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Statistical interactions between genes and environmental exposures with respect to disease outcomes may help
to identify biologic mechanisms and pathways and inform behavioral interventions. The number of persons
required for a single study to have sufﬁcient statistical power to detect such interactions may be considered
prohibitively large, making a meta-analysis of published literature an apparently attractive alternative. However,
meta-analysis of gene-environment interactions using published literature is challenging, with the conclusions
being likely to suffer from bias and lack of generalizability. The authors highlight these challenges and biases
using an illustrative example: meta-analysis of interactions between the Pro12Ala variant of the peroxisome
proliferator-activated receptor c (PPARc) gene and various diet and lifestyle factors in the risk of diabetes. The
authors conclude that literature-based meta-analysis conducted to examine gene-environment interactions is
unlikely to provide a meaningful quantitative conclusion. Alternative strategies are required, including analyses
in scientiﬁc consortia established to assess main genetic effects, where individual participant data can be shared,
allowing both greater power and consistency of analysis methods. However, these consortia are likely to be limited
by lack of standardization of the measures of environmental factors. This issue may ultimately only be resolvable
by the de novo establishment of large single or multicenter cohorts using comparable methods.
bias (epidemiology); diabetes mellitus, type 2; epidemiologic research design; genotype-environment interaction;
meta-analysis; PPAR gamma

Abbreviations: GEI, gene-environment interaction; PPARc, peroxisome proliferator-activated receptor c.

genetic main effects are small. Smith and Day (4) reported
that if the aim of a study is to detect interactions, the study
would need to be at least 4 times larger than a study aiming
to detect main effects of the same magnitude. Prohibitively
large sample sizes may lead researchers to attempt to address the question of GEI via a meta-analysis of the published literature, as has been done for main genetic effects
(5) and biomarkers (6). However, the challenges involved in
such an endeavor are numerous and may prevent any meaningful results being obtained.
In this paper, we discuss the potential challenges of metaanalyzing GEIs using published literature, exemplifying some
of the issues using a systematic review of the potential interactions between an extensively studied genetic variant associated with diabetes and a variety of lifestyle factors. We

Gene-environment interaction (GEI) has been of interest
in scientific research for nearly a century (1). Early GEI
studies were carried out in experimental settings and were
often aimed at assessing, within experimental populations,
how the effect of some environmental condition on a phenotype varied as a function of the genotype at a given locus (2).
Only in the last decade have large-scale investigations of
interactions between genes and environmental exposures
become possible, due to the decreasing cost of genotyping
technology. GEI findings may be useful in identifying biologic mechanisms and pathways (3), or they may inform
the targeting of new lifestyle and behavioral interventions.
A large sample size is needed if a study is to have sufficient statistical power to detect even small interaction effects, particularly for complex diseases for which the
1
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MATERIALS AND METHODS
Example: PPARg and type 2 diabetes

To illustrate the challenges of meta-analyzing GEIs using
published literature, we describe our experience of undertaking a systematic review and meta-analysis oriented
around the peroxisome proliferator-activated receptor c
(PPARc) gene, which has been extensively studied in relation to type 2 diabetes (8). PPARc is a ligand-activated
transcription factor involved in lipid and glucose metabolism, fatty acid transport, and adipocyte differentiation (9).
A missense mutation (substitution of alanine for proline) at
codon 12 of the PPARc gene (10) is present in several human populations. The minor allele of this Pro12Ala polymorphism in Caucasians has a frequency of approximately
12%. Large genetic association studies (>1,000 persons)
have consistently shown a protective effect of the minor
allele (odds ratio ¼ 0.8), leading to a population attributable
risk as high as 0.25 for type 2 diabetes (8). At least 50
genetic association studies have been performed to assess
the main effect of the Pro12Ala variant on the risk of diabetes, and 2 meta-analyses have also been published (11,
12). Our interest was in estimating interactions between the
Pro12Ala variant and lifestyle factors such as diet and physical activity. The project was motivated by a previous broadranging review of gene-lifestyle interactions in diabetes that
identified the PPARc gene as one with strong biologic plausibility for evidence of GEI (13). To our knowledge, no
meta-analysis of these GEIs has been attempted to date.
Setting eligibility criteria

