Original Paper

Human
Heredity

Hum Hered 2007;63:111-119
DOI: 10.1159/000099183

Published online: February 2, 2007

Exploiting Gene-Environment Interaction
to Detect Genetic Associations

Peter Kraft*® Yu-Chun Yen?® Daniel O. Stram¢

W. James Gauderman¢

John Morrison®

Departments of 2Epidemiology and PBiostatistics, Harvard School of Public Health, Boston, Mass., “Department of
Preventive Medicine, University of Southern California Keck School of Medicine, Los Angeles, Calif., USA

Key Words
Gene-environment interaction - Power and sample size
calculations - Genome-wide association scans

Abstract
Complex disease by definition results from the interplay of
genetic and environmental factors. However, it is currently
unclear how gene-environment interaction can best be
used to locate complex disease susceptibility loci, particu-
larly in the context of studies where between 1,000 and
1,000,000 markers are scanned for association with disease.
We present a joint test of marginal association and gene-en-
vironment interaction for case-control data. We compare
the power and sample size requirements of this joint test to
other analyses: the marginal test of genetic association, the
standard test for gene-environment interaction based on lo-
gistic regression, and the case-only test for interaction that
exploits gene-environment independence. Although for
many penetrance models the joint test of genetic marginal
effect and interaction is not the most powerful, it is nearly
optimal across all penetrance models we considered. In par-
ticular, it generally has better power than the marginal test
when the genetic effect s restricted to exposed subjects and
much better power than the tests of gene-environment in-
teraction when the genetic effect is not restricted to a par-
ticular exposure level. This makes the joint test an attractive
tool for large-scale association scans where the true gene-
environment interaction model is unknown.
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Many common diseases are believed to result from the
interplay of genetic and environmental factors. This be-
liefis supported by a wide range of empiric evidence. Eth-
nic differences in response to exposure to cigarette smok-
ing in lung cancer [1], suggest genetic factors modify the
exposure effect [2]. A recent report demonstrated that the
association between exposure to large roadways and
childhood asthma was modified by family history of
asthma [3], again indicating potential importance of
gene-environment interaction. Evidence that the effect of
specific candidate polymorphisms differ according to
environmental exposure has also been found. For exam-
ple, a non-synonymous single nucleotide polymorphism
(SNP) in the DNA repair gene XRCCI that results in an
Arg to Gln amino acid change was associated with a de-
creased risk of skin cancer among individuals with five
or more severe sunburns during their life [4].

However, it is currently unclear how gene-environ-
ment interaction can best be used to locate complex dis-
ease susceptibility loci, particularly in the context of
studies where between 1,000 and 1,000,000 markers are
screened for association with disease. Some argue that
even if a disease locus only affects disease risk among
those exposed to an environmental factor, the locus will
likely still have a detectable marginal association with
disease [5], so analysis can proceed in the absence of (or
ignoring) data on the environmental exposure. Others
propose screening markers for deviations from a multi-
plicative odds ratio model for gene-environment interac-
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tion, for example by using a case-only design [6]. A third
approach uses data mining methods to build predictors
of disease from a large number of genetic and/or environ-
mental inputs [7-10].

The relative power of these various approaches will
depend on the true penetrance model, about which we
have little information a priori for complex diseases. If a
locus truly only affects disease risk among exposed (or
unexposed) individuals, then that locus may or may not
have a detectable marginal effect, depending on the prev-
alence of exposure and the magnitude of the genetic ef-
fect. Conversely, if the locus affects risk among exposed
and unexposed individuals, then tests to detect the mar-
ginal effect may be more powerful than tests to detect
gene-environment interaction, even when genotype odds
ratios differ between exposed and unexposed [11, 12].
The performance of data-mining procedures - including
power to detect susceptibility loci, Type I error and false
discovery rates, and mean prediction error - is not gener-
ally clear. Complex disease loci likely have incomplete
penetrance, modest odds ratios, and high phenocopy
rates, making them poor predictors of disease. Even with
a dominant odds ratio of three — larger than anticipated
for most complex disease loci — a common allele can be a
poor disease predictor [13]. Hence data-mining proce-
dures geared to identify disease predictors may have low
power to detect many complex disease loci, unless each
acts in a simple Mendelian fashion in a subset of indi-
viduals defined by measured genetic or environmental
factors.

