Nonparametric simulation-based statistics fordetecting linkage in general pedigreesSean Davis*,�, Mark Schroeder�, Lynn R. Goldin�, and Daniel E.Weeks�,⁄*University of Pittsburgh School of Medicine, Pittsburgh�Department of Human Genetics, University of Pittsburgh, Pittsburgh�Clinical Neurogenetics Branch, National Institutes of Mental Health, Bethesda⁄Wellcome Trust Centre for Human Genetics, University of Oxford, OxfordAddress correspondence to: Daniel E. Weeks, Ph.D.The Wellcome Trust Centrefor Human GeneticsUniversity of OxfordWindmill RoadOxford OX3 7BNUnited Kingdom(+44) 1865 742 441FAX: (+44) 1865 742 196daniel.weeks@well.ox.ac.ukUniversity of PittsburghDepartment of Human GeneticsCrabtree Hall, Room A310130 DeSoto StreetPittsburgh, PA 15261USA(1-412) 624-3066FAX: (1-412) 624-3020dweeks@watson.hgen.pitt.edu

Davis et al.� 2 �Running head: Simulation-based tests for linkageKeywords: linkage analysis, nonparametric analysis, simulation methods, affected-pedigree-member method, power analysis

Davis et al.� 3 �SummaryWe present here four nonparametric statistics for linkage analysis that testwhether or not pairs of affected relatives share marker alleles more often thanexpected. These statistics are based on simulating the null distribution of a givenstatistic conditional on the unaffecteds� marker genotypes. Each statistic uses adifferent measure of marker sharing: the SimAPM statistic uses the Affected-Pedigree-Member measure based on identity-by-state (IBS) sharing. The SimKINmeasure is 1.0 for identity-by-descent (IBD) sharing, 0.0 for no IBD sharing, andthe kinship coefficient when the IBD status is ambiguous. The simulation-basedIBD (SimIBD) statistic uses a recursive algorithm to determine the probability oftwo affecteds sharing a specific allele IBD. The SimISO statistic is identical toSimIBD, except that it also measures marker similarity between unaffected pairs.We evaluated our statistics on data simulated under different two-locus diseasemodels, comparing our results to those obtained with several other nonparametricstatistics. Using IBD information produces dramatic increases in power over theSimAPM method, which uses only IBS information. The power of our beststatistic in most cases meets or exceeds the power of the other nonparametricstatistics. Furthermore, our statistics perform comparisons between all affectedrelative pairs within general pedigrees, and are not restricted to sib pairs or nuclearfamilies.

Davis et al.� 4 �IntroductionAs researchers seek to map increasingly complex inherited disorders, thepower of methods to detect the underlying genes becomes increasingly important.Further, because many of these conditions do not have a clear pattern ofinheritance, much attention has been focused on nonparametric methods (Landerand Schork 1994). These nonparametric methods make no assumptions about themode of inheritance of a given genetic trait and have been valuable in mappingsusceptibility genes associated with many complex genetic diseases for which themode of inheritance is unclear (Davies et al. 1994; Hashimoto et al. 1994).The affected-pedigree-member (APM) method (Weeks and Lange 1988;Weeks and Lange 1992) is a nonparametric method that uses identity-by-state (IBS)status to test for linkage as indicated by increased marker similarity betweenaffected relative pairs. (Two alleles are IBS if the alleles are identical, regardless ofancestral origin.) Because the actual null distribution for the APM statistic may beslightly skewed while the asymptotic null distribution is symmetric, the significanceof the observed APM statistic with respect to the actual distribution may differ fromthat based on the asymptotic null distribution. This difference has been observed(Weeks and Lange 1988; Weeks and Lange 1992); use of the asymptoticdistribution commonly leads to an increased false-positive rate compared to thatbased on the actual distribution. To combat these problems, we routinelyrecommend using simulation to determine the p-value based on the empirical nulldistribution of the APM statistic. By using a simulated null distribution, one neednot make any assumptions about the distribution of the test statistic or itsconvergence to an asymptotic distribution. Therefore, each of our new statistics

Davis et al.� 5 �(referred to as "simulation-based statistics") relies on simulation-based techniquesto determine the empirical p-value. Similar simulation techniques to determineempirical threshold values for quantitative trait mapping have recently beendeveloped (Churchill and Doerge 1994).Our first simulation-based statistic, called SimAPM, was the result ofcombining the simulation program FASTSLINK (Ott 1989; Weeks et al. 1990;Cottingham Jr. et al. 1993) with the APM method to create a new softwarepackage, which first calculates the APM statistic from the observed data in apedigree. Then, the affecteds are untyped at the marker locus and many replicatesof new marker data for the affecteds are simulated conditional on the unaffecteds�genotypes. An APM statistic is evaluated for each of these new replicates; eachvalue forms a point in the empirical null distribution. The p-value is then found bydetermining the location of the observed statistic in the empirical null distribution.Note that SimAPM performs simulations conditional on the unaffecteds� genotypes,while the original APM simulation program completely ignores unaffecteds’genotypes. Kong and others have argued that, in general terms, "the conditional p-value is more appropriate statistically because it is more relevant to the observeddata" (Cox and Hinkley 1974; Kong et al. 1992, p. 1419). Others [notably,Whittemore and Halpern (1994)] have noted that conditioning on the unaffecteds’genotypes has the added benefit of reducing the sensitivity of the statistics tomisspecified allele frequencies. All our simulation-based statistics presented heresimulate conditional on the set of all typed unaffecteds. Conditioning on someother subset of the pedigree could, however, prove to be more powerful.

Davis et al.� 6 �After completing the SimAPM program, we realized that we had anextremely flexible tool for examining any desired measurement of marker similaritybetween individuals. A natural extension of the SimAPM method is to measurewhether or not affected relative pairs share alleles identical-by-descent (IBD). (Twoalleles are IBD if the alleles are of the same ancestral origin.) This fills a void thatexists between the APM statistic, which examines IBS allele sharing betweenaffected relative pairs, and several statistics (i.e., the Haseman-Elston (H-E) andAffected-Sib-Pair (ASP) statistics) that examine IBD information between affectedsib pairs (Amos et al. 1989; Blackwelder and Elston 1985; Haseman and Elston1972; SAGE 1994). Since the APM statistic uses IBS information in lieu of IBDinformation (and so only uses marker information on the affected individuals), itcompletely ignores unaffecteds’ genotypes; this information is used by manyaffected-sib-pair methods. However, the APM statistic does assay marker sharingbetween distantly related individuals in a pedigree � something that affected-sib-pair methods, by definition, do not.We have created three new statistics that, unlike the SimAPM statistic thatmeasures only IBS status, use genotype information from all pedigree members toestimate IBD status for affected relative pairs. The SimKIN statistic uses thekinship coefficient as the similarity measure when the IBD state is ambiguous, 1.0when allele sharing is definitely IBD, and 0.0 when alleles are not IBD. Thesimulation-based IBD statistic (SimIBD) uses a recursive algorithm to determine theprobability of two affecteds sharing a specific allele IBD. The SimISO statistic isidentical to the SimIBD statistic, except that it also assays the marker sharingbetween all pairs of unaffected relatives within each pedigree. The SimIBD and

