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Analysis, Lod scoreSUPERLINK. is termed complex diseases. One method that has
been pursued in the genetics literature for analyzing
Abstract complex diseases is to compute the likelihood of odds

LOD score) assuming two inheritance models of the
Motivation: The emphasis of genetic linkage anagisease: recessive or dominant, each with 50% pene-
ysis is rapidly shifting from the task of locatingrance, commit to the model that produces the higher
genes responsible for mendelian diseases, for whigBximum score, and correct for multiple tests by sub-
one major gene causes the disease, to identifyifgtting 0.3 from the maximum score (Hodge et al.,
a collection of genes and their interactions whicfyg7: Greenberg et al., 1998). This method, called
govern what is termed complex diseases. MMLS-G has been shown to work well in simulations
Results: We propose a Bayesian averaging approaghreenberg et al., 1998; Abreu et al., 1999; Abreu
based on a known method calledMLS-C The gt a|., 1999; Greenberg and Abreu, 2001) and is used

difference is in the way the likelihood of data, givef real genetic linkage studies (Barrett et al., 2001; Sil-
a specific position of a disease gene, is computggrman et al., 2002).

Given a certain inheritance model, either recessivqn this paper, we propose a Bayesian averaging ap-

or dominant, the likelihood of data is computed bgyroach based oMMLS-C The difference is in the

averaging the likelihood of data given this modglay the likelihood of data, given a specific posi-
over all penetrance values, using a flat prior.

© _ a W%n of a disease gene, is computed. According to
have implemented this approach, called Maximizigge gayesian averaging approach proposed herein, the
BayesianLOD score MBLOD), within SUPERLINK jikelihood of data given an inheritance model, either
(Fishelson and Geiger, 2002), and demonstrated M@essive or dominant, is computed by averaging the
simulations its advantages. _ _ likelihood of data given this model over different pen-
Availability: The programsuPERLINK is available girance values, using a flat prior. ASMMLS-C we

at bioinfo.cs..technion.ac.iI/superIink/temp/\_/l.4.Ihtr‘Tbommit to the model that produces the higher max-
Contact: {fmaayan,rusakov,dan@cs.technion.ac.ilj,,um score, and correct for multiple tests by sub-

tracting 0.3 from the maximum score. We have im-
plemented this approach, which we call Maximizing
BayesianLOD score MBLOD), within SUPERLINK
(Fishelson and Geiger, 2002), a genetic linkage analy-

The emphasis of genetic linkage analysis is rapidﬁ's program based on Bayesian networks, and demon-

g ) ) Sfated via simulations the advantages of Bayesian av-
shifting from the task of locating single genes caus-_ . . I :
) . i > . eraging in the context of genetic linkage analysis.
ing mendelian diseases to locating a collection of dis-

Our evaluation methodology follows that of
*These authors contributed equally to this work. (Greenberg et al., 1998; Durner et al., 1999). We gen-
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erated pedigree data assuming various complex mbor occurs between two loci is called thecombi-
els of inheritance in which the disease is caused igtion fractionand is denoted by. The recombi-
two, three, or four genes. The location of one oftion fraction is a measure of the distance between
the genes is recovered using our method and prawe loci. For a comprehensive background on hu-
ous methods. We have shown tiVLS-Cperforms man genetic linkage analysis consult (Terwilliger and
well on inheritance models that have not been testett, 1994; Lange, 1997; Ott, 1999).
before, and on larger families than used in previousThe input for a genetic linkage problem consists of
simulation studies. For the complex inheritance maimily trees, called pedigrees, phenotype description
els we testedMBLOD has higher predictive powerof people in the pedigree at the trait studied (affected,
thanMMLS-CandNPL, on the average. unaffected, or unknown), and partial unordered geno-
The implementation oMMLS-CandMBLOD into type information for people at marker loci. The output
SUPERLINK makes this program readily available tof genetic linkage analysis is the most probable loca-
analyze a variety of complex genetic diseases. Its abitn of a disease gene under study. This is traditionally
ity to perform computations on larger pedigrees thaone by placing a hypothetical disease locus some-
other programs (Fishelson and Geiger, 2002) raisesere within a map of markers and computing the
the hope that the additional predictive power gainpdobability of data given that specific location which
due to larger pedigrees and due to M8LOD ap- is represented as the recombination fractions between
proach proposed herein will help decipher additiortdle disease locus and its closest flanking markers. The
inheritance mechanisms of complex diseases. position which produces the highest probability (and
The paper is organized as follows. Sectionsit2 vicinity) is the location declared to contain a dis-
and 3 introduce selected background on genetic lildase gene, provided the result is statistically signifi-
age analysis. Section 4 describes the Bayesian acent.
aging method we propose. In Section 5 we describéPedigrees are represented naturally using the fol-
complex inheritance models used for simulation studwing types of variables and probability tables:
ies. Experimental results are reported in Section 6. Fi-

