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1 Complex disease

Comple diseases perhapghe biggestchallengefacing medicalgenetics. The
clusteringof diseasesuchasheartdiseasegancersasthmagdiabetesndschizophre-
nia, amongrelatedindividuals indicatesthat almostall commondiseasethave
somegenetichasisto susceptibility If the geneticbasisof susceptibilitycould
beidentified,efficienttreatmentgor diseaseouldhopefullybeengineeredor risk
factorsidentifiedandeliminatedfrom at risk individuals. Although understanding
the geneticbasisof susceptibiliy is not an endin itself, an understandingf the
geneticfactorsinfluencingthe etiology of a diseasas a critical componentf ary

programto reducediseasencidence.

1.1 Featuresof complex disease

In the previous lecturewe consideredhe populationgeneticsof Mendeliandis-
easemutations,such as those causingcystic fibrosis or DyastrophicDysplasis.
Mendeliandiseasesypically resultfrom mutationsin a singlegenethathave high
penetranceandwhich are rare at the populationlevel. In contrast,comple, or
multifactorial (to emphasis¢hatnon-genetidactorsarealsoimportantin the dis-
ease)diseasesre probablyinfluencedby geneticvariationat several loci in the
genome eachof low penetranceln addition,factorssuchasernvironmentalinflu-
encesjnteractionshetweengenesandthe ervironment(G x E interactions)and
interactionsamonggeneticvariantsat differentloci (epistasisjreall likely to be
importantfor complex diseaseUnlike Mendeliandiseasecomplex diseasesanbe
very common,andhave importantconsequencef®r the economicgandpolitics)

of medicalprovision.

1.2 Limitationsof pedigree studies

The classicalparadigmfor identifying loci contributing to diseasas the pedigree

study In afamily wherethereareaffectedandunafectedindividuals the cose-



regationof the diseasghenotypeandallelesat markerloci is usedto detectasso-
ciations.However, thereareseveralimportantlimitationsto the power of pedigree
studiedfor complex diseaseMostimportantly thelow penetrancef comple dis-
easemeanghatvastamountsof informationarerequiredto identify associations,
andpedigree®f adequateizesimply arenot available. Evenif candidataegions
canbe identifiedfrom pedgireesthe resolutionof linkage studiesis typically on
theorderof afew cM, whichin termsof thehumangenomemaycorrespondo sev-
eralMb of DNA, and100s,0r 1000sof genesFurthermoreif pedigreestudiescan
identity comple diseaséoci to the genelevel, thereis a strongascertainmertiias
towardsvariantsthatcauseMendelianformsof comple diseasée.g. mutationsn
BRCAL associatedvith early-onsebreastcancer)which actually contribute rela-

tively little to thediseasgphenotypeon a populationscale.

1.3 Limitationsof family-based methods

For thesereasonsa populationview of complec diseases highly preferable.In
the mid-1990s,the paradigmfor diseasemappingbecamefamily-basedpopula-
tion methodspof which the exemplaris the transmissiordisequilibriumtest(TDT
Spielmanet al., 1993). The TDT considertriadsof affectedindividualsandtheir
parents.Associationsat the geneticlevel areidentifiedby comparingthe propor
tions of transmittedanduntransmittedilleles. Untransmittechllelesthereforeact
asaninternalcontrolfor transmittedalleles,leadingto a very robustexperimental
design.In addition,becaus¢he TDT considersa populationsampleof thedisease,
it will notbiastowardslocatingrare,Mendelianformsof complex diseaseAllelic
heterogeneitymultiple susceptibiliy allelesat a diseasdocus),multiple contribu-
tory loci, low penetrancandernvironmentaleffectswill all actto reducethepower
of populationmethods,but if a significantresultis obtainedwith the TDT, it is
unlikely to beafalsepositive.

However, thereare severalfactorsthat reducethe power andefficiengy of the

TDT. First, it requiresalot of effort; atleastthreeindividualshave to begenotyped



for eachdatapoint. Secondpbtainingparentalgenotypesanbe difficult, particu-
larly for late-onsetliseasesuchasAlzheimers althoughalternatve designausing
sibs,ratherthanparentscanbe constructedFinally, in orderto be informative at
alocus,parentshave to be heterozygousit alocus. Although efforts canbe made
to useloci with high heterozygositya significantfraction of triadswill alwaysbe

uninformatve.