The first step in any systematic review or meta-analysis
is to define a clear set of objectives for the review and
then formulate specific eligibility criteria for inclusion of
studies, based on these objectives. The objectives for a
meta-analysis of GEIs include definition of at least 4 components: 1) the disease or outcome, 2) the gene variant(s),
3) the environmental exposure(s), and 4) the types of studies
deemed appropriate for examining the interaction. The eligibility criteria can then be set accordingly. As with all reviews, a tradeoff must usually be made between making

these criteria narrow (addressing very specific questions,
but with the risk that not many studies will be included)
and making these criteria broad (allowing more studies to
be included, but with the risk that the questions addressed
become unfocused). The examples shown in Table 1 illustrate a variety of approaches. For example, Raimondi et al.
(14) considered any gene (examining interaction with smoking in risk of colorectal cancer) but then restricted their
attention to those genes that had been investigated 5 or more
times. On the other hand, Zeiger et al. (15) sought only
studies addressing the Taq1 polymorphism in the transforming growth factor a (TGFA) gene (interacting with maternal
smoking in risk of oral clefts).
In general, environmental exposures are likely to be more
difficult to specify than genetic variants, since they can be
defined and measured in many different ways (16). For
a specific exposure such as smoking, this may not pose
a major problem, but more complex and difficult-to-measure
exposures, such as dietary intake, will require dissecting,
either at the stage of determining eligibility criteria for the
review or within the review itself.
Eligible study designs for investigating GEI might include case-control studies, cohort studies, cross-sectional
studies, and case-only studies, the latter having been devised
especially for the study of GEIs under the assumption that
genotype and environmental exposure are independent in
the general population (17). Comprehensive reviews of
GEI methods in epidemiology are presented in papers by
Khoury et al. (18) and Yang and Khoury (19). Ideally the
eligible study designs should be prespecified, although few
of the articles we reviewed clearly stated this. Availability of
data may be an eligibility criterion and certainly will determine whether a study is included in a meta-analysis. In their
review, Zeiger et al. (15) considered only studies reporting
case and control counts for the 2-way cross-classification of
the genetic variant with smoking. In contrast, Minelli et al.
(unpublished manuscript) sought all relevant studies irrespective of data availability, although they decided eventually that meta-analysis would not be an option given the
incomplete reporting of suitable data.
Experiences from PPARg review

For our review of PPARc, lifestyle factors, and type 2
diabetes, we were highly specific about addressing only
the Pro12Ala variant of the PPARc gene, but we had broader
eligibility criteria for environmental exposures, outcomes,
and study designs. We sought studies investigating any lifestyle variables related to physical activity and diet, broadly
interpreted to include obesity and intake of specific components such as fatty acids. As outcomes, we included type 2
diabetes (present or not) as well as related quantitative phenotypes such as fasting glucose level and fasting insulin
level. We considered any type of study design.
RESULTS
Searching for studies
General considerations for GEIs. A literature-based
meta-analysis requires searches of bibliographic databases,
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structured the paper around the major steps of a systematic
review (7), addressing in turn the processes of setting
objectives and eligibility criteria for studies; searching for
studies; collecting data; assessing risks of bias in the included studies; considering potential biases (e.g., publication
bias) in the review as a whole; and synthesizing results across
studies. To provide an overview of experience in literaturebased reviews targeted at GEI, we searched PubMed (August
14, 2009) using the strategy ‘‘meta-analysis and (interaction
[title] or joint effect* [title]) and (gene [title] or genes [title]
or genetic [title]).’’ This retrieved 13 papers (plus a comment), of which 6 were literature-based meta-analyses targeting GEIs in human populations. We supplemented the
6 systematic reviews and meta-analyses with an unpublished
report from a colleague (Cosetta Minelli, EURAC Research
(Bolzano, Italy), personal communication, 2009). The
resulting 7 papers are described in Table 1.

Table 1. Results From 7 Meta-Analyses of Gene-Environment Interactions
Study, Year
(Reference No.)

Disease

Gene(s)

Environmental
Factor(s)

Synthesis
Method(s) Used

No. of Studies

Findings

13

Heterogeneous designs,
populations, and
environmental
exposures. Overall
suggestion that
interactions were
present, although ﬁnding
could have been
spurious.

Despite the authors’
intentions, no metaanalysis was conducted
because of
heterogeneity and
incomplete reporting.

Respiratory
function

Antioxidant genes

Air pollution

Raimondi et al.,
2009 (14)

Colorectal
cancer

Any gene variant
examined in 5 or more
studies (5 genes were
included: GSTM1,
GSTT1, mEH3, mEH4,
and NAT2)

Smoking

27 case-control or nested
case-control studies (12
presented data on
GSTM1, 8 on GSTT1, 7
on mEH3 and mEH4,
and 10 on NAT2)

Weak suggestion of
interaction with 1 gene
variant.