In this paper, we present a likelihood ratio test of as-
sociation between disease and a genetic locus, allowing
for the possibility that the genetic effect may be modified
by an environmental factor. We focus on case-control
data, although similar tests can be developed for non-di-
chotomous phenotypes and other designs (e.g. family
studies [11]). This test is sensitive to a range of alterna-
tives, including situations where the genetic effect is con-
stant across environmental strata, and where the genetic
effect is restricted to a particular environmental stratum.
We compare the power for this test to the marginal test
for genetic association (ignoring exposure information),
to the standard test for gene-environment interaction us-
ing case-control data, and to the test for gene-environ-
ment interaction using case-only data. Any of these tests
may be applied in the context of a candidate gene study,
or in the search for new genetic loci screening thousands
of markers spanning large candidate regions or the whole
genome.
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Methods

Letting D be an indicator of disease, we consider true pene-
trance models of the form

Pr(D=1|G,E)

—— Y _b,+b,G+bE+b,GE, (6]
og Pr(D:0|G,E> b g e ge

where G is some genotype coding and E = 1 or 0 for exposed or
unexposed subjects. For ease of exposition we consider a domi-
nant genotype coding where G = 1 for carriers of the risk allele
and G = 0 for non-carriers. The quantity OR,. = exp(bg) is the
ratio of the odds ratio comparing exposed carriers and exposed
non-carriers to the odds ratio comparing unexposed carriers and
unexposed non-carriers. If by = 0 the genetic odds ratio is con-
stant across exposure strata, and following convention we say
thereis no (statistical) interaction - that is, the odds ratio compar-
ing exposed carriers to unexposed noncarriers is the product of
the odds ratio comparing exposed noncarriers to unexposed
noncarriers (OR, = exp(b,)) and the odds ratio comparing unex-
posed carriers to unexposed noncarriers (OR; = exp(bg)). If
b,y >0 (<0) the genetic effect is larger (smaller) in exposed indi-
viduals than in unexposed individuals. If by = 0 and by, # 0 then
the genetic effect is restricted to exposed individuals.

We assume the joint distribution of G and E in the general
population is Pr(G,E) = Pr(G) Pr(E), i.e. the genetic and environ-
mental factors are independent. We return to consequences of
departures from this assumption in the discussion. We denote the
population risk allele frequency as q, and assume genotypes are
in Hardy-Weinberg proportions (e.g. under the dominant model
Pr(G=1)=1-(1 - qg)z). We define q. as the population preva-
lence of exposure Pr(E = 1). The population prevalence of disease
is then given by k, = 2y Pr(D = 1|G,E) Pr(G) Pr(E).

We evaluate four tests of association, all of which involve like-
lihood ratio statistics of the form

logL (61 ) - logL<é0 )} 2)

where BlAmaximizes the likelihood under the alternative hypoth-
esis and By maximizes the likelihood under the (constrained) null
hypothesis. As described below, the statistics differ in the likeli-
hood L and the constraints placed on 3y. The statistic (2) has an
asymptotic chi-squared distribution with j degrees of freedom,
where j is the number of parameters constrained under the null.

The non-centrality parameter, which can be used to determine
power or sample size, has the form

10gL(Bl)—10gL(Bo)}
= 2 nZD,G,E

Here 3, and 8, maximize the expected log likelihood, and n is the
total sample size (including both cases and controls, where appli-
cable). The quantity /(B;D,G,E) is the log-likelihood for an indi-
vidual subject, and f}, 4(D,G,E) is the expected fraction of the data
with disease status D, genotype coding G and exposure E, given
the ascertainment scheme. For example, for case-control data,

fy,q(D = LG,E) = (ncases/n) Pr(GED = 1) =
Pr(D = 1|G,E) Pr(G) Pr(E)/k,,

2

§=2E

£(Gl;D,G,E)fZ(BO;D,G,E)}fb,q (D,G,E).