Davis et al.� 7 �SimISO statistics provide a more precise estimate of IBD sharing than the SimKINstatistic and, therefore, give higher power in most cases.We evaluated the power of our simulation-based statistics by examining datasimulated under eight different two-locus disease models (Goldin and Weeks 1993;Martinez and Goldin 1990). We compared the power of our statistic to the powerof the H-E (Haseman and Elston 1972), ASP (Blackwelder and Elston 1985;SAGE 1994), and extended relative pair analysis (ERPA) (Curtis and Sham 1994)statistics. We also investigated the false-positive rate for the H-E, ASP, SimIBD,and SimAPM statistics.MethodsThe simulated statisticOur implementation of the simulation-based statistics involves the followinggeneral steps:(1)Calculation and storage of the statistic on the original pedigree data;this is the observed statistic;(2)Simulation of many replicates containing new marker genotypes forall typed affecteds conditional on any known marker genotypes ofunaffected individuals; these new marker genotypes are simulatedignoring disease status;(3)Calculation of the statistic based on the simulated data for eachreplicate, yielding the null distribution in which the marker is

Davis et al.� 8 �completely unlinked to the disease (because disease status is ignoredwhen simulating the marker data); and(4)Determination of the empirical p-value based on where the observedstatistic falls within the simulated null distribution.The simulation in step (2) is done using FASTSLINK (Ott 1989; Weeks etal. 1990; Cottingham Jr. et al. 1993) to simulate genotypes conditional on othertyping information contained in a pedigree. Our program modifies LINKAGEinput files automatically to instruct FASTSLINK to conditionally simulate markergenotypes for only the affecteds. The marker genotypes of the unaffectedindividuals are not altered. Note that the simulations are relatively fast because weare simulating marker genotypes at a single locus (the marker locus) and not at twoloci (the marker and disease).Approximation of the IBD probabilitiesOur four simulation-based statistics use the following general approach.Assume a pedigree of n members whose marker genotypes are described byG={11, 12, � , n1, n2} where i1 and i2 are arbitrarily ordered alleles of individuali. We denote two alleles ix and jy that are IBD by ix”jy. Thus, we defineP(ix”jy˚|˚G) as the probability allele ix is IBD to allele jy given the markergenotypes. This general approach is as follows:(1)Choose two affecteds i and j, who are not a parent-child pair.(2) Assign a value to aix,jy as a measure of P(ix”jy˚|˚G):

Davis et al.� 9 �A) For the SimAPM statistic, aix,jy=1.0 when ix and jy are IBS and0.0 when ix and jy are not IBS (Table 1). That is, the estimatedP(ix”jy˚|˚G) is simply the probability that ix and jy are IBS.B) For the SimKIN statistic, the value of aix,jy is defined accordingto IBD status rather than IBS status (Table 1). If two alleles areIBD, we assign a value of 1.0; if they are not IBD, we assign avalue of 0.0. If the IBD status is ambiguous ("Maybe IBD" in Table1), we use the kinship coefficient Fij as the value of the statistic.Recall that the kinship coefficient is defined as the unconditionalprobability that an allele picked at random from each affected will beshared IBD; the kinship coefficient depends solely on the pedigreestructure (i.e., the relationship of the two people to each other)(Jacquard 1974).C) For the SimIBD and SimISO statistics, we set aix,jy to 1.0 if thealleles are IBD and to 0.0 if the alleles are not IBD (Table 1); if theIBD status is ambiguous ("Maybe IBD"), we set aix,jy to the valuereturned by the recursive algorithm described below.(3)Compute Zij, the pairwise statistic for affecteds i and j, by thefollowing formula where pa= population frequency of allele ia andpb= population frequency of allele ib and pa=pb (because ia and ibare IBS):

Davis et al.� 10 �Zij = ˚2�a=1 ˚2�b=1 f(pa) aia,jbwhere f(pa) = 1�‘‘pa

as in the original APM statistic (Weeks andLange 1988).(4)Sum the pairwise statistics over all pairs of affecteds (i, j) to arrive atthe value of the statistic for the pedigree p:Zp = 1�‘‘‘‘‘r ˚ - ˚ 1

˚ r �i=1 ˚r�j=i Zijwhere r is the number of affected individuals in the pedigree.(5)Sum the pedigree statistics Zp across the M pedigrees to obtain theoverall similarity statistic Z for the whole data set:Z = ˚M�p=1 ZpThe SimISO statistic includes a similarity measure between unaffected pairs,called the unaffected pair statistic, in addition to the similarity measure betweenaffected pairs used by our other statistics (SimIBD, SimAPM, and SimKINstatistics). The unaffected pair statistic is calculated using the same recursivealgorithm, described below, that is used by SimIBD. To find the null distributionof the unaffected pair statistic, we simulated the marker genotypes of unaffectedindividuals conditional on marker information for the affected individuals. The

Davis et al.� 11 �affected and unaffected pair statistics were combined into a single statistic asfollows:Zp = 1�‘‘‘‘‘r ˚ - ˚ 1

˚ r �i=1 ˚r�j=i Zij,affected + 1�‘‘‘‘‘‘s ˚ - ˚ 1

˚ s �i=1 ˚s�j=i Zij,unaffectedwhere p is the pedigree number, r is the number of affected individuals, s is thenumber of unaffected individuals, and Zij,affected and Zij,unaffected are the pairwisestatistics for each affected and unaffected pair, respectively.A recursive algorithm for computing P(ix”jy˚|˚G)Our recursive algorithm will find P(ix”jy˚|˚G) exactly if all ancestors of iand j are fully-typed, but approximates it otherwise. The recursion algorithmcorrectly handles inbreeding loops.Amos et al. (1990) developed an algorithm based on the Elston-Stewartalgorithm for computing the probability that a pair of relatives share zero, one, ortwo alleles IBD on pedigrees without inbreeding loops. We wanted to use thealgorithm of Amos et al. (1990) to check our recursive algorithm, but were not ableto since the computer program implementing their algorithm has not yet beencompleted. Note also that the probability that two relatives share a specific alleleIBD is not the same as the probability they share k alleles IBD.Our recursive algorithm is defined in terms of three boundary conditionsand two recurrence rules. Before describing these, we first define someterminology: A �founder� is a person who is a �root node� of the pedigree, i.e.,whose parents are absent from the pedigree drawing (eg., members 1, 2, and 3 inFigure 1). We assume that founders are non-inbred and unrelated to each other.

Davis et al.� 12 �Boundary conditions 1 and 2 (below) apply to terms in the recurrence rules thatrepresent relationships between founders. Boundary condition 3 holds for anyindividual in the pedigree. These three rules are given as follows:Boundary condition 1: If X and Y are two distinct individual founders, then:aXi,Yi = 0 if X„Y (because X and Y are unrelated by assumption)Boundary condition 2: If X1 and X2 are the two different alleles of a founder X,then:aX1,X2 = 0 (because X is non-inbred by assumption)Boundary condition 3: If Xi is a single allele of person X, then:aXi,Xi = 1The following two recurrence rules replace each allele of the child B withher parents’ alleles F1, F2, M1, and M2, where F stands for father and M stands forthe mother. We require that person B is not an ancestor of person A; this conditionis easily met by choosing A and B in the following recurrence rules so that B isalways the lower of the two individuals in the pedigree.Recurrence rule 1: Given two individuals A and B with A„B, thenif allele A1 is not IBS to B1, thenaA1,B1 = 0,

Davis et al.� 13 �otherwiseaA1,B1 = aA1,F1 w(F1”B1) + aA1,F2 w(F2”B1)+ aA1,M1 w(M1”B1) + aA1,M2 w(M2”B1)where w( ) are defined in Table 2 for fully typed parents and child. Recurrence rule1 transforms the problem of finding the probability of allele 1 of person A beingIBD to allele 1 of person B to four new problems � finding the probabilities ofIBD sharing between allele 1 of person A and each allele of the parents of person B.In other words, if R represents the marker data on the pedigree:P(A1”B1 | R) =P(A1”B1 | F1”B1, R) P(F1”B1 | R)+P(A1”B1 | F2”B1, R) P(F2”B1 | R)+P(A1”B1 | M1”B1, R) P(M1”B1 | R)+P(A1”B1 | M2”B1, R) P(M2”B1 | R)Recurrence rule 1 follows by the appropriate definition of a and w. For example,aA1,F1 = P(A1”B1 | F1”B1, R) = P(A1”F1 | R) and w(F1”B1) = P(F1”B1 | R). Byrecursively applying recurrence rule 1, we can move up through the pedigree,�expanding� all the IBD sharing information of lower generations onto each highergeneration until we have reached all founders.

