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1 Complex disease

Complex diseaseis perhapsthe biggestchallengefacing medicalgenetics. The

clusteringof diseasessuchasheartdisease,cancers,asthma,diabetesandschizophre-

nia, amongrelatedindividuals indicatesthat almostall commondiseaseshave

somegeneticbasisto susceptibility. If the geneticbasisof susceptibilitycould

beidentified,efficient treatmentsfor diseasecouldhopefullybeengineered,or risk

factorsidentifiedandeliminatedfrom at risk individuals.Althoughunderstanding

the geneticbasisof susceptibility is not an endin itself, an understandingof the

geneticfactorsinfluencingtheetiologyof a diseaseis a critical componentof any

programto reducediseaseincidence.

1.1 Features of complex disease

In the previous lecturewe consideredthe populationgeneticsof Mendeliandis-

easemutations,suchas thosecausingcystic fibrosis or DyastrophicDysplasis.

Mendeliandiseasestypically resultfrom mutationsin a singlegenethathave high

penetrance,andwhich are rareat the populationlevel. In contrast,complex, or

multifactorial(to emphasisethatnon-geneticfactorsarealsoimportantin thedis-

ease)diseasesareprobablyinfluencedby geneticvariationat several loci in the

genome,eachof low penetrance.In addition,factorssuchasenvironmentalinflu-

ences,interactionsbetweengenesandthe environment(G � E interactions),and

interactionsamonggeneticvariantsat differentloci (epistasis)areall likely to be

importantfor complex disease.UnlikeMendeliandisease,complex diseasescanbe

very common,andhave importantconsequencesfor theeconomics(andpolitics)

of medicalprovision.

1.2 Limitations of pedigree studies

Theclassicalparadigmfor identifying loci contributing to diseaseis thepedigree

study. In a family wherethereareaffectedandunaffectedindividuals, thecoseg-

2



regationof thediseasephenotypeandallelesat markerloci is usedto detectasso-

ciations.However, thereareseveralimportantlimitationsto thepowerof pedigree

studiesfor complex disease.Most importantly, thelow penetranceof complex dis-

easemeansthatvastamountsof informationarerequiredto identify associations,

andpedigreesof adequatesizesimply arenot available.Evenif candidateregions

canbe identifiedfrom pedgirees,the resolutionof linkagestudiesis typically on

theorderof afew cM, whichin termsof thehumangenomemaycorrespondto sev-

eralMb of DNA, and100s,or 1000sof genes.Furthermore,if pedigreestudiescan

identitycomplex diseaseloci to thegenelevel, thereis a strongascertainmentbias

towardsvariantsthatcauseMendelianformsof complex disease(e.g.mutationsin

BRCA1 associatedwith early-onsetbreastcancer)which actuallycontributerela-

tively little to thediseasephenotypeon apopulationscale.

1.3 Limitations of family-based methods

For thesereasons,a populationview of complex diseaseis highly preferable.In

the mid-1990s,the paradigmfor diseasemappingbecamefamily-basedpopula-

tion methods,of which theexemplaris thetransmissiondisequilibriumtest(TDT

Spielmanet al., 1993). TheTDT considertriadsof affectedindividualsandtheir

parents.Associationsat thegeneticlevel areidentifiedby comparingthepropor-

tionsof transmittedanduntransmittedalleles. Untransmittedallelesthereforeact

asaninternalcontrol for transmittedalleles,leadingto a very robustexperimental

design.In addition,becausetheTDT considersapopulationsampleof thedisease,

it will notbiastowardslocatingrare,Mendelianformsof complex disease.Allelic

heterogeneity(multiplesusceptibility allelesatadiseaselocus),multiple contribu-

tory loci, low penetranceandenvironmentaleffectswill all actto reducethepower

of populationmethods,but if a significantresult is obtainedwith the TDT, it is

unlikely to bea falsepositive.

However, thereareseveral factorsthat reducethepower andefficiency of the

TDT. First, it requiresalot of effort; at leastthreeindividualshaveto begenotyped
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for eachdatapoint. Second,obtainingparentalgenotypescanbedifficult, particu-

larly for late-onsetdiseasessuchasAlzheimers,althoughalternativedesignsusing

sibs,ratherthanparents,canbeconstructed.Finally, in orderto be informative at

a locus,parentshave to beheterozygousat a locus.Althoughefforts canbemade

to useloci with high heterozygosity, a significantfractionof triadswill alwaysbe

uninformative.