and
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fb (D OGE) (ncontrols
Pr(D 0|G,E) Pr(G) Pr(E)/(1 - p)

where Pr(D|G,E) is based on the true model (1) and the ratio (ng,ss/n)
is fixed by design. For case-control designs, we will assume n,gs/n
= Neontrols/ = 1/2, while in the case-only design n,ges/n = 1. We cal-
culate 8 using the exemplary data procedure described in [14].
Given 8, we calculate the power for a test with significance
level a as 1 - Xj,g(le_a;j)o), where X5 is the cumulative density
function for a chi-squared random variable with j degrees of free-
dom (d.f.) and non-centrality parameter 8, and x{_q;j,0is the 1 - a-
th quantile of the chi-squared distribution with j d.f. and non-
centrality parameter 0. Alternatively, the sample size needed to
reject the null hypothesis with power 1 — 3 can be estimated as
Bjus . )
ZZD’G’E[E(BI;D,G,E)— (BO;D,G,E)]fM(D,G,E)

n—=

where 8%, solves 1 - Xj5(X{asj0) = 1 - B.
We now describe the likelihoods for the four tests that we com-
pare. Note that the null hypotheses for the tests differ.

Case-Control Test for Marginal Genetic Effect (G Test)

This is a test of overall association between G and D, and does
not use any environmental data. The likelihood for this test has
the form:

exp|8}) + 5 ]

(W (B(l);D> G,E) W

The test constrains B’ = 0 under the null hypothesis of no
genetic association, soj = 1.

Case-Control Test for Gene-Environment Interaction (GE Test)
The likelihood for this test includes genetic and environmen-
tal ‘main effects’ and a product ‘interaction’ term:

D
exp[Bg) + B(;)G + Bf)E + B(gze)GE]

. 4)
1+ exp| 8 +B'G + BE + B/GE|

(?(3”;D,G,E)=

The test constrains the interaction parameter B(gze) = 0 under

the null hypothesis of no interaction, so j = 1.

Case-Control Test for Genetic Association, Allowing for

Heterogeneity in Genetic Effect Across Exposure Strata

(G-GE Test)

This is a joint test that combines information about genetic
marginal effect and gene-environment interaction. The test uses
the same likelihood as the test for gene. environment interaction,
but constrains both Bge = 0and B 2 = 0 under the null, so that
j = 2. We refer to this test throughout the rest of this paper as the
‘joint 2-d.f. test”

Case-Only Test for Gene-Environment Interaction (GE,, Test)

Like the GE test, this is a test of interaction only. Using only
the cases, this likelihood models the relationship between E and
G and has the form:

exp|35 +8G|

S e ror)

Tests of Marginal Genetic and
Gene-Environment Interaction Effects

If G and E are independent among the cases, 8(3)13 a consistent

estimator of the log of the genetic relative-risk ratio between ex-
posed and unexposed individuals, i.e. of the parameter bg. from
a log-linear model rather than the logistic model in (1) [15, 16].
However, if the disease is rare (i.e. (I + exp[by + byG + b.E +
b GE])'is = 1 forall G and E) then 8(3) isalsoa good estimator
of b,. from the logistic model. Under the null constraint that
8(3) = 0, thistesthasj=1d.f.

To compare the above tests, we calculated power for studies
with 250 cases (and 250 controls, where applicable) and computed
sample sizes needed to ensure 80% power. We considered a range
of allele frequencies (0.10, 0.25), exposure prevalences (0.10, 0.25),
genetic main effect odds ratios (eP® = 1.00, 1.75), environmental
main effect odds ratios (e>® = 1.00 to 4.00 by 0.50), and gene-en-
vironment interaction effects (e8¢ = 1.00 to 2.50 by 0.25). In all
calculations, we assumed a significance level of a = 0.01 and a 2-
sided alternative hypothesis.

Results

Table 1 shows the power for allele frequency qg = 0.10,
exposure frequency q. = 0.25, and several settings of the
disease model parameters. Not surprisingly, in the ab-
sence of interaction (ORg = 1.0), the pure interaction
tests (GE and GE,) have no power (beyond the Type I
error rate). In the presence of any interaction effect
(ORge > 1.0), the case-only test is always more powerful
than the GE test, a result that has been shown by others
[15, 17, 18]. When OR. = 1.0, the G-GE test is always less
powerful than the G test. In this case the non-centrality
parameters for the two tests are identical; the (often
slight) drop in power for the G-GE test follows from the
fact that it has one extra degree of freedom.