Davis et al.� 14 �Recurrence rule 2: If B1 and B2 are two alleles in the same person, thenif allele B1 is not IBS to B2, thenaB1,B2 = 0,otherwiseaB1,B2 = aM1,F1 w(M1”B2, F1”B1) + aM1,F2 w(M1”B2, F2”B1)+ aM2,F1 w(M2”B2, F1”B1) + aM2,F2 w(M2”B2, F2”B1)where w( ) are given in Table 3 for fully typed parents and children. Recurrencerule 2 is a special case of recurrence rule 1. If there were no loops in the pedigree,we could simply define the boundary conditions to stop when we reached thiscondition, as B1 and B2 could not be IBD even if they were IBS. However, ifthere is a loop, then it is possible for B1”B2 if B1 and B2 are IBS. Because B1 andB2 are IBS and cannot be distinguished from one another, we can assume that B2 isinherited from the mother and B1 is inherited from the father. Recurrence rule 2allows the recursion to continue by simultaneously expanding B2 onto the motherand B1 onto the father.Note that the weighting factors are evaluated by simple allele matchingarguments in the parent-child triads (Tables 2 and 3). For example, considerperson 10 in Figure 1. Person 10, the child, has genotype B=(2/3); the mother hasM=(2/3); the father has F=(2/3). To find the weighting vector for allele B1=2, wewould use case 6 of Table 2. Allele B1 can come from either the mother (i.e.,w(M1”B1)=0.5) or the father (i.e., w(F1”B1)=0.5) with equal probability because

Davis et al.� 15 �allele B2=3 can be inherited from either the mother or the father. However, if thefather had genotype F=(2/4) instead of (2/3), then the allele B1=2 must have comefrom the father (i.e., w(F1”B1)=1) because allele B2=3 would be from the mother.In the latter case, we would apply case 7 from Table 2. Similar arguments applyfor other cases in Table 2 and Table 3.Untyped individuals in any path connecting a pair of affecteds introduceuncertainty as to the pair’s IBD status. The traditional way (in lod score analyses)to deal with such uncertainty is to loop over all possible genotypes of the untypedindividuals, adding in a partial statistic for each genotype. This summation may beaccelerated by using genotype elimination algorithms (Lange 1987; O�Connell et al.1995) to limit the summation to consider only those genotypes that are consistentwith everyone’s observed phenotypes. However, the number of genotypes can stillincrease dramatically as the proportion of untyped people in the pedigree increases.When we tried such an approach, this resulted in a very slow program, since thesetime-consuming summations had to be carried for every replicate of simulated data.We now present a simple algorithm for determining the general weightingfactors for recurrence rule 1 that can be used for all cases. Given specific allele B1in the child B=(B1/B2) with mother M=(M1/M2) and father F=(F1/F2), we firstdetermine P(B1 ˛ (M1,M2) | R) and P(B1 ˛ (F1,F2) | R), where B1 ˛ (M1,M2)means that allele B1 in the child was inherited from the mother. These twoprobabilities {P(B1 ˛ (M1,M2) | R), P(B1 ˛ (F1,F2) | R)} can assume only threepairs of values, {0, 1}, {1, 0}, or {0.5, 0.5} when the child and parents are fullytyped. If the triad of child B and parents M and F is fully typed, these are easilydetermined by simple allele matching; i.e., P(B1 ˛ (M1,M2) | R) = P(B1 ˛

Davis et al.� 16 �(M1,M2) | M,F,B) and P(B1 ˛ (F1,F2) | R) = P(B1 ˛ (F1,F2) | M,F,B). Then, wedetermine P(B1”M1 | B1 ˛ (M1,M2),M,F,B) and P(B1”M2 | B1 ˛(M1,M2),M,F,B); again, the same three pairs, {0, 1}, {1, 0}, or {0.5, 0.5}, arethe only values possible. Analogous reasoning holds for the correspondingprobabilities in the father. To find w(M1”B1), we observe that when child andparents are fully typed,w(M1”B1)= P(B1”M1 | R)= P(B1”M1 | B1 ˛ (M1,M2),M,F,B) P(B1 ˛ (M1,M2) | M,F,B)Using the same reasoning gives w(M2”B1), w(F1”B1), w(F2”B1). Weightingfactors for B2 are analogous to those shown but with B2 substituted for B1. If thechild and parents are not fully typed, P(B1 ˛ (M1,M2) | R) „ P(B1 ˛ (M1,M2) |M,F,B) and P(B1 ˛ (F1,F2) | R) „ P(B1 ˛ (F1,F2) | M,F,B). However, becausecalculating the left hand terms conditional on R is non-trivial, we use the right handterms as an approximation when the triad of child and parents is not fully typed.As a specific example for the fully typed case, assume a child B withgenotype B=(2/3), mother M=(2/3), and father F=(2/3). We wish to find theweighting factors between the specific allele B1 between the child B and the parentsM and F. Then, P(B1 ˛ (M1,M2) | M, F, B) = 0.5 and P(B1 ˛ (F1,F2) | M, F, B)= 0.5 because in the child-parent triplet, we cannot determine the origin of either ofthe child�s alleles by allele matching. The probabilities P(B1”M1 | B1 ˛(M1,M2),M,F,B)=1.0 and P(B1”M2 | B1 ˛ (M1,M2),M,F,B) = 0. For the father,P(B1”F1 | B1 ˛ (F1,F2),M,F,B)=1.0 and P(B1”F2 | B1 ˛ (F1,F2),M,F,B) = 0.With these probabilities known, w(M1”B1) = 0.5, w(M2”B1)= 0, w(F1”B1) = 0.5,

Davis et al.� 17 �w(F2”B1) = 0. Note that exactly the same logic was used to derive case 6 in Table2.We now present an example with an untyped parent. We use the sameexample as above but with the father F untyped . To find the weighting functionfor B1, P(B1 ˛ (M1,M2) | M, F, B) = 0.5 and P(B1 ˛ (F1,F2) | M, F, B) = 0.5 asfor the fully typed case, since mother M can supply allele B1 and father F could alsosupply B1 (i.e., the genotype of the father could include the allele 2). Furthermore,P(M1”B1 | B1 ˛ (M1,M2),M,F,B) = 1.0 and P(M2”B1 | B1 ˛ (M1,M2),M,F,B) =0, the same as above. However, unlike in the fully typed case, we cannot tellwhether B1 is F1 or F2, so P(B1”F1 | B1 ˛ (F1,F2),M,F,B) = 0.5 and P(B1”F2 |B1 ˛ (F1,F2),M,F,B) = 0.5. Using these probabilities, the weighting functions forthis case are: w(M1”B1) = 0.5, w(M2”B1) = 0, w(F1”B1) = 0.25, w(F2”B1) =0.25.For the weighting functions used for recursion rule 2, similar logic can beapplied. As above, assume that child B has genotype B=(B1/B2) with motherM=(M1/M2) and father F=(F1/F2). Because B1 and B2 are IBS, when using theweighting functions for recurrence rule 2, we can assume that B1 and B2 areordered such that B1 ˛ (F1,F2) and B2 ˛ (M1,M2). The general weightingfunctions w( ) for recurrence rule 2 are then given by:w(M1”B2, F1”B1) = P(M1”B2, F1”B1 | R, B1 ˛ (F1,F2), B2 ˛ (M1,M2))As for the weighting functions for recurrence rule 1, if the child and both parentsare fully typed, knowing M, F, and B (a subset of R) allows exact computation ofthe right hand side. Therefore,

