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I. SUMMARY

Eaves and Sullivan -
Transmission disequilibrium tests (TDTs) provide an approach to the detec~

tion of associations between alleles at marker loci and risk of complex disor~

ders. The logistic regression approach to TDTs proposed by Sham and Curtis
(1995) is generalized to provide separate tests of the main effects of marker
loci on genetic risk and genotype - environment interaction (G X E)· arising
because tuultiple alleles differ in their sensitivity to specified environmental
covariates. A modification of the same model may be used to detect the
effects of genomic imprinting on the expression of susceptibility loci. In the
presence of G X E, highly significant genetic effects may be present that will
not produce marked twin or sibling resemblance and will not yield significant
associations in conventional TDTs. However, simulation studies show how
the logistic regression model can be used to detect the main effects of marker
alleles and their interaction with covariates on continuous outcomes in off~

spring -parent trios, pairs of siblings and their parents, and monozygotic twin
pairs and their parents. TDT tests with MZ with twin pairs permit the detec~

tion of alleles whose primary effects on the phenotype are mediated through
the control of sensitivity to latent features of the within..family environment.
It is shown that although the genotype - environment correlation caused by
the environmental effects of parental alleles on offspring phenotypes can pro~

duce spurious marker-phenotype association in population studies, the out~

come of TDTs is not biased thereby.

II. INTRODUCTION

Although genetic linkage studies provide a powerful approach for detecting the
effects of individual genes on complex traits, it is commonly accepted that asso~

ciation studies may provide greater power and precision for localizing specific
genes. The simplicity of association studies is especially appealing for testing the
impact of candidate loci on complex phenotypes, since these are equivalent to
completely correlated susceptibility and marker alleles.

Population studies and case-control association studies can be serious..
ly misleading (see, e.g., Sham, 1998, for a summary of the issues). Factors that
create genetic association within and among sibships ("real" linkage, pleiotropy,
and linkage disequilibrium) are confounded with a variety of spurious factors
(e.g., population stratification, assortative mating) that create additional genet..
ic associations among but not within families.

A variety of strategies have been developed to provide tests of associa..
tion between marker alleles and outcomes that reflect only the segregation of
genetic effects within fatuilies, thus eliminating the spurious effects confounded
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genetic differences among families. Among these approaches, the 1110St ele-
appear to be those that examine the pattern of parental alleles transmitted
not transmitted to offspring in different phenotypic classes (e.g., Rubin--

et aI., 1981; Falk and Rubinstein, 1987; Terwilliger and Ott, 1992). Spiel-
et aL (1993) proposed the transmission disequilibrium test (TDT), which
on the distortion from 0.5 in the probabilities of marker allele transmis-

sion from heterozygous parents to affected offspring.
Several approaches have been suggested for the analysis of TDT data
and Sommer, 1993; Knapp et aI., 1995). Of particular interest is the

of Sham and Curtis (1995), who proposed a simple and flexible
method for TDT analysis of samples involving loci with multiple alleles based
on logistic regression. Although they developed their own computer program,
ETDT, for their approach, the authors indicate that it is easily implel11ented in
standard software for statistical analysis. Waldman et al. have formulated a logis-
tic regression model for TDT involving the two--allele case and continuous
outcome measures. They note that this approach allows for the inclusion of
covariates and interaction between a candidate locus luoderator variables such
as indices of environmental exposure.

The principal thrust of association studies has been the detection of
the main effects of alleles at marker loci on risk to disease outcomes. This is an
understandable initial focus in the process of gene discovery. However, genetic
risk to some complex disorders luay reflect the effects of alleles whose influences
are expressed in some environments but not others. Such genotype-environ-
ment interactions (G X E) have long been recognized as components of the
genetic architecture of complex traits (see, e.g., Mather and Jinks, 1983), but
their detection in humans has been restricted by our ability to characterize can-
didate loci and the salient environments (Martin et aI., 1987). The example of
interaction between allelic variants at the TFGA locus and l11aternal smoking
in risk for cleft palate (Christensen et al., 1999) suggests that such interactions
are only awaiting investigators with the energy to look carefully. Several other
genetic mechanisms have formal consequences that are similar to those of G X

E. These mechanisms include age--dependent gene expression (e.g., Eaves et al.,
1986), in which age functions as the "environment" that interacts with geno-
type; genomic imprinting (e.g., Hall, 1990), in which the salient "environment"
is the sex of the transmitting parent; and certain genetic mechanisms for cotuor-
bidity in which the "environment" is one or more associated clinical outcomes.

Such interactions between covariates and the effect of alleles at candi-
date loci can be specified easily in the basic logistic regression l110del proposed
by Sham and Curtis for TDT analysis, thus opening th.e way to screening loci
and environtuents for a variety of G X E interactions. Like the original model
proposed by these authors, the extended approach can be implemented in
standard statistical software such as SAS, to capitalize on the flexibility of
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proprietary software for the rnanagement of complex data sets involving many
risk factors and outcolnes.