1.4 Critical assumptions in association mapping

The alternative to the TDT at the populationlevel is historically the first type of

mappingapproach;the case-controlstudy. Case-controlstudiescompareallele

frequenciesat loci amongdiseaseandmatchedcontrol populations(matchedfor

factorssuchas race,sex, ageand lifestyle). The reasoningbehindcase-control

studiesis thatdiseasesusceptibilitymutationswill show strongdifferencesin fre-

quency betweencasesandcontrols.While it is unlikely thatthecausativemutation

will beincludedamongthemarkerloci, linkedneutralvariantswill alsobeassoci-

atedwith the diseasephenotypethroughlinkagedisequilibrium(populationlevel

associations)with thecausalvariant.Significantdifferencesin allelefrequency can

betakenasevidencefor linkage,althoughthereareseveral factorsthatcancause

associationwithout linkage(seebelow).

Thecritical assumptionsof associationmappingareembodiedin whathasbe-

comeknown asthecommon-diseasecommon-variant(CDCV) modelfor complex

disease(Cardonand Bell, 2001). The key featureof the model is that disease

susceptibilityis influencedby a few loci, eachof which hasa singlemajor allele

contributingto thephenotype. Eachallelemayhave low penetrance,but if enough

datacanbegathered,associatedshouldbe detectable.Implicit is theassumption

that allelescontributing to diseasesusceptibilityareat an appreciablefrequency

in populations(¿¿1%). While the biological reality of theseassumptionsis un-

known, they are critical to the successof associationmappingexperiments. If

allelic heterogeneityis high, or diseasesusceptibilityis influencedby many rare
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allelesat many loci, associationmappingstudieswill have little power. Underthe

pessimisticscenario,it is perhapsworthnotingthatunderstandingthegeneticbasis

of susceptibilitywill not leadto widely applicabletreatmentsfor disease.

1.5 Case-control genealogies

For the restof the lecturewe will assumethat theCDCV modelis true. For the-

oreticalpopulationgenetics,thekey questionsbecome;what factorsinfluenceas-

sociationsbetweenmutationsat different loci? And, what is the bestdesignfor

anassociationmappingexperiment?Fromtheempiricalpoint of view, we needto

have someideaof whatallelic associationsin thehumangenomelook like.

In keepingwith therestof thecourse,we will takea genealogicalperspective

to describingthepopulationgeneticsof associationmapping.In particular, wecan

think of a genealogyof chromosomesat a locuscontributing to the diseasephe-

notypefor bothcasesandcontrols.If therewereperfectconcordancebetweenthe

disease-associatedmutationandthe diseasephenotype,thegenealogyof the dis-

easechromosomeswould bea subgenealogywithin thelargerpopulationgeneal-

ogy (justaswasdescribedpreviously for theintra-allelicgenealogyfor Mendelain

diseasemutations). However, becauseof incompletepenetrance,allelic hetero-

geneityat thelocus,allelesat otherloci, andnon-geneticfactors,thegenealogies

of the caseandcontrol chromosomesare interwoven and it is highly likely that

considerablehistorywill besharedbetweenthetwo (particularlytheMRCA).

However, theredifferencesbetweenthe genealogiesof the caseand control

chromosomes;notablya subsetof the diseasechromosomesshow rapid coales-

cenceunderthe causative mutationleading to strongidentity by descentat the

locus. In contrast,the control chromosomegenealogyis much lessdistortedor

unbalancedthanthediseasechromosomegenealogy.
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1.6 The population genetics of associations

In termsof identifying diseaseloci, the key point from comparingdiseaseand

controlchromosomesis thatthe formershouldshow strongidentity by descentat

thediseaselocusrelative to thecontrolpopulation.However, aswe areunlikely to

havesampledthecausativemutationasamarker, wemustlook for excessidentity

at loci linkedto thediseasemutation.