Q test, I 2, metaregression, randomeffects meta-analysis;
pooled P value for
interaction by stratiﬁed
logistic regression (loglikelihood test).

Risch et al.,
2009 (22)

Depression

Serotonin transporter
gene (5-HTTLPR)

Stressful life events

14 eligible studies, 10
included in metaanalysis

No interaction detected.

Logistic regression within
studies, combined using
random-effects metaanalysis.

Sanderson
et al.,
2007 (33)

Bladder cancer

NAT1 and NAT2

Smoking

36 (1 study of 3-way
interaction, 13 studies of
NAT2, and 2 studies of
2-way interaction for
NAT1)

Evidence of joint effects.

Novel methods
developed to deal with
difference subsets of full
cross-classiﬁcation.

Kim-Cohen
et al.,
2006 (39)

Antisocial
behavior

MAOA

Familial adversity
in childhood

5

Evidence of interaction.

Correlations between
exposure and outcome
within genotype
categories, Ztransformed. Q, I 2, ﬁxedand random-effects
meta-analysis.
Interactions by
difference in Fisher Z
values within studies.

Zeiger et al.,
2005 (15)

Oral clefts

TGFA

Maternal smoking

5

Interaction found, but not
robust to exclusion of 1
inﬂuential study
(strongest effect).

Mantel-Haenszel
methods used within
smoking categories.
Interaction addressed
using logistic regression
adjusting for study; caseonly analysis.

Marcus et al.,
2000 (23)

Bladder
cancer

NAT2

Smoking

16

Evidence of interaction.

Case-only odds ratio.
Logistic regression
within studies, combined
using ﬁxed- and randomeffects meta-analysis.

Abbreviations: GSTM1, glutathione S-transferase M1; GSTT1, glutathione S-transferase T1; MAOA, monoamine oxidase A; mEH3, microsomal epoxide hydrolase 3; mEH4, microsomal
epoxide hydrolase 4; NAT1, N-acetyltransferese 1; NAT2, N-acetyltransferese 2; TGFA, transforming growth factor a.
a
Cosetta Minelli, EURAC Research (Bolzano, Italy), personal communication, 2009.
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Minelli et al.,
unpublished
manuscripta

3

Downloaded from http://aje.oxfordjournals.org at Medical Center Library, Duke University on April 20, 2010

4

Palla et al.

1. A search for GEIs involving PPARc and type
2 diabetes within HuGE Navigator (Human
Genome Epidemiology Network) (20).
2. A broad PubMed search of the form ‘‘(PPARc
or synonyms) and (Pro12Ala or synonyms) and
(type 2 diabetes or hyperglycemia or synonyms)’’ and examination of the resulting titles
and abstracts for mention of GEI.
We did not restrict any searches to terms related to specific
study designs. The search and subsequent selection process
yielded 33 reports from 30 independent studies.
Data collection
General considerations for GEIs. Information on GEI
may be presented in a variety of ways, including an estimate
of an interaction parameter from a regression model with
a confidence interval or P value and estimates of the effect
of exposure stratified by genotype. In general, the models
estimating interactions may be very different depending on

