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Abstract
A growing number and increasing diversity of factors are
available for epidemiological studies. These measures provide
new avenues for discovery and prevention, yet they also raise
many challenges for adoption in epidemiological investigations. Here, we evaluate 1) designs to investigate diseases that
consider heterogeneous and multidimensional indicators of
exposure and behavior, 2) the implementation of numerous
methods to capture indicators of exposure, and 3) the analytical methods required for discovery and validation. We ﬁnd
that case-control studies have provided insights into genetic
susceptibility but are insufﬁcient for characterizing complex
effects of environmental factors on disease development.
Prospective and two-phase designs are required but must

balance extended data collection with follow-up of study
participants. We discuss innovations in assessments including
the microbiome; mass spectrometry and metabolomics;
behavioral assessment; dietary, physical activity, and occupational exposure assessment; air pollution monitoring; and
global positioning and individual sensors. We claim the the
availability of extensive correlated data raises new challenges
in disentangling speciﬁc exposures that inﬂuence cancer risk
from among extensive and often correlated exposures. In
conclusion, new high-dimensional exposure assessments offer
many new opportunities for environmental assessment in
cancer development. Cancer Epidemiol Biomarkers Prev; 26(9); 1370–80.
2017 AACR.

Introduction

1

Department of Biomedical Informatics, Harvard Medical School, Boston, Massachusetts. 2Department of Family Medicine and Public Health, University of
California San Diego, La Jolla, California. 3Department of Preventive Medicine,
University of Southern California, Los Angeles, California. 4Department of
Biostatistics, University of Michigan School of Public Health, Ann Arbor, Michigan. 5Department of Epidemiology, Fielding School of Public Health, University
of California Los Angeles, Los Angeles, California. 6Department of Biostatistics
and Department of Oncology, Johns Hopkins University, Baltimore, Maryland.
7
Division of Neonatology, Department of Pediatrics, Dartmouth-Hitchcock
Medical Center, Lebanon, New Hampshire. 8Department of Epidemiology, Geisel
School of Medicine, Dartmouth College, Lebanon, New Hampshire. 9Susceptibility and Population Health Branch, National Institute of Environmental Health
Sciences, NIH, Research Triangle Park, North Carolina. 10Epidemiology and
Genomics Research Program, Division of Cancer Control and Population
Sciences, National Cancer Institute, NIH, Bethesda, Maryland. 11Johns Hopkins
University Bloomberg School of Public Health, Baltimore, Maryland. 12Center of
Excellence in Environmental Toxicology and Penn SRP Center, Perelman School
of Medicine, University of Pennsylvania, Philadelphia, Pennsylvania. 13Department of Systems Pharmacology and Translational Therapeutics, Perelman
School of Medicine, University of Pennsylvania, Philadelphia, Pennsylvania.
14
Department of Preventive Medicine, Icahn School of Medicine at Mount Sinai,
New York, New York. 15Department of Biomedical Data Science, Geisel School of
Medicine at Dartmouth College, Lebanon, New Hampshire.
Corresponding Authors: Christopher I. Amos, Geisel School of Medicine at
Dartmouth, 1 Medical Center, Williamson Translational Research Building, Lebanon, NH 03756. Phone: 603-650-1972; Fax: 603-653-6696; E-mail:
Christopher.I.Amos@dartmouth.edu; and Chirag Patel, Harvard Medical School,
10 Shattuck St, Boston, MA 02115. Phone: 617-432-1195; E-mail:
chirag_patel@hms.harvard.edu
doi: 10.1158/1055-9965.EPI-17-0459
2017 American Association for Cancer Research.