III. MODEL FOR GENETIC AND ENVIRONMENTAL RISK

Denote the phenotypic status (affected or not affected) of the ith offspring by
Ai' Ai == lif the offspring is affected, 0 otherwise. Let - 00 < Yi < co be the
(continuous) liability of the ith individual to a given disorder. Yi is a function of
genetic and environmental effects. The probability that the ith individual is
affected is assumed to be

1
P(A; == 1) == 1' + e- Yi '

(16.1 )

The liability Yi is a function of the offspring's maternally and paternally derived
alleles (mi and Pi' respectively) and the offspring's environluent. The latter is
assumed to be due to two independent factors: environmental effects that
can be Ineasured (e) and a residual random environmental term, ri, that is
unmeasured.

Thus we write

(16.2 )

where ali is the effect of the maternal allele, mi' and a2i that of the paternally
derived allele Pi' The "environluental sensitivity" parameters bu and bZi are
the regressions of liability on the measured environment resulting from the
maternal and paternal alleles, respectively. If the a's are the same for all alle-
les, then there will be no overall genetic effect on risk. Genetic effects are
created by interallelic variation among the a's. The model aSSUInes no dOIni-
nance; that is, there are no interactions between alleles derived from Inother
and father. In the absence of imprinting, the a's will be the same in maternally
and paternally derived alleles. The effects of imprinting are represented by
setting ali aZi for SOine i. If the b's are all zero, the measured environment has
no effect on risk. If the b's are constant across alleles, then there is a main
effect of the Ineasured environment but no genotype-environment interac-
tion (G X E). If the b's differ across alleles, then the alleles generate differ-
ences in sensitivity to the environment, and there will be additional variation
due to G X E (cf. references from Mather and Jinks, 1983). This is essentially
the same model for G X E proposed for segregation analysis (Eaves, 1984).
The "model represented by Equation (16.2) assumes that the paternal and
maternal genotypes have no environinental effects on the outcome (i.e., no
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genotype - environment correlation). Such effects may be added to the model
by extending this relation to include an environmental term that regresses on
the alleles in the maternal and paternal genotype (regardless of whether they
are transmitted).

A. Model for logistic regression of TDT data

Let i and j, i ¥= j, denote the two alleles in a parent at a putative susceptibility
locus. For the alleles in a given offspring derived from this parent, we define a
response variable, Sij == 1 or 0, such that i represents the transmitted allele and j
the nontransmitted allele. For any allele pair, i ~ j, we let Sij = 1 if i < j and
Sij = 0 if i > j. The logistic regression approach of Sham and Curtis amounts to
modeling the response variable S over both maternally and paternally derived
alleles, i ~ j, in a sample of affected offspring.

Corresponding to Sij, we define the variable Xij such that

Sham and Curtis's approach develops a linear model for the Xij in terms of pa..
rameters that reflect the relative odds of i and j being transmitted from a parent
having both alleles. Thus, when the locus has n alleles, the model has parame..
ters di , i = 1, ... ,n. Then,

x·· == c·d· + cd·lJ l! ]] , (16.3 )

where Ci = 1 and Cj == - 1 for i < j and Ci == - 1 and Cj == 1 for i > j.
In the classical TDT study of transmission from parents of selected

(usually affected) offspring, the d's are expected to be zero if there is no differen..
tial effect of one or more alleles due to pleiotropy or other within..family genetic
association. This approach requires only k paralneters to reflect the additive
contrasts between the transmission of k(k - 1) /2 allele pairs. Being more parsi ..
monious, the model yields tests of significance based on far fewer degrees of
freedom (df) than are required if all pairwise associations are aggregated into a
single test. It also avoids a priori (or, worse, a posteriori) decisions about vvhich
alleles are likely to be primarily responsible for a given association. Sham and
Curtis note that the additive model seems to apply under a set of reasonable
assumptions and that a test of goodness of fit can be constructed by comparing
the likelihood under the additive model with that under a (saturated) model
that allows also for the unique interactions between all i and j. A final advan..
tage is that the approach is easily programmed in standard statistical software
such as SAS.
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IV. GENERALIZING THE APPROACH TO ALLOW
FOR GX E AND OTHER INTERACTIONS

The logistic model was originally formulated with the goal of testing for TDT in
the typical study of transmission in trios comprising affected offspring and their
parents. One of its attractions is the relative ease with which it can be extended
to a number of instructive situations including other ways of selecting samples
and defining the phenotype, G X E interaction, and imprinting. All these
approaches build naturally on the basic model of Sham and Curtis and can be
implemented very easily in standard statistical software. Formally, these exten...
sions all amount to specifying parameters that reflect the interaction between
the d's in the original model and other salient covariates such as phenotypic
categories or values (in the case of continuous outcomes), environlnental
covariates (for G X E inter,action), or the maternal versus paternal origin of the
alleles (in the case of imprinting).