1.4 Critical assumptionsin association mapping

The alternatve to the TDT at the populationlevel is historically the first type of
mappingapproach;the case-controktudy Case-controktudiescompareallele
frequenciest loci amongdiseaseand matchedcontrol populations(matchedfor
factorssuchasrace,se, ageandlifestyle). The reasoningoehindcase-control
studiesis thatdiseasesusceptibilitymutationswill show strongdifferencesn fre-
gueng betweercasesandcontrols.While it is unlikely thatthecausatre mutation
will beincludedamongthe markerloci, linked neutralvariantswill alsobeassoci-
atedwith the diseasephenotypeahroughlinkagedisequilibrium(populationlevel
associationsyith thecausalariant. Significantdifferencesn allelefrequeng can
be takenasevidencefor linkage,althoughthereareseveral factorsthatcancause
associatiorwithout linkage(seebelow).

Thecritical assumptionsf associationomappingareembodiedn whathasbe-
comeknown asthecommon-diseaseommon-ariant(CDCV) modelfor complex
diseaseg(Cardonand Bell, 2001). The key featureof the modelis that disease
susceptibilityis influencedby a few loci, eachof which hasa singlemajorallele
contributingto the phenotype Eachallelemayhave low penetrancehut if enough
datacanbe gatheredassociateghouldbe detectable.Implicit is the assumption
that allelescontributing to diseasesusceptibilityare at an appreciabldrequeng
in populations(¢,¢, 1%). While the biological reality of theseassumptionss un-
known, they are critical to the successf associatiomrmappingexperiments. If

allelic heterogeneitys high, or diseasesusceptibilityis influencedby mary rare



allelesat mary loci, associatiormappingstudieswill have little power. Underthe
pessimisticscenarioit is perhapsvorthnotingthatunderstandinghegenetidbasis

of susceptibilitywill notleadto widely applicabletreatmentdor disease.

1.5 Case-control genealogies

For therestof the lecturewe will assumeahatthe CDCV modelis true. For the-
oreticalpopulationgeneticsthe key questiondecomewhatfactorsinfluenceas-
sociationsbetweenmutationsat differentloci? And, whatis the bestdesignfor
anassociatiormappingexperiment?=romthe empiricalpoint of view, we needto
have someideaof whatallelic associationgn the humangenomedook like.

In keepingwith the restof the course we will takea genealogicaperspectie
to describinghe populationgeneticsof associatiormapping.In particular we can
think of a genealogyof chromosomesit a locus contributing to the diseasephe-
notypefor both casesandcontrols.If therewereperfectconcordancéetweerthe
disease-associatedutationandthe diseasghenotypethe genealogyof the dis-
easechromosomesvould be a subgenealogwithin the larger populationgeneal-
ogy (justaswasdescribecpreviously for theintra-allelicgenealogyor Mendelain
diseasemutations). However, becauseof incompletepenetranceallelic hetero-
geneityat thelocus,allelesat otherloci, andnon-genetidactors,the genealogies
of the caseand control chromosomesre interwovenandit is highly likely that
considerablédistorywill besharedetweerthetwo (particularlythe MRCA).

However, theredifferenceshetweenthe genealogie®f the caseand control
chromosomesnotably a subsetof the diseasechromosomeshow rapid coales-
cenceunderthe causatie mutationleadingto strongidentity by descentat the
locus. In contrast,the control chromosomegenealogyis much lessdistortedor

unbalancedhanthe disease&ehromosomeenealogy



1.6 Thepopulation genetics of associations

In termsof identifying diseasdoci, the key point from comparingdiseaseand
controlchromosomess thatthe former shouldshow strongidentity by descentt
thediseasdocusrelative to the controlpopulation.However, aswe areunlikely to
have sampledhe causatie mutationasa marker we mustlook for excessidentity
atloci linkedto the diseasenutation.

