldbenotedthat thesimulationschemeusedby DepaulisandVeuille,

following Hudson(1993),treats: asa parameter. Giventhat : is astatistic,and �
is theparameter, simulationsconditioningon : shouldweight individual samples

by theprobabilityof observing: segregatingsites,givenanestimateof � . In prac-

tice, thereis little differencein thecritical regionsfor statisticsdefinedby thetwo

simulationschemes.A factor of muchgreaterimportanceis the estimateof the

populationrecombination.Therearea numberof possibleschemesfor estimat-

ing \O]`K ^ from populationgeneticdata(Hudson,1987;FearnheadandDonnelly,

2001;Hudson,2001;McVeanet al., 2002)which differ considerablyin estimator

varianceandcomputationaltractability(Wall, 2000).

3.2 Haplotype diversity

As indicatedpreviously, Watterson’s homozygositytestcanbeapplieddirectly to

haplotypesin thecaseof norecombination.Whenthereis recombination,asimilar

testcanbedesignedthatcompareshaplotypediversityto thedistributionexpected

underthe null modelgiven an estimateof � and \O] K_^ , andconditioningon the

numberof segregatingsites(DepaulisandVeuille, 1998). Given : , haplotypedi-

versityandhaplotypenumbersharemuchinformation;haplotypediversityis high

underbalancingselection(certaindemographicmodels)andlow underselective

sweeps(populationgrowth).
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3.3 Haplotype partitions

A relatedtestwasdesignedby Hudsonet al. (1994)to detectsubsetsof the data

thatshowedunusualpatterns.Calledthehaplotypepartitiontest,theideais to ask

whethergivena sampleof size 
 with : segregatingsites,thereis likely to exist a

subsetof sequencesof size , which hasb or fewer segregatingsites.

Although the test soundscomplex, the test is aimedto pick up incomplete

selective sweeps,or local adaptation,the effect of which is to reducediversity in

a subsetof thepopulation,withoutaffectingtherest.Suchprocessescreatestrong

haplotypestructurefor only a subsetof thesample.A similar ideahasbeenused

to identify domainswithin a larger region that show unusuallystronghaplotype

structure(Wall, 1999;Andolfattoetal., 1999).

3.4 Linkage disequilibrium

Giventhat the key point in usinghaplotypedataratherthanjust allele frequency

spectrumsis to usetheinformationgainedfrom consideringassociationsbetween

alleles,it makessenseto considersuchassociationsdirectly. The cd>6e testof Kelly

(1997)considerstheaverageacrossall pairsof segregatingsitesof onemeasureof

allelic association(or linkagedisequilibrium)

cd>6e�� �
 � 
�/ D ! 1*Vfhg *jiCkf ^
�*Vf

Where ^ �*Vf � E �*Vf ; �ml *on�* l fpnqf ! , the squareof the correlationcoefficient of the two

allelesat sites , and b (Hill andRobertson,1968). Alternative testscouldbecon-

structedfrom othersummariesof linkagedisequilibrium suchasthe � Esr � statistic

of Lewontin (1964).Althoughtheideaof directly usinglinkagedisequilibriumis

appealing,the varianceof measuresof linkagedisequilibrium is large, andis af-

fectedby allelefrequencies.In addition,linkagedisequilibriumis alsoinfluenced

by recombination,henceanaccurateestimateof \O] K_^ is necessaryto definecriti-

cal regionsfor teststatistics.
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The dependency of haplotypestatisticson allele frequenciesandrecombina-

tion ratesclearlymakestheconstructionof goodhaplotype-basedtestsof thenull

modelproblematic.Ideally, wewouldhopeto considertheeffectsof thefrequency

distribution andallelic associationsseparately. By analogywith the testswhich

compareestimatorsof � , oneapproachwould be to constructteststhat compare

differentestimatorsof \O] K_^ , or thejoint distributionof estimatorsof � and \O] K)^ .
However, becauseof the technicaldifficulties of estimating\O] K_^ , suchtestsare

notyet available.

4 Testsfor heterogeneity

All the testsof thenull modeldiscussedso far have consideredpatternsof diver-

sity at a single locus,andassumedthat all sitesat the locus areequivalentand

subjectonly to neutralmutations.However, thereis anextremelyimportantclass

of testsof thenull modelwhichusecontrastsbetweentwo or moreloci (or classes

of mutations)asasourceof information.Deviationsfrom thenull modelareiden-

tified by greatervariation betweenloci (or classesof mutations)than expected.