We first relax the assumption that the offspring are selected for being
affected and further assume that corresponding to any Xij above there is a corre...
sponding phenotypic measure Y. The data then comprise the S/s and the Y's for
the transmitted and nontransmitted maternal and paternal alleles for every sub...
jectin the sample. If alleles at the locus in question have an effect on the mea...
sured phenotype Y, then the relative probability of an allele being transmitted in a
given trio will be a function of Y. The foregoing model can be modified to reflect
the interaction between phenotype and the probability of transmission thus

x" == b + Ye-d· + Ye-d·I] 1 ~ ] ] , (16.4)

where b is a constant. The unknown parameters di , i == 1, ... , n, will be
jointly significant if the locus has a significant impact on the measured pheno...
type Y. The effects of the candidate locus on a continuous phenotype Yare thus
detected by a simple extension of the foregoing logistic regression lnodel.

If there is interaction between the candidate locus and a measured envi...
ronmental variable Z, then the G X E interaction can be incorporated in the
logistic regression model by including a further set of parameters gi' i == 1, ... ,
n to account for the differential sensitivity of the alleles at the candidate locus to
the environment Z. The model then becomes

x.. == b + Ye·d· + Ye·d· + ZYe-g· + ZYe·g.1] ~ 1 ] ] ~ I ] ]'
(16.5 )

where the di are the parameters that account for the allelic differences in the
average phenotypic response with coefficients Yei' and the gi parameterize the G
X E interaction, each with corresponding coefficient ZYei' Note that the effects
of ilnprinting can be specified in the model by defining the environmental
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covariate Z such that Z = 1 if transmission of a luaternal allele is being consid..
ered and Z = 0 if a paternal allele is being considered. The joint significance of
the gi then becomes a test of the effects of genomic imprinting at the locus.

The model just described captures effects of interaction between allelic
effects at a candidate locus and measured features of the environment Z. The
luodel can be readily implemented when the offspring environment is assessed
as well as the phenotype and alleles at a candidate locus in the offspring and
parents. However, aspects of the envirOflluent that cannot currently be mea..
sured may also interact with genotype. One possible approach to the analysis of
such interactions would be to exploit pairs of monozygotic (MZ) twins in TDT
analysis. Insofar as MZ twins are exposed to different environments, interaction
of genetic differences with the differential environment will contribute to intra..
pair differences (see, e.g., Jinks and Fulker, 1970). Genetic effects that do not
interact with environment will contribute to pair means.

The model described by Equation (16.2) can be used to resolve these
two kinds of effects of candidate loci by applying TDT to MZ twins and their
parents. If we fit the model to the parental transmitted and nontransmitted alle..
les, using the pair means as the Y variable, any significant allelic effects detected
are contributing to the average trait expression, not G X E interaction. On the
other hand, if we use the absolute intrapair differences as the Y variable in Equa..
tion (16.2), any significant effects will be due to alleles that mediate sensitivity
to features of the differential twin environment. This method provides a within..
family test of association for loci that affect the outcome primarily through the
control of sensitivity to the environment (G X E interaction).

v. EVALUATION OF THE METHOD THROUGH SIMULATION

A series of simulation studies was conducted to evaluate the TDT approach to the
analysis of G X E interaction. The simulations focused mainly on the analysis of
trio data comprising a single offspring on whom both phenotypic and genotypic
data were obtained, and both parents on whom only genotypic data were gath..
ered. In our studies, however, a sibling of the index case was always simulated to
allow the sibling correlation and concordance rates to be estimated. Supplemen..
tary simulations were conducted (1) to evaluate the additional information that is
obtained from the inclusion of siblings in TDTs and (2) to evaluate the possible
role of TDTs applied to pairs of MZ twins in the presence of G X E interaction.

A. Analysis of trio data by means of logistic regression

Offspring-parent trio data were simulated for a variety of different genetic
architectures: (1) variation in risk is purely environmental, without either luain
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effects of a candidate locus or G X E interaction (the "baseline" case); (2) vari
ation in risk is partly due to the main effects of alleles at a candidate locus and
random environmental factors without G X E interaction (the "additive / classi
cal" case); (3) variation is due to alleles at a candidate locus that affect only
sensitivity to a measured environluental covariate ("pure G X E"); (4) variation
is due to genetic effects at a candidate locus and interaction between alleles at
the same locus and a measured environment, with different alleles contributing
to the main effects and to sensitivity to the environment ("mixed genetic and
G X E"); (5) the same alleles at a candidate locus contribute to average genetic
risk and sensitivity to the measured environment ("scalar G X E"); (6) mater...
nally and paternally derived alleles have different sizes of effects on risk
("imprinting"); (7) no direct additive or G X E effect of alleles on offspring
risk, but the alleles carried by the parent exercise an indirect environmental effect
on the risk in offspring ("genotype-environment correlation"). Case 5 is
termed scalar G X E because the alleles having the greatest (or lowest) sensitiv...
ity to the environluent are also those that have the highest luean liability.
There is thus a correlation between mean trait value and sensitivity to the envi...
ronment.