In thepreviouslecturel introducedacrudedeterministianodelfor associations
betweerdiseasenutationsandlinked markeralleles. Thekey pointwasthatwhen
the mutationfirst appearsit picks a haplotypeat randomfrom the population,so
markerallele frequenciesn the diseasesubpopulatio areall equalto one. Over
time, recombinatiorbreaksdown the associationsuchthatthe differencein allele
frequeng betweerthediseasendcontrolpopulationsgp — g¢, atamarkerocus
with recombinationdistancer from the diseasdocus decaysin an exponential
fashion

ap —qo = (1 —qo)e™" 1)
Wheret is the numberof generationsincethe origin of the diseasenutation.

A deterministicmodel, however, hasseveral limitations. Most importantly, it
ignoresthe stochastionatureof the recombinatiorand drift processeshat influ-
enceallelic associations A morerealisticway of modellingrecombinationis in
the genealogicatontet; looking backin time from the presentthe history of the
diseasdocusanda linked markerlocusare perfectly correlateduntil recombina-
tion events(thewaiting timesto which areexponentiallydistributed)decouplethe
historiesof the markeranddiseasdoci. Consequentlywhile the markerlocusge-
nealogysharessomeof the increasen identity amongcasechromosomeseenat

thediseasdocus,theeffectis diluted by recombination.

1.7 Measuring associations

How do associationbetweenallelesrelateto the power of associatiormapping?

The simplesttestwe canconstructto detectassociationgonsidersmarkersone
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at a time, contrastingthe frequeng of markersallelesamongcaseand control

chromosomesConsiderthefollowing resultfor a markerwith two alleles

Allele frequeny  Proportionof sample

Case qp Tp

Control qc To

Tablel: Designof associatioriests.The samplesizeis n

A simpletestwe canconstructis to assumehatunderthe null the cell countsare

Normally distributed,in which casetheteststatistic

(ap — qc)*zp(1 — zp)
q(1 - q) @

whereq = qpzp + qo(1 — zp), will be approximatelyy? distributedwith one

/Xv]2\4 =N

degreeof freedom.An alternative approactwould beto usea likelihood ratio test.

Clearly, thecritical factorinfluencingtestpower is the differencein allelefre-
guengy betweerthecaseandcontrolchromosomescaledoy the heterozygosityf
the marker Whentherearemorethantwo allelesat the markerlocus,the equiva-
lentteststatisticis givenby thesumoverallelesof thedifferencen allelefrequeny
scaledby the averagefrequeng of theallele.

(fip _7fi0)2

X]%J:nmp(l—xp)z 7

1.8 Factors affecting test power

Whatfactorswill influencethe power of the associatioriest? In orderto address
this questionwe canconsiderthe deterministicnodelfor differencesn allelefre-
gueng (1), assuminghatthe frequeng of theallelein the controlpopulationhas
remainedconstaniver time, andthatthe control populationis muchgreaterthan
the casepopulation,hencef ~ ¢c. The expectedvalue of the test statisticis
therefore

E[X}] o (k= 1)e™ " 3



Wherek is the numberof allelesat the markerlocus (the samplesizeand propor

tion of samplerepresentetty diseaseehromosomesarealsoobviously important,
but arein the control of the researcher)Not surprisingly the recombinatiorrate
stronglyinfluencegestpower, asassociationbetweertightly linked allelespersist
for mary generations.Likewise, the ageof the diseasemutationis importantas
olderalleleswill have hadmoreopportunityfor recombinationWhatis surprising
from the deterministicsolutionis thatthe markerlocusallele frequenciesare not

important. Thereasorfor this is thatwhile raremutationscapturedby the ances-
tral diseasemutationare highly informative aboutassociationsthey arealsoless
likely to be captured.Theonly factoratthe markerlocusthatinfluencespoweris

thenumberof alleles;moreallelesmeansnorepower.

To what extent shouldwe trust the deterministicformulation of test power?
Therearetwo sourcesof stochasticitythat may be importantin determiningtest
power. First, geneticdrift amongallele frequenciesn the controlpopulationsince
the origin of the diseasanutationmay be important. Secondthe variancein as-
sociationswill be affectedby allelefrequenciesFor example,in thedeterministic
casewith two allelesthe variancein X%, is proportionalto 1 — 2H, where H is
the heterozygosityat the markerlocus. In otherwords, loci with skeved allele
frequencieghigh homozygosity)will be more variablein their power to detect

associations.