In thepreviouslectureI introducedacrudedeterministicmodelfor associations

betweendiseasemutationsandlinkedmarkeralleles.Thekey pointwasthatwhen

themutationfirst appears,it picks a haplotypeat randomfrom thepopulation,so

markerallele frequenciesin thediseasesubpopulation areall equalto one. Over

time, recombinationbreaksdown theassociation,suchthatthedifferencein allele

frequency betweenthediseaseandcontrolpopulations,�
	��
��� , atamarkerlocus

with recombinationdistance
�

from the diseaselocus decaysin an exponential

fashion �
	������������������������ ��! (1)

Where" is thenumberof generationssincetheorigin of thediseasemutation.

A deterministicmodel,however, hasseveral limitations. Most importantly, it

ignoresthe stochasticnatureof the recombinationanddrift processesthat influ-

enceallelic associations.A morerealisticway of modellingrecombinationis in

thegenealogicalcontext; looking backin time from thepresent,thehistoryof the

diseaselocusanda linked markerlocusareperfectlycorrelateduntil recombina-

tion events(thewaiting timesto whichareexponentiallydistributed)decouplethe

historiesof themarkeranddiseaseloci. Consequently, while themarkerlocusge-

nealogysharessomeof the increasein identity amongcasechromosomesseenat

thediseaselocus,theeffect is dilutedby recombination.

1.7 Measuring associations

How do associationsbetweenallelesrelateto the power of associationmapping?

The simplesttestwe canconstructto detectassociationsconsidersmarkersone
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at a time, contrastingthe frequency of markersallelesamongcaseand control

chromosomes.Considerthefollowing resultfor a markerwith two alleles

Allele frequency Proportionof sample

Case �
	 # 	
Control ��� #$�

Table1: Designof associationtests.Thesamplesizeis %
A simpletestwe canconstructis to assumethatunderthenull thecell countsare

Normally distributed,in whichcasetheteststatistic&(') �*% �+�
	,������� ' # 	-������#.	��/� ���0� /��� (2)

where
/�
�1� 	 # 	32 � � �4�5�,# 	 � , will be approximately6 ' distributedwith one

degreeof freedom.An alternativeapproachwouldbeto usea likelihoodratio test.

Clearly, thecritical factor influencingtestpower is thedifferencein allelefre-

quency betweenthecaseandcontrolchromosomes,scaledby theheterozygosityof

themarker. Whentherearemorethantwo allelesat themarkerlocus,theequiva-

lentteststatisticisgivenby thesumoverallelesof thedifferencein allelefrequency

scaledby theaveragefrequency of theallele.& ') �*%7# 	-���8��# 	��:9.; �=< ; 	���< ; ��� '/<
1.8 Factors affecting test power

What factorswill influencethepower of theassociationtest? In orderto address

this questionwe canconsiderthedeterministicmodelfor differencesin allelefre-

quency (1), assumingthatthefrequency of theallele in thecontrolpopulationhas

remainedconstantover time, andthat thecontrolpopulationis muchgreaterthan

the casepopulation,hence
/<�>?��� . The expectedvalueof the test statistic is

therefore @BA &�')�CED �+F��,�G����� ' ��! (3)
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Where F is thenumberof allelesat themarkerlocus(thesamplesizeandpropor-

tion of samplerepresentedby diseasechromosomesarealsoobviously important,

but arein thecontrol of the researcher).Not surprisingly, the recombinationrate

stronglyinfluencestestpower, asassociationsbetweentightly linkedallelespersist

for many generations.Likewise, the ageof the diseasemutationis importantas

olderalleleswill havehadmoreopportunityfor recombination.Whatis surprising

from the deterministicsolutionis that themarkerlocusallele frequenciesarenot

important.Thereasonfor this is thatwhile raremutationscapturedby theances-

tral diseasemutationarehighly informative aboutassociations,they arealsoless

likely to becaptured.Theonly factorat themarkerlocusthatinfluencespower is

thenumberof alleles;moreallelesmeansmorepower.

To what extent shouldwe trust the deterministicformulation of test power?

Therearetwo sourcesof stochasticitythat may be importantin determiningtest

power. First,geneticdrift amongallelefrequenciesin thecontrolpopulationsince

the origin of the diseasemutationmay be important. Second,the variancein as-

sociationswill beaffectedby allelefrequencies.For example,in thedeterministic

casewith two allelesthevariancein
& ') is proportionalto �5�IHKJ , where J is

the heterozygosityat the markerlocus. In other words, loci with skewed allele

frequencies(high homozygosity)will be more variablein their power to detect

associations.