nally, Section 7 summarizes and outlines future work.® Genetic Loci. For each individual and locus
J, we define two random variables; ;,, G;

whose values are the specific alleles at logus
2 Gendic Linkage Analysis individual i’s paternal and maternal haplotypes,

respectively.
A locusis the location on the chromosome ofane
or amarker. Common markers are short tandem re-*®
peats of two, three, or four nucleotides. Each gene,
or marker, can appear in several different forms, or
alleles The different alleles of markers are the dif-
ferent number of repeats. In diploid organisms, such,
as humans, each individual carries two copies of each
autosomal locus, one copy inherited from each par-
ent. The sequence of alleles at different loci inherited
by an individual from one parentis called a haplotype,e Selector Variables. For each individual and
and the two haplotypes of an individual constitute this marker locusj, we define two binary random
individual's genotype. When genotypes are measured, variablesS; ;, andsS; ;,,,, the values of which are
the resultis a list of unordered pairs of alleles, one pair determined as follows. if denotes’s father and
for each locus. The standard measurement procedures » denotes’s mother, then
do not distinguish between the paternal and maternal _
alleles at each locus. g . { 0 if Gijp = Gajp

A recombinationis said to have occurred between wp L if Gijp = Gajm

two loci, if an haplotype of an individual contains
alleles that resided in different haplotypes in the in- S, ;,,, is defined in a similar way, witlh replac-
dividual's parent. The probability that a recombina- ing a. These variables are hidden, though their

Marker Phenotypes. For each individuat and
marker locusj, we define a random variablg ;
whose value is the specific unordered pair of al-
leles measured at locy<f individual:.

Disease Phenotypes. For each individuat, we
define a binary random variablfé whose values
are affected or unaffected.
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values can sometimes be inferred indirectly from where/ is the normal allele at disease locjs
pedigree data. and d is the mutant allele. Adominant inher-
itance modelM,; with penetrance probability

The probability tables which relate these variables definesPr(P; | G, j,, G; ;m) as follows:
are of the following forms:

{ o If Gi,jp =dor Gi,jm =d
Transmission Models: 0 otherwise

Pr(Gijp | Gap) Gajm, Sijp), Th

Pr(Gism | Gy Gojms Sim), Wherea and b e most general one-locus penetrance model
arei’s parents in the pedigree. These tables are d€finesPr(F; | Gi;p, Gi ;) as follows:
deterministic, namely, consist solely of zeroes
and ones. The first probability table equals 1, if
Gijp = GojpandsS; ;, = 0orif G, ;, = Gojm .. B B
an(jjpSmp —"1. In all other cases, this probability {3 :; g”p _ Zgﬂg g”m _ Z

table equals 0. The second probability table is 3 wIp LI

defined analogously. Note that if mutations need Normally, f, is taken to be equal tg, except

to be modelled, then these tables are no longer \yhen the model takes into account whether the
deterministic. source of the mutant allelé is the father or
Marker Models: mother, a phenomena that is termmadental im-

Pr(P; | Gisp Giim). These tables are also printing. Furthermore, the disease status may de-
2,] 1,JP» ,Jm )

deterministic. The probability table equals 1 if ~Pend on several loci which can interactn various
P = (Gi, .G- ) OFif Py = (G s Giiy) ways to determine the penetrance of a disease,
) T 1,JP» 1,)m ,] T ,JMm > ,Jp/)"