In the presence of an interaction (ORg = 1.5), the
relative power of the marginal (G) and flexible (G-GE)
tests depends on the main effects of both the genetic
(ORy) and environmental (OR,) factors. In the absence of
main effects (ORy = OR, = 1.0) or for small main effects,
the G-GE test has greater power than the marginal (G)
test. On the other hand, the G test is more powerful than
the G-GE test when the genetic and environmental main
effects are of modest to large magnitude, even when OR,,
is large. In most situations, however, the difference in
power between the G and G-GE tests is small. When there
was any genetic main effect (ORg = 1.5), both the G and
G-GE tests have greater power than the pure interaction
(GE and GE_,,) tests. Interestingly, the 2 d.f. G-GE test is
more powerful than the 1 d.f. GE test in all situations
shown here, although for a rarer exposure (g, = 0.10) the
latter test can be slightly more powerful (see fig. 1).
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Table 1. Power for four association tests across a range of environmental and genetic main effects and gene-interaction effects

Study with 250 cases Study with 1,000 cases

Qe OR, OR, ORg, G GE G-GE Ge G GE G-GE Ge
0.1 1.00 1.00 1.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
1.50 0.01 0.02 0.02 0.04 0.02 0.08 0.06 0.19
2.00 0.02 0.06 0.05 0.15 0.04 0.30 0.26 0.70
2.50 0.03 0.12 0.10 0.34 0.09 0.58 0.55 0.96

1.25 1.00 0.06 0.01 0.04 0.01 0.29 0.01 0.21 0.01
1.50 0.09 0.02 0.08 0.05 0.46 0.08 0.45 0.22
2.00 0.13 0.06 0.15 0.18 0.64 0.31 0.74 0.76
2.50 0.18 0.12 0.24 0.39 0.78 0.60 0.91 0.98

1.50 1.00 0.24 0.01 0.17 0.01 0.88 0.01 0.81 0.01
1.50 0.33 0.02 0.26 0.05 0.95 0.08 0.93 0.24
2.00 0.41 0.06 0.38 0.19 0.98 0.32 0.99 0.80
2.50 0.50 0.13 0.50 0.42 >0.99 0.61 >0.99 0.99

2.00 1.00 1.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
1.50 0.02 0.03 0.02 0.07 0.04 0.09 0.08 0.33

2.00 0.03 0.07 0.06 0.27 0.14 0.36 0.34 0.91
2.50 0.07 0.14 0.12 0.55 0.35 0.66 0.67 >0.99

1.25 1.00 0.06 0.01 0.04 0.01 0.29 0.01 0.21 0.01
1.50 0.12 0.03 0.09 0.08 0.61 0.10 0.50 0.38
2.00 0.22 0.07 0.18 0.30 0.85 0.37 0.81 0.94
2.50 0.34 0.15 0.29 0.61 0.96 0.68 0.95 >0.99

1.50 1.00 0.24 0.01 0.17 0.01 0.88 0.01 0.80 0.01
1.50 0.40 0.03 0.28 0.08 0.98 0.10 0.94 0.42
2.00 0.56 0.08 0.42 0.33 >0.99 0.38 0.99 0.96
2.50 0.70 0.15 0.56 0.65 >0.99 0.69 >0.99 >0.99

0.25 1.00 1.00 1.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
1.50 0.02 0.04 0.04 0.08 0.06 0.17 0.18 0.42
2.00 0.06 0.13 0.14 0.34 0.29 0.61 0.71 0.96
2.50 0.13 0.26 0.31 0.65 0.64 0.90 0.96 >0.99

1.25 1.00 0.06 0.01 0.04 0.01 0.29 0.01 0.21 0.01
1.50 0.16 0.04 0.15 0.09 0.71 0.18 0.74 0.48
2.00 0.31 0.13 0.36 0.38 0.94 0.64 0.98 0.98
2.50 0.49 0.27 0.59 0.70 0.99 0.91 >0.99 >0.99

1.50 1.00 0.24 0.01 0.17 0.01 0.88 0.01 0.81 0.01
1.50 0.46 0.04 0.39 0.10 0.99 0.19 0.99 0.52
2.00 0.66 0.14 0.65 0.41 >0.99 0.65 >0.99 0.98
2.50 0.82 0.28 0.84 0.74 >0.99 0.92 >0.99 >0.99