1.9 Common SNPs for common diseases?

As an exampleof how modelling the stochasticnatureof associationsis impor-

tant in thedesignof associationstudies,considerthequestionof whetherrareor

commonSNPsarebetter, i.e. morepowerful, for detectingassociations.Compare

two scenarios,onein which thecausative mutationis rare,5-10%frequency, and

theotherwherethecausative mutationis common,25-75%frequency. Although

the WF model doesnot capturethe full complexity of the stochasticinfluences

on associationsin humanpopulations,we canget a goodideaof the extent and
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variability of associationsthroughcoalescentsimulations. In particular, we can

askwhatthedistributionof testpoweris for bothrareSNPsatmarkerloci (5-10%)

andcommonSNPsatmarkerloci (25-75%),wherethemarkerlocusis about2.5kb

from thediseaselocus.

Verydifferentresultsareobtainedunderthetwo scenarios.Whenthecausative

mutationis rare,mostrareSNPsshow no association,but a fraction,about20%

show very strongassociation.Most commonSNPsalsoshow no association,but

thereis asmallfraction,againabout20%,thatshow weakassociations.In contrast,

when the causative mutationis common,most rare SNPsshow no association,

anda few show weakassociation,but almostall commonSNPsshow appreciable

association.

2 Linkage disequilibrium

Associationsbetweenmarkerallelesanddiseasemutationsin case-controlstudies

areclearly relatedto theconceptof populationlevel associationsasmeasuredby

statisticsof linkagedisequilibrium. Alleles aresaid to be in linkageequilibrium

if thefrequency of a particulargenotypeis equalto theproductof thefrequencies

of the individual allelesthat makeup the genotype. A naturalway to measure

the deviation from linkageequilibrium is to comparethe observed andexpected

genotypefrequencies L�M:N �*< M:N ��< M < N
The term linkagedisequilibriumis actuallyan inappropriatenamefor deviations

from this expectationas physicallinkage betweenloci is neithernecessary, nor

sufficient to generateassociations.

For two loci, eachwith only two alleles,thereis only onecoefficientof linkage

disequilibrium;

LOM:N � LQP
R ��� L�M7R � LSP�N
. Theexpectationof this coefficient

is zero,hencein orderto summarizepatternsof associationin empiricaldata,it is

necessaryto considermeasuresthatalwaystakepositivevalues.
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Severaldifferentmeasuresof linkagedisequilibrium(hereafterLD) have been

proposed. One of the most widely usedapproachesis to considerassociations

betweenallelesascorrelationcoefficientswith allelic valuesrepresentedas0sand

1s (note that this approachdoesnot makesensefor multiple allelesat a locus,

exceptperhapswhenthereis sensein a scaledmetric,e.g.for microsatellites).T M:N �
L M:N

U < M ������< M ��< N ������< N �
Again, the expectationof thecorrelationcoefficient is zero,so it is convenientto

considerthesquareof thecorrelationcoefficient (Hill andRobertson,1968).This

quantityis oftenreferredto
� '

or V '
.

The squareof the correlationcoefficient rangesbetween0 and1. However,

unlesstheallelefrequenciesat thetwo loci areidentical,perfectcorrelationcannot

beachieved.To solvethisproblem,Lewontin(1964)proposedto scalethestandard

measuresof linkagedisequilibriumby themaximumvalueit canachievegiventhe

allelefrequencies.W LQX W � � 	�YKZ[�\^]`_ba Y _dc � a Z:e=f _gc � a Y e a Z:e
L M$N,h,i

� 	 YKZ[�\^]`_ba Y a Z f _gc � a Y e _dc � a Z ede
L M$N,j,i

While this formulation solvesone problem,it doescreateanother;namelythat

whenthereareonly threeof thefour possiblehaplotypespresentfor a pair of loci

(eachwith two alleles),

W L X W
will alwaysbeone.

A numberof other statisticshave beensuggestedfor summarizingLD. Re-

cently, astatistichasbeensuggestedwhichis claimedtobesuperiorfor association

studies(Devlin andRisch,1995) k M:N �
L M$N
< N < P
R

With theconstraintthat

L M:Nljmi
. However, becausetherecansometimesbetwo

possiblevaluesthat thestatisticcantake,dependingon how allelesarecoded,the

statistichasnot beenwidely accepted.

