Outlier DetectionandFalseDiscovery Rates
for Whole-genom@®NA Matching

Tzeng,Jung-Yng!, Byerley, W.2, Devlin, B.3,
RoederKathrynt andWassermari, arry*

1 Departmenbf Statistics
Carngie Mellon University
Pittshurgh, PA 15213-3890

2 Departmenbf Psychiatry
University of California
Irvine CA

3 Departmenbf Psychiatry
WesternPsychiatridnstitute& Clinic
Pittskurgh, PA 15213-2593

Abstract: We de£neastatistic,calledthe matding statistig for locatingregionsof thegenomehatexhibit
excesssimilarity amongcasesvhencomparedo controls.Suchregionsarereasonableandidate$or har
boring diseasagenes.We £ndthe asymptoticdistribution of the statisticwhile accountingor correlations
amongsampledndividuals. We thenusethe BenjaminiandHochbeg falsediscovery rate (FDR) method
for multiple hypothesigestingto £ndregionsof excesssharing.The p-valuesfor eachregion involve esti-
matednuisancearametersUnderappropriateeonditions we shav thatthe FDR methodbasedn p-values
andwith estimatechuisanceparameterasymptoticallypreseresthe FDR property Finally, we applythe
methodto a pilot studyon schizophrenia.
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1 Intr oduction

During the pastdecadescientistshave hadphenomenasuccesst discoveringthe genesesponsibldor simplegenetic
disorders.The successs partially dueto the factthat thesedisordersare generallycausedoy oneor at mosta small

numberof defective genesand,asin Mendels peasthesegenesactin a mannerthatis straightforvard to model. By

contrastcomple disordersarethosefor whichthereis clearlyageneticbhasis put theinheritancepatternis notapparent.
For comple disordersgertainalleles(particularversionsof a gene)enhancéherisk of contractingthedisorderbut are
neithernecessarynor sufEcientto causethe disorder An allele associatedvith increasedisk of diseasds calleda

liability allele. Furthermoreheremaybemary genesatvariouslocations(loci) thatpossessiability alleles.

To discover the liability loci that affect the risk of humandiseasesscientistsexploit the fact thatthe DNA in a
region bracleting a liability allelewill tendto be passediowvn alongwith the liability allele itself from generatiorto
generation.Throughthe procesof recombinatioreachpair of chromosomesisuallybreaksinto a few piecesandthe
geneticmaterialis exchangedetweenthe pair. This processcauseghe length of the chromosomakegmentshared
amongaffectedindividualsto diminish, which helpsto localize the position of the liability locuswithin a particular
chromosome.Geneticlinkage analysislooks for an unusuallylarge amountof sharingof a particularchromosomal
segmentamongthe affectedmemberf afamily.

Although linkage analysishasbeena powerful tool for the discovery of simple geneticdisorders,it hasnot ex-
perienceda similar level of succesgor comple disorders presumablybecausehe power is insufcient (Rischand
Merikangas 1996). To gain more power one canexploit the factthat, within a region bracleting a liability allele, the
geneticmaterialcanbe conseredfor hundredof generationsAnalysisthatlooksfor unusuakharingof chromosomal
sggmentsamongaffectedmembersf a population,ratherthanamongaffectedindividualswithin an extendedfamily
(pedigree)ijs aform of associatioranalysis(e.g.,McPeekandStrahs,1999).

Typically geneticistslo notinitially sequencehromosomasegments.Ratherthey measureallelesat particularloci
known asgeneticmarkers atregularintenalseitherover the entiregenomeor targetedregionsof particularinterest.For
the sampledsetof geneticmarkersall lying within a singlechromosomasegment,the orderedstring of allelesde£nes
ahaplotype An excessof a certainform of haplotypein affectedindividualsversusunafectedindividualsis consistent
with the presencef aliability allelein theregion de£nedvy the haplotype.Thecorrelationbetweercertainallelesin a
region bracleting a liability alleleis calledlinkage disequilibrium In general the strongerthe linkagedisequilibrium,
theeasieiit is to discorer the approximatdocationof theliability allele.

For mary reasonsnot all affectedindividualssharethe samehaplotypein a region bracletinga liability locus: (i)
mary individualswill have the disorderfor otherreasonsegithergeneticor ervironmental;and (ii) evenamongthose
individualswhosdiability tracesn partto acommoniocus,notall will haveinheritedthisliability allelefromacommon
ancestorand(iii) evenfor thosewho inheritedthe liability allele from a commonancestgrrecombinationsnay have
occurredwithin the haplotypesincethe introductionof the liability allele into the population. For thesereasononly
modestdifferencesn haplotypefrequenciesare expectedbetweenthe affectedindividuals (cases)yndthe unafected
individuals(controls)evenif therewerealiability allelein theregion underinvestigation.

Compoundinghe statisticalchallengeijt is oftenunreasonable assumehatthe samplechaplotypesareindepen-
dent. Individualswith commonancestryare more likely to sharehaplotypeshroughoutthe genomethanwould be
predicteddueto chanceln geneticstudiest is expectecthatsomeindividualswho sharea geneticdisorderalsosharea
commonancestagrbut this commonancestnyis far enoughin the pastthatit is oftenunknavn. Furthermorepopulation
substructurealsoinducescorrelationamongindividuals from the sameethnic group. Overall the datacan possess
comple correlationstructurethatis dif£cultto modeldirectly.

In this articlewe proposea matding statisticto measurehe differencebetweerthe haplotypedistribution of cases



andcontrols.In our derivation of the distribution of the matchingstatisticwe incorporatethe correlationamonghaplo-
typesin a simpleway. In particularwe shav thatthe distribution of the matchingstatisticis well approximatedy its

distribution assuminghe haplotypesareindependenandidentically distributed, multiplied by a constanthatrecects
the perturbationdue to correlation. Becausehe correlationstructureis not directly estimablebasedon a sampleof

haplotypesbtainedrom asingleregion of thegenomeakey stepin thedevelopmenif the matchingstatisticinvolves
demonstratinghat the correlationinducesan effect thatis constantacrossthe genome.Being constantthis factoris

estimableprovided multiple regionsof thegenomehave beensampled.