2.00 1.00 1.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
1.50 0.04 0.04 0.04 0.10 0.18 0.19 0.23 0.53
2.00 0.15 0.14 0.17 0.41 0.70 0.65 0.80 0.98
2.50 0.35 0.27 0.38 0.73 0.97 0.91 0.99 >0.99

1.25 1.00 0.06 0.01 0.04 0.01 0.29 0.01 0.20 0.01
1.50 0.24 0.04 0.17 0.12 0.88 0.20 0.80 0.59
2.00 0.53 0.14 0.42 0.46 >0.99 0.67 0.99 0.99
2.50 0.78 0.28 0.67 0.77 >0.99 0.92 >0.99 >0.99

1.50 1.00 0.24 0.01 0.17 0.01 0.88 0.01 0.80 0.01

1.50 0.59 0.05 0.43 0.13 >0.99 0.21 0.99 0.63
2.00 0.84 0.15 0.71 0.49 >0.99 0.68 >0.99 0.99
2.50 0.96 0.29 0.88 0.80 >0.99 0.93 >0.99 >0.99

Based on a study with N (250 or 1,000) cases and N controls and Type I error rate o = 0.01 with 2-sided alternative hypothesis. Dominant
penetrance model with allele frequency qg; population prevalence of E is 0.25; baseline disease prevalence is 0.0001. G is the marginal genetic
test; GE is the standard case-control test for gene environment interaction; G-GE is the flexible two-degree-of-freedom test; GE, is the case-only
test for gene-environment interaction.
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Figure 2 shows the sample sizes (number of cases)
needed to achieve 80% power for a range of genetic and
environmental main effects and gene-environment in-
teraction effects when the prevalence of exposure is 0.25.
The patterns are similar to those seen in table 1. When
there is no genetic main effect, the case-only design is
most efficient, i.e. requires the lowest sample size to
achieve 80% power, while the G-GE test is slightly more
efficient than the GE test (with the efficiency advantage
increasing as the environmental main effect increases).
When there is a genetic main effect (ORy = 1.5) the G-
GE and G tests are more efficient than both the GE_, and
GE tests. The marginal test requires a smaller sample size
than the G-GE test in these situations, although the dif-
ferences are relatively modest.

The relative performance of the tests as depicted in
figure 1 is identical or nearly so for the more stringent

Tests of Marginal Genetic and
Gene-Environment Interaction Effects

significance levels needed to control false positives for
large-scale association scans involving between 1,000
and 1,000,000 markers. The efficiency of test A relative to
test B is the ratio of the sample sizes needed to achieve a
given power for a given type I error rate, i.e. (8},,.p L)/
(8% La)> where L and Ly are twice the difference of
the expected log-likelihoods (the denominator in expres-
sion (3)) for tests A and B, respectively. Hence for tests
with the same number of degrees of freedom (j, = jg) -
such as the G, GE, and GE_, tests — the relative efficiency
does not depend on the significance level or desired pow-
er. When j, =2 and jg = 1, the ratio 83, 5 : 8{,, g decreases
as either « or B decrease, from about 1.25 for « = 0.01 and
B =0.2to 1.10 for @ = 10~ and B = 0.2. This means the
efficiency of the G-GE test relative to the others actually
increases as the significance level becomes more strin-
gent. Of course the absolute numbers necessary to achieve

Hum Hered 2007;63:111-119 115
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disease prevalence is 0.0001. Sample sizes range from 86 (y = 1.93) to 40,537 (y = 4.61).

80% power will change with more stringent significance
levels: about 1.9 times as many subjects for a = 10~* and
2.8 times as many for o = 107°.