L ol such as epistasis, suppression, complementar
Otherwise it equals 0. If measurement errors X bp P y

need to be introduced, then these tables are no gene action, duplication .Of genes. These models,
longer deterministic ’ among others, are described in Section 5.

fl |f Gi,jp = h and Gi,jm - h
fg if Gi,jp = h and Gi,jm =d

Recombination Models: The above notation needs to be slightly modified in

Pr(Si1,) = Pr(S;im) _ 0.5 the case of markers and disease loci that reside on sex
1,1p) — ,dm ) — Y-y

Pr(Sijp | Sij-1p,0;-1) and chromosomes. .

Pr(Siim | Siioim:0;-1), where,_; is the re- Pedigree data is an assignmef values to a sub-

Coméiﬁgtionzﬁaﬁbﬁ between Ioc]yisr 1 and lo- S€tE of marker and disease phenotype variables. The

cus. If either j or j — 1 is a disease locus, thefprobability of dataPr(E = e | ¢) is computed

the parameteé; , is unknown and is varied toby assigning a specifi_c value to each measured vari-
maximize the Srobability of data. able, and then summing the product of all the prob-

ability tables just described over all possible values
Population Allele Frequencies. Pr(G;,), for the rest of the variables. The likelihood function
Pr(G; ) are allele frequencies, wheieis a Pr(E = e|0)is maximized w.r.t. the recombination
founder namely, an individual in the pedigredractiont which determines the possible positions of a
whose biological parents are not included in tifésease gene. The variables and probability tables de-

pedigree. scribed above define a Bayesian network (Friedman
et al., 2000; Fishelson and Geiger, 2002).
Inheritance M odels: The significance of the best recombination fraction

Pr(P; | Gijp,Gijm). The inheritance models) = ¢, is normally determined using tHeOD score
are the main focus of this paper. rAcessive in- defined for an inheritance mod&l (say recessivé/,
heritance model, with penetrance probabilityor dominant)/,) along with a given penetrance prob-
« defines the probability table ability «:
Pr(P; | G;jp, Gi jm) as follows:
P(Datal0;,a, M)
(Data|0 = 0.5, e, M)

(1

a if Gi,jp =dand Gi,jm =d
0 otherwise



where, is the likelihood ratio. The classical practicehe chromosome to some marker, than, for all mod-
is to declare that linkage has been found betweeels of inheritance, it segregates with that marker to
disease gene and a location on a chromosome wh#springs more often then random segregation. For
theLOD score is above 3. The threshold of 3 approgxample, two siblings share on the average one allele
imately corresponds to a p-value of 0.05 for detectiagjeach position on the chromosome. However, if one
true linkage (Ott, 1999). Genetics texts and pap@isserves thaaffectedsiblings share on the average
warn from performingLOD score calculations withmore than one allele at a specific location, one may
several different inheritance models and penetranaamclude that a disease gene resides near that marker.
and choosing the highest outcome, because in sbldn-parametric methods are appealing because one
practice a_OD score of 3 no longer corresponds to @es not have to specify a model of inheritance or
p-value of 0.05, often yielding unacceptably many grenetrances, and yet, suspected areas for the location
roneous proposals for disease genes’ locations. Satlisease genes are determined. Indeed these meth-
errors are said to be of type I. ods, and especiallPLusing theGENEHUNTERSOft-

Almost all analyses of linkage are done by compaware (Kruglyak et al., 1996), are currently the leading
ing the probability of pedigree data assuming a speethods in the study of complex diseases.

cific disease gene locatiofh,= ¢,, versus the proba- The simplicity of these non-parametric methods
bility of the null hypothesisg = 0.5, that the diseasecomes at a statistical cost since they do not use the
gene is on a different chromosome, or far on the sagitire data. They only use affected individuals, ne-
chromosome. There is some effort however to intrgtecting information due to healthy members of the
duce a Bayesian approach which requires the spegidigrees.