Thereis no a priori reasonfor supposingonesummarystatisticof LD to be

superior, and all have seriousweaknesses.Most importantly, the two principal
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statisticsconfusea lack of informationaboutassociations(i.e. a lack of power)

with eitherevidencefor absence,
� '

, or presence,

W L X W
, of associations.

2.1 LD and power in association studies

With respectto associationmapping,however, onestatistic,
� '

, doesbeara direct

relationshipto thepower of associationtests.Equation(2) shows how thepower

to detectassociationsbetweena markeranda diseasephenotypedependson the

differencein allele frequency betweencaseandcontrol populations.This differ-

encein allele frequency dependson associationsbetweenthe markerallelesand

thediseaselocusalleles,andthestrengthof associationbetweenthediseasemu-

tationandthediseasephenotype.If we write n 	 and n:� for thefrequency of the

disease-associatedmutationin caseandcontrol chromosomes,we canwrite the

markerlocusteststatisticas& ') �*%Bo
Lqpsr ��# 	 L 	psr �,������#.	�� L �psr�t '/� ����� /����#.	u�4�v�w# 	�� � ��xn 	��
n:��� ' (4)

Where

Lypsr
refersto thestandardcoefficient of LD betweenthediseasemutation

andthe markerallele in the whole population,andthe superscripts

L
and z re-

fer to the LD betweenthe diseaseandmarkermutationsin the caseandcontrol

chromosomes(seePritchardandPrzeworski,2001,for a relatedderivation).

How doesthis result relateto the differentmeasuresof LD? In the bestcase

scenario,when n 	 �{� and n � � i
; i.e. thereis a one-to-onecorrespondence

betweenthepresenceof thediseasemutationandthepresenceof thediseasephe-

notype,the teststatisticis proportionalto thesquareof thecorrelationcoefficient

betweenthe markerallele andthe diseasemutation. Furthermore,whenthereis

incompletepenetrance,andothercausative factors,but no linkagedisequilibrium

betweeneither the diseaseor markerlocusallelesand other geneticfactors,the

expectedvalueof the teststatisticat themarkerlocusis equalto the teststatistic

at thediseaselocusmultiplied by thesquareof thecorrelationcoefficientbetween

the markerallele andthe diseasemutation(PritchardandPrzeworski, 2001). In
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short,undercertainconditionsthereis a one-to-onecorrespondencebetweenLD

asmeasuredby
� '

andthepowerof associationstudies.

2.2 LD in Wright-Fisher populations

Given the relationshipbetweenLD and the power of associationstudies,it is

clearlyimportantto understandwhatfactorsinfluenceLD from atheoreticalview-

point. Thestartingpoint for any theoreticalpopulationgeneticstreatmentis a WF

constantpopulationsizemodelwith recombination.Considertwo loci in a popu-

lation of
���

diploids,separatedby a recombinationfractionof
�
. Eachgeneration

associationsbetweenallelesaregeneratedby the stochasticprocessesof genetic

drift andmutation,andbrokendown by recombination.Thekey quantityinfluenc-

ing thisdynamicequilibriumis therelative rateof recombinationandgeneticdrift

asmeasuredby thepopulationrecombinationrate,
�������

.

Of course,for any particularvalueof
�������

, thereis a hugevariation in the

degreeof LD observed at a given locus. We cansimulatethe distribution of LD

throughcoalescentmethods(Hedrick,1987); for low recombinationratesthe
� '

statistichasa highly skewedbimodaldistribution,with mostvaluesnearzero,but

with a secondpeakaroundone(perfectcorrelation).For high recombinationrates

all valuesof
� '

arelow. In contrast,the

W L X W
statisticis unimodalwith a peakat

onefor low recombinationrates,andbimodalfor high rates,with mostvalueslow,

but a largefractionstill atone.

Whatcanwesayaboutthemomentsof thedistributionof LD? Analytically, it

is not possibleto derive themomentsof thedistributionsof eitherstatisticof LD.