Davis et al.� 18 �w(M1”B2, F1”B1) = P(M1”B2, F1”B1 | M, F, B, B1 ˛ (F1,F2), B2 ˛ (M1,M2))= P(M1”B2 | F1”B1, M, F, B, B1 ˛ (F1,F2), B2 ˛ (M1,M2))*P(F1”B1 | M, F, B, B1 ˛ (F1,F2), B2 ˛ (M1,M2))= P(M1”B2 | M, F, B, B1 ˛ (F1,F2), B2 ˛ (M1,M2)) *P(F1”B1 | M, F, B, B1 ˛ (F1,F2), B2 ˛ (M1,M2))Removing the F1”B1 is valid because, to find P(M1”B2 | M, B, B1 ˛ (F1,F2), B2˛ (M1,M2)), knowledge of the specific paternal genotype is not necessary since weassume that the parental origin of B2 is maternal; therefore, F1”B1 is not relevant.The weighting functions w(M1”B2, F2”B1), w(M2”B2, F1”B1), w(M2”B2,F2”B1) are analogous to w(M1”B2, F1”B1). As for the weighting functionspresented for recursion rule 1, these weighting functions provide exact answerswhen the triad of child and parents is fully typed and is an approximation when fulltyping information is not available for every member of the triad.As an example of the possible time savings using our approximation overusing genotype elimination to supply genotypes for untyped individuals, the timerequired to analyze 20 families of the structure given in Figure 2 with the top twogenerations untyped was just over 10 minutes using our approximation. Usinggenotype elimination and summing over the resulting list of genotypes requiredover 6 hours. (Both times are system time plus user time on a Sun SPARCstation514MP.) Furthermore, because it is conservative in most cases, it is unlikely toresult in artificially inflated power of the statistics. Finally, since all individualsuntyped in the observed pedigree are left untyped in the simulation used to generate

Davis et al.� 19 �the null distribution, any bias introduced in calculating observed statistic will likelybe duplicated when calculating points in the null distribution.

Example applications of the recursive algorithmWe illustrate the recursive algorithm by applying it to the pedigree given in Figure1. Individuals 10 and 7 are affected and are IBS at alleles 1 and 2, respectively.Therefore, we wish to find a101,72. We first apply recursion rule 1 to replace 10with her parents:a101,72 = a72,101= a72,91 w(101”91) + a72,92 w(101”92) + a72,81 w(101”81)+ a72,82 w(101”82)= a72,91 (1/2) + a72,92 (0) + a72,81 (1/2) + a72,82 (0)= 1/2 a72,91 + 1/2 a72,81According to Table 2, the weighting factors for each term are: w(101”91)=0,w(101”92)=1, w(101”81)=0, and w(101”82)=0. Again, we apply recursion rule 1to replace 7 with his parents:a101,72 = 1/2 [a91,61 w(72”61) + a91,62 w(72”62) + a91,41 w(72”41)+ a91,42 w(72”42)] + 1/2 [a81,61 w(72”61) + a81,62 w(72”62)+ a81,41 w(72”41) + a81,42 w(72”42)]= 1/2 [a91,61 (0) + a91,62 (1) + a91,41 (0) + a91,42 (0)]+ 1/2 [a81,61 (0) + a81,62 (1) + a81,41 (0) + a81,42 (0)]= 1/2 a91,62 + 1/2 a81,62

Davis et al.� 20 �The weighting factors for each term are: w(72”61)=0, w(72”62)=1, w(72”41)=0,and w(72”42)=0. Also, because individuals 6 and 9 are different founders, wehave a62,91 = 0 by boundary condition 1. We then apply recursion rule 1 to replace8 with her parents:a101,72 = 1/2 a62,81= 1/2 [a62,61 w(81”61) + a62,62 w(81”62) + a62,41 w(81”41)+ a62,42 w(81”42)]= 1/2 [a62,61 (0) + a62,62 (1) + a62,41 (0) + a62,42 (0)]= 1/2 a62,62Boundary condition 3 gives a62,62=1. Therefore,a101,72 = 1/2.which can be inferred as follows: 72 is IBD to 62, and 101 has a 50% chance ofbeing IBD to 62. For more complex pedigrees, it may be difficult to compute ai,jby directly examining the pedigree.As an example of the application of the recursion algorithm when untypedindividuals are present in the path between the two affected individuals, we wish tofind a111,72, the probability that the underlined allele in person 11 (see figure 1) isIBD to the underlined allele in person 7. We start by applying recursion 1 toreplace individual 7 with his parents.a111,72 = a111,61 w(72”61) + a111,62 w(72”62) + a111,41 w(72”41)+ a111,42 w(72”42)= a111,61 (0) + a111,62 (1) + a111,41 (0) + a111,42 (0)

Davis et al.� 21 �According to Table 2, the weighting factors for each term are: w(72”61)=0,w(72”62)=1, w(72”41)=0, and w(72”42)=0. Therefore, we again apply recursionrule 1 to replace 11 with her parents:a111,72 = a111,62 = a62,111= a62,31 w(111”31) + a62,32 w(111”32) + a62,51 w(111”51)+ a62,52 w(111”52)= a62,31 (0) + a62,32 (0) + a62,51 (1/2) + a62,52 (1/2)= 1/2 a62,51 + 1/2 a62,52By inspection, w(111”31)=0 and w(111”32)=0 because individual 3 cannot passthe allele 2 on to her child. The specific allele of origin from individual 5 isunknown, so w(111”51) = w(111”52) = 1/2. Though these weighting functionsare not given specifically in Table 2, they are easily found by the algorithmsoutlined above or by inspection. The next step is to again apply recursion rule 1 toreplace person 5 in the term a62,51 with his parents.a62,51 = a62,11 w(51”11) + a62,12 w(51”12) + a62,21 w(51”21)+ a62,22 w(51”22)= a62,11 (1/4) + a62,12 (1/4) + a62,21 (1/4) + a62,22 (1/4)Because we cannot discern parental origin of alleles inherited from persons 1 or 2,each of the four weighting functions has the value 1/4 . Performing two moreiterations of recursion rule 1 gives:a111,72 = (1/16) a11,11 + (1/16) a12,12 + (1/16) a21,21 + (1/16) a22,22= 1/4

Davis et al.� 22 �The final result is obtained by appealing four times to boundary condition 3.Comparison of linkage methodsData originally simulated by Goldin and Weeks (1993) using the method ofMartinez and Goldin (1990) were analyzed in order to evaluate our new statistics.Martinez and Goldin simulated their data assuming a two-locus disease model witha single marker (with four equally frequent alleles) linked at q=0.05 to the firstdisease locus. Models involving two dominant loci (DD), two recessive loci (RR),and a dominant and a recessive locus (DR and RD) represent the epistatic models.A model with additive penetrance (AD) was also analyzed. The parameters used inthe simulation of these five epistatic models correspond to those of unipolar andbipolar affective disorders and predict a population prevalence of 7% and arecurrence risk in first degree relatives of 25%-30%. In addition, three modelsincluded heterogeneity at levels of 50% (H50), 25% (H25), and 10% (H10),respectively, of families linked to the marker. The population prevalence for thesemodels was 2% and disease could be due to either of the two dominant loci (90%penetrant). A simulated pedigree was selected to be in the data set if 2 or moreaffecteds were present in each of the three sibships (pedigree structure shown inFigure 2). For each model, the simulated data consisted of 50 replicates of 20families for a total of 1,000 families per model and 8,000 families overall. Weanalyzed the simulated data using the SimAPM, SimKIN, SimIBD, and SimISOstatistics. For each replicate in each disease model, we generated 1,000 simulatedreplicates to construct the empirical null distribution. Therefore, simulation of400,000 replicates was required (50 data sets * 8 disease models * 1,000replicates).