In geneticstudieshaplotypesaretypically obtainedfor mary regions(K ), acrosghe genome.Within eachregion
atestfor associations performed.Therearemary methodsor decidingwhich hypotheseso rejectwhile maintaining
control over the probability of falsepositves at level ®. For example,the well known Bonferronimethodrejectsa
hypothesisf thep-valueP < ®=K. This guaranteethatthe familywiseerrorrate (FWE) — the probability of at least
onefalserejection— will be no largerthan®. WhenK is large, relative to the samplesize, the Bonferronimethod
(andotherFWE controlling methodshave power tendingtoward 0. BenjaminiandHochbeg (1995)amguedthatwhen
testingmary hypothesesprotectingagainsta singlefalserejectionis too stringent.Insteadthey suggestontrollingthe
expectedfalsediscoveryrate (FDR), whichis thefraction of falsepositives. For whole-genomenatching,in which the
numberof hypothesesanbe potentiallyvery large, we £nd their agumentcompellingandsotthis is the approachwe
take.

Thisresearclwasmotivatedby anongoingstudyof schizophrenian Palau,aremoteislandin Micronesia(Devlin,
RoederOtto, Tiobech,andByerley 2001).Schizophreni@s acompl diseas¢hatappearso have asubstantiagjenetic
basis.A notewvorthy featureof the Palauanpopulationis thatit exhibits anelevatedrateof schizophreniaelative to the
worldwiderate.Palauhasauniquehistorythatmakesit potentiallyamenabléo genediscorery via anassociatiorstudy
Linguistic analysesand ethnographictudiessuggesthat the Palauanpopulationdevelopedin relative isolation,even
from other Micronesianpopulations;nonethelessthis populationshavs evidenceof immigration from surrounding
populations(Devlin et al. 2001 and referencegherein). Being settledabout2000 yearsago, presumablyby Asian
islanders the populationis both youngand smallin number currently numbering21000. Epidemicsof contagious
diseaseoriginating from Americanand Europeancontactreducedthe populationto a low of 4000 about100 years
ago. Thesereductionsenhancedhe linkage disequilibriumand presumablyincreasedhe populations suitability for
an associatiorstudy In this article we illustrate the matchingstatisticfor detectingassociatiorin a genomescanby
analyzinga pilot sampleof patientsandcontrolsobtainedfrom Palau.

This paperhasthe following organization: Section2 motivatesthe matchingstatisticand derivesits distribution;
Section3 provesthevalidity of theFDR procedurdor detectingoutliersusingthematchingstatistic;Sectiond describes
a simulationstudy; Section5 shaws the resultsof the Palauandataanalysis;and£nally Section6 presentgliscussion
andconclusions.

2 The Matching Statistic: Quantifying Haplotype Sharing

In this section,we develop a teststatisticfor associationjnitially by ignoring correlationsdueto relatednesamong
sampledndividuals(Section2.1) andthentakingthe correlationinto accountSection2.2). We assumeheteststatistic
will becomputedat eachof K regionsof interestacrosghegenome.



2.1 IndependentSamples

ConsiderK regions of interestwith n caseand m control haplotypessampledfrom eachregion. Eachindividual
contritutestwo haplotypedo the sample.Let H;(y denotethei'th sampledhaplotypein regionk. Assumethereare

andonefor the controlsof dimensionm £ K. The (i; k) entry of the casematrix is the form of thei'th haplotypeat
region k. The (i; k) entryof the controlmatrix is arrangedsimilarly. Within eachcolumnof eachmatrix, assumehat
the haplotypesarea samplefrom a multinomialdistribution.

An omnikus chi-squaregestwith Rx i 1 degreesof freedombetweencolumnk of the casesandcolumnk of the
controlsoffersonepossibletestto determingf thehaplotypedistribution differsacrosscasesandcontrolsatlocusk. In
thisreportwe wishto investigatea statisticthattestsfor associatiorusingonly onedegreeof freedom.A one-dgree-of-
freedomtestis of interestfor threereasons(i) it hasthe potentialof exhibiting greatempower, atleastin someportions
of theparametespace(ii) it islikely to achieve its asymptotidistributionwith asmallersamplesize;and(iii) it permits
a naturalextensionthatincorporatesorrelationamonghaplotypes We develop thesepointsthroughoutthe remainder
of themanuscriptandsummarizeéhemin Section6.

To measureghe degreeof matchingin regioBk, supposeve drav two casehaplotypesat random.The chancethey
will have the sameversionof the haplotypeis | 1/§| )" Oneminusthis quantityis calledthe heterozygosityndex.

If a mutationleadingto increasedisk of diseaseoccurredin the population,it is mostlikely to be embeddedvithin
arelatively commonhaplotype.If a clusterof the casedracesbackto this commonancestagrthenthe caseswill have
diminishedheterozygosityelative to the controls. The degreeof matchingat locusk in the casesrersusthe controls
canbemeasuredby thedifferencein the heterozygosityndexes:

Re R
k= Vél(k) [ 1/§|(k):

1=1 =1

1

This measurdendsto be large if substantiatlustersof casehaplotypegerive from one (or at mostseveral) common
ancestor(s)suchaswould be anticipateduinderthe alternatve hypothesisof associationin this articlewe developatest
statistichaseduponthis measuref associationbut notethatthis is just oneof mary possiblemeasuresf association.
Methodssimilar to thosepresentedherecould be developedfor othermeasuresswell.

Let % ) bethemaximumlik elihoodestimatorfor %4 k) in the casesandlet %, () bethe correspondingjuantity
for the controls. Thus%y () is the obsenred proportionof haplotypel in the casesampleat locusk and% () is the
obsenedproportionof haplotyped atlocusin controlsamplesThenTy is themaximumlik elihoodestimatorof 1 :

R Re
Tk = z)(él(k) [ %Zn(k):
I=1 I=1
We call T theunstandardizethatchingstatisticfor regionk.

Defne} agy = (Yark): i %R 0) and} uay = Faagoi it Yar, ) andlet oy and 'y denotethe
correspondingstimatedjuantities. Thevarianceof Ty canbe computediirectly by notingthat
| | |
A%k R ! A%k ! A%k !
Var(Ty) = Var % | %iag = Var %+ Var 28 10
I=1 I=1 I=1 I=1

P
andexpressing | 1)’§,(k) asaquadraticform, :";(k)A(k):"a(k), with A,y beingthe Ry -dimensionaldentity matrix.
The varianceof Ty is computedn AppendixA. We call this variance ¥§, the multinomialvarianceasit is computed



assuminghe sampleof haplotypegfollows the multinomial distribution. Provided| 5y and} ) arenot equalto
%(1; 111 1), Ty is approximatelydistributedasN (* x; %) and¥{ is estimable.

Mostregionswill notharboraliability allele. Thelevel of matchingis assumedo beaconstantalue! acrosshese
“null” regions. Becausehe casesnay differ somavhatin their ethnicorigin from the controls,® is notassumedo be
zero. However, basecbn genetictheory we anticipate] k) ¥4 u(ky in null regionsfor ary complex diseasgDevlin,
RoederandWassermai2001)andhence! is closeto zero.