Discussion
We have demonstrated that for case-control designs

the flexible two-degree-of-freedom joint test of marginal
genetic effects and gene-environment interaction pro-

116 Hum Hered 2007;63:111-119

vides good power for detecting a gene across a wide range
of underlying models. The flexible joint test generally has
greater power than a simple marginal test when the ge-
netic effect is only expressed in exposed individuals, and
it almost always has greater power than a standard case-
control based test of interaction. Even in situations for
which the marginal test provides the greatest power, the
flexible joint test is not substantially less powerful. This
makes the flexible test attractive for screening a large
number of markers for association with disease, where

Kraft/Yen/Stram/Morrison/Gauderman



the association may be restricted to those exposed to a
particular environmental factor, or differ between ex-
posed and unexposed, or alternatively not vary with ex-
posure at all. Similar joint tests of genetic marginal effect
and gene-environment interaction could also be imple-
mented for non-dichotomous (e.g. quantitative) pheno-
types and/or other designs (e.g. case-parent trios), and we
would expect similar trends in relative efficiency com-
pared to other tests.

Large-scale genetic association studies will likely un-
cover multiple disease susceptibility loci, with distinct
penetrance models. Often researchers will have strong a
priori suspicions that a particular environmental expo-
sure will modify genetic risk, although they will not know
whether that exposure modifies the effect of all risk genes,
or how it changes the effect of any particular risk gene
[19]. Rather than screen thousands of markers using mul-
tiple tests, each sensitive to a particular alternative, the
flexible two-degree-of-freedom test allows researchers to
screen markers using a single test that is sensitive to a
range of alternatives. This avoids some multiple-testing
complications and difficulties interpreting results (al-
though some adjustment for testing many markers will
still be needed). In the context of genome-wide associa-
tion scans, researchers will need to prioritize a set of
markers to genotype in additional studies [20, 21]. How
should markers that yield strong evidence for a marginal
effect but moderate or no evidence for gene-environment
interaction be ranked relative to markers that yield strong
evidence for gene-environment interaction but little evi-
dence of a marginal effect? The two-degree-of-freedom
test avoids this dilemma by providing a single measure
of association between a marker and disease, allowing
for heterogeneity in genetic effect across environmental
strata.

We have focused on a simple dichotomous genetic
coding and dichotomous environmental exposure. The
logistic regression framework (4) can be naturally ex-
tended to other genetic codings and other kinds of envi-
ronmental exposures (general categorical, ordinal, con-
tinuous). It can also accommodate multiple environmen-
tal exposures, which is particularly relevant as many
complex diseases have more than one known environ-
mental risk factor that may act as a genetic effect modi-
tier. For example, comparing the saturated model involv-
ing a dichotomous genetic and k dichotomous environ-
mental exposures to the model with genetic and
environmental main effects leads to a 2 - 1 degree-of-
freedom test. To reduce test degrees of freedom and avoid
sparse-data problems, three-way and higher-order inter-

Tests of Marginal Genetic and
Gene-Environment Interaction Effects

actions could be excluded from the alternative model.
However, depending on sample size, allele frequency, ex-
posure frequency and number of exposures k, even this
reduced model may have low power or increased Type I
error due to high number of degrees of freedom, large
number of nuisance parameters (environmental main ef-
fects), and small numbers of subjects with rare exposure
profiles. Alternatively, multiple tests involving a single
environmental exposure could be conducted for each
SNP and a permutation procedure (or other multiple-
testing correction) could be used to control the Type I
error rate. The relative performance of these approaches
to multiple potential effect-modifiers (including their ef-
ficiency relative to simpler tests such as the marginal test
for association) is a subject of ongoing investigation.

Consistent with earlier work [15, 17] we found that the
case-only analysis is more powerful than any of the case-
control-based tests we considered when the genetic effect
is expressed only in exposed individuals (i.e. there is no
genetic main effect). Several authors have proposed meth-
ods that use data on both cases and controls under the
assumption of that genes and environment are indepen-
dently distributed in the underlying population [22, 23].
Unlike the case-only analysis, these methods can esti-
mate genetic and environmental main effects. In fact,
these main-effect estimators can be more efficient than
the standard main-effect estimators that do not assume
gene-environment independence [22]. This suggests that
a flexible joint test that exploits the gene-environment
independence assumption could be nearly as powerful as
(or more powerful than) the case-only test in all of the
situations we considered. Further, these tests could be
more powerful than the flexible two-degree-of-freedom
test we discussed, which is based on a standard logistic
regression model.