Obviously, the number of conceivable simulations far outweighs what
can reasonably be presented, so we sumluarize selected examples of each that
illustrate the main trends. Simulation and analysis was conducted in PC SAS.
An example of the program may be obtained from the first author. For each case
we simulated 100 sets of 1000 nuclear families comprising mother, father, and
two offspring. Following Sham and Curtis (1995), we assume random mating.
Our models also assume that there are no heterozygous deviations ("dominance
effects") between alleles contributing to overall genetic risk or sensitivity to the
environment. A candidate locus was assumed to have 10 equally frequent alleles
whose effects on mean liability and sensitivity to the environluentwere speci..
tied by values of a]{) k == 1 X 10 and bkJ k == 1, . . . , 10, respectively. In simu..
lating the data for case 6 (inl.printing), we set the additive effects aI, ... ,ak
to a constant in the paternally derived alleles.

The parameter values used in simulating the seven cases are summa..
rized in Table 16.1. Genotypes at the candidate locus were simulated for moth..
ers, fathers, and offspring. "Measured" environnlental deviations ei == N[O, 1]
and unmeasured environmental effects ri == N[O, 52] were simulated for each off...
spring. Continuous risk values Yi were then generated by substitution in Equa..
tion (16.2). The probabilities P(Ai == 1) that the ith individual would be affect..
ed were obtained by substitution in Equation (16.1). An individual was
identified as "affected" (Ai == 1) if V == U[O, 1] < P, or "unaffected" (Ai == 0)
otherwise.

Preliminary statistics (prevalence rates, sibling concordance rates,
probabilities that A == 1 conditional on allele, sibling correlations in risk, heri'"
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Table 16.1. Parameters Used in Simulations a

Effect Case 1 Case 2 Case 3 Case 4 Case 5 Case 6b Case 7c

al -3 -1 -3 -3 -1 -3 -3
az -3 -1 -3 -3 -1 -3 -3
a3 -3 -3 -3 -3 -3 -3 -3
a4 -3 -3 -3 -3 -3 -3 -3
as -3 -3 -3 -1 -3 -3 -3
a6 -3 -3 -3 -1 -3 -3 -3
a7 -3 -3 -3 -3 -3 -3 -3
as -3 -3 -3 -3 -3 -3 -3
a9 -3 -3 -3 -3 -3 -3 -3

-3 'i -3 -3 -3 -3 -3alO -.)

bi 0 0 3 3 3 -1 1
bz 0 0 3 3 3 -1 1
b3 0 0 0 0 0 -1 1
b4 0 0 0 0 0 -4 1
bs 0 0 0 0 0 -4 1
b6 0 0 0 0 0 -4 -1
b7 0 0 0 0 0 -4 -1
bs 0 0 0 0 0 -4 -1
b9 0 0 0 0 0 -4 -1
blO 0 0 0 0 0 -4 -1

a The cases are described as follows: case 1, no genetic effect or G X E; case 2, genetic effects, no G
X E; case 3, G X E, no genetic main effect; case 4, genetic effects and G X E, different alleles;
case 5, genetic effects and G X E, same alleles; case 6, genomic imprinting; case 7 parent alleles
affect offspring environment (genotype-environment correlation). In cases 1-5, all ... ,alO

denote the main genetic effects of the alleles and bl , . . . ,bID the sensitivities of the alleles to the
environment (G X E interaction parameters).
bIn the case of imprinting aI, . . . ,alO denote the paten1al allelic effects (no genetic variance) and
bl , . . . ,b lO denote the maternal allelic effects.
C In the case of genotype - environment correlation, aI, . . . ,alO denote the direct allelic effects
(no genetic variance in this example), and bl , ... ,b lO denote the environmental effect of
parental alleles on offspring.

tability of risk, etc.) were derived froIn 100,000 independent observations by
using SAS procedures. Generalized linear models were fitted to the outcome
measures to estimate the contribution to the simulated risk values of the mater'"
nal and paternal alleles and their interaction.