Both genetic and environmental factors contribute to the
etiology of complex diseases. It has been recognized that
there has been an inequality in gene–environment (GxE)
research, with less technological development and attention
to environmental exposures (1, 2). Identifying environmental
factors could result in potentially modiﬁable targets to
decrease risk of disease and to enhance understanding of
disease pathobiology.
Thousands of environmental exposure and risk-related
behaviors are potential targets for epidemiologic investigations and GxE research. In the era of "high-throughput exposure biology," the concept of the exposome has emerged to
describe comprehensive assessment of the totality of one's
"exposure" to environmental factors. Geographic information
systems (GIS) and personal-level sensors are also creating new
opportunities for epidemiologic discovery. Furthermore, technologies to capture the external environment, such as ambient
monitors, have established a role in environmental investigation. High-throughput measurement technologies have
inspired the concept of precision medicine, an approach to
capture individual genetic variation (3), and environmental
exposures to tailor therapeutics and diagnoses for individual
patients. These approaches will likely provide a better understanding of chronic low-dose effects of exposures which will
probably be a major contributor in understanding GxE effects.
Environmental exposures broadly represent a broad range of
physical, chemical, and biological agents, but this review will
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primarily focus on factors that are potentially modiﬁable in
human populations.
There are many challenges in implementing these new technologies for epidemiologic population-based and clinical
observational research. Issues that must be considered include:
(i) the development of study designs to interrogate disease in
the context of heterogeneous and multidimensional indicators
of exposure and behavior; (ii) implementation of numerous
methods to capture indicators of exposure at various exposure
levels, (iii) analytic methods required for discovery and validation. In this review, we examine the challenges and opportunities that these current and new techniques pose in epidemiologic research.
Part 1: Design of studies in the context of high-content
measurements study designs
The successes of recent genome-wide association studies
(GWAS) to discover and replicate variants associated with disease
and phenotype (4) have made it tempting to extrapolate that
similar agnostic approaches could lead to the discovery of many
environmental and behavioral causes of diseases. Design of
potential environment-wide association studies (EWAS) may
provide novel insights into risk factors for complex diseases but
raises new challenges due to complex measurement error, correlations between exposures, temporal variation, and biases that can
plague observational studies. Large-scale and untargeted environmental epidemiologic studies will critically depend on selection
of study designs that can minimize false-positive ﬁndings
while maintaining robust power for the detection of underlying
causal effects.
Prospective or cohort studies are ideal for conducting epidemiologic studies of environmental exposures as environmental
exposure factors often change over time. Thus, prospectively
collected, repeated measurements will be critical for assessing
disease risk associated with the long-term average level of exposures as well as with their dynamic proﬁles. The optimal study
design for balancing the number of participants and number of
repeated measurements will depend on underlying hypotheses of
interest, the intraclass correlation of the exposures (5), and the
relative cost of recruiting individuals and measuring the exposures, and the types of phenotypic outcomes (e.g., quantitative
trait or time-to-disease) under investigation. When stored biologic samples are to be used from an existing cohort study or
surveillance program for assessment of new biomarkers, it is
important to understand how content of the samples (e.g.,
chemical exposure biomarkers or RNA) may degrade over time
with respect to the biological tissue being stored (e.g., refs. 6, 7).
For rare diseases, a strategy may be to combine data from multiple
cohorts as was performed for the Cohort Consortium Vitamin D
Pooling Project of Rarer Cancers (8).
Case–control studies, which are central to disease-speciﬁc
GWAS, face intrinsic challenges for studying effects from environmental exposures due to well-known sources of bias such as
reverse causality. This is particularly true for any biomarker-based
approaches, for which the disease itself may alter biomarker levels
or result in a change in behavior in individuals (9). Case–control
studies still have broad utility for studying GxE interactions due to
the growing resources to model environmental exposures (i.e.,
model retrospective exposure) as well as robustness of multiplicative interaction parameters to effects of selection bias and
nondifferential misclassiﬁcation (10, 11).
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Hybrid designs can be used to combine advantages of cohort
and case–control studies. At phase I, investigators may ﬁrst
establish a large cohort for the participants of which biological
samples and data on certain risk factors, that is, that are relatively
inexpensive to ascertain, will be gathered. At phase II, samples can
be then selected from the phase I cohort in ascertaining biomarkers and more detailed exposures that may be expensive to
conduct for the entire cohort. Two popular hybrid designs include
the case–cohort (12) and nested case–control studies (13, 14). In
the case–cohort design, the phase II sample consists of all cases
that arise during the follow-up of the cohort and a random sample
of individuals from the cohort. In the nested case–control study,
the phase II sample consists of all cases and a set of matched
controls for each case drawn from the subset of cohort members
still at risk at the time the case occurred. Use of prediagnostic
biological samples may avoid reverse causality bias despite the use
of case–control sampling for subject selection at phase II. For
assaying samples in the laboratory, however, careful design is
needed for batching cases and controls in a balanced fashion to
avoid differential misclassiﬁcation arising due to technical variability associated with various laboratory and instrument conditions. Hybrid designs are routinely used by many existing large
cohort studies, such as the National Cancer Institute Prostate
Lung Colorectal and Ovarian (PLCO) trial (15), for conducting
biomarker-based studies.
Samples at phase II can be selected on the basis of disease
history of the subjects observed in the cohort as well as information on surrogates of exposure or other risk factors, a variant
approach known as a two-phase design (16). Originally proposed
for studying the relationship between a rare disease and a rare
exposure (17), a situation where neither the standard cohort nor
case–control designs is efﬁcient, the two-phase design can also be
used to collect more information on exposures, confounders, or
modiﬁers than would be feasible in the main study. A study may
collect data on a few main exposures of interest at phase I and on a
larger set of other risk factors, including potential confounders or
modiﬁers of the main exposures of interest, at phase II (17).
Enriching of phase II sample by subjects who experience a rare
outcome, that is, the cases in the study, or/and individuals that
have a rare exposure proﬁle, can greatly enhance efﬁciency of
identifying both main effects and interactions (18–21). The
matched analogue of the two-phase design is counter-matching
(21, 22), in which cases and controls are sampled from the ﬁrst
stage in a manner that ensures that each matched set is discordant
for the exposure surrogate, thereby improving power for main
effects and interactions (23). A crucial component of the twophase design is an analysis that (i) combines the information from
both the main and substudies and (ii) uses one of several methods
for reducing bias that would be introduced by sampling jointly on
exposure and disease (16). It is this combination of information
from the two parts that distinguishes this design from simpler
main study and validation (or pilot) substudies discussed above,
where they are treated separately.
In addition to the issues raised above, cancer and other chronic
diseases often involve an extended interval between exposure and
disease and the effects of extended exposures are often cumulative. Thus, indices of cumulative exposure (e.g., pack-years for
tobacco smoking) are widely used as the predictor in modeling
exposure–response relationships. However, various other timerelated variables such as age at exposure, time since exposure,
attained age, or duration or level (acute high vs. chronic low) of
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exposure may modify the exposure–response relationship
(24–27). Collecting extensive exposure information over time in
large cohort studies would be a gold standard to strive toward, but
there are competing issues of cost and invasiveness of collecting
extensive exposure data. On the other hand, the advent of new
personal monitoring devices raises the potential to passively collect
detailed data on participants over extensive periods with minimal
cost (28). However, there are barriers to broad-scale implementation that include the cost of providing sensors to participants
and the management of extensive data from cohorts. The All of
Us consortium (https://allofus.nih.gov/about/scientiﬁc-opportu
nities), funded by the Precision Medicine initiative is seeking to
implement whole genome analysis with the application of new
sensing and environmental measurement strategies for a cohort
comprising 1 million participants.
Part 2: Types of traditional and emerging exposure
measurement modalities
Several different modalities exist to assess environmental exposures (Table 1; for review, see ref. 29) which can include external
measures (30), biomonitoring (31), and measurements of biological effect (32). These measurements may be classiﬁed as either
"individual-level" (e.g., serum levels of heavy metals measured on
each participant or self-reported diet), or "ecological-level" which
is based on spatiotemporal information on individuals, such as
zip code at a certain point of time or with respect to an event.
These measurements are heterogeneous in type, the tissue or
sample assayed, per sample cost, the number of variables assessed
per assay, and potential sources of error. This heterogeneity poses
an operational challenge in a large-scale epidemiologic investi-