fication of a prior on the true_location of the diseaseAbreu et al. (1999) show thatPL scores follow
genes (Vieland, 1998). The interpretation of the rg-, o distribution, which allows one to transform

sults of a linkage study in the Bayesian framewo L to LOD scores viaNPL2/(2In 10) ~ LOD for

is simply the probability of linkage as a function 0érfficiently large samples. We refer to the transformed

the location on the genetic map. Nevertheless, t BL score asdjusted scoréor NPL

method is not widely used in linkage studies. _
Greenberg et al. (1998) proposed the following
method. Find the maximurbOD score for a given
: : map of genetic markers assuming a dominant inheri-
3 Lmkage Analyss for Complex tance model with 50% penetrance. Repeat the same
Diseases computation assuming a recessive inheritance model
with 50% penetrance. Commit to the model that

Complex diseases are diseases controlled by seve¢gres higher and use th@®D score of the selected
genes, whose influence may or may not interact wifdel minus 0.3. This method is term&MLS-C
external factors such as, say, obesity. For compfé% Maximizing Maximum Lod Score using a Correc-
diseases the problem of type | errors in standard lirflen. The computed value is referred to as dogusted
age analysis is magnified considerably. One norma¥gorefor MMLS-C and is denoted by'. The correc-
does not know which inheritance model and periéan of 0.3, which equalbyg,, 2, compensates for test-
trance values to use, and computib@D scores for ing two models rather than one (Hodge et al., 1997).
many different models will often yield eventually dhe correction ofog,, g for g tests is a standard cor-
high but meaninglesisOD score. rection (Qtt, 1999). In other Wprds, 20D score of
There are several methods to detect linkage that &y obtained using two tests gives the same or better
to avoid the model-based approach. Among thdgel of type I errors than &0D score of 3 obtained
methods, which are calledon-parametric are Af- USIng one test.
fected Sib-Pairs (ASP) (Suarez and Van EerdeweghExtensive simulations have been performed demon-
1984), Affected Sibships (Ethier and Hodge, 198%)rating convincingly that the simple model-based
Affected Pedigree Members (APM) (Weeks amdethodMMLS-C has stronger power to detect dis-
Lange, 1988), and Non-Parametric Linkage (NPEpse genes even for complex diseases, than the de-
(Kruglyak et al., 1996). These methods are bassxtibed non-parametric methods (Greenberg et al.,
on the fact that if a disease gene is located closeX898; Abreu et al., 1999; Durner et al., 1999; Green-
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berg and Abreu, 2001). It has been shown for sevNote that BLOD score generalizes the standard

eral complex inheritance models that when testing 1o®D score computations. Had we placed all the mass

linkage, the inheritance model at the linked locus bea a specific penetrance valagthen theBLOD score

ing examined is important in the detection of linkagesould have reduced to the LOD score for the specified

and not the overall inheritance model of the diseaggheritance model with the specified penetrance.

The effect of the other loci can be subsumed in the reFrom a user's perspective our method is non-

duced penetrance with relatively little loss of power fmarametric in the sense that a user need not specify

detect linkage (Abreu et al., 1999). This is the appar-model of inheritance or penetrances, however, the

ent reasorMMLS-Cis so successful, albeit the 50%omputations done are clearly model-based, taking in-

penetrance value selected MMLS-Cis a bit arbi- heritance models and penetrances into account.

trary. A LOD score of 3 is the standard threshold for

declaring linkage. It is based on the well known fact

. that P(L£L > 10°) < 10~ where L is the likelihood

4  Averaging of Penetrances ratio. The same reasoning yields a threshold of 3 for

_ _ ~ BLOD, provided that the probability of the null hy-
We propose to take uncertainty regarding both inhegothesis can be written as

tance model and penetrance value into account in the
prediction of disease loci position, as follows. P(Datalf = 0.5) = /P(Data|9 = 0.5, a)u(a)da.