Trios were formed comprising mother, father, and one unselected off...
spring. The transmitted and nontransmitted maternal and paternal alleles of
each offspring were identified wherever possible, and the values of Xij , Ci, Cj' db
and dj of Equation (16.3) were derived for every offspring allele that could be
assigned unambiguously to either maternal or paternal origin.
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Tables 16.2 and 16.3 summarize the basic population data for the seven
simulated cases. Table 16.2 presents the population prevalence rates and the
overall probability of being affected associated with each allele. Table 16.3 pre~

sents the sibling correlations and heritability of the underlying normal risk, and
the probability of the disorder in siblings of affected individuals with the 950/0
confidence intervals for the associated case-control odds ratios. Table 16.3 also
summarizes the joint impact (measured by F ratio) on the continuous pheno~

type of the alleles derived from mothers and fathers. The F ratios were obtained
by fitting a general linear model for the allelic effects on risk.

The tables show a wide range of patterns in the statistics as a function
of the underlying genetic process. In every case except the nongenetic case 1,
one or more of the alleles increases the probability of the disorder. This occurs
regardless of whether the allele interacts with the environment and even when
the only "genetic" effect is the secondary environment effect of the parental alle~

les on the offspring outcome (genotype-environmental correlation). Similarly,
all the cases except the first have sibling odds ratios that significantly exceed uni~

ty. The results for the latent continuous risk variable, however, are different. In
the absence of a main effect of the maternal or paternal alleles on risk (case 3),
there is no sibling correlation in risk even when there is considerable G X E
interaction in risk and an increased probability of being affected in carriers of the
"sensitive" allele. This superficially curious result arises because the G X E inter~

action affects the variation in liability within an allele but not the mean liability.
However, because more sensitive alleles show greater variation in liability, it is
expected that individuals carrying the more sensitive allele will have a higher

Table 16.2. Summary Statistics (N = 100,000) from Nuclear Family Data: Prevalence Rates (%)
and Average Proportion (%) Affected for Each Allelea

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7

Prevalence 4.3 7.9 6.7 10.4 10.4 5.4 6.9
Allele 1 4.2 15.3 12.3 13.3 22.8 12.4 10.1
Allele 2 4.2 15.4 11.2 13.5 22.6 12.7 10.0
Allele 3 4.1 5.7 5.6 7.1 7.4 12.1 10.0
Allele 4 4.4 5.8 5.3 7.7 7.0 2.3 9.9
Allele 5 4.4 6.1 5.9 17.2 7.4 2.3 10.0
Allele 6 4.3 5.7 5.3 17.3 7.3 .2.6 3.5
Allele 7 4.5 6.1 5.3 7.1 7.4 2.6 3.5
Allele 8 4.2 6.6 5.4 7.2 6.7 2.4 3.9
Allele 9 4.2 6.3 5.6 7.2 7.3 2.2 3.8
Allele 10 4,4 5.8 5.4 7.1 7.2 2.4 3.8

aFar summary description of cases, see note a to Table 16.1.
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Table 16.3. Summary Statistics frOln Silnulated Data (N = 100,000)a

Statistic Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7

Sib correlation 0.00 0.06 0.00 0.04 0.04 0.09 0.31
Heritability 0.00 0.12 0.00 0.09 0.09 0.16 0.00
F maternal 0.87 780.5 0.69 608.7 586.7 2243.6 1039.7
F paternal 0.66 812.2 1.09 574.2 574.1 1.4 1043.0
Risk to affected sib (%) 5.0 9.7 7.3 11.9 14.7 8.5 14.7
Sibling odds ratio 0.89- 1.17- 1.17 - 1.13- 1.46- 1.50- 2.37-

(95% CI) 1.19 1.37 1.41 1.28 1.64 1.83 2.73

aCorrelation and heritability are based on continuous risk measure. The F statistics test for the addi~

tive effects of the maternal and paternal alleles from fitting a general linear model for the allelic
effects on the continuous phenotype, ignoring G X E interaction. For each numerator and denomi~

natoT, there are 9 and 99,900 degrees of freedom, respectively.

than average probability of being affected. In practice, the risk to siblings will
depend on the precise values of the allelic effects on Inean liability and sensitivi..
ty to the environment (see Andrieu and Goldstein, 1996.) We note that
although case 7 (genotype-environment correlation) shows no genetic compo..
nent in offspring liability, there is a high sibling correlation caused by the shared
environmental effect of the parental alleles, and spurious large F ratios for allelic
main effects in the general linear model. That is, there will be overall evidence
of association between the alleles and the continuous outcome that will have
nothing directly to do with the function of the locus in the offspring. Thus,
genotype - environment COlTelation behaves like population stratification in the
analysis of allele-phenotype associations. Case 6 (imprinting) shows the expect..
ed difference in F ratios for the effects of maternally andpatemally derived alle..
les in the general linear model for the continuous phenotype.