Davis et al.� 23 �To evaluate further the power of our statistics, we analyzed the samesimulated data using three other popular nonparametric statistics for comparison.The Haseman-Elston (H-E) statistic is a method of detecting linkage that uses aregression approach (Amos et al. 1989; Haseman and Elston 1972). With a simpledichotomous trait, this method reduces to testing for a difference in IBD sharingbetween concordant and discordant pairs. The affected sib pair method (ASP) testswhether the mean proportion of IBD sharing is greater than 0.50 (Blackwelder andElston 1985). Another nonparametric method, extended relative pair analysis(ERPA), uses the MLINK program to derive risk probabilities of affected pairssharing 0, 1 or 2 marker alleles IBD and then compares these probabilities withthose observed using a chi-squared statistic (Curtis and Sham 1994). ERPA assaysIBD information between all affected relative pairs, whereas H-E and ASP assayIBD sharing only within a given sibship. Indeed, to analyze the simulated datausing H-E and ASP, it is necessary to split the pedigree into three sibships, whichare then (incorrectly) treated as if they are independent sibships.We investigated how our statistics performed on partially typed pedigreesby generating eight new partially typed data sets per each original set. For each dataset, we systematically chose people for whom we would assume that markergenotype information was missing. In one set, the grandparents was assumed to beuntyped. Six sets had, in addition to two untyped grandparents, the genotypes of 1to 6 random members of the second generation missing. In the final set, allunaffected individuals except parents and grandparents were assumed to beuntyped; this set represents a minimal genotyping strategy where only affecteds andtheir connecting relatives are genotyped. Analyses of these eight data sets were

Davis et al.� 24 �performed using the H-E, ASP, and SimIBD statistics (another 3,200,000simulations from 50 replicates * 8 disease models * 8 levels of incomplete markertyping * 1,000 replicates).To test whether or not the theoretical p-values normally used for the H-Eand ASP statistics are accurate, we adapted our conditional simulation-basedmethodology to these two statistics and analyzed the fully typed simulated datausing empirical p-values instead of theoretical p-values.Examination of false-positive ratesWe examined the false-positive rates for the ASP, H-E, SimIBD, andSimAPM statistics. We simulated 1,000 replicates of 20 families each (pedigreestructure given in figure 2) with the marker locus unlinked to the disease locus in allof the families. We then analyzed these data, calculating the false-positive rate asthe observed proportion of replicates that were significant at p£0.05 or p£0.01.The expected proportion of significant statistics is equal to the p-value at which thesignificance is assessed. A false-positive rate greater than the expected proportionof significant statistics would be considered anti-conservative, while a false-positiverate less than the expected proportion would be considered conservative.ResultsPower of the simulation-based statisticsComparison of the power of the simulation-based statistics, the SimAPM,SimKIN, SimIBD, and SimISO statistics, as well as of the original APM statistic(data from Goldin and Weeks 1993) show that the SimIBD and SimISO statisticsprovide much higher power than the other statistics (Figure 3). For most models,

Davis et al.� 25 �the SimIBD and SimISO statistics showed identical power to detect linkage. TheSimIBD and SimISO statistics do particularly well under the RR and H50 modelswith power of 100% in both cases. The H10 model represented the greatestchallenge for all statistics as would be expected since only 10% of families arelinked to the disease locus. Both the APM and SimAPM statistics performedrelatively poorly in comparison to the other statistics.Power of several nonparametric statisticsComparison of the power of the SimIBD and SimISO statistics with thoseof the ERPA, ASP, and H-E statistics when the entire pedigree is typed yielded theresults in Figure 4. Note that the values reported for the H-E, ASP, and ERPAstatistics are based on theoretical p-values. Under the AD model, SimIBD had thehighest power, while the SimISO statistic outperformed other statistics under theH25 model. The H-E statistic detected linkage more often than other methodsunder the RD model. Under the remaining models, the power of the SimIBD,SimAPM, and H-E statistics was similar and was higher than the ASP and ERPAstatistics, which performed poorly for most models. All five statistics exhibiteddecreasing power with increasing heterogeneity and had the lowest power for theH10 model of inheritance.Though powers of the SimIBD, SimISO, and H-E statistics are comparable,the H-E statistic performs quite well for 5 of the 8 models. The H-E statistic mightbe elevated relative to the other statistics because it benefits from the sibships of sizefour where both unaffected and affected sibs are typed. The power of the H-Estatistic decreases significantly when all unaffecteds who are not parents areuntyped, resulting, in the worst case, under the H50 model, in a power difference

Davis et al.� 26 �of 84% (data not shown). However, the power of the ASP and SimIBD statisticsis maintained on the same partially-typed data sets. These findings for the H-E andASP statistics support a similar finding by Demenais and Amos (1989).The effect of incomplete pedigree typing on the power of the ASP, H-E,and SimIBD statistics is shown in Figure 5. The H-E statistic maintains its powerwell relative to the other statistics as the proportion of untyped pedigree membersincreases. Both the ASP and H-E statistics lose power in a nearly linear fashionwith increasing numbers of untyped people. SimIBD loses more power as thenumber of untyped people increases than either the H-E or ASP statistics do. Notethat our scheme for choosing people in the pedigrees that are untyped always leavesthe two third-generation sibships fully typed. As the H-E statistic seems to benefitfrom these large, fully typed sibships, it is not surprising that it performs so well.On extended pedigrees with small sibships, we expect that SimIBD may performbetter than the other sibship-based statistics, as SimIBD considers marker sharingbetween all pairs of relatives within each pedigree.Analysis of Episodic Ataxia PedigreesWhile our nonparametric methods would normally be applied mainly tocomplex diseases with uncertain modes of inheritance, for the purposes ofcomparison, we apply them here to a simple autosomal dominant trait, episodicataxia (EA). EA is a familial disorder that presents as attacks of generalized ataxiawith normal or nearly normal neurologic findings between attacks (Litt et al. 1994).We analyzed two EA pedigrees (of 29 and 63 members, pedigrees 3 and 4 in theoriginal reference) typed for 7 markers using two point lod scores and the SimIBD,SimISO, ASP, and H-E statistics (Table 4). The order of the markers, all on the

Davis et al.� 27 �short arm of chromosome 12, is the same as that given in table 4; the distancebetween each marker is also given in Table 4. According to these data, the marker S99 is the most closely linked markerto the disease (maximum LOD score=10.79, q=0.001). The H-E statistic foundlinkage (p£0.05) between all 7 markers and the disease locus; thus, a 10 cM regionon one side and a 1 cM region on the other side of the S99 marker showedstatistically significant evidence for linkage to the disease. The ASP statistic failedto find linkage (p£0.05) at the CACNL1A1, KCNA5, S99, and S93 markers.Note that the regions found by the ASP are not contiguous and that the most closelylinked marker, S99, and the 3 cM region surrouding it were not found to bestatistically significant. The SimIBD statistic found linkage between markers S100,S99, KCNA5, and S93 and the disease locus; SimISO (adding an unaffected-unaffected pair comparison) found linkage between the same loci. With both theSimIBD and SimISO statistics, a region comprising approximately 3 cM around theS99 marker had statistically significant evidence for linkage. In general, however,for the EA pedigrees, the differences in the power between the SimISO andSimIBD methods were small.Simulation-based H-E and ASP statisticsWe adapted our conditional simulation-based methodology to the H-E andASP statistics and then analyzed the fully-typed simulated data (data not shown).We found that the powers of the H-E and ASP statistics were very similar for theoriginal and simulation-based statistics, though the powers tended to be slightlyhigher for the theoretical statistics than for the simulation-based statistics.