However, it is possibleto derivetheexpectationof aquantitythatis closelyrelated

to
� '

(OhtaandKimura,1971)| '} �
@~A�L 'M:N C@~A < M ���8��< M ��< N ������< N � C >

@BA � 'M$N C � � i 2,�HKH 2 �G� �w2,� ' (5)

Where� � �������
. If rareallelesareexcluded,| '} is anadequateapproximationto

theexpectedvalueof
� '

. In WF populationsLD is expectedto fall off rapidlywith

recombination,suchthatfor � j H i , little LD is expectedto befound.
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2.3 Estimating �$� �
�
Giventheimportanceof thescaledrecombinationrate,

��� � �
, in determiningLD,

it wouldbeusefulto beableto estimatetheparameterfrom empiricaldata.Several

differentmethodshave beenproposedto estimate
��� � �

, theearliestof which was

to attemptto fit a theoreticalexpectationrelatedto equation(5) to a scatterplot

of thevaluesof
� '

for all pairsof allelesat the � -globin locus(Chakravati et al.,

1984). However, becausethe theoreticalresultrelatesto theexpectedvaluefor a

singlelocus,not anensembleof interdependentpairs,suchanapproachcannotbe

justified(Weir andHill, 1986).

Justasseveralmomentestimatorsfor thepopulationmutationratecanbede-

rived,soit ispossibletoderivemomentestimatorsof
�������

. Hudson(1987)derived

theexpectationof thevariancein pairwisedifferencesasafunctionof
�������

which

generatesanunbiasedestimator, howeverthevarianceof theestimatoris largeand

resultingconfidenceintervalsarelikewise.

Full coalescent-basedlikelihood estimationof
�������

hasbeendevelopedus-

ing importancesamplingschemes,or MCMC approachesto proposecoalescent

historiescompatiblewith the data(Griffiths andMarjoram,1996;Fearnheadand

Donnelly, 2001;Kuhneret al., 2000). While coalescentinferenceis highly desir-

able,thecomputationalburdenof theestimationproblemis enormous,andcurrent

methodsareunfeasiblefor largedatasetswith high recombinationrates.

A numberof ad hoc methodshave beenproposedto estimate
�������

. Hey and

Wakeley (1997)combinedthecoalescentlikelihoodsfor everypairof loci sampled

from four chromosomesandWall (2000)proposedto useanapproximationto the

likelihoodof thesummarystatisticsJ (numberof haplotypes)and � ) (minimum

numberof recombinationevents). Recently, compositelikelihood methodshave

beendevelopedwhich sum coalescentlikelihoods for every pair of segregating

sitesassumingindependence(Hudson,2001;McVeanet al., 2002).

Perhapsthemostinterestingaspectof estimating
�������

from empiricaldatais

that we canaskhow well the modeldescribesthe observed patterns.Goodness-
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of-fit testson empirical datacan reveal importantbiological propertiesthat are

missingfrom the assumedmodels(Frisseet al., 2001),suchasgeneconversion,

variationin therecombinationrate,anddemographicinfluencesonLD.

Many differentdemographicprocessesinfluenceLD. Populationgrowth tends

to decreaseLD (Slatkin,1994;Krugylak, 1999),populationbottlenecksincrease

LD, andsodo modelsof populationstructure.For any givendemographicmodel

it is possibleto simulatecoalescenthistoriesin orderto build up anunderstanding

of the patternsexpected(Pritchardand Przeworski, 2001). By comparingsuch

patternsto real data,hypothesescan be madeas to the key factors influencing

humandiversity (e.g. Reich et al., 2001; Weissand Clark, 2002). Methodsfor

actuallytestingsuchhypotheses,however, have yet to beimplemented.

2.4 A genealogical view of LD

Allelic associationsareobviously a propertyof mutations,but they mustalsore-

flect associationsin thegenealogicalhistoryof the loci. Giventhe importanceof

a genealogicalunderstandingin populationgenetics,it is of interestto askwhat

aspectof genealogicalhistoryallelic associationsreflect.