Accordingto theassociatiorhypothesisthoseregionsharboringliability allelesarelikely to exhibit incatedmatch-
ing. The goalis to £nd the regionswhere! y > 1. We have now reducedthe problemto the following. We have
Tk » N(* k;3/,%) fork = 1;:::;K. Thereis arealnumbert andasubseS ¥2f1;:::;Kgsuchthatl =1 fork 2 S
and'y > * fork 2 S. Thegoalis to identify S°.

2.2 CorrelatedSamples

In the previoussectionwe formulateda matchingstatisticthatmeasurethedegreeof sharingobseredin eachmeasured
region of the genome.However, in sodoing, we computedthe multinomial varianceignoring the correlationbetween
haplotypesdueto relatednesamongthe individualsin our sample. In reality, the varianceof the matchingstatistic
dependsuponthis correlation. To addresghe correlation,we extend an approachpioneeredby Devlin and Roeder
(1999)to this setting. Theseauthorsdemonstratethatwhenthe dataconsistsof 2£ 2 case-controlablescomputedor

multiplier ¢? that accountsfor the correlationamongsubjectsin the study This is a useful result becauseone can
estimates?, providedK is large.

Here we demonstratehat thereexists a variancein-/de-ratingfactor ¢, suchthat VanTy) is proportionalto the
multinomial variance, % undercertainassumptionsi.e., Va(Tx) = ¢2%. Thus,following Devlin and Roedey we
alsocanobtainthetruevarianceby estimatings? andthenscalingthe multinomialvariance¥¢ by ¢2. We £rstprovide
motivationfor our assumptiongindthenestablishtheresult.

Recallthat case(control) haplotypesareindexedi = 1;:::;n (i = 1;:::;m) for the sampleof n=2 (m=2) in-
dividuals,ignoring the pairing of haplotypeswithin anindividual. Haplotypei, obtainedfrom an affectedindividual,
canbe encodedn abinaryvectorof lengthRy, Y = (Yi%k);Yi%k); o Yi?kk)), consistingof Ry j 1 zerosandasin-
gle one; for example,type 2 is codedas(0; 1, 0; ::;; 0), andtype Ry is codedas (0;0;:::; 0; 1). Let Xy denotethe
correspondingjuantity for thei'th control haplotype. To computethe varianceunderthe null hypothesisof no extra

matchingat locusk, we assumehat| 5y = | k) 1 (k). forany k 2 S. Consequentlyunderthe null hypothe-
Sis,Yigg = Yt Yo mn Yy andXigg = X[ i XE, X identically but notindependentlyfollow a

Multinomial distribution with samplesizeoneandprobabilityvector; (). For aExedobsenationi, let 1/{;) denotethe
usualmultinomial correlationbetweertwo formsof a haplotype(typel andtypeh), i.e.,
S

| .wh \ — I oxeh y — 14h
Corr(Yiy: Yigky) = CormXiy: Xiwy) = Yoy = i

Vi) Ym0 .
Qi Y%)di Yau)

Noticethatl/%ﬂ) is independenbf i but dependn theregion k, andis the samefor casesand controlsunderthe null
hypothesis.

For haplotypeform 1, let f in ' denotethe correlationbetweertwo casehaplotypesf ijx ' thecorrelationbetweertwo
controlhaplotypesandf i}* ) the correlationbetweera caseanda control haplotype.We assumehesedo not depend



onk andl, i.e.

Corr(Yi'(k);Yj'(k)) =

Corr(xl'(k); l) = B9 1)
—_ XY

Cor(Yiy: Xfg) = fi"

Next considetthe pairwisecorrelationbetweerdifferentformsof haplotypegl 6 h) anddifferentmeasuredhaplotypes
(i 6 j). AssumethecorrelationcoeEcientscanbeexpresseds:

4 Ih  (Y) — h
Cor(Yiiuy: i) fi C Yot
. Ih X — h X
ConlX g9 X ) "~ Tyt = Moy @
h - Ih — h XY).
Corr(Y;(uy: X' fi ) = Yofi

Genetictheory supportstheseassumptions.The correlationf; in (1) is assumedo be independentf k and|
becausét is determinedy theancestryof thechromosomasegmentsthemselesandis notafunctionof thehaplotype
form | or the haplotypesggmentk. Indeed,basedupongenetictheorythe correlationbetweentwo individualsf; is
equalto the probability two chromosomasegmentsareinheritedfrom a commonancestarperhapamary generations
in the past. Extantchromosomaseggmentsderiving from a commonancestomaresaidto be identical by descen(ibd).
Theterm“ibd” emphasizethatthetwo chromosomasegmentanatchbecausehey arefrom acommonancestorather
thanmatchingdueto chance Basedon this we obtain

Cov(Yig: Vi) = EY; & Vi) i E(Yl(k))E( (k))

Pr( i = 11 (k) = 1) Pr(Y,, i = Di Pr(Y|(k) = 1)Pr(Y, i =1
fy + (i fy )Vﬂ(k) Ya i 1/11(k)

fi 1/11(k)(1| Yay):

Fromth|S|tfollowsthatCorr(Y(k); J(k)) Bythesamemanne,rweobtamCo\/(Yl(k); ](k)) = (i Yoo Yao) Tij -
Thatis, Cor(Yj\y: Vi) = %4, ¢fij -

THEOREM1: Let
0 1

. XA -
ij m?2 i1 mn flj 3
i=1 j>i i=1 j>i i=1 j=1

and de£ne¥§ to be the variance of T obtainedassumingthe n + m haplotypesare independentind identically
distributedfroma multinomial(; () distribution. If thecorrelationstructuie impliedby (1) and(2) holdsandm=n !
A for somepositiveconstant, then
L
im - var % 1: (4)

PROOF: Becausehe analyticalform of the exact varianceof correlatedTy is intractable,we studythe relationship
betweerthevarianceof thecorrelatedsampleandthevarianceof anindependenandidenticallydistributedmultinomial
samplevia the deltamethodapproximation By the deltamethod the multinomialvarianceis approximatelyequalto:

" #
2 Iul 1ﬂ X 3 R X 2 172
% = 2t m 4 Yiuoy@i Y)i 8 Vi) ")
I=1 I=1 h>l
Similarly, theapproximatevar(Ty ), basedon a correlatedsamplejs approximatelyequalto
" #
2 %k 2 Rk 2
¥% + Cov Y5y %10
I=1 I=1
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— 2 . .
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Pluggingin thequantitiesgivenin (1) and(2), theresultfollows. |

Sofarwe verifedthevariancefactorization(4) andcanapproximatehe distribution of the matchingstatisticZ x =
(Tk i *)=(¢%) underthenull hypothesiswith a standarchormal. With theanalyticformulaof %, the only remaining
requirementsn standardizatiormre estimatesf ! and¢. Notice ¢? doesnot dependuponk, thatis, no matterwhich
region we areconsideringthe correlationamongsampledchaplotypesaffectsthe varianceof Ty multiplicatively in the
sameway. Themostimportantconsequencef this resultis that¢, canbe estimatedrom the sampleof Ti's.