the type of outcome (possibilities include linear regression,
logistic regression, unweighted or weighted Cox regression,
mixed-effects models, and generalized estimating equations) and also depending on what other covariates have
been included in the model and how these covariates have
been measured.
In addition to the variety of models that could be used to
estimate an interaction, there are many ways in which interactions might be reported. Knol et al. (21) have studied
this empirically, based on a sample of 150 case-control
studies and 75 cohort studies published in leading journals
between 2001 and 2007. They concluded that although a majority of the studies addressed possible interactions between
exposures, in about half of these studies the information
provided was unsatisfactory (21). Examples of ‘‘unsatisfactory’’ reporting included making statements about interactions without presenting any supporting data, presenting
only a P value, and presenting stratum-specific estimates
with no meaningful comparison between strata.
Given the variety of ways that interactions may be reported,
only thorough scrutiny of all of the results, tables, and figures
in each paper will ensure that all relevant information is collected for the review or meta-analysis. Beyond this, contact
with the authors of the primary studies may be required, and
in 5 of the 7 example meta-analyses, the investigators did this.
Risch et al. (22) sought raw data from all included studies and
obtained them for 10 of their 14 studies. In contrast, Marcus
et al. (23) reported substantial attempts to retrieve usable data,
without success, and changed their strategy as a result to
examine only case groups rather than full case-control studies.
Experiences from PPARc review. We used the classification system proposed by Knol et al. (21) to categorize the 33
reports we found according to how the interactions were
reported (see Table 2). In 8 (24%) of the 33 papers, investigators reported interactions at level 1 (only a P value or
statement of statistical significance), and in 14 (42%) they
reported them at level 2 (effect estimates and confidence
intervals provided across strata of exposure for each genotype without a direct test for interaction). Therefore, in 67%
of the papers, investigators did not present results from
a meaningful comparison of stratum-specific effect estimates. In 11 (33%) papers, investigators reported interactions at level 3 (effect estimates and confidence intervals
across strata and a P value or statement of statistical significance based on an interaction test), but in no papers did
investigators report interactions at level 4 (sufficient information to allow interpretation of the interaction on both an
additive and a multiplicative scale). In most cases, the conclusion about interaction was based on a finding of a statistically significant effect in 1 group (e.g., body mass index
(weight (kg)/height (m)2)  30) but no significant effect in
the other group (e.g., body mass index < 30). These results
are consistent with those reported by Knol et al. (21), and
the heterogeneity in reporting undermines the potential application of meta-analysis in this instance.
Study quality and biases
General considerations for GEIs. In addition to the difficulties of identifying consistently reported GEI information
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and the strategies used for conducting these searches should
relate directly to the eligibility criteria. The principal issue in
a meta-analysis of GEI is whether to seek studies that prominently report interaction or to seek a larger set of studies and
investigate the full texts of the articles for reports of GEI. A
paper whose focus is reporting main genetic effects might
include data relevant to GEI only within the results, tables,
or text, so important results on GEI would not be identified by
a search based on titles, abstracts, and keywords. Any interaction from such papers that is mentioned in an abstract could
well represent an ‘‘exciting’’ finding, and results identified in
this way could easily bias the results of a meta-analysis. Only
a detailed examination of the full text of many papers would
avoid the possibility of such bias due to selective reporting.
For example, Raimondi et al. (14) used a collection of studies
that had been identified for a previous systematic review of
associations between smoking and colorectal cancer, and they
examined each for information on interaction with genes.
In most of the papers in our selection of examples, investigators specified the search terms used but did not describe
how the search strategy was structured, so we were unable to
determine what they did from their published reports. Minelli
et al. (unpublished manuscript) targeted reports of interaction, conducting a search of the form ‘‘(gene or synonyms)
and (respiratory illness or synonyms) and (air pollution or
synonyms).’’ In the 4 most recent of the 7 papers in our
selection, the investigators searched multiple databases; in
the oldest 2, they searched MEDLINE alone; and in the
intermediate paper, they did not report their sources. Most
investigators searched reference lists, but none reported
major attempts to unearth less accessible studies.
Experiences from PPARc review. Like Raimondi et al.
(14), we had access to results from a comprehensive search
for a ‘‘parent’’ collection of association studies from a systematic review of association between PPARc Pro12Ala and
type 2 diabetes (12). We examined the full text of each paper
included in this review for reports of interaction between the
genetic variant and lifestyle factors. We supplemented this
list with additional searches for papers in 2 ways:
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Table 2. Distribution of 33 Studies Containing Information About the Interaction Between the Peroxisome
Proliferator-Activated Receptor c (PPARc) Pro12Ala Variant and Lifestyle Factors for Type 2 Diabetes and Related
Metabolic Traits, by Outcome-Exposure Combination and Study Design
Exposure
Outcome

Diabetes

Physical Activity

Diet

BMIa/Obesity

Hypertension

Other

All
CS
Designs Design

All
CS
Designs Design

All
CS
Designs Design

All
CS
Designs Design

All
CS
Designs Design

0

3

0

5

0

1

0

0

0

Insulin

2

0

4

3

7

3

1

0

3

0

Glucosec

1

0

2

2

6

2

1

0

2

0

BMI/anthropometryd

2

0

4

2

4

1

0

0

4

1

Other

0

0

0

0

1

1

0

0

2

0

Abbreviations: BMI, body mass index; CS, cross-sectional; HOMA-IR, homeostasis model assessment of insulin
resistance.
a
Weight (kg)/height (m)2.
b
Includes fasting insulin level, HOMA-IR, and HOMA75 (75th percentile of HOMA-IR distribution).
c
Includes fasting glucose level and hemoglobin A1c level.
d
Includes BMI, waist:hip ratio, and waist circumference.