We consider a class of inheritance modgis cur-
rently consisting of recessiv&/y and dominant\/p
models. For each inheritance moddl € M, we 5§ |nheritance Models
specify a prior probability:(«| M) of penetrance val-
ues given the model/. In this paper we select a flajye generated data under different complex disease in-
prior for the penetrances given an inheritance modgbritance models. The first nine are two-locus models
namely, u(a|Mg) = p(e|M,) = 1for 0 < o < 1. (Fig 1). The next four are three-locus and four-locus
The likelihood of the data given an inheritance modgisease models, which generalize the respective two-
and a specific location of a disease gene is compuigeis models. For all models presented below we de-
as follows: scribe the condition necessary for an individual to be

affected with probabilitye, which is the penetrance
P(Datal0, M) = /P(Dataw,a, M)p(a|M)da  value.

_ _ (2) Additive2 Model (Add2). A total of at least two
Eq (2) is based on the assumption that the pridiutant alleles at the two disease loci are required for
n(ald, M) = p(a|M) does not depend on the true laa person to be affected.
cation of a disease getﬂeWe now define the fOHOW.'AdditiveS Model (Add3). A total of at least three
ing BLOD score for evaluating linkage for any partic- , , :
mutant alleles at the two disease loci are required for

ular disease locus for a specific model of inheritance:
a’person to be affected.

3) Additived Model (Add4, also termed Epistatic
Model RR). A total of four mutant alleles at the two

disease loci are required for a person to be affected.

where P(Datal6, M) is computed via Eq. (1). NoteThis model corresponds to the known phenomenon of
that we fall short of specifying a prior fat/ and for gene duplication
e e aDDIOach, o EPISAic Mode DD. AL east ane mutant alle a
imum BLOD score assuming two inheritance moiach of the two disease loci is required for a person to
els, recessive or dominant, commits to the inheritarite affected.

model that produced the higher maxim&hOD, and Epistatic Model DR. At least one mutant allele at
corrects for multiple testing by subtracting 0.3 frorthe linked disease locus and two mutant alleles at the
the maximumBLOD. The value computed is referredinlinked disease locus are required for a person to be

to as theadjusted scoréor MBLOD. affected.

P(Datal0, M)
(Datald = 0.5, M)’

BLOD(6, M) = log,, 2



Epistatic Model RD. Two mutant alleles at the linked ——Add2 Add3 Add4 (RR)
disease locus and at least one mutant allele at the u .-0 0| a 0100 01010
linked disease locus are required for a person to be’ | @ | @ 0/0]a 01010
affected. ajala 0lala 0/0]a
Complementary Action Model R+R. At least two DD DR RD
mutant alleles at one of the two disease loci are retY | 0 | 0 01010 0/010
quired for a person to be affected. This model corre1 0 | @ | @ 010]a 0100
sponds to the known phenomenoncoimplementary 0 1@ | @ 0j0]a Ojala
gene action R+R D+D ROR
Model D+D. At least one mutant allele at one of the | 0| U | @ Olala 0]0]a
two disease loci is required for a person to be affected. 9 | 0 | @ aja|a 0]0]a
This model also corresponds to the phenomenon of® | ¢ | & ajo|o aja]l

complementary gene action Figure 1: Penetrance Tables for the Two-locus I nheri-

Suppression Model RgR. Two mutant alleles attance Models. The rows correspond to the linked disease
one of the two disease loci and at most one mutésdus, and the columns correspond to the unlinked disease
allele at the other disease locus are required fofoaus. Both relate to the following phenotypes in the re-
person to be affected. This model corresponds to #pective orderhh, hd, dd(h represents the normal allele
phenomenon aduppression andd the mutant allele).

The following four models are three-locus and four- . . ,
locus disease models. set so that the population prevalence is approximately

1%. For all models, the penetranee= 1.0 was used.
Gene Duplication Model (R?, R*). Two mutant al- For each inheritance model in each experiment, 100
leles at each of the three, or four, disease loci are &ts of 20 random families were simulated. The inher-
quired for a person to be affected. itance models along with the parameters used for gen-