gation, such as in data collection, data processing (e.g., assessing
detected values, considering skewed distributions), data harmonization, data integration, and data analysis to provide biologically and clinically relevant signals (see next section). The
approaches described below are all emerging, but are yet to be
fully adopted in large-scale epidemiology studies because of
perceived or real needs for further validation, cost constraints,
or other challenges. We describe some of the strengths and
considerations for using these methods.
Some investigators have called for a single conceptual deﬁnition of heterogeneous measurements of exposure called the
"exposome" (2, 31). The exposome considers multiple exposures
humans encounter from conception to death (33) simultaneously. Wild has divided the exposome into three domains, including
the "general external," the "speciﬁc external," and the "internal"
(34). The general external exposome includes indicators of socioeconomic status, ﬁnancial status, and stress. The speciﬁc external
includes factors such as radiation, infectious agents, pollutants,
diet, lifestyle factors, and medical interventions. The internal
exposome consists of internally measured exposure and phenotypic factors, such as indicators of metabolism, microﬂora, and
inﬂammatory markers. If the concept is to be successful as a tool
for discovery of exposures in disease, the heterogeneity of data
measures seen in Table 1 must be addressed in appropriate study
designs (see above) and in analyses (see below). A few exposome
research efforts are now underway. For example, the Children's
Health Exposure Analysis Resource (CHEAR) is a program funded
by the National Institute of Environmental Health Sciences
(NIEHS) to advance understanding about how environmental
exposures impact children's health (35). CHEAR is designed to