A U-statisticcanbeusedto estimate;,. Forl- k< g- K, defne
Ti Tg .
G
B+ %

Becauselk ¥ N (% ¢2%4), it follows thatfor pairsof null loci, Uxg ¥4 N (0; ¢2). This suggestsisingthe samplevari-
anceof theUy 4 asanestimateof ¢2 whichis thusa U-statisticsincethe U4 depencbnthepairs(Ty; Tq). Alternatively,
onecanusearobustscaleestimatorappliedto f Uy g0 suchasg = mediar{j Uxg j )=0:65. Similarly, * canbeestimated
with eitherthe meanor medianof the Ty's. Whenestimatingt andy¢, it is preferableo userobustestimatorsdecause
1 and¢, recectquantitiesde£nedor the null loci.

3 Outliers and FalseDiscovery Rates

3.1 FalseDiscovery Rate

We will identify the outliersby testingHok : 1 = * versusHyk : 1 > 1 fork = 1;:::;K. To correctfor multiple
testingwe will usethe FDR (falsediscovery rate)methodof BenjaminiandHochbeg (1995). We begin this sectionby
reviewing their method.Thenwe shav how the methodcanbe usedin our setting.

Supposave rejectsomesubsebf thesehypothesesTherealizedfalsediscovery rateQ is de£nedo be the numberof
falserejectiongdividedby thetotalnumberof rejections.Q is takento be0 if no hypothesesrerejected. TheBenjamini
andHochbeg methodfor controlling E (Q) is asfollows. First, orderthep-valuesP(;y - ¢¢¢- Py andthende£ne
d = maxfj : Py < j®=Kg. Finally, rejectall hypothesesvhosep-valuesarelessthanor equalto P 4. Benjamini
andHochbeg proved that this procedureensureghat E (Q) - ®, no matterhow mary nulls arefalseandno matter
whatis the distribution of the p-valueswhenthe null is false. The operatingcharacteristicef the methodarediscussed
in GenweseandWassermaii2001).In particular the methodhasmuchhigherpowerthanBonferroniwhenK is large.

moment,supposehat?; ¢; % areknovn andthat T, hasexactly a Normaldistribution. The BenjaminiandHochbeg
procedurecanbe appliedto testHox : 1« = 1 usingthe usualp-valuesdeEnedby Py = 1| ©(Zx) whereZy =
(Tk i 1)=(3%¢) and®© is the standarchormalcumulatve distribution function.

In our settingthereare several complications.First, Ty is only asymptoticallyNormalin the numberof casesand
controls. For large n we have found (by simulation)thatthis is not a seriousproblem;seealsothe examplein Section



5. Secondthe Ty maybe correlated BenjamlnlandYekutleh(1999)shcwedthatth'gmequalltyE(Q) ® still holds
for correlatedestsif d is replacedoy d'= maxfj : Py < j®=o& Kgwhereck = | _; (1=K) ¥ logK . Thisleads
to amoreconserative procedure However, our experiences thatthetypesof correlationin our problemaremild and

do notinmatethe FDR. Thus,we have ignoredthe correction.Finally, 3; ¢ and¥%¢ areunknavn andmustbe estimated.
We will now shaw that, at leastasymptoticallythe FDR propertyis presered even whenthe p-valueis estimatecby

insertingconsistenestimate®f theseparameters.

3.2 FDR With NuisanceParameters

For simplicity, we take % = 1 andknown in whatfollows andconcentrat®n?! and¢. The extensionto unknavn ¥
is straightforvard, albeittedious.Let S(z) = 1 ©(z). The p-valuede£Enedabove for testingH ok : 1k = 1 canbe
writtenasPy = S(Zy), whereZy, = (T i !)=¢ DeEnetheestimatecb-valueby By = S(Zy) where? and2 arethe
estimate®f! and¢, respectiely, andZy = (T | 2)=2.

Considerthe FDR procedurébasedon the estimatedp-valuesin the placeof thetrue p-values.In whatfollows, we
assumehatwhencomputingPy, the estimateg* and2 areStudentizedi.e. thek™ obsenrationis omitted. We denote
theseestimatedy () andg, . Let Fx denotethecommoncumulative distribution functionof Py underthenull.

THEOREM2. For everyK | 1,
Fr(p) .

E(Q): ® sup

THEOREMS3. For ary £xed®,
lim supEk (Q) - ®:
K1

REMARK: Theestimatorsn Section3 areasymptoticallybiased asis the casein generafor bothrobustandnon-
robustestimatorsn the presencef outliers. However, if we let the fraction of outlierstendto 0 asK grows, this bias
disappearasymptotically This assumptions realisticbecausét recectshe factthatthe fraction of liability geness
smallrelative to the sizeof thegenome.

Proofsfor theseresultscanbefoundin AppendixB.

4 Simulation

A simulationstudywas conductedo investigate the FDR andthe power of the procedureundervarioussettings. In
eachexperimentwe usedthe robustestimatorof * and¢. We generatedlatafrom K = 100regionswith samplesize
n = m = 500(or 250individual casesandcontrols,eachwith apair of haplotypes)Thenumberof distincthaplotypes
wassetat Ry = 32 andthe nominallevel of signiEcancevassetat 0.05. To obtainthe averageperformanceof the
procedure1000datasetsveregeneratedor eachcon£guratiorunderinvestigation. Pawer, in this case,is def£nedas
theaveragefractionof alternatie hypothesesejectedusingthe FDR method.



