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The recent success of genome-wide association studies in finding susceptibility genes for many common
diseases presents tremendous opportunities for epidemiologic studies of environmental risk factors. Analysis of
gene-environment interactions, included in only a small fraction of epidemiologic studies until now, will begin to
accelerate as investigators integrate analyses of genome-wide variation and environmental factors. Nevertheless,
considerable methodological challenges are involved in the design and analysis of gene-environment interaction
studies. The authors review these issues in the context of evolving methods for assessing interactions and discuss
how the current agnostic approach to interrogating the human genome for genetic risk factors could be extended
into a similar approach to gene-environment-wide interaction studies of disease occurrence in human populations.

environment; epidemiologic methods; genetics; genomics

Abbreviations: GEWIS, gene-environment-wide interaction studies; GWAS, genome-wide association studies; HuGE, human
genome epidemiology.

The breakthrough of this year has to do with humans,
genomes, and genetics. But it is not about THE human
genome (as if there were only one!). Instead, it is about
your particular genome, or mine, and what it can tell us
about our backgrounds and the quality of our futures. (1)

For human genomics research, 2007 was a banner year.
Using genome-wide analytic platforms that can measure
hundreds of thousands of genetic variants simultaneously,
more than 100 epidemiologic studies have uncovered ge-
netic risk factors for a wide variety of common, complex
diseases (2). Human geneticists are anxious to reap the ben-
efits of the human genome project (3) and the international
HapMap project (4) by integrating genomics into health care
and disease prevention. Genome-wide association studies
(GWAS) have shown that an ‘‘agnostic’’ approach can in-
terrogate the totality of the human genome and identify
genetic variants associated with numerous diseases.

Certainly, the functional and clinical implications of the
loci detected by using GWAS are far from clear, just as some

of the rare, high-penetrance genetic variants for breast can-
cer, such as BRCA1 and BRCA2. Biologic studies that assess
the role of these variants in disease processes and risk fac-
tors may give epidemiologists clues about environmental
exposures likely to be involved in human diseases (5, 6).
So far, however, the odds ratios of individual genetic var-
iants detected are small, mostly between 0.67 and 1.5 (2),
and may not be useful for clinical prediction (7, 8).

A NEW ERA OF GENE-ENVIRONMENT-WIDE
INTERACTION STUDIES (GEWIS)

The availability of GWAS and their rapidly declining prices,
together with the emergence of collaborative epidemiologic
consortia and networks (9, 10), offer major opportunities to
epidemiologic researchers focused on effects of the environ-
ment, broadly defined to include behavioral, chemical, physi-
cal, and social factors (11, 12). The increasing rate of published
studies focusing on gene-environment interactions pales
against the exploding acceleration in published reports of
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genetic association studies. Table 1 shows the trends in pub-
lished genetic association articles from 2001 to 2007, as cap-
tured by the HuGE Navigator (13), an online curated and
searchable knowledge base in human genome epidemiology
(HuGE), sponsoredby theHumanGenomeEpidemiologyNet-
work (HuGENet (14)). Between 2001 and 2007, the number of
total HuGE articles almost tripled and the number of reported
GWAS articles rose from 0 to more than 150; the number of
articles reporting on gene-environment interaction also in-
creased, but the proportion of such articles in the total HuGE
literature remained relatively flat at about 14%.Wedo note that
undoubtedly a substantial fraction of nonsignificant tests of
gene-environment interaction are unreported, leading to a dis-
tortion of the literature and too much attention to the positive
reports (15). This possibility, however, is unlikely to affect the
literature trends unless publication bias varies with time.

The paucity of established gene-environment interactions
to date (refer to Garcı́a-Closas et al. (16) for a rare excep-
tion) in the face of substantial investment in the effort should
not overly discourage epidemiologists. The ‘‘candidate-
gene’’ approach to studies of genetic factors failed to find
and replicate many associations, probably because genetic
epidemiologists overestimated their ability to select the best
candidates and because the threshold for claiming an asso-
ciation was too low given the low prior probability for even
the best candidates (17). But just as the GWAS approach,
with its broad interrogation of the genome and rigorous
threshold for calling effects significant, identified common
variants associated with common disease, so too are GWAS
likely to help identify genetic factors that interact with en-
vironmental factors.

We have known for decades that failure to incorporate
both genetic and environmental factors in a joint analysis
will weaken the observed associations between a true risk
factor and disease occurrence. Because the pools of suscep-
tible and nonsusceptible persons are mixed, the observed
associations tend to be shifted toward the null (18). Theo-
retically, if we are able to measure gene-environment inter-
actions, we should sharpen our measurements of effects in
subsets of the population and even potentially increase our
statistical power in measuring such effects (19).