The LOGISTIC procedure of SAS 6.12 was used to fit the logistic
regression model (case 5) to the observed data on transmitted and untranslnit..
ted alleles. Likelihood ratio chi..squares were obtained as a guide the joint sig"
nificance of the genetic and G X E effects (paralneters dk and glo k == 1, . . . 1

9 in the model). The genetic effects are significant when the parameters di , i ==
1, ... , k are jointly significant. These parameters will be jointly nonzero
when the allelic effects [ai, ... , ak in Equation (16.2)] are significantly het..
erogeneous. The G X E effects gl' . . . ,gk will be jointly significant if the alle ..
les that differ in their sensitivities b11 ••• 1 bk to the measured environment
are heterogeneous. If the bi , • • • ,bk are all equal, then there will be a main
effect of the Ineasured environment but there will be no G X E, and the para..
meters g~ gk will not differ significantly from zero. Following Sham and Curtis
(1995), we arbitrarily fix dk = 0 to fix the scale for the allelic main effects. Silni..
lady, we set gk = 0 in models for which no G X E is specified to fix the scale of
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environmental sensitivity. In case 6 (imprinting), the effects of imprinting are
tested by making the "measured environment" Z a dUffituy variable (coded, e.g.,
1 for maternally derived alleles and 0 for paternally derived alleles). When
Equation (16.5) is derived by using these Z values, the test of G X E interaction
(Le., t}ie test of significance of gl' . . . ,gk) is a test of genomic imprinting.

B. Results of trio simulations

Table 16.4 summarizes the results of fitting the logistic regression TDT model
(to predict the probability of differential allelic transmission as a function of the
continuous phenotypic measures Y and the environmental measures Z (case 5).
The table presents summary statistics based on 100 replicates of 1000 nuclear
families. The values for case 1 show the expected pattern of TDT results in the

Table 16.4. Results of Simulation Studies: 100 Replicates of 1000 Nuclear Families

Parameter Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7

Constant -001 - 235 -040 -023 -163 -180 -300
d1 -003 -125 - 036 -036 - 132 -106 - 010
d2 -001 -118 -035 -038 -138 -101 -010
d3 -003 -048 -008 - 007 - 031· -094 - 006
d4 002 -038 -007 -002 - 025 - 032 - 009
ds -001 -033 - 007 -064 - 022 -025 -008
d6 001 -023 -002 - 063 - 021 -024 - 003
d7 000 019 002 - 003 - 013 - 016 000
ds -001 013 - 001 001 - 010 - 014 - 001
d9 - 002 -002 - 001 000 - 002 - 001 000
s(d) 024 027 023 025 027 033 025

2 9.59 40.29 9.59 26.66 33.10 22.34 11.02X(9)

s(x 2
) 4.74 11. 71 4.23 8.55 11.77 8.55 5.39

Power (%) 6 98 8 85 94 67 10
gl 002 - 001 - 063 - 068 - 097 062 -006

g2 005 003 -060 - 065 -094 063 003
gJ 001 -002 - 002 - 002 - 001 057 003

g4 001 - 001 - 002 002 000 - 001 003

gs 001 -002 -001 -006 002 -002 003
g6 002 002 003 - 007 000 003 001

g7 004 - 003 - 001 001 000 -002 003

gs 002 -003 - 001 003 000 002 002

g9 004 -002 - 001 000 001 -003 005
s(g) 023 024 022 026 025 041 023

2 10.32 9.11 36.57 36.71 58.29 16.40 10.26X(9)

s(x 2
) 5.15 4.13 10.09 11.26 14.95 7.10 5.75

Power (%) 12 5 100 97 100 36 10
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absence of genetic and G X E effects at the locus. All the regression coefficients
are symmetrically distributed around zero, and the chi..square tests of the addi..
tive genetic allelic effects and G X E interaction show the expected rate of sig..
nificant values under the null hypothesis.

The additive genetic case (case 2) shows a high rate of significant
chi..square values for the overall genetic component in the logistic regres ..
sion, but the expected false positive rate for the G X E components. Note
that the mean values of some of the genetic parameters d1, . . . , d9 are no
longer zero, although, as expected, the parameters representing the G X E
effects gl, ... , gk do not differ significantly from zero. Although, in this
simple case, the most significant values of d are generally associated with the
a's that differ most from the average over genotypes, there is considerable
variability across simulations. Thus, although the overall test of significance
works well, it may be prudent to seek replication of inferences about the roles
of specific alleles.

The complementary simulation (case 3) in which the alleles differ only
in their sensitivity to the measured environment ("pure" G X E) behaves as
expected. The chi..square values for the overall additive genetic effects show the
distribution expected under the null hypothesis, and the test of G X E interac..
tion reaches significance in a very high proportion of the simulated data sets.

Both cases 4 and 5, in which there are both genetic and G X E effects,
behave as expected and generally yield highly significant chi squares for both
the genetic and the G X E components in the modeL Again, although there is
broad correspondence on average between the most significant regression coeffi ..
cients and the most deviant a and b values, there is considerable variability in
individual cases. Thus it would be unwise to make too much of the significance
of individual parameters. However, the broad pattern of coefficients bears rea..
sonable correspondence to the action of the component alleles. That is, alleles
that contribute most to the genetic main effect generally have more significant
d values, and alleles that contribute mainly to atypical sensitivity to the envi..
ronment have the lTIOst significant g values.