Complementary Gene Action Model (3 4R, erating the data are termed generating models (GMs).
> ,R). At least two mutant alleles at one of the Several sets of experiments were performed. In the
three, or four, disease loci are required for a persorfifist experiment (Tables 1, 2), we used all 13 models
be affected. listed in Section 5 to analyze pedigree data consisting
of nuclear families with 2 to 5 children. The analy-
sis used one marker with 2 alleles of equal frequen-
6 Experimental Results cies. In the next two experiments, 6 inheritance mod-
els, RR,RD,DR,DD,R + R,R @ R, were used.
The experiments compare the predictive power lof the second experiment (Table 3, Figure 3), pedi-
MBLOD versusMMLS-C and NPL on a variety of gree data consisted of three-generation families of 12
realistic simulated data sets, and show its superitdividuals. The third experiment (Tables 3, 4) was
ity for most generating models examined. Run timbssed on a multipoint analysis with 5 markers, each
of MBLOD are 2-5 fold slower compared tdMLS- with 2 alleles of equal frequencies, with recombina-
C, which may limit its applicability for large datation of 0.1 between the markers. Pedigree data for this
sets. All experiments useUPERLINK (Fishelson and experiment consisted of nuclear families. For each ex-
Geiger, 2002) foMBLOD and MMLS-C scores and periment we present the average adjusted LOD-score
GENEHUNTER(Kruglyak et al., 1996) foNPL scores computed by each analysis method, and the power to
via the optionNPL,;. detect linkage achieved by each one. Power is de-
Data was generated using a simulation program, fiéed as the percentage of data sets in which the given
taining only families which included at least two afstatistic reached a given significance level. For each
fected siblings. In all generating models, one of tlaamalysis, the average adjusted score, denoted, by
disease loci is linked to the marker mapdat 0.01, computed as an average over 100 data sets.
and the other disease loci are unlinked. The frequendables 1-4 and Figure 3 show that the power and
cies of the of mutant alleles at the disease loci wexeerage adjusted scor&) are usually highest using
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MBLOD and lowest usingNPL. children, assuming dominant inheritance model with
In the fourth experiment we used tiRetR Model 50% penetrance and assuming the disease loeus is
to test the power increase MBLOD, MMLS-C and linked There were only two data sets for which the
NPL, as the number of nuclear families segregatiagjusted score faiIBLOD exceeded the value 3, lead-
the disease increased. Nuclear families with progang to a measured type | error rate of 0.0002 in this
generated according to the negative-binomial distrimample, far below the requiremeMMLS-CandNPL

tion with mean 2.8 and variance 5.3 (Cavalli-Sforzred only once.
and Bodmer, 1971) were analyzed using one marker

with 5 alleles of equal frequencies. Figure 2 summa-

rizes the results showing that starting from 3 familie ) )
MBLOD retained the highest power for all levels o% Discussion
evidential support.

B _ In this paper we defined titdBLOD method for ge-

NMLSC netic linkage analysis and tested it on simulated data

sets. The results confirm th&MLS-C should be

preferred oveNPL in analyzing complex diseases.
Furthermore,MBLOD provided higher power than
MMLS-Cfor two-locus disease models (Tables 2 and
4, Figure 3), at the cost of larger run time. For
three-locus and four-locus models testddMLS-C
andMBLOD had similar (high) power.

The flat prior chosen for the penetranaein the
MBLOD method can be replaced by other prior dis-
. ‘ ‘ ‘ tributions. A particularly appealing choice is a Beta
° ° stamiies ® ®  prior u(a) oc a® (1 — )1, whereng = a+bis the
imaginary sample size and (a + b) is the maximum
Figure 2: Power of each method for tiR+R model as a of the Beta distribution. The Beta distribution is a spe-
function of the number of nuclear families segregating tigy| case of the Dirichlet distribution which serves as

disease. Each point is based on 100 data sets of x nuGeapnjugate prior for multinomial sampling. Choosing
families. large values for,, sharpens the peak around the max-

multiplicative model with three disease loci. If afonfidence of the user regarding the prior penetrance
individual is homozygous for the mutant allele in aff- Choosing large values for the hyper-parameter
three disease loci, then the penetrance®isif an in- @nd making equal toa is asymptotically equivalent
dividual is homozygous for the mutant allele in onl{p @sserting that: = 0.5 with certainty. If the num-
two of the disease loci, then the penetranca?sin DPer of loci known to cause a complex disease is above
all other cases the penetrance is zero. A modeldfertain number, one may want to place the maxi-
this spirit may be used for explaining the inheritandBUM Ofy(a), say at™", or another function of, with

of the short-segment Hirschsprung disease (Gabfgfalue for, that depends on the evidence supporting
et al., 2002). The power results fotPL, MMLS-C, the constant. Such priors have not been incorporated
andMBLOD, assuming = 0.8, were 0.32, 0.60, and"0r tested so far. Furthermore, one may use more than
of 0.94. 0.96. and 0.96. prior can be introduced.