To validatethe theoremsoncerninghe detectionof outliers,we generatedlataunderthe null hypothesidn three
differentways. To investicate the procedureunderthe simplestsettingwe set! , = | 5 = | 2, in which the £xed
haplotypedistribution!| © waschoserto have four levels of haplotypeprobabilities(0:0125 0:025 0:0375 0:05), with
eightconsecutie repetitionsof eachlevel to obtainatotal of Ry = 32types.We set® = 0:05in the FDR procedure.
For this settingthe meanFDR was 0.026. Next we allowed | ) to vary randomlyasa functionof k by sampling
! uky fromtheDirichlet(32£ | ©). By settingthe haplotypefrequenciesf casesqualto thecontrols,) o)~ | u(k).
we £xedt = 0. For this settingthe meanFDR was0.046. Finally, the modelallows for generallocationshifts, but
| u isassumedo beequalto| 5 whencomputingthe variance.We investicatedthe robustnes®f the procedurdo this
approximatiorwhen! & 0, Thistime we sampledooth| () and} 4k from theDirichlet(32 £ | 9). Thechoiceof
32 correspondso atleastasmuchvariationasis lik ely to be obsened betweercaseandcontrol populationsunderthe
null hypothesigDevlin etal. 2001).For this settingthe meanFDR was0.010.We concludethatthe procedurgerforms
well underthe null hypothesisindeed,it is somavhatconserative.

To investigatethe power undervarioustypesof outlier modelswe preset, ) at; O for all the null loci andthen
perturbthis distribution for asetof alternatie loci. We consideredwo differentlevelsof contaminationH = 5outliers

massatl = 25, spike; beamassof 0.5atl = 1 and9, spike, beamassof 0.5atl = 17 and25with a = 0:15 (Figure
1). The£rstandsecondconditionssimulatethe performancevhenafractiona of the haplotypedracebackto a single
ancestrahaplotypeandthethird andfourth conditionssimulatethe performancevhena fractiona=2 of the haplotypes
tracebackto oneof apair of ancestrahaplotypes.

0.006and0.012,respectrely. Clearly the biggestdeviation occurswhenthe associatedhaplotypeis alsocommonin

the controlsandthe leastdetectableadeviation occurswhentwo haplotypesare associatedvith the diseaseandthese
haplotypesarerelatively rarein the controls. Not surprisinglythe latter condition(gq = 3) exhibits considerablyower
power than the other three conditions(Table 1). Overall, the relative power is correlatedwith the size of the true
deviation, * |, but the power alsodependsipon¥,. Forinstancel ; % 1 4, but the power is considerablyiessfor the
latterconf£gurationbecausehe varianceis largerfor this haplotypefrequeng distribution.

The numberof regions deviating from the null, H, also affectsthe overall performanceof the method(Table 1).
When 20% of the regions deviate from the null both ™ and 2 are positively biasedandthe biasin 2 is substantial.
Althoughthis biasdenateghe power, the FDR rateis maintainedat a conserative level (considerablylessthan0.05,
thenominallevel) for all 8 scenariosnvesticated. The procedurds moreconserative thanthe nominallevel dueto the
biasin the estimatef ! and¢. In mostpracticalsettingsH is a very smallfraction of K andconsequentlyhe bias
will beconsiderablyessthanobseredfor this simulation.

To obtaina senseof how powerful the matchingstatisticis relative to competingmethodswe comparedt to the
omnikus chi-squaretestwith Ry | 1 degreesof freedom(Table 2) using Holm's correction(Holm 1979) for both
methods.The null distribution of the goodness-of-£$tatisticwasobtainedusinga permutatiortest. This testis only a
valid competitorwhen¢, = 1. With the exceptionof conditionqg = 3, the matchingstatisticwaseithermore powerful
or roughlyequivalentto the goodness-of-£statisticin performance.

In the four simulatedconditionsinvestigatedthus far, none of the allelesdominatein frequeng underthe null
hypothesis.To completeour investigation we alsoconsideredh scenariovith two commonalleles(¥s = ¥4 = 0:155
andthreetypesof rarealleles(0.016,0.023,0.03gachwith tencopies sothatRy = 32. Underthealternatve hypothesis
| ak) = (1i @)} “+ aspike; . In thissettingthematchingtestclearlydominateshegoodness-of-£itatisticwith power
equalto 67.3%vs. 24.6%.



Thegeneralprincipleappeardo bethatthe matchingstatisticis more powerful whenthe associatedhaplotype(s)s
(are)relatively commonin thecontrolpopulation.Whentheassociatetiaplotype(s)s (are)relatively rare thent | tends
to be nearzeroandthe goodness-of-£testis more powerful. In fact,undersomeconditions® ¥ 0 andthe matching
statistichaspower equalto the size of the test. The relative strengthof the matchingstatisticto the goodness-of-£t
statisticis alsogreatemwhenRy is large.

It is alsoworth notingthatthe sizeof the matchingtestin all comparisonsvassmallerthanthe nominalsizeof the
test. Apparently! and¢ areestimatedvith somebias,which leadsto a conserative test.

5 Data Analysis

To illustratethe proposedmethodswe analyzea small sampleof schizophrenigatientsandcontrolssampledrrom the
islandnationof Palau. As partof anongoinglinkage studyof schizophrenian Palau,seven extendedpedigreehave
beenascertainedndgenotyped We utilize a portion of thesedatafor a pilot studyof associationFromthe extended
pedigrees?22 casesand27 controlswereselectedor furtheranalysis.In afuture studywe anticipatesupplementingur
sampleby obtaininga larger sampleof bothcasesandcontrols.

Schizophrenias a mentalillness characterizedby disorderedhoughts behaiors andlanguage.lts identi£cation
is througha collection of “positive” symptomstogetherwith “negative” symptoms. The positive symptomsinclude
hallucinations(e.g., hearingvoicesor seeingthingsthat do not exist), delusions(e.qg., holding falsebeliefs, suchas
thatoneis beingwatched spiedupon,or plottedagainst),anddisoiganizationor incoherencef thoughtor speechthe
“negative” symptomsare,for example lack of normalemotionalresponsewithdraval from others heglectof grooming
andhygiene,andpoorwork performance.

By the time the illnessis diagnosedrain structureand chemistryhave beenaltered. Ultimate causesappearto
involve bothacquiredandgeneticfactors.We concentrat®n the geneticfactors attemptingo identify variantsin genes
that generatehigherrisk for schizophrenia.To datethe scientifccommunityhasmadeonly limited progresgoward
identi£cationof the geneticbasisfor this challengingcomple disease.

A remoteislandnationin Micronesia,Palaucoversanarchipelagmf morethan200islandsscatteredver 125miles
of the SouthPacifc. Theislandslie 600milesnorthof New Guineaand550mileseastof the Phillipines. Palauexhibits
a slightly elevatedrate of schizophrenia2.77%in malesand1.24%in female,comparedo the sex-averagedestimate
of 0.5-1%worldwide.