However, if genetic and environmental factors are not
independently distributed in controls, tests that assume
gene-environment independence will have inflated Type
Lerror rates and can lose power relative to standard meth-
ods which do not assume gene-environment indepen-
dence. There are several reasons variation at a single locus
might not be independent of environmental exposure, in-
cluding correlated differences in exposure rates and allele
frequencies across latent subpopulations and potential
direct effects of the gene on exposure (e.g. genes that af-
fect behavior). Although the probability that any particu-
lar locus is not independent of environmental exposure
may be small, it is unclear what proportion of the thou-
sands of markers in a screening study will be associated
with exposure in the general population. A recent review
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of several candidate gene studies found that although sta-
tistically significant correlations between genetic and en-
vironmental factors were rare, subtle undetected gene-
environment correlations could greatly bias case-only in-
teraction estimates [24]. Newer methods that only require
genes-environment independence in observed strata [23,
25] may be more robust, but the trade-off between in-
creased power when the gene-environment assumption
holds and increased Type I error rate (or decreased pow-
er) when it does not is currently not well understood. We
emphasize that although we assumed gene-environment
independence for the power calculations presented here,
the standard gene-environment interaction (GE) and
joint tests (G-GE) remain valid (have appropriate Type I
error rates) when genotypes and the environmental ex-
posure are correlated. The marginal test will have in-
creased Type I error rate if the exposure has an effect,
since the environmental exposure will confound the
gene-disease association.

Relative to prospective studies, retrospective case-
control studies are generally faster to conduct and less
expensive, but the retrospective design is also more sus-
ceptible to recall and selection bias [26, 27]. Differential
misclassification of exposure between cases and controls
may lead to biased estimates of environmental and ge-
netic main effects, although it does not bias estimates of
the gene-environment interaction parameter bg. unless
misclassification probabilities depend on genotypes in-
dependent of case-control status (an unlikely situation)
(28, 29]. Thus recall bias is unlikely to increase the Type
I error rate of the interaction tests (GE and GE.,), while
it may increase the Type I error rate of the joint test (G-
GE). Both differential and non-differential misclassifica-
tion can reduce the power of all tests that use exposure
data [30]. Differential participation can also lead to bi-
ased estimates of environmental and genetic main ef-
fects. If participation rates do not differ by genotype con-
ditional on disease and exposure status, then differential
participation does not lead to biased estimates of gene-
environment interaction [29]. However, if participation
varies by ethnicity, then participation rates may very well
differ by genotype conditional on disease and exposure
status, leading to selection bias in the estimation of the
gene-environment interaction parameter as well.

We emphasize that we have considered these tests in
the context of screening markers for association with dis-
ease, rather than making etiologic arguments about bio-
logic interaction between a locus and an environmental
exposure. The latter is difficult to do from epidemiologic
data as the relevant scale of risk measurement is typically
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unknown [31]. These tests should also not be used for as-
sessing the public health impact of a particular locus or
environmental factor. While etiologic inference and pub-
lic health assessment are essential tasks, they belong to
the process of gene characterization [32], not gene discov-
ery. Certainly any marker-disease associations discov-
ered from genome-wide association scans will require
replication in distinct populations, further fine-mapping
and laboratory work to pinpoint and understand the
functional variants. Once these variants are known, work
can proceed on characterizing their effect in human pop-
ulations.

We have demonstrated that the specific test that will
have the greatest power for detecting a genetic association
depends on the underlying relationship of the gene and
exposure factor to disease. Across a wide range of param-
eter combinations, we have shown that a joint test of ge-
netic marginal effect and gene-environment interaction
provides good power relative to other alternatives. Addi-
tionally, the incorporation of environmental data into
tests of genetic association has the potential to uncover a
specific subgroup (e.g. exposed subjects) for which the
genetic effect is largest, and thus might suggest that fu-
ture studies might best be targeted at that subgroup. We
recognize that the best testing approach is highly depen-
dent on the specific disease, the a priori information
known at the time of study planning, availability of re-
sources for exposure assessment, etc. To assist investiga-
tors in planning a study, we distribute the Windows-
based software program QUANTO [33], freely available
athttp://hydra.usc.edu/gxe. A SAS macro is also available
at http://www.hsph.harvard.edu/faculty/kraft/soft.htm.
These programs provide power or required sample size
for all of the tests considered in this paper, and thus allow
investigators to better understand the relative tradeoffs of
each approach for their given situation.
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