from published papers, there are numerous biases that may
affect a meta-analysis—both biases within individual studies and bias that may arise in the meta-analysis itself.
In general, studies in which GEIs are reported may be
prone to all of the usual biases inherent in observational
studies. This is one of the substantial complications in extending a meta-analysis of genetic association studies to
examine GEI, since in genetic association studies Mendelian randomization of genetic variants at conception means
that concerns about confounding are typically restricted to
population stratification (when the studies are conducted in
different ethnic groups or in admixed populations (24)).
Therefore, there may be substantial bias arising from failure
to control adequately for other confounding factors once
environmental exposures are analyzed. There may also be
bias arising from measurement error in both the environmental exposure and the confounders, as well as from genotype misclassification (25) and selection bias (26). These
issues are typical of attempts to meta-analyze results from
nongenetic, observational epidemiology studies (27, 28).
The combined effect of all of these biases on the estimate
of an interaction would be very difficult to predict (29).
Sanderson et al. (30) have reviewed tools for assessing
risk of bias in observational studies which potentially could
be adapted to also address GEI. Minelli et al. (31) have
reviewed the quality of meta-analyses of genetic association
studies and issued some recommendations for reporting it,
with a view that study quality should be investigated as
a cause of heterogeneity and highlighting that this is rarely
done, partly because the important biases are not fully understood (7). It is perhaps not surprising, therefore, that in
most of the example analyses listed in Table 1, investigators
did not conduct a quality assessment of the included studies.
Minelli et al. (unpublished manuscript) extensively assessed
risks of bias, and Marcus et al. commented that ‘‘the validity
of our results may be affected by confounding, misclassification, or other limitations of our data’’ (23, p. 465), but
investigators in the other 5 meta-analyses apparently took
the findings from the included studies at face value, although

in 2 of them the researchers collected data on some study
characteristics that could be related to quality.
Experiences from PPARc review. In the PPARc review,
we found 30 independent studies covering 7 study designs,
including 11 cross-sectional studies, 6 case-control studies, 6
cohort studies, 3 clinical trials, 3 family-based studies, and 1
meta-analysis. No study used a case-only design. We did not
undertake a formal quality assessment of the studies we
identified, largely because we found very heterogeneous
evidence, with little prospect of being able to draw useful
conclusions even if all of the studies were free of
limitations.
Biases in the review as a whole
General considerations for GEIs. Meta-analysis is well
known for having the potential to suffer from publication
bias—the tendency for ‘‘exciting’’ results to be more likely
to be published than statistically nonsignificant results. This
would seem to be an even greater issue where the interest is
in interactions than where the interest is in main effects,
given that interactions are not usually the primary hypothesis of a study. It is highly likely that researchers might
study a number of interactions as secondary hypotheses
but then only report those that are statistically significant.
A standard set of tools, including funnel plots and associated
statistical tests, is available for examining relations between
study size and effect size (32) and these tools are often
mistakenly used as tests for publication bias (investigators
in 2 of our examples in Table 1 did this). Asymmetry in
a funnel plot may be due to publication bias, but this is only
1 of several possible explanations. Among our examples, we
observed very few comments about the possibility of publication bias or selective reporting of exciting findings.
Minelli et al. (unpublished manuscript) provided an extensive discussion and were suspicious of selective reporting;
Marcus et al. (23) acknowledged that publication bias could
be responsible for their findings. The only true test of publication bias is to compare results from published studies with
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Combining evidence across different exposures,
outcomes, and study designs
General considerations for GEIs. In a typical metaanalysis, investigators proceed by computing a weighted
average of comparable point estimates. Ideally, we would
have estimates of the same interaction term from each of
several studies examining the same genetic variant, the same
exposure, and the same outcome, studied in a similar way.
However, as we have already mentioned, several different
designs may be used to examine interactions; authors may
analyze data and report results in different ways; and there
may be a variety of different outcomes and exposures. These
differences will present challenges when attempting to
meta-analyze the results across studies (29). The challenges
involved in investigating interaction may be greater even
than when addressing association in (nongenetic) epidemiologic studies (27, 28). Our evidence from other metaanalyses of published literature indicates that only in the
presence of dichotomous or categorical environmental variables (e.g., smoking) was it possible to perform metaanalysis. With continuous environmental exposures (e.g.,
air pollution in Minelli et al. (unpublished manuscript)),
the measures of environmental exposure were too heterogeneous for a quantitative synthesis to be feasible.
Advanced methods of synthesis can be used to combine
information from a more complex data structure. Sanderson
et al. (33) developed a Bayesian method specifically for
their review to facilitate the meta-analysis of results from
studies where interactions have been analyzed and reported
in different or incomplete ways, making use of external information about the prevalences of the various unreported
exposures in the populations under study.
Experiences from PPARc review. We grouped the possible outcomes into 5 classes (diabetes, glucose outcomes,
insulin outcomes, anthropometric outcomes, and other)
and grouped the environmental exposures similarly (dietary
exposures, physical activity exposures, body mass index/
obesity exposures, hypertension, and other). Table 2 shows
how many of the papers were identified within each combination of outcome and exposure. The most frequent combi-