OBSTACLES IN ASSESSING GENE-ENVIRONMENT
INTERACTION

There are obstacles on the ‘‘environment’’ side of gene-
environment interaction that are not present on the ‘‘gene’’
side. Environmental epidemiology does not have the economy
of scale seen in genomics, where the difference in cost be-
tween measuring a million variants and one variant is a small
fraction of the average cost per participant in a case-control or
cohort study that collects DNA.We may be missing important
environmental determinants of disease because we do not
know what to look for or because we do not know how or
when to measure accurately what we do know to seek.
A person’s genetic makeupmay be too far removed from com-
plex physiologic or biochemical processes that could be more
important risk factors for disease. Germ-line variation is static
and so can be captured at any point, but variation in the timing
of exposure, and the timing of subsequent risk, complicates
study of environmental factors; at the same time, variation in
exposure and risk over time can provide important clues about
etiology. In addition, the major advances in the use of bio-
markers in research and medical applications, most notably
for infectious diseases, are not yet close to yielding useful
measures of long-term exposure regarding diet, pharmaceut-
icals, and polluted air and water for the large numbers of
persons needed for studies of rare diseases. Even as bio-
markers continue to improve measurement of some expo-
sures, we must also improve the accuracy of epidemiologic
questionnaires, medical records, occupational records, and
other proxy measurements of environmental factors.

Investigation of gene-environment interaction to learn
about etiology and public health is feasible with existing
data. An agnostic strategy that is implemented carelessly,
however, will generate a large supply of false-positive find-
ings and cause well-founded skepticism about claims of
interactions, given the low prior probabilities of most hy-
potheses (15). Researchers conducting GWAS are demand-
ing replications and requiring P values for significance
below what we have ever thought realistic in epidemiology
(20) in order to avoid false-positive findings in studying
main effects of a million genetic variants. Imagine 10–30
times more tests of interaction involving genes, demo-
graphic factors, and personal and environmental exposures.
Hypotheses about interaction have lower prior probabilities
and tests have lower power for detecting interactions com-
pared with tests for main effects with comparable effect
size. In addition, exposures are measured with more signif-
icant misclassification than genetic variants are. Huge sam-
ple sizes are required to reach the very low P values for
GWAS of main effect that are finding small effects. How
will we decide on and achieve the enormous sample sizes
needed for interactions when there are more hypotheses and
lower prior probabilities of effect, and when good exposure
assessment will be critical? How will we be able to distin-
guish and draw attention to the few interactions likely to be
real from the myriad of false-positive ones?

The decades-old problem of defining interaction (21, 22)
is even more prominent in the GWAS era. The statistical
models we have used to declare interaction as departure
from additive or multiplicative joint effects may be inadequate

Table 1. Trends in Published HuGE Articles, GWAS, and Studies

Reporting on GEI, 2001–2007a

Year
Total HuGE
Articles, no.

GWAS GEI

No. % No. %

2001 2,488 0 0 373 15.4

2002 3,196 0 0 444 13.9

2003 3,474 3 0.1 447 12.9

2004 4,279 0 0 518 12.1

2005 5,028 5 0.1 706 14.0

2006 5,357 12 0.2 727 13.6

2007 7,168 105 1.5 1,016 14.2

Abbreviations: GEI, gene-environment interactions; GWAS,

genome-wide association studies; HuGE, human genome epidemiology.
a Data were derived from the HuGE Navigator (13), searched on-

line July 10, 2008 at http://www.hugenavigator.net/.
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to describe the underlying biology of joint gene-environment
effects on complex disease. The flood of new empirical data
becoming available may allow us to examine both gene-gene
and gene-environment interactions in new ways.

Systems biology provides novel experimental ap-
proaches to quantify molecular components of a biologic
system, to assess their interactions, and to integrate such
information into graphic models that may explain or pre-
dict emergent phenomena (23). However, there is still
a large schism between modeling of interactions in cellular
and biologic processes and our ability to use that informa-
tion in observing health and disease in human populations.
How can we use biologic information for defining interac-
tion or choosing which analytic method is most useful for
identifying risk factors, genetic or environmental; for de-
scribing their joint effects; and for predicting and stratify-
ing risk? Do we look for higher-order effects only when
a main genetic effect has been found? Do we try to fit
a variety of models of interactions, including additive
and multiplicative effects? Do we remain truly agnostic
in our approach and let the data speak for themselves by
using other approaches such as data mining techniques
(24)? Do we continue using the multiplicative model to
remove one dimension of complexity (25)? We need some
analytic help to make the GEWIS efforts more productive
by addressing biologic, clinical, and public health ques-
tions, not only academic abstractions!

EMERGING METHODS FOR ANALYSIS OF GEWIS

In this issue of the Journal, Murcray et al. (26) present
a 2-step approach to evaluation of multiplicative gene-
environment interaction in the context of a GEWIS. In
another accompanying commentary, Chatterjee and
Wacholder (27) discuss the strengths and limitations of this
approach and compare it with a recently proposed (28)
‘‘1-stage’’ approach to gene-environment interaction. While
analytic approaches to genomic data and gene-environment
interaction will continue to evolve (refer to Chen et al. (29),
Schwender and Ikstadt (30), Musani et al. (31), and Kraft
et al. (32) for other examples), integrating analysis of ge-
netic and environmental factors into a coherent biologic
framework will be a huge challenge for epidemiology in
the 21st century. Strangely enough, the current GWAS ap-
proach that took us away from biology and more toward the
much-maligned ‘‘fishing expedition’’ in epidemiology pro-
vides more evidence about how much remains to be learned
about the etiology of complex diseases. The traditional ana-
lytic tools that we have used in epidemiology have been
strained by GWAS and will have to be further developed as
we move from GWAS to GEWIS in the coming decades.
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