Carbondating(Takayama1981)suggest®alauwas£rstpopulatedabout2000yearsagoandtheinitial population
sizewassmall,probablylessthan50. The populationgrew to 20,000by 227 yearsagobut decreasetb 4,000about100
yearsagobecausef diseaseepidemics.The currentpopulationsizeis around21,000. Our and otherresultssuggest
that the Palauanpopulationhasdevelopedin isolation, comparedo say Europearpopulations,but it experienceda
surprisinglevel of immigrationfor sucha remoteregion (Simmonset al, 1965; Devlin et al, 2001). Geneticanalysis
suggestshe original populationappeardo have migratedfrom island Southeas#sia, with somelater migrationsfrom
Melanesia.Studieson Palau(Devlin et al., 2001)indicatesubstantialinkagedisequilibrium(i.e., haplotype-sharing)
existsin this population,makingit idealfor anassociatiorstudy

The populationhistory of Palaufacilitatesthe searchfor schizophrenidiability genes.First, the linkage disequi-
librium for Palauanpeopleis enlaged by the recentpopulationbottleneckand extendspotentiallyasfar as10 to 20
cM (Devlin etal., 2001). Secondthe isolationof Palaumalesit easierto detectary schizophreniggenesintroduced
by recentmigration. This is becauseheseforeignchromosomesvill berelatively prominentcomparedo the general



PalauanchromosomesBasedon thesefacts,we believe it is instructive to searchfor associatiorevenwith the 10cM
marker grid availablefrom the Palauanlinkagestudy Neverthelessthis 10cM grid is muchsparsethangenerallyre-
quiredfor detectingassociatiorbetweemarkersanddiseasgeneqOtt, 2000). In followup studieswe hopeto have a
densemgrid of marlers.

Dueto their populationhistory, we assumeanostPalaunativesareat leastdistantlyrelated. Of the 22 casesn this
study somearecloserelatives,suchascousinsandotherpairsarenot obviously related.For controls,we chose27 peo-
plewhowereeithermnotknown to becloselyrelatedo schizophrenicer werefrom apedigreecontainingschizophrenics,
but werethemseleslesslikely to carry a diseasallele. As a group,the controlsarenot ascloselyrelatedto onean-
otherasarethe cases.Neverthelesssomeof the controlsarecloselyrelatedto someof the cases.Overall, the genetic
relationshipsamongstudy subjectsgenerates comple correlationstructureamongthe sampledhaplotypes.This is
clearlynotastandardcase-controstudy andwe anticipatethe correlationamonghaplotypedo have someeffectonthe
varianceof theteststatistic.

To explore the relationshipbetweerfamilial relationshipand matchingof geneticmaterial,all caseswith a known
degreeof familial relationshipwere compared Figure 2 shows the relationshipbetweenthe degreeof relatednesand
thelevel of haplotypesimilarity for thesecasepairs. The Y-axisindicatesthe degreeof relatednesbetweertwo cases;
thelowerthevalue,themorecloselythey arerelatedto eachother TheX-axisis theaverageproportionof markerswith
matchingalleletypes;the averageis taken over 4 possiblecombinationssinceeachpersonhastwo chromosomesThe
plot shawvs that astwo peopleare more closelyrelatedto eachother they sharemore commongeneticmaterial. The
correlationcoeEcientis extremelyhigh (corr = | 0:85).

A critical selectioncriterionfor the 22 casesand27 controlswasthe ability to determineunambiguou$aplotypes
for thesendividuals,which wereobtainedusingthelinkageprogramSimwalk2 (SobelandLange1996). Thusfor each
individual, we have haplotypedor 22 pairsof autosomachromosomesyith 37 markerson the largestchromosome
(Chromosomdl), descendindo 8 markerson the smallestchromosomé&Chromosome?2). The geneticmarlersare
STRsandthe allele type representshe numberof repeatobsered at a particularlocus. Becausechromosomesccur
in pairs,eachindividual contritutestwo haplotypedo the dataset.Table 3 displaysa portion of the haplotypedatafor
Chromosome2. Eachrow recordstheallelesof markerson a chromosomeFor example from thelastrow of Table3,
the 27thcontrolhasthe haplotype(5,8,7,2,3,11,3,59n oneof its 22ndchromosomes.

We de£nedregionsusinga moving bin encompassingdjacentairsof markers. With this de£nitionwe obtained
K = 453regions. The haplotypefrequeng distribution variedby region, but R ¥4 32 andoneor moreformswere
generallyconsiderablymorecommonthanthe others.

Fromthese453 obsenationswe obtain™ = 0:007and2 = 0:9046 Surprisingly eventhoughwe hadanticipated
¢ > 1 dueto the strongpositive correlationbetweencasestwo factorsoffset this expectation: the casesare also
correlatedwith the controlswhich reduceghe varianceof Ty ; andfor smallsamples¥ hasa slight positive bias. To
compensate} hasaslightnegative bias. We obsenedthesamephenomenoin simulateddatafor smallsamplegresults
not shawvn). This phenomenouwlid notineateFDR in our simulations.

To evaluatethe assumptiorof normality we examinethe normalscoreslot of the standardizednatchingstatistics
Zy (Figure 3). Thetestsstatisticsshov a surprisingdegreeof consisteng with a normaldistribution consideringthe
sizeof thedataset. Fromthis £gureit is alsoclearthatnoneof the statisticsappeato be unusuallylargerelative to the
remaindeiof the sample.In fact,noneof theregionsindicatesa signi£cantassociatiorwith the diseasaisingeitherthe
FDR or a Bonferroniprocedure.

Plotting the teststatisticsasa function of the approximaterelative location of the haplotypeson the 22 autosomall
chromosomedicatesseveral statisticstendto approactsigni£cancen regionsthathave shovn promisingsignalsin
otherstudiesof schizophrenigFigure4). Consideringhe sizeof the sampleandthe coarsenessf the marker grid, the
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testundoubtedlyhaslow power. Followup studieswill have betterpower.

6 Discussion

In this article we de£nea statistic,calledthe matding statistig for locatingregionsof the genomethat exhibit excess
similarity of haplotypeswithin casehaplotypegelative to the controls. This statisticis of interestbecausét identifes
regionsthatarereasonableandidatedor locatingdiseasegenes.lt is a practicalalternatve to a statisticdevelopedin
Devlin, RoedermndWassermaii2000),whichtestedor excessbd sharingassumingnextremelydenseagrid of genetic
marlkers.