A final experiment tested whether the rate of type | Finally, the performance d¥iIBLOD should be fur-
errors introduced by theIMLS-CandMBLOD meth- ther evaluated as a function of pedigree size and struc-
ods is indeed under the required level of 0.001, mse, number of markers and their degree of polymor-
guaranteed by theory. We generated 10,000 dphasm, true location of the linked disease gene, and
sets each consisting of 20 nuclear families with 2-atiditional inheritance models.

1

0.8 -

0.6 -

Power

0.4 -

0.2
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Table 1: Average Z scores for different Generating ModelS1§} for one-marker analysis on nuclear family

data, using three types of analysis methods. Standardtamsare given in parenthesis.

GM MBLOD MMLS-C NPL

Additive2: 4.01(1.86) 3.65(1.64) 2.35(1.13)
Additive3 1.74(1.27) 1.25(1.06) 1.54(0.91)
Epistatic (RR) 4.35(1.69) 3.97(1.54) 2.46(1.18)
Epistatic (DD) 2.47(1.27) 2.09(1.10) 2.13(1.00)
Epistatic (DR) 3.80(1.75) 3.51(1.50) 2.21(0.93)
Epistatic (RD) 3.16(1.51) 2.97(1.36) 2.34(0.98)
Complementation (R+R) 3.91(1.81) 3.66(1.64) 2.31(1.10)
Complementation (D+D) 2.21(1.52) 1.50(1.15) 1.90(1.11)
Suppression (R @ R) 4.00(1.77) 3.80(1.62) 2.39(1.08)
R3 5.28(1.63) 4.81(1.41) 2.35(0.96)
R4 5.40(1.71) 4.92(1.49) 2.47(1.10)
> 3R 5.21(1.82) 4.77(1.54) 2.50(0.97)
> 4R 5.38(1.59) 5.03(1.39) 2.53(1.02)

Table 2: Power to achieve a given Z value, for one-markenamabn nuclear family data.

Z=20 Z=3.0 Z=40

GM MBLOD MMLS-C NPL MBLOD MMLS-C NPL MBLOD MMLS-C NPL
Add2 0.87 0.83 0.56| 0.65 0.60 0.24| 047 0.42 0.06
Add3 0.37 0.24 0.31] 0.20 0.07 0.06| 0.04 0.02 0

RR 0.93 0.9 0.62| 0.77 0.70 0.27| 054 0.48 0.08
DD 0.6 0.51 0.48 0.35 0.19 0.20, 0.14 0.05 0.07
DR 0.84 0.82 0.56| 0.66 0.63 0.18| 0.47 0.38 0.05
RD 0.74 0.75 0.63| 054 0.47 0.24| 0.32 0.26 0.08
R+R 0.87 0.85 0.53| 0.66 0.62 0.18| 0.43 0.35 0.07
D+D 0.49 0.29 0.41 0.30 0.10 0.17| 0.2 0.06 0.04
R®R 0.86 0.85 0.62| 0.70 0.68 0.22| 045 0.44 0.08
R3 0.99 0.98 0.56| 091 0.90 0.24| 0.77 0.69 0.06
R* 0.97 0.97 0.61| 092 0.91 0.26/ 0.8 0.71 0.07
> 3R 0.95 0.96 0.67| 0.88 0.86 0.25| 0.76 0.7 0.06
> 4R 0.99 0.99 0.64| 0.92 0.93 0.29| 0.79 0.78 0.11

Table 3: Average Z scores for different Generating Modeséngithree types of analysis methods. Standard
deviations are given in parenthesis. The first 3 columng tefene-marker analysis on 3-generation family
data. The next 3 columns refer to five-marker analysis onaardamily data.