Davis et al.� 28 �False-positive ratesMeasurement of false-positive rates (Table 5) revealed that the proportion ofreplicates that were significant for the SimIBD statistic (i.e., the false-positive rate)was lower than expected. The ASP, H-E, and SimAPM methods had false-positive rates that slightly exceeded the expected rates. Therefore, the SimIBDstatistic was slightly conservative while the other statistics were slightlyanticonservative.Timing ResultsComputation of the simulation-based statistics is more time-consuming thancomputation of the (non simulation-based) H-E and ASP statistics. For example,on our Sun SPARCstation 514MP, analysis of one replicate (20 families with 16members each) took the ASP and H-E statistics about 1.1 seconds; SimIBD 4minutes, 23 seconds; SimISO 13 minutes; and ERPA 14 minutes, 50 seconds.Calculation of the SimIBD statistic when the top two generations were untyped tookjust over 10 minutes; with genotype elimination on the same data took 6 hours, 22minutes, 27 seconds. (All reported times are system time plus user time.) Withlarger incompletely typed pedigrees, using genotype elimination would beimpractical or impossible.DiscussionSimulation-based statisticsComparison of the results of the SimIBD, SimISO, SimAPM, and SimKINstatistics allows some qualitative and quantitative determination of the contributions

Davis et al.� 29 �of IBS information, pedigree structure, and pedigree typing information to thepower of SimIBD.The APM and SimAPM methods use IBS information to approximate theunderlying IBD information, and so the difference in power between the SimAPMand SimIBD statistics loosely represents the power lost by using IBS informationinstead of IBD information. In the simulated data sets, the average differencebetween the power of SimIBD and the SimAPM statistic is 49%, showing howcrucial it is to use IBD information if it is available.The SimKIN statistic measures the genetic relationship between twoaffecteds and is simply a function of the pedigree structure. Again, the power ofthis statistic can provide insight into the power of the SimIBD statistic because theSimIBD statistic uses a more exact measure of IBD sharing than the SimKINstatistic does. In the simulated data, the average difference between power of theSimKIN and SimIBD statistics is 30%. These results provide a measure of howwell the new recursive algorithm used in SimIBD determines the probability of IBDsharing, as the SimKIN statistic ignores marker genotypes when the IBD status isambiguous.We also investigated genotype elimination using the method of Lange(1987) as a solution to the problem of low power at high levels of incompletemarker typing. However, we found that the inclusion of a genotype eliminationalgorithm in our SimIBD statistic did not increase power very much (data notshown). In addition, computing the SimIBD statistic on all possible genotypevectors at even modest levels of incomplete typing was too time-consuming.

Davis et al.� 30 �We have presented a family of statistics that rely on simulating markergenotypes for affected individuals conditional on the set of all typed unaffectedindividuals. However, there are other choices of sets upon which to condition. Infact, the simulation could be done using nothing more than population frequenciesof alleles and Hardy-Weinberg equilibrium; we refer to this method asunconditional simulation. We have implemented a version of SimIBD that uses theunconditional simulation method and have found that, at least for the complexmodes of inheritance presented here, the conditional simulation method affordsbetter power for both the fully- and partially-typed data sets. (See Table 6 for thefully-typed results.) Furthermore, a conditional simulation method reduces theeffects of misspecification of allele frequencies. However, on different pedigreestructures where there are a large number of unaffected individuals in the chainconnecting two affected individuals, the unconditional simulation method is morepowerful than the conditional simulation method. Conditioning the simulations onsets other than the set of all typed unaffecteds may prove more powerful; we plan toinvestigate which set is optimal.Other nonparametric statisticsThe SimIBD statistic attempts to determine the IBD status of all pairs ofaffected relatives as does ERPA, while the H-E and ASP statistics use only pairs ofsibs. We might expect the power of the SimIBD statistics and ERPA (which is themost computationally intensive of the statistics) to be higher than that for either theH-E or ASP statistics. While ERPA (average power over all models, fully typedpedigrees, 69%; Figure 4) exceeds the power of the ASP statistic (average power,67%), it falls short of the other statistics in most cases. One possible reason for

Davis et al.� 31 �ERPA’s lack of power may be that the distribution of its raw statistic may be poorlyapproximated by the chi-squared distribution used by ERPA (Curtis and Sham1994). The ASP statistic had the worse power in most cases than the SimIBD,ERPA, or H-E statistics. Goldin and Weeks (1993) also found the ASP statistic tohave less power than the H-E statistic. The SimIBD statistic (average power, 76%)performs better than the ERPA and ASP statistics, but does not surpass the H-Estatistic (average power, 78%) when only the theoretical p-values are used to definepower. When the simulation-based empirical p-values are used, the ASP statistic isagain much less powerful (average power, 65%, data not shown) than otherstatistics but does nearly agree with the results found for the original statistic basedon theoretical p-values. The results from the simulation-based H-E statistic werealso consistent with the original, theoretical results.We expected that the SimISO statistic might have less power than theSimIBD statistic if there were incomplete penetrances, since comparisons betweenunaffecteds involves two sub-groups of unaffecteds: a group of phenotypicallyunaffected (yet genetically susceptible) individuals and a group of unaffectedindividuals who are truly not genetically susceptible. Comparisons between a pairof unaffecteds with one from each group could weaken the evidence for linkage, assuch pairs should be less marker similar than expected. However, while SimISOperformed worse than SimIBD for the least penetrant model (AD) as expected,overall SimISO had the same average power over all models as SimIBD. Thisindicates that inclusion of the unaffected comparison may be beneficial.Finally, the H-E statistic assays marker similarity between all sets of sibpairs including unaffected-affected pairs. Because we condition on unaffecteds’

Davis et al.� 32 �genotypes when simulating genotypes for affecteds (and vice-versa when makingcomparisons between unaffected pairs), we are unable to perform a similar measureof the unaffected-affected pairs with our present statistic. [Note that Ward hasincorporated the unaffected-affected pair comparison into an extension of the APMmethod (Ward 1993).]In terms of optimal study design, it is important to genotype only thoseindividuals who contribute the most information. For complex traits, affectedindividuals contain the majority of the information regarding linkage. Our studyindicates that it is important to type not only the affected individuals, but anyintervening pedigree members who may aid in the determination of IBD sharingbetween pairs of affecteds. This was also pointed out by Risch (1990). Note thatthe powers of the ASP and SimIBD statistics are nearly unchanged when non-intervening unaffecteds are not genotyped; accordingly, it may be unnecessary totype all members of a pedigree in order to have maximum power. In contrast, theH-E statistic, according to our results, requires genotyping of both unaffected andaffected sibs to maintain power.SummaryWe have presented here four new simulation-based statistics � theSimAPM, SimKIN, SimIBD, and SimISO statistics. We have shown that theincorporation of IBD information into measurement of allele sharing betweenaffected relative pairs produces a large increase in power over the APM method(which uses only IBS information). Also, the use of a simulation-based approachhas proven to be a powerful and flexible technique for defining and implementinglinkage methods. The power of our new methods to detect linkage compares