An importantelementin several of suchtestsis the contrastbetweenpatternsof

polymorphismanddivergence.

4.1 The HKA test

Perhapsthe bestknown heterogeneitytest in populationgeneticsis the Hudson-

Kreitman-Aguad́e test (1987). The testconsiderspatternsof polymorphismand

divergenceat two loci, that have differentmutationrates � � and � � . Supposewe

have collected 
t� and 
u� chromosomesat eachlocus,andan outgroupsequence

for both.Underthenull model,theexpectednumberof fixeddifferencesis

SHT&v *&Uu�	�w*�xjy`/ 
+*�/ D
 *{z
Wherey is thedivergencetimebetweentheoutgroupandsamplespeciesscaledin

unitsof �=] K generations;theeffective populationsizeof thesamplespecies.The
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expectednumberof segregatingsitesis givenby the Wattersonformula
S|T : * U}�

� * < > . Given informationon the numberof polymorphicandfixed differencesat

eachlocus, the threeparameters( � for eachlocusand y ) canbe estimatedby a

least-squaresfit (maximumlikelihood is anotherpossibility). Hudsonet al. sug-

gestedthat the sumof the squareof differencesbetweenobserved andexpected

valuesshouldbeapproximately~ � distributedunderthenull model(theexactdis-

tribution canbeestimatedby stochasticsimulation).By contrastinga locusof in-

terestagainsta referencenull locus,theHKA testprovidesa potentiallypowerful

methodfor detectingloci thatdemonstrateunusualpatternsof polymorphism.

The HKA testcaneasilybe extendedto comparingmore thantwo loci, and

patternsof polymorphismin two species.The testwasoriginally formulatedto

test the null modelat the Adh locusof Drosophila melanogaster (Hudsonet al.,

1987).This locushastwo differentelectrophoreticvariants(calledFastandSlow

alleles)which are associatedwith a two-fold differencein enzymeactivity (the

resultof variationin the regulatorysequencewith which theelectrophoreticvari-

antsarein strongassociation).Thepolymorphismexists in a longitudinal cline in

NorthAmerica,with thefastallelebeingfoundfurthernorthandathigheraltitudes

(BerryandKreitman,1993).It is mostlikely thatthepolymorphismis maintained

by balancingselection(local selectionbalancedby migration). In line with this

hypothesis,thelocusshowsanexcessof polymorphismsrelative to referenceloci.

4.2 The McDonald-Kr eitman test

Anothertestoriginally formulatedto analysetheAdh locusof D. melanogaster is

theMcDonald-Kreitmanmor MK test. Ratherthancontrastpatternsof polymor-

phismanddivergenceat differentloci, theMK testcontrastspatternsof polymor-

phismanddivergencefor differenttypesof mutations(for example,synonymous

andnonsynonymous)at a single locus. A contingency table of countsof poly-

morphismsandfixeddifferencesis obtainedfrom thedataandnon-independence

betweentherows andcolumnsis assessedby meansof a Fisher’s exact test(or a
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permutationtest).

The MK test is actuallya muchmoregeneraltest that the HKA test,as it is

insensitive to almostall deviationsfrom the null model,exceptnaturalselection.

Thecentralideais thatif thetwo classesof mutationsareequivalent,thenpatterns

of polymorphismanddivergencefor thetwo will bethesame(aslong asthey are

interspersed).Evenif therehasbeenpopulationgrowth, or geographicalstructur-

ing, therelativeproportionsof polymorphismsandfixeddifferencesshouldbethe

sameundertheassumptionof homogeneity(thoughallelefrequency distributions

andhaplotypepatternsmaywell indicatea deviation from thenull model).

How shoulddeviations from the assumptionof homogeneitybe interpreted?

The key is that oneclassof mutationsmustbe deemedneutral(or lessstrongly

selected)on ana priori basis;for examplesynonymousmutations.If sucha class

canbe identified,an excessof fixed differencesin theputatively selectedclassis

typically indicativeof adaptiveevolution(becauseadvantageousmutationsrapidly

fix in populations).In contrast,an excessof segregatingmutationscanbe inter-

pretedasevidenceof purifying selection.Deleteriousmutations(asmostamino

acidchangingmutationsareexpectedto be)maycontributeto polymorphism,but

areveryunlikely to becomefixedin apopulation.