1.9 Common SNPsfor common diseases?

As an exampleof how modellingthe stochasticnatureof associationss impor-
tantin the designof associatiorstudies,considerthe questionof whetherrare or
commonSNPsarebetter i.e. morepowerful, for detectingassociationsCompare
two scenariospnein which the causatie mutationis rare,5-10%frequeng, and
the otherwherethe causatre mutationis common,25-75%frequeng. Although
the WF model doesnot capturethe full compleity of the stochastidnfluences

on associationsn humanpopulations,we cangeta goodideaof the extent and



variability of associationghroughcoalescensimulations. In particulayr we can
askwhatthedistributionof testpoweris for bothrareSNPsat markerloci (5-10%)
andcommonSNPsatmarkerloci (25-75%) wherethemarkerocusis about2.5kb
from thediseasdocus.

Verydifferentresultsareobtainedunderthetwo scenariosWhenthecausatie
mutationis rare, mostrare SNPsshav no associationput a fraction, about20%
shaw very strongassociation Most commonSNPsalsoshov no associationput
thereis asmallfraction,againabout20%,thatshov weakassociationsin contrast,
when the causatre mutationis common, mostrare SNPsshov no association,
anda few shav weakassociationbut almostall commonSNPsshow appreciable

association.

2 Linkagedisequilibrium

Associationdetweemmarkerallelesanddiseasenutationsin case-controstudies
areclearlyrelatedto the conceptof populationlevel associationasmeasuredy

statisticsof linkage disequilibrium. Alleles aresaidto bein linkage equilibrium

if thefrequeng of a particulargenotypeis equalto the productof the frequencies
of the individual allelesthat makeup the genotype. A naturalway to measure
the deviation from linkage equilibrium is to comparethe obsered and expected
genotypdrequencies

Dap = faB — fafB

Theterm linkage disequilibriumis actuallyan inappropriatenamefor deviations
from this expectationas physicallinkage betweenloci is neithernecessarynor
sufficientto generateassociations.

For two loci, eachwith only two alleles thereis only onecoeficient of linkage
disequilibrium;D 25 = D, = — D4, = D,pg. Theexpectationof this coeficient
is zero,hencein orderto summarizepatternsof associationin empiricaldata,it is

necessaryo considemrmeasuresghatalwaystakepositive values.



Severaldifferentmeasuresf linkagedisequilibrium(hereaftelLD) have been
proposed. One of the mostwidely usedapproachess to considerassociations
betweerallelesascorrelationcoeficientswith allelic valuesrepresentedsOsand
1s (note that this approachdoesnot make sensefor multiple allelesat a locus,
exceptperhapsavhenthereis sensdn a scaledmetric,e.g.for microsatellites).

_ Dap
 Fa(U = fa) f8(1 = fB)

Again, the expectationof the correlationcoeficientis zero,soit is corvenientto

PAB

considerthe squareof the correlationcoeficient (Hill andRobertson1968). This
quantityis oftenreferredto »2 or A2,

The squareof the correlationcoeficient rangesbetween0 and1. However,
unlesgheallelefrequenciesitthetwo loci areidentical,perfectcorrelationcannot
beachiesed. To solvethisproblem Lewontin (1964)proposedo scalethestandard
measuresf linkagedisequilibriumby themaximumvalueit canachieve giventhe

allelefrequencies.

’ o -D
D' = amgmafaa=form Pas <0

Dag
min(fafg,(1-fa)(1-FB))

While this formulation solves one problem, it doescreateanother;namelythat

Dsg >0

whenthereareonly threeof the four possiblehaplotypegresenfor a pair of loci
(eachwith two alleles),| D’| will alwaysbeone.

A numberof other statisticshave beensuggestedor summarizingLD. Re-
cently, astatistichasbeensuggesteavhichis claimedto besuperiorfor association
studieg(Devlin andRisch,1995)

DB

foab

With theconstrainthat D 45 > 0. However, becausé¢herecansometimedetwo

daB =

possiblevaluesthat the statisticcantake,dependingon how allelesarecoded the
statistichasnot beenwidely accepted.
Thereis no a priori reasonfor supposingone summarystatisticof LD to be

superior and all have seriousweaknessesMost importantly, the two principal
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statisticsconfusea lack of information aboutassociationgi.e. alack of power)

with eitherevidencefor absencer?, or presence|D’|, of associations.