Davis et al.� 33 �favorably to the power of the H-E statistic and exceeds the powers of ASP andERPA statistics. Furthermore, our statistics perform comparisons between allaffected relative pairs within general pedigrees.Future enhancements and researchThe original APM statistic is sensitive to misspecification of allelefrequencies because the expected values under the null hypothesis of no linkage arederived using the population allele frequencies (Babron et al. 1993; Van Eerdeweghet al. 1993). Our new simulation-based statistics should be less sensitive to allelefrequency misspecification than the APM method because their expected values arederived conditional on the observed marker genotypes of the unaffecteds. Forexample, if a pedigree is completely typed and all the affecteds are offspring oftyped unaffecteds, then the SimIBD statistic is completely independent of themarker allele frequencies. As the pedigree becomes more untyped, the sensitivity tomisspecified marker allele frequencies will increase in proportion to the percentageof untyped people. We plan to investigate the sensitivity of the SimIBD, SimISO,and SimKIN statistics to misspecified allele frequencies. Also, note that the powerof the multilocus APM statistic can be significantly higher than that of the singlelocus statistic (Weeks and Lange 1992). We plan to extend these simulation-basedstatistics to allow multilocus linkage analysis.Our simulation-based statistic could be computationally time-consuming onlarge extended pedigrees, so we plan to link it to our parallelized simulationprogram (SLINK-PVM) � written using PVM (Beguelin et al. 1992), a parallelprocessing library � that accelerates the computations by simultaneously using alarge number of networked workstations . Even so, simulations using SLINK-

Davis et al.� 34 �PVM may still be too slow on complex pedigree structures. For those cases, weplan to use a random walk approach for simulation (Lange and Matthysse 1989;Lange and Sobel 1991). The time required for simulation using a random walk is"essentially independent of the number of markers and the structure of the originalpedigrees" (Lange and Sobel 1991, p. 20). We will also investigate the effects ofconditioning on sets of individuals within the pedigree besides the set of all typedunaffecteds when performing simulations.Program availabilityOur computer program implementing the statistics described here isavailable by anonymous ftp from watson.hgen.pitt.edu.

Davis et al.� 35 �AcknowledgmentsWe wish to thank Chris Aston for technical assistance, Carol Haynes forher LINKAGE to SAGE conversion programs, David Curtis for the ERPAsoftware, John Mulvihill for his helpful comments, and Eric Litt for providing theepisodic ataxia family data. Please note that our �SimKIN� is honored to(inadvertantly) share its name with the �SIMKIN� program written by A.W.F.Edwards in 1967 for simulation of gene flow through pedigrees. Portions of theresults of this paper were obtained by using the program package, S.A.G.E.,which is supported by a U.S. Public Health Service Resource Grant (1 P41RR03655) from the Division of Research Resources. This work was supported byNIH grant HG00719, the University of Pittsburgh, the Wellcome Trust Centre forHuman Genetics at the University of Oxford, the Association Fran�aise Contre LesMyopathies (AFM), and the W.M. Keck Center for Advanced Training inComputational Biology at the University of Pittsburgh, Carnegie MellonUniversity, and the Pittsburgh Supercomputing Center.

Davis et al.� 36 �ReferencesAmos CI, Dawson DV, Elston RC (1990) The probabilistic determination ofidentity-by-descent sharing for pairs of relatives from pedigrees. American Journalof Human Genetics 47:842-853Amos CI, Elston RC, Wilson AF, Bailey-Wilson JE (1989) A more powerfulrobust sib-pair test of linkage for quantitative traits. Genet Epidemiol 6:435-449Babron MC, Martinez M, Bonaiti-Pellie C, Clerget-Darpoux F (1993) Linkagedetection by the affected-pedigree-member method: what is really being tested?Genetic Epidemiology 10:389-94Beguelin A, Dongarra J, Geist G, Jiand W, Manchek R, Moor B, Sunderam B(1992) Parallel virtual machine system. Oak Ridge National Laboratory, Oak RidgeBlackwelder WC, Elston RC (1985) A comparison of sib-pair linkage tests fordisease susceptibility loci. Genetic Epidemiology 2:85-98Churchill GA, Doerge RW (1994) Empirical threshold values for quantitative traitmapping. Genetics 138:963-971Cottingham Jr. RW, Idury RM, Schaffer AA (1993) Faster sequential geneticlinkage computations. Am J Hum Genet 53:252-263

Davis et al.� 37 �Cox NJ, Hinkley DV (1974)

Theoretical Statistics. Chapman & Hall, New YorkCurtis D, Sham PC (1994) Using risk calculation to implement an extended relativepair analysis. Annals of Human Genetics 58:151-162Davies JL, Kawaguchi Y, Bennett ST, Copeman JB, Cordell HJ, Pritchard LE,Reed PW, Gough SC, Jenkins SC, Palmer SM et al (1994) A genome-wide searchfor human type 1 diabetes susceptibility genes. Nature 371:130-136Demenais FM, Amos CI (1989) Power of the sib pair and lod score method forlinkage analysis of quantitave traits. In: Elston R, Spence A, Hodge S, MacCluer J(eds) Multipoint mapping and linkage based upon affected members: GeneticAnalysis Workshop 6. Alan R. Liss, pp 201-206Goldin LR, Weeks DE (1993) Two-locus models of disease: comparison oflikelihood and nonparametric linkage methods. American Journal of HumanGenetics 53:908-915Haseman JK, Elston RC (1972) The investigation of linkage between a quantitativetrait and a marker locus. Behav Genet 2:3-19Hashimoto L, Habita C, Beressi JP, Delepine M, Besse C, CambonThomsen A,Deschamps I, Rotter JI, Djoulah S, James MR et al (1994) Genetic mapping of a

Davis et al.� 38 �susceptibility locus for insulin-dependent diabetes mellitus on chromosome 11q.Nature 371:161-164Jacquard A (1974)

The genetic structure of populations. Springer-Verlag, NewYorkKong A, Frigge M, Irwin M, Cox N (1992) Importance Sampling. I. ComputingMultimodel p Values in Linkage Analysis. American Journal of Human Genetics51:1413-1429Lander ES, Schork NJ (1994) Genetic dissection of complex traits. Science265:2037-2048Lange K (1987) An algorithm for automatic genotype elimination. AmericanJournal of Human Genetics 40:250-256Lange K, Matthysse S (1989) Simulation of pedigree genotypes by random walks.Am J Hum Genet 45:959-970Lange K, Sobel E (1991) A random walk method for computing genetic locationscores. Am J Hum Genet 49:1320-1334