4.3 The Lewontin-Krakauer test

TheMK testcanpotentiallybeusedto identify genesthathave undergonerecur-

rent adaptive evolution (throughan excessof fixed differences).However, there

aremany instanceswherea singleinstanceof local adaptive evolution is a more

realisticmodel(for exampleasmayapply to thenull Duffy allele- which confers

resistanceto thePlasmodium vivax agentof malaria- which probablyunderwent

a selective sweeparoundthe time of the humantransitionto agriculture,andthe

spreadof malaria).Whattypeof testmaybeusedto identify suchevents?

Theobviousconsequenceof local adaptationis thata subsetof globally sam-

pledsequenceswill show a markedlydifferentpatternof polymorphismthanthe
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rest of the sample,and this subsetwill be geographicallyrestricted. Suchloci

may thereforebe identifiableby the demonstrationof an unusuallyhigh level of

geographicstructuring(in additionto thehaplotype-basedtestsconsideredprevi-

ously).

TheLewontin-Krakauertestwasoriginally formulatedto detectsuchoutliers

(Lewontin andKrakauer,1973). Geographicstructuringis assessedby Wright’s

fixation index �$e�� , which will bediscussedin thenext lecture,andloci with un-

usuallyhigh levelsof thestatisticcanpotentiallybe identified. Actually carrying

out thetestis difficult, becauseideallywe wish to testthehypothesisIs the varia-

tion in ��eQ� between loci greater than that expected under a model of geographical

structure alone. However, thereis anessentiallyinfinite numberof possiblemod-

els of geographicalstructure,andstatisticalinferenceunderany but the simplest

is currentlyintractable.For this reason,theLewontin-Krakauertestis impossible

to use,howeveroneway roundtheproblemwassuggestedby Taylor et al. (1995)

who usedthe a priori hypothesisthat the locusthey wereinterestedin (onethat

conferredinsecticideresistance)shouldshow greatergeographicsubdivision that

a setof referenceloci. That sucha patternwasobserved wastakenasstatistical

evidencefor thehypothesisof local adaptation.

4.4 Other testsfor heterogeneity

Justasthereis a hostof possibletestsof the null modelat singleloci, thereis a

potentiallyinexhaustiblesupplyof testsfor heterogeneitybetweenloci. A simple

approachis to usethe variancebetweenloci in somesummarystatisticasa test

statisticin its own right. For example,Frisseet al. (2001)showedunexpectedly

high levels of variation in Tajima’s
E

statisticbetweenanonymousnon-coding

loci in a humanpopulationsamplefrom China. Testsbasedon an ensembleof

summarystatisticsarepotentially powerful for detectingsubtledeviations from

thenull modelthatcouldnotbedetectedon a locus-by-locusbasis.

Finally, it is worth noting that asthe scaleof availablesequenceinformation
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increases,it will bepossibleto comparepatternsof variationat thelocusof interest

to the empiricaldistribution. Although thereis no guaranteethat the tails of the

empiricaldistribution are in any way unusual,the a priori expectationis that if

thereis a smallsubsetof loci subjectto recentselective forces,thesearelikely to

beat theextremeof theempiricaldistribution.

5 Modelling natural selection

Throughoutthelecture,animplicit understandingof thepatternsof polymorphism

expectedunderdifferentselectiveregimeshasbeenassumed.Intuitively, it is quite

easyto describethetypesof patternonemightexpectto find, but it is only through

explicit modellingof the selective processthat suchintuition canbe tested.Fur-

thermore,explicit modelling,enablesusto identify importantparametersin natural

selection,andpotentiallyderive waysof estimatingsuchparametersfrom empir-

ical data. In this last section,I will outlinesimplepopulationgeneticmodelsfor

balancingselection,selective sweeps,andlocal adaptation,anddescribesomeof

thepatternsof polymorphismthey arelikely to generate.