nation of outcome and exposure was an insulin-related
outcome and body mass index/obesity. The most common
study design was cross-sectional. When we classified outcome and exposure for the most frequent design class
(cross-sectional), we found that each combination of outcome, exposure, and design was virtually unique (Table 2).
For example, the combination of insulin, diet, and a crosssectional design yielded 3 studies. However, even within
this category, there were 3 somewhat different environmental exposures, namely polyunsaturated fat:saturated fat ratio,
free fatty acids, and fish intake. Thus, the scope for metaanalysis was severely limited, and we did not attempt any.
DISCUSSION

The challenges of meta-analyzing GEIs using published
literature are numerous. They include:
1) lack of consistency in both definition and
measurement of outcomes and environmental
exposures;
2) lack of consistency in study designs;
3) bias inherent in the observational studies included in the review;
4) lack of consistency in statistical analysis models
and methods for assessing interactions;
5) lack of consistency in how results for interactions
are presented and the likelihood that they will not
be included in the title or abstract of a paper, thus
requiring hand-searching of the full text of all possible papers on the gene of interest; and
6) the possibility that nonsignificant interactions
have not been reported and that hence any quantitative meta-analysis will suffer from publication
bias.
Challenges 1–3 are common to observational epidemiologic
studies of main effects, and challenges 4–6 are particularly
pertinent to the study of interactions. Collective efforts have
been put into place to overcome such challenges; these efforts
have particularly focused on guidelines for reporting of observational studies (34) and, more recently, genetic association
studies (35). However, the additional challenges (challenges
4–6) entailed by interactions suggest that efforts to metaanalyze GEIs using published literature might be a poor use
of time and resources. This is an area where meta-analysis
based on the individual participant data from each study might
be beneficial, and where prospective harmonization of data
collection and analytic strategies is critical (36).
Many scientific consortia have been established to share
and meta-analyze data for the assessment of main genetic
effects (37), and such consortia are well placed to examine
GEIs. Of course, these consortia are often established retrospectively, and because different definitions and measures of
the environmental factors will have been used, their standardization will be necessary. Such an approach is likely to
be limited to a few highly specific lifestyle behaviors, such
as smoking, that are reasonably consistently and precisely
measured across studies. The study of gene-lifestyle interaction for other, more difficult-to-measure exposures such
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results from comparable unpublished studies. In a literaturebased meta-analysis, this is very unlikely to be feasible, so
the problem might be regarded as insurmountable.
Experiences from PPARc review. Our strategy for addressing reporting biases had 2 aspects. First, by having
access to a carefully assembled collection of studies on
the association between PPARc and type 2 diabetes (12),
we were able to examine the full text of most of the papers
that could theoretically include information on interaction
with diabetes. Ten of the 33 papers retrieved by our search
had been included in the review of associations with PPARc
main effects, and no relevant papers from the PPARc maineffects review had been missed by our search. Thus, in this
instance, the bibliographic database search would have been
sufficient. Second, we acknowledge that selective reporting
of statistically significant interactions is likely in the published literature, and we interpret any findings with considerable skepticism.

Challenges in Literature-based Meta-Analysis for GEIs

as diet and physical activity is likely to require analysis in
consortia where standardization of these exposures has been
instigated at the design stage. Moreover, because historical
studies utilized relatively imprecise methods for exposure
measurement, the study of interaction may also require
the establishment of new cohorts with investment in
precise measurement of important but difficult-to-measure
behaviors.
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