2.1 LD and power in association studies

With respecto associatiormapping,however, onestatistic,r?, doesbeara direct
relationshipto the power of associatiortests. Equation(2) shovs how the power
to detectassociationbetweena markeranda diseasgphenotypedependson the
differencein allele frequeng betweencaseand control populations. This differ-
encein allele frequeny depend=n associationbetweenthe markerallelesand
the diseasdocusalleles,andthe strengthof associatiorbetweerthe diseasemu-
tation andthe diseasephenotype.lf we write pp andp¢ for thefrequeng of the
disease-associatedutationin caseand control chromosomeswe canwrite the
markerlocusteststatisticas

q(1 - q)zp(1—zp) N (pp — pc)?

D c1?
X]2w:n[qu—:cDqu—(1—xD)D ] y 1

(4)

Where D,,, refersto the standarccoeficient of LD betweenthe diseasenutation
andthe markerallele in the whole population,andthe superscriptd) andC' re-
fer to the LD betweenthe diseaseand markermutationsin the caseand control
chromosomesgseePritchardandPrzeavorski, 2001,for arelatedderivation).

How doesthis resultrelateto the differentmeasure®f LD? In the bestcase
scenariowhenpp = 1 andpc = 0; i.e. thereis a one-to-onecorrespondence
betweerthe presencef the diseaseanutationandthe presencef the diseasghe-
notype,the teststatisticis proportionalto the squareof the correlationcoeficient
betweenthe markerallele andthe diseasenutation. Furthermorewhenthereis
incompletepenetranceand othercausatie factors,but no linkagedisequilibrium
betweeneitherthe diseaseor markerlocus allelesand other geneticfactors, the
expectedvalueof the teststatisticat the markerlocusis equalto the teststatistic
atthe diseasdocusmultiplied by the squareof the correlationcoeficient between

the markerallele andthe diseasemutation (Pritchardand Przevorski, 2001). In
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short,undercertainconditionsthereis a one-to-onecorrespondencbetweenLD

asmeasuredy 2 andthe power of associatiorstudies.

2.2 LD in Wright-Fisher populations

Given the relationshipbetweenLD and the power of associationstudies, it is
clearlyimportantto understanavhatfactorsinfluencelLD from atheoreticalview-
point. The startingpointfor ary theoreticapopulationgeneticgreatmenis a WF
constanpopulationsizemodelwith recombination.Considertwo loci in a popu-
lation of N, diploids,separatedby arecombinatiorfractionof ». Eachgeneration
associationdetweenallelesare generatedy the stochastigprocessesf genetic
drift andmutation,andbrokendown by recombinationThekey quantityinfluenc-
ing this dynamicequilibriumis therelative rate of recombinatiorandgeneticdrift
asmeasuredby the populationrecombinatiorrate, 4 Nr.

Of course,for ary particularvalue of 4N, r, thereis a hugevariationin the
degreeof LD obsened at a givenlocus. We cansimulatethe distribution of LD
throughcoalescenmethods(Hedrick, 1987); for low recombinatiorratesthe r?
statistichasa highly skeved bimodaldistribution, with mostvaluesnearzero,but
with a secondpeakaroundone (perfectcorrelation).For high recombinatiorrates
all valuesof r? arelow. In contrastthe |D’| statisticis unimodalwith a peakat
onefor low recombinatiomrates,andbimodalfor high rates with mostvalueslow,
but alargefractionstill atone.