Althoughit is notpossibleto derive resultsabouttheexpectationof
� '

or

W L X W
,

it is possibleto show that thequantityconsideredby Kimura andOhta(1971)has

a directrelationshipto correlationsin coalescencetime for pairsof loci ( # and � )

on chromosomessampledin differentways(McVean,2002).

| '} � T A��
� _ ;�� e�� �
� _ ;�� e C �wH T A��
� _ ;�� e�� �
� _ ;�� e C 2 T A��
� _ ;�� e�� �
� _ ��� e C@BA�� C '�� Var� � � 2 T A�� � _ ;�� e � � � _ �
� e C (6)

Where T A�� � _ ;�� e � � � _ ��� e C is thecorrelationin coalescencetime at loci # for chromo-

somes� and� , andlocus � for chromosomesF and � . Thekey pointaboutthisresult

is thatcorrelationsin genealogicalhistorywill bemostaffectedby recombination

eventsin the history of the pair of loci, whereasthe expectationandvarianceof

coalescencetimesarestronglyaffectedby demographicprocesses.
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2.5 Empirical patterns of LD

A theoreticalunderstandingof LD helpsusto understandwhattheimportantinflu-

encesareonLD, andhow to interpretempiricalpatterns.Fromthepointof view of

thedesignof associationmappingstudies,thecritical question,however, is what

doesLD look like in realpopulations?

For this reason,over thelastfew yearstherehave beenseveral large-scalesur-

veys of LD in thehumangenome(e.g.Huttley et al., 1999;Abecasiset al., 2001;

Reichet al., 2001). The major conclusionof thesestudieshasbeenthat in Cau-

casianpopulations,LD extentover largegenomicregions,evenup to thescaleof

100kb. Thesefinding are in direct contrastwith an early, theoreticalprediction

basedon a modelof extremepopulationgrowth in thehumanpopulation(Krugy-

lak,1999;PritchardandPrzeworski,2001).Thecritical importanceof this resultis

that in orderto captureassociationsthroughgenome-widesurveys of association,

markerdensitieson thescaleof 10sof kbsmaybesufficient.

OthernotablefindingsaboutLD relateto differencesbetweenpopulations.For

example,it is fairly clear that LD in African populationstendsto be lower than

in Caucasians(e.g.Frisseet al., 2001). This finding agreeswith theevidencefor

slightly highergeneticdiversity in African populations,which hasbeentakenas

evidencefor the out-of-Africa model. Under this scenario,African populations

wouldreflectrelativelystablepopulationsof considerableage,fromwhichsmaller,

founderpopulationsaroseto colonizetherestof theworld.

In line with the ideathat populationsizeis an importantdeterminantof LD,

verysmall,isolatedpopulations,exemplifiedby theSaami(LaanandPääbo,1997),

tend to have high levels of LD. However, the extent of LD in the Saamiis so

high, on the order of cMs (Laan andPääbo, 1997), that admixtureeventsmust

alsohave contributedto the effect. Indeed,several populations,suchasFinland

andSardinia,which wereassumedto have high LD dueto their relatively small

size,andfounderhistory, do not appearto have greatlyincreasedLD (e.g.Eaves

et al., 2000). In short,the complexity patternsof colonizationandgene-flow has
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beencritical in determiningcurrentpatternsof LD. Dissectingoutthedemographic

historyof populationsis a majorchallengeto modernpopulationgenetics.

In the last coupleof yearsa particularfeatureof LD in humanpopulations

hasattractedmuch attention; the heterogeneousdistribution of LD along chro-

mosomes.Several studies(e.g.Taillon-Miller et al., 2000; Jeffreys et al., 2001;

Daly et al., 2001;N. et al., 2001)have demonstratedthat the genomeis broken

into blocksof stronghaplotypestructure,characterisedby low haplotypediversity,

strongassociationsbetweenallelesandrarerecombination,separatedby shorter

regionsof shatteredhaplotypestructure,characterisedby highhaplotypediversity,

weakallelic associationsandmultiple recombinationevents. Although the data

have beeninterpretedmainly in termsof variationin the recombinationrate,with

mostrecombinationeventsoccurringin hotspots,afterthemannerof theMHC lo-

cuscitepJeffreysetal01,it is not yet clearwhetherthepatternis consistentacross

differentpopulations.If so, it may be possibleto usea muchlower markerden-

sity thatpreviously thoughtto captureassociationsbetweenmutationswithin the

blocksof stronghaplotypestructure.

2.6 Which population?

Thequestionof which populationto focuson for associationmappingstudieshas

attractedmuchdebate.Thereare two opposingissues;markerdensitiesandbi-

ological relevance. Given that high LD meansassociationsbetweenallelescan

befoundover considerablephysicaldistances,populationswith high LD areeco-

nomicallyattractive for associationstudies.In addition,in smallpopulations(e.g.

theSaami),or thosewith relatively few founders(e.g. Iceland),thegeneticbasis

of diseasesusceptibilityis likely to be lesscomplex thanin large populations.In

otherwords,smalland/orfounderpopulationsmaywell havealow numberof high

frequency mutationscontributing to diseasesusceptibility.