5.1 Balancing selection

Historically, balancingselectionis the form of naturalselectionthathasreceived

themostattention.Balancingselectioncancomeaboutthroughheterozygotead-

vantage(thoughtto be the casefor HLA classI alleles,and mutationscausing

sickle-cell anaemia),frequency-dependentselection(as for self-incompatibility

loci in plants)or a balancebetweenlocal directionalselectionandmigration(for

exampletheAdh cline in Drosophila melanogaster). Whatever thecause,balanc-

ing selectioncausesmultipleallelesto bemaintainedin apopulation,oftenatfairly

constantfrequencies.

Therehavebeentwomajorclassesof modelsfor loci underbalancingselection.

Wright (1931)andWatterson(1977)consideredthecaseof multiplealleles,which
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candrift in frequency (andevenbe lost). Recently, modelsof balancingselection

with two allelesmaintainedat a constantfrequency over time have beenusedto

caricaturetheselectiveprocess.

Usingdiffusiontheory, WattersonandWright derivedseveralpropertiesof the

frequency distributionof multiple allelessubjectto balancingselection.However,

in termsof interpretingpatternsof putatively neutraldiversity at siteslinked to

the position subjectto selection,the two allele modelshave beenmore useful.

Undertheassumptionthatthereis asingleselectedsiteheldatconstantfrequency,

the genealogicalprocessat linked sitescanbe treatedasa structuredcoalescent

process(Hudson,1990)in which chromosomescarryingthesameselectedallele

cancoalesce,but thosecarryingdifferentselectedallelescannot. Chromosomes

canonly move from onebackgroundto theotherby recombinationat rate ^ 3 * per

generation,where3 * is thefrequency of thealternativebackground.

This model sharesmany similarities to the coalescentprocessin geograph-

ically structuredpopulations,wherechromosomescan only coalescewithin the

samepopulation,andmovementbetweenpopulationsoccursby migration(Hud-

son,1990)at a rate � pergeneration.Severalpropertiesof thestructuredcoales-

centareknown; for exampletheexpectedcoalescencetime for a pair of chromo-

somessampledfrom the samegeneticbackgroundis identicalto that in the null

model, � (scaledin unitsof �=] K generations),andtheexpectedcoalescencetime

for a pair sampledfrom differentbackgroundsis � � D a D ;=��! .
Whatdoesthis resulttell usaboutpatternsof polymorphismunderbalancing

selection?Threeconclusionscanbe drawn. First, balancingselectioneffectively

structurespolymorphisminto two subpopulations.Second,while diversitywithin

eachclassshouldbe similar to that in other partsof the genome,betweenge-

neticbackgroundstherewill bean excessof polymorphism.Finally, becausethe

increasein coalescencetimesfor chromosomeson differentbackgroundsis a de-

creasingfunctionof � , theincreasein diversitywill peakat thebalancedsite,and

decayasa functionof D ;=� . Sucha peakof polymorphismcanbeseenat theAdh
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locusof Drosophila melanogaster (Hudsonetal., 1987).

The key featureof genealogiesat balancedloci is that coalescencetypically

occursrapidly within theclasses,but thereis a long waiting time for coalescence

eventsbetweenclasses. A consequenceof such topologiesis that the internal

branchesof an 
 -coalescentare much longer than the terminal brancheswhich

leadsto anexcessof mutationsat intermediatefrequencies(hencepositiveTajimaE
values),andsetsof mutationsatdifferentsitesthathaveidenticalallelefrequen-

cies,hencestronglinkagedisequilibrium(mutationswhich arefixed betweenthe

classes).In short,balancingselectionleadsto high levelsof diversity, andstrong

haplotypestructure,which both decaywith distancefrom the selectedlocus. An

exampleof alocusthatdisplaysexactly thesepropertiesis � -globin(Hardingetal.,

1997)

5.2 Selectivesweeps

Whenanadvantageousmutationappearsin apopulationandsweepsthroughtofix-

ation,it leavesbehinda trail in patternsof linkedneutraldiversity(MaynardSmith

andHaigh,1974).Supposea favourablemutationhasjustbecomefixedin apopu-

lation. Lookingbackin time,wecanthink of thecoalescentprocessatsiteslinked

to the selectedmutationin a similar mannerasfor balancingselection. That is,

thereis a structuredcoalescent,in which chromosomescanonly coalesceif they

carry the sameallele at the selectedsite,andwhererecombinationallows linked

sitesto move betweengeneticbackgrounds(Bravermanet al., 1995). The only

differencefrom balancingselectionis that the populationsizesof the two back-

groundsarenot constant,rathertheselectedclasshasundergonerapidexpansion,

and the non-selectedbackgroundhasundergonea rapid decreasein population

size.