Whatcanwe sayaboutthe momentsof the distribution of LD? Analytically, it
is not possibleto derive the momentsof the distributionsof eitherstatisticof LD.
However, it is possibleto derive the expectationof aquantitythatis closelyrelated

to r? (OhtaandKimura, 1971)
o2 = E[D? 5] 104+ R
Elfa(1 = fa)fB(1 - fB)] 22 + 13R + R2
WhereR = 4N.r. If rareallelesareexcluded,s? is anadequat@pproximatiorto

(5)

zE[TZxB]:

theexpectedvalueof r2. In WF populationdD is expectedto fall off rapidly with

recombinationsuchthatfor R > 20, little LD is expectedto befound.
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2.3 Estimating4N.r

Giventheimportanceof the scaledrecombinatiorrate,4 N.r, in determininglLD,
it would beusefulto beableto estimatehe parametefrom empiricaldata.Several
differentmethodshave beenproposedo estimatet N, r, the earliestof which was
to attemptto fit a theoreticalexpectationrelatedto equation(5) to a scatterplot
of the valuesof 2 for all pairsof allelesat the 3-globin locus (Chakraati et al.,
1984). However, becausehe theoreticalresultrelatesto the expectedvaluefor a
singlelocus,notanensemblef interdependerpairs,suchanapproackcannotbe
justified (Weir andHill, 1986).

Justasseveralmomentestimatordor the populationmutationrate canbe de-
rived,soit is possibleto derivemomentestimator®f 4 N.r. Hudson(1987)derived
theexpectationof thevariancein pairwisedifferencessafunctionof 4 V.r which
generateanunbiasedstimatoy howeverthevarianceof the estimatoris largeand
resultingconfidencantervalsarelikewise.

Full coalescent-basdikelihood estimationof 4 NV.r hasbeendevelopedus-
ing importancesamplingschemespr MCMC approacheso proposecoalescent
historiescompatiblewith the data(Griffiths andMarjoram,1996; Fearnheadnd
Donnelly, 2001; Kuhneret al., 2000). While coalesceninferenceis highly desir
able,thecomputationaburdenof theestimationproblemis enormousandcurrent
methodsareunfeasibldor large datasetswith high recombinatiorrates.

A numberof ad hoc methodshave beenproposedo estimatet N.r. Hey and
Wakelegy (1997)combinedhecoalesceniikelihoodsfor every pair of loci sampled
from four chromosomeandWall (2000) proposedo useanapproximatiorto the
likelihood of thesummarystatisticsH (numberof haplotypespand Ry; (minimum
numberof recombinatiorevents). Recently compositelikelihood methodshave
beendevelopedwhich sum coalescentikelihoods for every pair of segregating
sitesassumingndependencéHudson,2001;McVeanetal., 2002).

Perhapshe mostinterestingaspecof estimatingd V.r from empiricaldatais

that we canaskhow well the model describeghe obsened patterns. Goodness-
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of-fit testson empirical datacan reveal importantbiological propertiesthat are
missingfrom the assumednodels(Frisseet al., 2001), suchasgenecorversion,
variationin therecombinatiorrate,anddemographiénfluenceson LD.

Mary differentdemographigrocessesfluencelLD. Populationgrowth tends
to decreasé.D (Slatkin, 1994;Krugylak, 1999), populationbottlenecksncrease
LD, andsodo modelsof populationstructure.For ary givendemographienodel
it is possibleto simulatecoalescenhistoriesin orderto build up anunderstanding
of the patternsexpected(Pritchardand Przevorski, 2001). By comparingsuch
patternsto real data, hypothesexan be madeasto the key factorsinfluencing
humandiversity (e.g. Reich et al., 2001; Weissand Clark, 2002). Methodsfor

actuallytestingsuchhypothesedhowever, have yetto beimplemented.

24 A genealogical view of LD

Allelic associationsire obviously a propertyof mutations but they mustalsore-
flect associationgn the genealogicahistory of theloci. Giventhe importanceof
a genealogicalinderstandingn populationgeneticsiit is of interestto askwhat
aspecbf genealogicahistoryallelic associationseflect.