The G X E interaction model is capable of detecting the effects of
imprinting (case 6), although with the parameter values selected, the power of
the testis rather smaller than for the other cases. In the simulated example,
the main effects of the maternally derived alleles were set to those used in
case 2 and those for the paternal alleles were all fixed at - 3. The test of
imprinting amounts to a test of the heterogeneity of the d's between maternal..
ly and paternally derived alleles and is expected to be less powerful than the
test of equivalent overall values for d under the classical model without
imprinting.

When there are effects of the parental genotype on the offspring phe..
notype (genotype-environment correlation, case 7) the TDT tests show no
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main effects of the alleles and no G X E interaction. This result is as it should
be, since the TDT reflects only genuine within..sibship associations between
alleles at a candidate locus and the phenotypic outcome. However, the tests of
overall association, which include differences between families (see Table 16.2),
detect highly significant differences between alleles in the outcome measure.
Thus, spurious association between a marker and outcome arising because par..
ents exercise a nongenetic effect on their children can be resolved by TDT. Thus,
as with other causes of spurious tnarker-phenotype association in population..
based association studies, the analysis of trios is not biased by this particular
type of genotype - environment correlation.

C. Including other siblings

The foregoing analyses treat alleles derived from mothers and fathers as inde..
pendent and consider effects of alleles only on randomly chosen offspring. We
may include the other sibling in the analysis and allow for any correlation
between the observations of sibling pairs by treating the sib pairs and the alleles
derived from mothers and fathers as repeated measures in the generalized esti..
mating equation (GEE) procedure of the GENMOD procedure in SAS. The
unit of analysis is now the sibling pair and we specify an unstructured (4 X 4)
covariance matrix for the repeated measures terms. The results of the GEE pro..
cedure Inay be compared with those of the conventional logistic regression,
which treats the maternal and paternal alleles of the two siblings as indepen..
dent observations. To illustrate the point, this analysis was conducted with only
one data set under one example (case 2, additive genetic effects). When the
covariance matrix is assumed to be unstructured, the correlations between the
observations are relatively small, and allowing for these in the repeated mea..
sures analysis leads to very little change in the estimates or standard errors of
the original logistic regression parameters (see Table 16.5). Such a finding is
fairly typical in the analysis of data with relatively small clusters and low corre..
lations between clustered observations.

D. Genetic effects and G x E in TOTs with MZ twins

The original insight (J inks and Fulker, 1970) that heterogeneity of intrapair
differences of MZ twin pairs will reflect genetic differences in sensitivity
to the environment suggests a way of combining candidate gene data from
MZ twin pairs in a TDT for the contributions of specific loci on G X E
interaction.

Pairs of MZ twins were simulated corresponding to cases 2, 3, 4, and 5
in Table 16.1. The environlnent was assumed to be uncorrelated between twins.
A pair of MZ twins comprises two replicates of the satne genetic events. Pair
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Table 16.5. Comparison of Independent and Generalized Estimating
Equation Analysis of TDT Data from Paired Observations a

Assuming independence Allowing for clustering

Parameter Estimate SE (d) Estimate SE (d)

Constant 0.253 0.050 0.254 0.052
d1 0.170 0.022 0.168 0.023
dz 0.125 0.021 0.126 0.023
d3 0.076 0.019 0.072 0.020
d4 0.074 0.018 0.071 0.020
ds 0.054 0.018 0.053 0.019
d6 0.060 0.017 0.057 0.019
d7 0.067 0.017 0.063 0.018

dB 0.002 0.016 0.014 0.017
d9 0.049 0.016 0.048 0.018

a Analysis is based on 987 informative clusters out of 1000 simulated
pairs of siblings and parents for the additive genetic case in the absence
of G X E interaction (cf. Table 16.1, case 2).

237

Ineans and absolute intrapair differences were computed for each pair and then
used as separate traits in the logistic regression modeL The values of d obtained
in the regression on the pair means provides a test of the main effects of the
locus on the phenotype. The observations on MZ pairs are simply repeated mea..
sures that provide greater precision for testing the Inain effects of the alleles on
the phenotype. The values of d obtained in the logistic regression on the
absolute intra pair differences now reflect the effects of the alleles on sensitivity
to the environment (G X E).

The results of the three sets of simulations are summarized in Table
16.6. Once again, the analysis performs as expected. In case 2, which assumes
that the locus has only additive effects on the phenotype, the genetic effects in
the regression on pair means are typically highly significant, but the regressions
on absolute intrapair differences show only the expected false positive rate. The
converse is true when the alleles differ only in their sensitivities to the environ..
ment (case 3). Then the d's are generally not significant in regression on the
MZ pair means but typically highly significant in regressions on the absolute
intrapair differences. When there are both average genetic effects and G X E
(cases 4 and 5), we typically find significant regressions on both pair means and
intrapair differences. Thus, MZ twin data provide a means of separating the
main effects of alleles at candidate loci froin those having effects on sensitivity
to the environment. In this case, however, the specific environmental covari..
ates are not specified.