In mary case-controassociatiorstudieshe samplechaplotypesarecorrelateceitherbecausehe subjectsareobvi-
ouslyrelated cryptically related(related but therelationships unknavn) or relateddueto commonethnicbackground.
We £ndthe asymptoticdistribution of the matchingstatisticwhile accountingor correlationsamongsampledndivid-
uals. Theapproachakenherecould potentiallybe extendedto mary otherstatisticsthatmeasuréhaplotypesharingor,
moregenerallylinkagedisequilibrium. In fact, the performancef the matchingstatisticdependsery stronglyon the
way in which the distribution of the casehaplotypesieviatesfrom the distribution of the control haplotypes.lt would
beinterestingto investicatethe performancef otherstatisticssensitve to linkagedisequilibriumaswell.

In motivating a onedegree-of-freedontestwe notedthatsucha statisticwaslik ely to have greatempower for some
alternatvesthananomnitustest;in Sectiond we identify thetype of alternatvesfor which the statisticobtainsa com-
petitive advantageandit appearshatthis type of alternatve arisesfrequentlyin practice.Naturallytherearealternatve
haplotypedistributionsfor which the omnitustesthasgreatemower thanthe matchingstatistic. The advantageof the
matchingstatisticis thatit achiezesits asymptotiadistribution for amodestsamplesize,henceit is amenabldo correc-
tionsfor correlatedsamplesuchastheonedescribedn Section?.2. Althoughin principlethegoodness-of-fiestcould
alsobecorrectedn asimilar fashion this testdoesnot achiere its asymptotiadistribution for moderatesizedsamplesf
Ry islarge.

In our treatmentof correlationamonghaplotypeswe ignorethe known relationshipsamongsubjects.allowing ¢,
to adjustfor correlationsdueto known familial relationshipsaswell asunknavn relationships t is likely thatgreater
power could be obtainedf the known relationshipsveremodeledovertly in a mannersuchasthatdescribedyy Slager
andSchaid(2001).

Determiningwhich regionsin the genomeexhibit signiEcantassociatiorinvolves a large numberof hypothesis
tests. In problemsof this naturecogentargumentscanbe madethatit is more appropriateto control the FDR rather
thanthe FWE becausé¢he FDR methodoffersa morepowerful optionfor discoveringgenomicregionsthatpotentially
posses$iability alleles.In its formulationthe BenjaminiandHochbeg procedurecontrolsthe expected=DR for given
a setof independenp-values. In our applicationthe p-valuesfor eachregion involve estimatechuisanceparameters.
We shaw that underappropriateconditions,the FDR methodbasedon p-valueswith estimatechuisanceparameters,
asymptoticallypreseresthe FDR property Theseresultsshouldbe usefulfor otherapplicationsaswell.

Appendix A: Variance of Ty

We computethe varianceof Ty underthe assumptiorof iid haplotypesandhencen!" a(k) Is distributed multinomial
(n; ] ay) andm:"u(k) is distributedmultinomial (m; | (k). We suppresshesubscript(k) to simplify the notation.
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Herewe express %% in a quadraticform, :";A:'\a, with A beingthe R-dim identity matrix. Without extra

compleity we obtainthe generaharianceformulaof thequadratidorm ' J A . i M TAT,:

Defne .
i ., 1%
§n:ﬁ D|ag(| a)l 1 ara »
where
2 Ya2 0 2 O 8
) 0 Ya @t O
Diag(i a) = . . .
0 0 Var
Also defne
2
¢, 0 0 3
) 0 Y, 0
Diag(} &) = E : :
0 0 1/§R
I(2)T 112.12.....1 ¢
1 a - 7415 Y&o; » ViR
And
2
ail ajo o air
ap1 apo T aoRr
A = . . .
ar1 aRr2 .. ARrR
(A" = (aw; ap; i arRr )
2
aj, af, i af
AD - E a?l a%z o5 aE:R z
T i ¢
(A@) = &l &gy i dig
2
0 aio L aA1r
a1 0 i anR
(dn) = . . )
ar1 ary 0
A; | = matrixdOA with thelth-row andthelth-columndeleted
B = (aR £ R matrix)
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E aip A2 i ArR

adip A2 I ArR

RER
Ea' = (anYi; anY2; ) arr %R )
3
Now Var "TA", equals
(ni 1)(nni32)(ni 3) £ ;—A: a]2
+ (ni 1%(3ni 2 ¢
" #
xR
f 2 £ sumof all elementf Yaay CA; |

I=1
+ 4£ Slhmof off-diagonalelementsf [IIDiag(: a) A Diag(} a) A Diag(} 2)]

+ 4£ tr (dOA) Diag(! ) B Diag(! @)
+ 281" (A)(A) 1D
+aE L AP D g o
+ O E ABET AL+ T () (@) .+ 2817AP
T
+ E%E(d’k(z’) | a
i t[AE, ]+ a2 Ala
. ;
Usingthesamegeneraform Var 'T A", is obtained.

u

%

Appendix B: Proof of Theorems2 and 3.

Theproofof Theorem and3 requirea few lemmas Let

¢
Rk= —— and Dy =1 | Pyy;
&) )

andlet Gy denotethe (common)joint distribution of (D ; Rx) underthenull.

LEMMA 1. ThecdfFy is givenby

ZZ H_ 1
Sil
Fr(p) = S r(p)i d dGi(r;d):
PROOEF Obsenrethat -
Zk = M = RxZk + R¢Dy:
k)
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Hence Py = S(Zx) = S(RkZk + RkDy). Also, notethatZ, is independenof (Dy; Ri). Hence,
Fk(p) Pr(Pc < p)
= Pr(S(RxZx + RxDx)) < p)
= Pr(R«Zx + RDx > S }(p))

si !
k(p)i Dk

= Pr Z¢>
ZZ u 1 f
= Pr Zy> S r(p) i d dGk(r;d)

ZZ Mg, f
= s 2 r(p); d dGy(r:d): !

In whatfollows, we will make useof thefollowing well known relationsbasecn Mills' ratios:S(z) - A(z)=zand,
forall0< p< ® q(p) = [2log(1=p) i loglog(1=p)i r(p)]*> where0 - r(p) - ° and® is aconstanthatdepends
only on®. It follows from theserelationsthat,for ¢ > 0,

A(a(p)c) - Cp® (log(1=p)° = (5)
whereC = (2%)i 172¢°° =2, |n general,C will denotea genericpositive constantpossiblywith differentvaluesin
differentexpressiondut notdependingnp orK .

LEMMA 2. For any®> 0, - -
sup F(p) i 1! 0 (6)
2. p® p

asK ! 1.