The downsideof focusingon small, relatively isolatedpopulations,is that in

doingso,thebiologicalrelevanceto thelargerpopulationsof interestmaybecom-
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promised.Two factorscomplicatethebiologicalpicture.First, foundereffectsand

geneticdrift may generategenetichomogeneitywithin the mappingpopulation,

but the importantallelesof large effect arenot guaranteedto be the samein the

mappingpopulationandpopulationof real interest. Second,mappingandtarget

populationsmayhave considerablydifferentenvironments,so if G � E effectsare

importantin thediseasephenotype,usingadifferentpopulationto mapgenesthan

theoneyouareultimatelyinterestedin maymeanthatkey effectsaremissed.

A relatedset of problemsapply to the idea of using admixed populations

for mapping.Admixturegenerateslinkagedisequilibriumevenbetweenunlinked

markers,becauseof differencesin allelefrequency betweenthetwo sourcepopu-

lations.Usinga simpledeterministicmodelfor admixture,thecoefficient of dise-

quilibrium betweenallelesseparatedby a recombinationfraction
�
, " generations

aftertheadmixtureeventisL M:N �g"���� k M k N # c # ' ���0� � � !
Where

k
is thedifferencein allelefrequency betweenthesourcepopulations.The

key point is thatadmixturegenerateslong rangeLD, which canpersistfor several

generations.Mappingby admixturelinkagedisequilibrium(MALD Chakraboty

andWeiss,1988;McKeigue,1997)aimsto makeuseof thisdemographicLD in or-

derto reducethedensityof markersrequiredfor detectinglinkage.Theparadigms

for admixed populationsareplacessuchasJamaicaand SouthAfrica, however

mostcountries,e.g. theUK andevenIceland,show someevidenceof admixture.

Giventhefluid natureof humansettlement,asrevealedby archaeology, weshould

notbesurprisedat thelevelsof populationmixing indicatedby geneticdata.

Thereareseveralcomplexities for MALD. First,admixturegeneratesspurious

associations,which mustbe accountedfor in assessingthe significanceof asso-

ciations. The backgroundlevel of associationcanbe assessedfrom LD between

allelesatunlinkedmarkers(PritchardandRosenberg,1999),andundercertaincon-

ditionsit maybepossibleto correctexplicitly for admixturein thedata(Pritchard

et al., 2000). Second,theobvioustarget for MALD studiesarediseasethat show
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differencesin frequency betweenthe sourcepopulations.However, becausethe

environmentsof thesourcepopulationsdiffer, it maybemoreparsimoniousto pre-

sumethatdifferencesin diseaseprevalencearetheresultof differencesin environ-

ment.Finally, if geneticdiseaseis considerablyinfluencedby interactionsbetween

mutations,or partiallyrecessivemutations,thenadmixedpopulationsmayactually

show areductionin thefrequency of thediseasephenotype,makingthelocationof

diseasemutationsproblematic.

2.7 Big questions for association mapping

Whataretheprospectsfor associationstudies?Thereareanumberof big questions� Are commonvariantsresponsiblefor commondisease?Or are complex,

multifactorialdiseasesinfluencedby many raremutationsatmany loci?� Are singlemutationsat diseaseloci responsiblefor mostvariation? Or is

allelic heterogeneityaseriousproblem.� DoesdemographicLD aid associationmapping?Or arethecomplexities in-

troducedby admixture,structure,andenvironmentaleffectsmorehindrance

thanhelp?

And anumberof empiricalissuesrelatingto thedistributionof LD� Is amarkerspacingof Xkb (3-50kb)sufficient to captureassociations?Or is

amuchfinermaprequiredto allow for thestochasticnatureof associations?� Canglobalhaplotypediversitybe capturedby a few well-chosenmarkers?

Or arepopulationdifferencesin block haplotypestructureimportant?

Given the currentattentionfocusedon associationmapping,and the economic

interestassociatedwith medicalgenetics,the answersto thesequestionswill be

known remarkablysoon.
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