Davis et al.� 39 �Litt M, Kramer P, Browne D, Gancher S, Brunt ERP, Root D, Phromchotikul T,Dubay C, Nutt J (1994) A gene for episodic ataxia/myokomia maps to chromosome12p13. Annals of Human Genetics 55:702-709Martinez M, Goldin LR (1990) Power of the linkage test for a heterogeneousdisorder due to two independent inherited causes: a simulation study. GeneticEpidemiology 7:219-320O�Connell JR, Weeks DE (1995) The VITESSE algorithm for rapid multilocuslinkage analysis via genotype set-recoding and fuzzy inheritance. Nature Genetics11:402-408Ott J (1989) Computer-simulation methods in human linkage analysis. Proc NatlAcad Sci USA 86:4175-4178Risch N (1990) Linkage Strategies for Genetically Complex Traits. III. The Effectof Marker Polymorphism on Analysis of Affected Relative Pairs. American Journalof Human Genetics 46:242-253SAGE (1994) Statistical Analysis for Genetic Epidemiology, Release 2.2.Department of Biometry and Genetics, LSU Medical Center, New OrleansSchroeder M, Brown DL, Weeks DE (1994) Improved programs for the affected-pedigree-member method of linkage analysis. Genetic Epidemiology 11:69-74

Davis et al.� 40 �Van Eerdewegh P, Hampe CL, Suarez BK, Reich T (1993) Alzheimer disease: apiscatorial trek. Genet Epidemiol 10:395-400Ward PJ (1993) Some developments on the affected-pedigree-member method oflinkage analysis. American Journal of Human Genetics 52:1200-1215Weeks DE, Lange K (1988) The affected-pedigree-member method of linkageanalysis. American Journal of Human Genetics 42:315-326Weeks DE, Lange K (1992) A multilocus extension of the affected-pedigree-member method of linkage analysis. Am J Hum Genet 50:859-868Weeks DE, Ott J, Lathrop GM (1990) SLINK: a general simulation program forlinkage analysis. American Journal of Human Genetics 47:A204Whittemore AS, Halpern J (1994) A class of tests for linkage using affectedpedigree members. Biometrics 50:118-127

Davis et al.� 41 �Figure LegendsFigure 1. Example pedigree for illustrating recursive computation of the probabilitythat two alleles are IBD.Figure 2. Pedigree structure of the simulated data from Goldin and Weeks (1993).Figure 3. Power at p£0.05 for the SimIBD, SimISO, SimKIN, SimAPM, andAPM statistics when applied to the fully typed simulated data. Refer to the text formodel descriptions.Figure 4. Power at p£0.05 for the SimIBD, SimISO, ASP, H-E, and ERPAstatistics when applied to the fully typed simulated data. Data for the H-E and ASPstatistics are based on theoretical p-values.Figure 5. Power at p£0.05 for SimIBD, ASP, and H-E statistics when applied tosimulated data with various levels of incomplete marker typing (AxB on the X-axissignifies missing marker information for A grandparents and B random members ofthe second generation and proceeds from 0x0 to 2x0, 2x1, 2x2, �, 2x6). Data forthe H-E and ASP statistics are based on theoretical p-values.

Davis et al.� 42 �Figure 1.

1234561 / 21 / 32 / 31 / 22 / 32 / 3

2 / 31 / 39871011

Davis et al.� 43 �Figure 2.

Davis et al.� 44 �Figure 3.

RRDDDRADRDH10H25H500102030405060708090100

Power (%)Model

SimIBD

SimISOSimKINSimAPM APM

Davis et al.� 45 �Figure 4.

RRDDDRADRDH10H25H500102030405060708090100

Power (%)Model

SimIBDSimISO

ASPHE

ERPA

Davis et al.� 46 �Figure 5.

lllllllluuuuuuuunnnnnnnn0x02x60102030405060708090100

Power (%)AD Model lllllllluuuuuuuunnnnnnnn0x02x60102030405060708090100DR Model lllllllluuuuuuuunnnnnnnn0x02x60102030405060708090100RD Model lllllllluuuuuuuunnnnnnnn0x02x60102030405060708090100DD Model lllllllluuuuuuuunnnnnnnn0x02x60102030405060708090100

Power (%)RR Model lllllllluuuuuuuunnnnnnnn0x02x60102030405060708090100H10 Model lllllllluuuuuuuunnnnnnnn0x02x60102030405060708090100H25 Model lllllllluuuuuuuunnnnnnnn0x02x60102030405060708090100H50 Model lASP uSimIBD nHE

Davis et al.� 47 �Table 1Values of the SimAPM, SimKIN, and SimIBD similarity measures for various IBDconditionsIBD STATUS OFALLELES IX AND JYSIMAPM VALUESIMKIN VALUESIMIBD VALUE

Not IBD0.0 or 1.0a0.00.0

Maybe IBD1.0FijP(ix”jy˚|˚G)bIBD1.01.01.0 aThe SimAPM value is 0.0 if the pair of alleles are not IBS and 1.0 if they areIBS. A pair of alleles can be IBS but not IBD.bThe SimIBD value is only an approximation when incomplete marker typing ispresent.

Davis et al.� 48 �Table 2Weighting factors used in recursion rule 1 when both parents are fully typedCHILD TYPE(

B1B2)MATING TYPE(F1F2 X M1M2)VECTOR OF WEIGHTS FOR RULE 1w(F1”B1), w(F2”B1), w(M1”B1), w(M2”B1)

1)iiii x ii14

, 14, 14, 142)iiii x ij14

, 14, 12, 03)iiik x ij12

, 0, 12

, 04)ijii x jj12

, 12, 0, 05) ijii x ij12

, 12, 0, 06) ijij x ij12

, 07)ijik x ij1, 0, 0, 08) ikij x kl1, 0, 0, 0

NOTE � Alleles i, j, k, and l differ in state.

Davis et al.� 49 �Table 3Weighting factors used in recursion rule 2 when both parents are fully typedCHILD TYPE(B)MATING TYPE(F X M)VECTOR OF WEIGHTS FOR RULE 2w(F1”B1, M1”B2), w(F2”B1, M1”B2),w(F1”B1, M2”B2), w(F2”B1, M2”B2)

1)iiii x ii14

, 14, 14, 142)iiii x ij 12

, 12, 0, 03)iiij x ii12

, 0, 12

, 04)iiij x ij1, 0, 0, 05)iiik x ij1, 0, 0, 0

NOTE � Alleles i, j, and k differ in state.

Davis et al.� 50 �Table 4Results of Analysis of Episodic Ataxia PedigreesMARKERDISTANCEBETWEENLOCI(CM)MAX TWO-POINTLOD SCORE(ESTIMATED q)ASPH-ESIMIBDSIMISO

S914.47 (0.142)0.034 *0.022 *0.3750.251

S1000.013.88 (0.104)0.029 *0.012 *0.000 **0.001 **CACNL1A10.012.79 (0.009)0.2530.002 **0.1270.138pY21/10.068.63 (0.019)0.007 **0.000 **0.0640.091KCNA50.018.38 (0.025)0.1330.006 **0.000 **0.000 **S990.0110.79 (0.001)0.0720.001 **0.002 **0.004 **S930.016.46 (0.046)0.0530.000 **0.032 *0.023 *

NOTE � *indicates significance at p£0.05. ** indicates significance at p£0.01.

Davis et al.� 51 �Table 5False-positive ratesNAME OFSTATISTICEXPECTED FALSEPOSITIVE RATEOBSERVED FALSE-POSITIVE RATE

SimIBD0.050.010.0460.009

SimAPM0.050.010.0600.015ASP0.050.010.0580.016H-E0.050.010.0610.016

Davis et al.� 52 �Table 6Comparison of the power of the SimIBD statistic to detect linkage using theconditional simulation approach to that using the unconditional simulation approach(on fully-typed data).ApproachRRDDDRADRDH10H25H50

Conditional100929278562076100

Unconditional100888870561470100