Closeto theselectedmutation,all chromosomeswill coalesceon theselected

background.Thishastwo key effectsonthegenealogy;first thecoalescencetimes

are much lessthan underthe null model, so diversity is reduced. Becausethe
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rateof coalescenceis a function of the reciprocalof the populationsize,the rate

of coalescenceacceleratesasyou look backin time, sothetime intervalsbetween

successivecoalescenteventsgetsshorter(ratherthanlonger).Sothesecondfeature

of genealogiesunderhitch-hikingis thatif therearemutations,they arelikely to be

recent,hencearelikely tobeatalow frequency in thesample.Consequently, hitch-

hiking is associatedwith negativeTajima
E

andFuandLi
E

statistics(Braverman

etal., 1995;Fu,1996a)

A third featureof genealogiesunderselectivesweepsonly occursatsitessome

geneticdistancefrom theselectedsite(Fay andWu, 2000). As mentionedabove,

lookingbackin time,chromosomescanpotentiallymove to thenon-selectedback-

groundthroughrecombination.Supposethat only a singlechromosomeescapes

in sucha manner, thentheancestorof thechromosomeswithin theselectedclass

andtheescapedchromosomecanonly coalesceprior to theorigin of theselected

mutation. Becausethereis no selectionoperatingat this point in time, the num-

berof mutationsthatoccurin this portionof thegenealogyis simply theexpected

numberfor apairof chromosomesunderthenull model.

The key point aboutsuchgenealogiesis that they arevery unbalanced,with


[/ D and D descendantsfor thetwo mostancientlineages.Furthermore,because

themajorityof mutationsoccurin thepre-selectionportionof thegenealogy, there

is an excessof mutationsfor which thederived stateis at high frequency ( 
L/ D
of 
 sequences)(Fay andWu, 2000). Fay andWu’s

�
test,discussedearlier, is

specificallydesignedto detectsuchhigh frequency derivedmutations.

Wenotedfor thecaseof balancingselectionthatin many waysit mimicspop-

ulation structure. Likewise, selective sweepsmimic populationgrowth (at the

selectedsite). Are theredemographicprocessesthat can mimic the genealogi-

cal processat sitespartially linked to strongfavourablemutations?The situation

mostlikely to givea similar patternis strongpopulationstructurewith mostchro-

mosomesbeingsampledfrom a singlepopulation. Undersuchconditions,chro-

mosomeswithin the populationwill rapidly coalesce,but 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 mutationarisesthat is locally favourable,so sweepsto fixation in some

populations,but doesnotbecomegloballyfixed.An exampleof suchasituationis

theFY*O alleleat theDuffy locusin humans(Hamblinetal., 2002).

In many ways, the patternsof geneticdiversity expectedunderlocal adapta-

tion area mixtureof thosegeneratedby balancingselectionandselectivesweeps;

geographicallylocalisedreductionsin diversity and excessesof rare mutations,

but alsostronghaplotypestructure(at leastfor a subsetof thechromosomessam-

pled). As discussedwith referenceto the Lewontin-Krakauertest,high levelsof

geographicstructuringmaybeexpectedatsuchloci.

5.4 Distinguishing selectionand demography

It shouldbe clear from the above discussionof how selectioncan be modelled,

thattherearemany strongsimilaritiesbetweentheeffectsof naturalselectionand

variousdemographicprocesseson patternsof geneticvariability. How thencan

onebesurethatthepatternsobservedaretheresultof selection?

It is, of course,impossibleto becertain.If thereis a stronga priori reasonfor

thinking thelocusin questionhasbeensubjectto selection,it seemsparsimonious

to acceptsuchpatternsas evidencefor selection. However, for loci wherethe

selectiveforcesareobscure,theonlyoptionis tocontrastpatternsof polymorphism

atmultiple loci. Theidealchoicefor suchreferenceloci aregenomicregionswith

no known function (Frisseet al., 2001). If the samepatternsareobserved at the

testandreferenceloci, thendemographicfactorsarethemostlikely cause.
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