Althoughit is not possibleto derive resultsaboutthe expectationof r2 or | D'|,
it is possibleto shav thatthe quantity consideredy KimuraandOhta(1971)has
adirectrelationshipto correlationan coalescencéme for pairsof loci (z andy)
on chromosomesampledn differentways(McVean,2002).

ol — p[Tx(2])7 Ty(z])] - QP[TI‘(Z])7 Ty(ik)] + p[Tx(2])7 Ty(kl)]
! E[r]?/Var(t) + plta(ij), Ty

(6)

Wherep[r,;;), Ty(xy] IS the correlationin coalescencéme at loci = for chromo-
somes andj, andlocusy for chromosomes and!. Thekey pointaboutthisresult
is thatcorrelationdn genealogicahistorywill be mostaffectedby recombination
eventsin the history of the pair of loci, whereaghe expectationand varianceof

coalescencémesarestronglyaffectedby demographiprocesses.
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2.5 Empirical patternsof LD

A theoreticaunderstandingf LD helpsusto understandvhattheimportantinflu-
encesareonLD, andhow to interpretempiricalpatterns Fromthepoint of view of
the designof associatiormappingstudies the critical questionhowever, is what
doesLD look like in realpopulations?

For this reasonpver the lastfew yearstherehave beenseverallarge-scalesur
veys of LD in the humangenome(e.g. Huttley etal., 1999;Abecasisetal., 2001,
Reichetal., 2001). The major conclusionof thesestudieshasbeenthatin Cau-
casianpopulations.D extentover large genomicregions,even up to the scaleof
100kh Thesefinding arein direct contrastwith an early, theoreticalprediction
basedon a modelof extremepopulationgrowth in the humanpopulation(Krugy-
lak, 1999;PritchardandPrzevorski,2001). Thecritical importanceof this resultis
thatin orderto captureassociationshroughgenome-widesurweys of association,
markerdensitien the scaleof 10sof kbsmay be sufficient.

Othernotablefindingsaboutl D relateto differencedetweerpopulationsFor
example,it is fairly clearthatLD in African populationstendsto be lower than
in Caucasiange.g.Frisseetal., 2001). This finding agreeswith the evidencefor
slightly highergeneticdiversity in African populationswhich hasbeentakenas
evidencefor the out-of-Africa model. Underthis scenario,African populations
wouldreflectrelatively stablepopulationf considerablage from which smaller
founderpopulationsaroseto colonizetherestof theworld.

In line with the ideathat populationsizeis animportantdeterminanof LD,
verysmall,isolatedpopulationsexemplifiedby the Saami(LaanandPaabo,1997),
tendto have high levels of LD. However, the extent of LD in the Saamiis so
high, on the order of cMs (Laan and Paabo, 1997), that admixtureevents must
alsohave contributedto the effect. Indeed,several populations,suchasFinland
and Sardinia,which wereassumedo have high LD dueto their relatively small
size,andfounderhistory, do not appearto have greatlyincreased.D (e.g.Eaves

etal., 2000). In short,the compleity patternsof colonizationandgene-flav has
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beencritical in determiningcurrentpatternof LD. Dissectingoutthedemographic
history of populationds a majorchallengeo modernpopulationgenetics.

In the last couple of yearsa particularfeatureof LD in humanpopulations
hasattractedmuch attention; the heterogeneoudistribution of LD along chro-
mosomes.Sereral studies(e.g. Taillon-Miller et al., 2000; Jefreys et al., 2001,
Daly et al., 2001;N. et al., 2001) have demonstratedhat the genomeis broken
into blocksof stronghaplotypestructure characterisetly low haplotypediversity,
strongassociation®etweenallelesandrare recombination separatedy shorter
regionsof shatteredhaplotypestructure characterisetly high haplotypediversity
weak allelic associationgand multiple recombinationevents. Although the data
have beeninterpretedmainly in termsof variationin the recombinatiorrate,with
mostrecombinatioreventsoccurringin hotspotsafterthe mannerof the MHC lo-
cuscitepJefreysetal01,it is not yet clearwhetherthe patternis consistentacross
differentpopulations.If so,it may be possibleto usea muchlower markerden-
sity that previously thoughtto captureassociationbetweernmutationswithin the

blocksof stronghaplotypestructure.