Experiment 2
GM MBLOD  MMLS-C NPL MBLOD
Epistatic (RR) 3.53(1.72) 3.08(1.50) 1.90(0.96) 8.72(2.27)
Epistatic (DD) 1.45(1.17) 1.32(1.04) 1.57(0.84) | 6.21(1.74)
Epistatic (DR) 3.59(1.65) 3.19(1.42) 1.84(0.78)5.52(2.15)
Epistatic (RD) 246(1.41) 2.19(1.24) 1.75(0.95)4.18(1.82)
Complementation (R+R) || 1.99(1.32) 1.69(1.30) 1.36(1.07)8.83(2.11)
Suppression (R®R) 2.26(1.41) 1.93(1.29) 1.35(0.88)8.43(1.90)

Experiment 3

MMLS-C NPL
7.80(1.83) 4.66(1.22)
4.30(1.65) 4.53(1.23)
5.21(1.94) 4.62(1.35)
3.81(1.70) 3.20(0.88)
7.92(1.82) 4.79(1.23)
7.57(1.74) 8.43(1.90)




Table 4: Power to achieve a given Z value, for five-markerysiglon nuclear family data.

Z2=20 Z=3.0 Z=4.0
GM MBLOD MMLS-C NPL MBLOD MMLS-C NPL MBLOD MMLS-C NPL
RR 0.99 1.0 1.0 0.98 0.99 0.93| 097 0.97 0.67
DD 0.99 0.9 0.99 0.97 0.81 091, 0.9 0.59 0.62
DR 0.94 094 099 0.9 0.88 091 0.85 0.78 0.69
RD 0.87 0.86 0.91 0.7 0.68 0.61| 0.56 0.41 0.2
R+R 0.99 1.0 1.0 0.99 0.99 0.96| 0.99 0.98 0.69
R&R 1.0 1.0 0.98 1.0 1.0 0.91| 0.98 0.97 0.71
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Figure 3: Power curves to achieve a given Z value for the BpsRR, Epistatic DD, Epistatic DR, Epistatic
RD, Complementation R+R, and SuppressianRRModels, for one-marker analysis on 3-generation family

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

X
* K
KRk

1 2 3 4 5 6
Adjusted Lod Score (Z)
N MBLOD —+—
i
s MMLS-C ---x---
Fx OO NPL -~
X%
“ .
*.
¥ Xx\
. X 4
* X
X
X\
X > A
><\
* XX
* X
® X
* X 4
* &x
¥)§ XXX
. X%
F X, Fx,
KK KXXX;
L L L bz e
1 2 3 4 5 6
Adjusted Lod Score (Z)
MBLOD —+—
MMLS-C -
NPL -
%* ]
%X
* %
X 1
L
*x %%
LR
% 4
X
£ \
x X
P
X\
2.
%: XXX i
% X,
*’( X\
*. KKK
XXX%%X
) ) ) Hop kK X% TT L
1 2 4 5 6

3
Adjusted Lod Score (Z)

(e) R+R Model

Power

Power

Power

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

MBLOD —+—
* MMLS-C ---x---
. NPL -
*
%.
| %
X X
k%
X RNy
XX x
X N
XX
oy
X%
*Ex,
H‘*ﬁ@‘xxx, ¢
| | | Ko k¥
1 2 3 4 5
Adjusted Lod Score (2)
T
* MBLOD —+—
MMLS-C ---x---
NPL -
%‘X‘
X350
* %
%\
%%
Ky X%
PR
X
% XXX
"*. Sex
%
ES X,
* XX
Xx XX
* X,
* XX%
y *X
X-,g XX X
X%x—x%% X
X*x—x ‘><—><—><X
. . . e S
1 2 3 4 5
Adjusted Lod Score (Z)
T
MBLOD —+—
MMLS-C ---x---
WX NPL
-

Foex XXy
e X
% Yo
", s
* *x
Yo XKy
I I I FHEK ke 3%
1 2 4 5

3
Adjusted Lod Score (2)

(H R®R Model

data. In all modelsMBLOD shows the highest power féf > 3.
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