238 Eaves and Sullivan

Table 16.6. Resolving the Effects of G X E Interaction at Candidate Loci in Pairs of MZ Twins:
Logistic Regression TDT Analysis Using Pair Means and Absolute Intrapair Differ,
ences as Predictors of Transmission Distortion

Case 2 Case 3 Case 4 Case 5

Effect Genes GxE Genes GxE Genes GxE Genes G X E

Constant 337 000 -009 -145 287 009 242 -144
d1 183 -007 001 165 065 090 128 194
dl 172 -003 001 160 059 092 125 168
d3 084 -013 001 054 051 - 013 055 062
d4 073 -009 004 039 042 - 010 046 055
ds 059 -008 001 038 031 -010 037 048
d6 048 -008 000 034 158 - 013 032 035
d7 036 -001 000 019 148 -005 024 026
ds 021 000 001 011 021 -003 016 020
d9 018 - 017 001 004 016 - 011 006 014
sed) 033 081 028 067 030 061 030 061

l 53.77 10.83 10.84 27.34 46.20 21.62 39.66 27.85X(9)

s(xl ) 13.69 4.82 4.61 9.39 13.11 8.24 12.77 9.40
Power (%) 100 12 12 89 100 70 97 90

VI. CONCLUSIONS AND DISCUSSION

As in every simulation study, it is possible to deal with only a fraction of the
possible cases and sets ofparameter values. However, our examples illustrate a
number of simple yet informative extensions of the logistic regression
approach to TDT proposed by Sham and Curtis. In particular, we show how
the method can be modified to resolve the main effects of alleles at a candi,
date locus from those of G X E interaction, which have typically been
ignored in conventional marker studies. By incorporating environmental mea..
sures, the detection of G X E becomes feasible in conventional trio data. The
method thus allows us to conduct a joint genetic and environmental "scan" to
test hypotheses about the interaction of genetic effects with specific environ'
mental factors. If G X E interaction involves environments that remain to be
identified, the analysis of TDT in monozygotic twin pairs may provide an
avenue for resolving G X E from the additive effects of alleles at a candidate
locus. G X E interaction may be large, thus betokening a major genetic influ..
ence on outcome, yet produce no marked tirst..order association between the
outcomes of sibling pairs. Thus, the conventional discussion of lambda values
that dominates the design of gene discovery studies is marginalized in the
presence of G X E interaction.
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A simple variant of the model can be used to test for the effects of
genomic imprinting. The method is not "fooled" when an overall gene-pheno..
type association is created by the environmental effect of parental genotypes for
the marker on the offspring phenotype (genotype-environment correlation).
The ability of the method to exploit all the data management and analytical
capabilities of many statistical packages available on a variety of platforms (SAS
6.12 in Windows 95, in our case) removes some of the mystery and frustration
experienced in setting up and running programs specifically written for genetic
analysis. The approach makes it possible to rapidly screen sets of loci, outcomes,
and environments for possible main effects of alleles and their interaction with
specific environments as a prelude to replication or further study.

We have not considered explicitly the clinically important case of the
etiological heterogeneity of different patterns of comorbid disorders. Insofar as
different alleles contribute to heterogeneity of outcome, the inclusion of ancil..
lary outcomes as Z variables in the basic regression model, and tests of the cor..
responding "g" parameters in the logistic regression, should provide some lever..
age on whether phenotypic heterogeneity of the clinical outcome reflects

. underlying genetic heterogeneity. The method generalizes very simply to the
inclusion of other types of covariate including age to analyze the effects of loci
whose effects change with age, and genotypes at other loci to analyze patterns of
epistatic interaction between loci. Further studies are needed to evaluate the
power and feasibility of these approaches.

Our treatment focuses on continuous outcome measures and unselect..
ed samples. This approach clearly exploits the entire phenotypic range and
allows us to test for a rich variety of interactions. The same basic approach
works well, of course with reduced power, when the phenotypic outcome Y is
coded 1/0. A few minor changes in code also permit the more familiar analysis
of trios ascertained through affected offspring. Naturally, parameter values are
less stable in small selected samples. However, as more functional markers are
characterized at lower cost, and as geneticists pose more subtle questions about
the action and interaction of genes and environment in risk to complex
human disorders, it is to be expected that there will be a growing need to ana..
lyze the impact of known genetic markers in the context of far richer sets of
lueasures than can be' reflected in studies of samples selected for a single
dichotomous outcome. The approach outlined here may help accomplish this
goal.
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