PROOEFE Let Wy = R,‘(l and defneh(d;w;p) = S(g(p)w i d) whereq(p) = S' *(p). Hence,Fy(p) =
Eh(Dg;Wg;p). Expandingh(d;w; p) around(d;w) = (0; 1) yields
h(DiiWiip) _ 1, DkAGPIWici D) . (Wi i DAPAGPIWi i Di)
p p p
whereA is the standarchormaldensity O andW dependon p andsatisfy0 - jDj - jDjandjlj Wj - j1i Wj.
Thus, - — 3 .
O Wiip) = IDUAPIWE D) , (Wi i HaPA(PIWic i Di),

7
p p p ()
Using(5),for @K - p- ®, wehavethat
iDKA(Q(P)Wk | D _ Ag(pW, n 0
jDkj (Q(pi) ki D) Dy (Q(F;) k) exp 20(p)WijDy]
N 3 _ -
Ag2 n "o . . 0°
iDL~ exp 2q < WidDyj
K
C@"/ 1 1D jK 1 W (Iog(K=(%)Wk2:2
£ exp 2p 2log(K=®WyjDyj ~ Uk: (8)
By asimilarargument,
R | JAREAOTE D . oams Hw i 3 Tog(K=aK H " log(k =8) "
n 0
£ exp Zp 2log(K=®WjDyj ~ W: 9)
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SinceFy (p) = E[h(Dk ; Wk ; p)], it follows from (7) andthe above inequalitiesthat

- - - K W - 1-
sup :Fk(p)i = = sp E h(Dk.Wk-P)i 1=
@kK.-p ® P ®K-p ® _ p _
sup E:h(Dk;Wk;p)i 1=
®=K - p- ® p

E(Uk) + E(W):

Now U, I° 0andVi I” OsinceDy = Op(1=logK) = jWi i 1 (fromthep K -consisteng of the U-statistics) Lemma
3shavsthatUx andVk areuniformly integrable.lt followsthatE (Ux ) ! OandE(W)! O. |

PROOF OF THEOREM 2. It follows from Benjaminiand Yekutieli (1999), that, for eachk 2 S, thereexistsa

X X g 7 r ‘
E(Q) = Pr By - ® Pr(Cr): (10)
k2Sp r=1
So,
X X 3 ’
E(Q) = oy B Lo prch
k2Sg r=1
X X 8 ’
= 13 %@ Pr(ck)
k2Sg r=1 . ¢
X X 1R '@
= - @K ?PI’(CF)
k2Sp r=1 K
® F
—  sup <(P) Pr(Cck
Kex.po P k2So r=1
® sup k(p)::
®K -p® P

PROOFOF THEOREM3. Thisfollows from Theoren2 andLemma2. |

Thefollowing resultis neededor Lemma2.

LEMMA 3. ThequantitiesUx andVx def£nedn (8) and(9) areuniformly integrable.

PROOF It sufEcesto shav thatlim supy E(U2) < 1 andlim supc E(V2) < 1 . We will shaw this for the

non-rolustversionof the estimatorg, and®. Recallthat
0

n
L 2. -
Uc = COVKI LDy jK 1 Wi (log(K=@) W« exp 2 2log(K =®)WyjDyj

Now,
A - .
Wy = a(__: 1+ —C'I_ 6:
' < <
By thelaw of large numbersgfor U-statistics Wy I° 1. By thelaw of theiteratedlogarithmfor U-statistics,

S

K
li —(2i ¢)< C as:
|mKsup 2loglogK i ¢) as
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for some£nite C. (Here,C will denotea generic,positive constantthat neednot be the samein eachexpression.)

Hencefor all largeK , r

Wi - 1+ 2C 72|°g}l°gK

almostsurely Thus,eventually

r— )
2loglogK

(K 1 Wk2)2 = K 2@ Wi+ W) exp ClogK
K

0

q__
Therestof thefactorsinvolving Wy canbe boundedsimilarly. Similarly, jDyj - C W for all largek almost

surelyandthesefactorscanthusalsobeboundedHenceJim supy E(UZ) < 1 asrequired.Thearguments thesame
for Vk .
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5% outliers 20%outliers
1 2 3 4 1 2 3 4
K 0.015 0.025 0.006 0.012 0.015 0.025 0.006 0.012
0.000 0.000 0.000 0.000 0.001 0.001 0.001 0.001
1.078 1.079 1.053 1.083 1.643 1.631 1.403 1.612
FDR 0.007 0.008 0.009 0.007 0.000 0.000 0.000 0.000
pover 0.985 0.999 0.396 0.888 0.917 0.984 0.133 0.539

5 PO
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Tablel. SimulationResultsof Applying MatchingStatisticandFDR Procedure.
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g MatchingStat Chi-squareStat

Typel Error
1 0.000 0.001
2 0.000 0.001
3 0.000 0.001
4 0.000 0.001
Power
1 0.965 0.997
2 0.997 0.880
3 0.354 0.948
4 0.821 0.602

Table2. Comparisorof the MatchingStatisticandthe Omnikus Chi-squareTestStatisticUsingHolm's Correction.

ID ML M2 M3 M4 M5 M6 M7 M8
CASES
1 3 0* 7 2 6 11 3 1
1 3 0 6 3 5 10 3 6
2 2 0 5 4 3 10 3 5
2 2 0 4 3 0 10 4 3
22 3 8 3 3 4 14 1 3
22 3 8 4 3 3 14 4 2
CONTROLS
1 3 0 6 3 5 10 3 6
1 5 0 7 1 3 14 2 7
27 2 0 5 7 5 14 2 7
27 5 8 7 2 3 11 3 5

*: “0” denotesmissingdata

Table 3. Datamatrix: shavn by Chromosome22 asan example. Eachrow represents haplotypeand the pairs of
haplotypegeveal the completesetof STRallelesfor anindividual. The markersare STRsandthe numbersepresent
thenumberof repeatf particularSTR markersat eachof 8 loci.
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Figurel. Haplotypedistribution for simulations. From left to right, underthe null andfour alternative hypotheses.
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Figure2. Relationshipbetweerthe degreeof relatednesandthe degreeof haplotypesimilarity.
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Figure3. Normalscoreslot for the matchingstatistic.
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Figure4. Matchingstatisticplottedasa functionof therelative haplotypdocationson the 22 autosomathromosomes.
Markersareroughly locatedon a 10cM grid; the numberson the abscissandicatea moving window of marler pairs.
For chromosome2, which has8 loci, 7 statisticsaregivenfor 2-locushaplotypedormedfrom loci 1-2, 2-3, ...., 7-8.
The autosomakthromosomeg4-22 aredepictedfrom left to right. The dashed-lineslenotethe signiEcantlevel using

Bonferronicorrectionwith ®=.05.
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