2.6 Which population?

The questionof which populationto focuson for associatiormappingstudieshas
attractedmuch debate. Thereare two opposingissues;markerdensitiesand bi-
ological relevance. Given that high LD meansassociationdbetweenallelescan
befound over considerablghysicaldistancespopulationswith high LD areeco-
nomically attractve for associatiorstudies.In addition,in small populationge.g.
the Saami),or thosewith relatively few founders(e.g. Iceland),the geneticbasis
of diseasesusceptibilityis likely to be lesscomple thanin large populations.In
otherwords,smalland/orfounderpopulationgnaywell have alow numberof high
frequeny mutationscontributing to diseasesusceptibility

The downsideof focusingon small, relatively isolatedpopulationsjs thatin

doingso,thebiologicalrelevanceto thelargerpopulationsof interestmaybecom-
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promised.Two factorscomplicatethe biologicalpicture. First, foundereffectsand
geneticdrift may generategenetichomogeneitywithin the mappingpopulation,
but the importantallelesof large effect are not guaranteedo be the samein the
mappingpopulationand populationof real interest. Second mappingandtarget
populationsmay have considerablydifferentervironments,soif GxE effectsare
importantin the diseasg@henotypeusingadifferentpopulationto mapgeneghan
theoneyou areultimatelyinterestedn may meanthatkey effectsaremissed.

A relatedset of problemsapply to the idea of using admixed populations
for mapping. Admixture generatesinkagedisequilibriumeven betweenunlinked
markers pecausef differencesn allele frequeng betweernthe two sourcepopu-
lations. Using a simpledeterministicmodelfor admixture the coeficient of dise-
quilibrium betweerallelesseparatedy a recombinatiorfractionr, ¢ generations

aftertheadmixtureeventis
DAB(t) = 5A5Bac1.r2(1 — T‘)t

Where} is the differencen allele frequeng betweerthe sourcepopulations.The
key pointis thatadmixturegeneratetong rangeLD, which canpersistfor several
generations.Mapping by admixturelinkage disequilibrium (MALD Chakraboty
andWeiss,1988;McKeigue,1997)aimsto makeuseof thisdemographi¢.D in or-
derto reducethe densityof markersrequiredfor detectinginkage. The paradigms
for admixed populationsare placessuchas Jamaicaand South Africa, however
mostcountries,e.g. the UK andevenliceland,shov someevidenceof admixture.
Giventhefluid natureof humansettlementasrevealedby archaeologywe should
notbe surprisedatthelevelsof populationmixing indicatedby geneticdata.
Thereareseveralcompleitiesfor MALD. First,admixturegeneratespurious
associationsyhich mustbe accountedor in assessinghe significanceof asso-
ciations. The backgroundevel of associatiorcan be assesseérom LD between
allelesatunlinkedmarkerqPritchardandRosenbeg, 1999),andundercertaincon-
ditionsit maybe possibleto correctexplicitly for admixturein the data(Pritchard

etal., 2000). Secondthe obvioustargetfor MALD studiesarediseasehatshav
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differencesn frequeng betweenthe sourcepopulations. However, becausehe
ervironmentsof thesourcepopulationdiffer, it maybemoreparsimoniouso pre-
sumethatdifferencesn diseasrevalencearetheresultof differencesn erviron-
ment.Finally, if geneticdiseasés considerablynfluencedoy interactiondbetween
mutationsor partially recessie mutationsthenadmixedpopulationgmayactually
shaw areductionin thefrequeng of thediseasg@henotypemakingthelocationof

diseasemutationgproblematic.

2.7 Bigquestionsfor association mapping

Whatarethe prospectgor associatiorstudies?T hereareanumberof big questions

e Are commonvariantsresponsiblefor commondisease?Or are comple,

multifactorialdiseasefluencedby mary raremutationsat mary loci?

¢ Are single mutationsat diseasdoci responsiblgor mostvariation? Or is

allelic heterogeneity seriousproblem.

e Doesdemographid.D aid associatioimapping?Or arethe compleitiesin-
troducedby admixture structure andervironmentaleffectsmorehindrance

thanhelp?
And anumberof empiricalissuegelatingto thedistribution of LD

¢ Isamarkerspacingof Xkb (3-50kb)sufiicientto captureassociations®r is

amuchfinermaprequiredto allow for the stochastimatureof associations?

e Canglobal haplotypediversity be capturedby a few well-chosermarkers?

Or arepopulationdifferencesn block haplotypestructuremportant?

Given the currentattentionfocusedon associatiormapping, and the economic
interestassociatedvith medicalgeneticsthe answerdo thesequestionswill be

known remarkablysoon.
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