Table 1. Examples of traditional and emerging environmental and behavioral measurements on the individual level (i) and ecologic level (e)
Type (sensor or bioassay;
external or internal); how
implemented/disseminated
(tissue sample, monitoring
device)
Sequencing of samples (e.g.,
feces, saliva)

Rough cost/
participant (O:
order notation)
O ($100)

# of
Variables
O (1,000)

Sources of error (e.g.,
measurement)
Diverse `omics modalities;
diverse sample collection
methods
Technical variation; sample
origin and collection

Description
Microbiome (i)

Example references
Robinson et al. (52)

Targeted mass
spectrometry and
biomarkers (i)
Untargeted mass
spectrometry/
metabolomics (i)
Context & behavior
assessment (i)

Holmes et al. (133), Wang et
al. (134)

Assay of human tissue (e.g.,
serum, urine, tissue-speciﬁc)

O ($100–1,000)

O (10–100)

Tzoulaki et al. (60)

Assay of human tissue (e.g.,
serum, urine, tissue-speciﬁc)

O ($100–1,000)

O (1,000)

Technical variation; sample
origin and collection

Chen et al. (135), Ellis et al.
(136), Marinac et al. (137),
Lam et al. (138)
Subar et al. (139)
Thompson et al. (75, 140)

SenseCam camera; iPhone
research kit apps

<$100

O (10–100)

Device use and attrition;
recall

Self-administered auto-coded
mobile and/or web-based
24-hour recalls, food records
and food frequency
questionnaires
Accelerometer

Some freely
available,
others <$100

O (100)

Day-to-day random error
and systematic error or
bias

<$100

O (10–100)

Wear time

Questionnaire supported by
algorithms to infer exposures
Sensor

<$100

O (1,000)

$100–1,000

O (10–100)

Jankowska et al. (144)

Sensor

<$100

O (10–100)

Participant recall, imprecision estimating exposures
Imprecision estimating
internal exposure
Location error

O'Connell et al. (145)

Sensor

$100–1,000

O (10–100)

Dietary intake
assessment (i)

Physical activity
Kerr et al. (141), Meseck et al.
assessment (i)
(142)
Occupational exposures
Cochran and Driver (74)
assessments
Air pollution monitoring (e) Jerrett et al. (143)
Global Positioning
System (e)
Individual sensors (i)
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expand the range and access of environmental exposures assessed
in NIH-funded children's health studies, such as untargeted and
targeted mass spectrometry–based assays (Table 1). In Europe, the
Human Early-Life Exposome project is bringing together six
existing birth cohort studies comprising 32,000 mother–child
pairs to study the impact that a broad array of exposures has upon
development and disease (36). In the United States, the Environmental inﬂuences on Child Health Outcomes program is developing methodologies for identifying early determinants of child
health and disease by characterizing the early exposome.
Microbiome
One aspect of immune dysfunction/disease has focused on the
intestinal and lung microbiome, and the associated health signatures (37–49); the implementation of the Human Microbiome
Project (50) has contributed signiﬁcantly to more comprehensive
and larger microbiome investigations in human populations
(51). Recently, standardized techniques have expanded the study
of the microbiome into large-scale studies (ref. 52; Table 1).
Establishing norms in large cohorts is an important ﬁrst step to
enable links of multiple exposures to changes in the microbiome
and ultimately to long-term health outcomes (53). Collection
techniques, laboratory protocols, microbial DNA extraction kits,
and even sequencing platforms often vary from study to study,
creating challenges for data pooling. Not only will it be important
to understand sources of variability in the collection, processing,
and analyses of the microbiome (54–56), but continued evaluation of evolving sequencing platforms will be necessary as well.
For example, there are two main methods for collection of
microbiome information. In the ﬁrst, 16S ribosomal RNA is
targeted and sequenced. The 16S sequence fragments are classiﬁed
using off-the-shelf bioinformatics tools, into operational taxonomic units (OTUs), and these OTUs are analyzed to understand
the presence of different microbiome organisms in a given sample. In the second, the entire community of the microbiome is
sequenced (called "metagenomic sequencing"), which not only
provides information on what types of organisms are present, but
also their "functional" capability through the sequencing of genes
that are expressed in the sample (57).
There are a few but impactful examples of microbiome investigations in humans that demonstrate the associations in human
disease, such as colorectal cancer, integrate careful control over
sample collection and processing with analysis of outcomes. In
one such investigation, Kostic and colleagues performed 16S
ribosomal sequencing of microbiome organisms in 95 matched
pairs of colon cancer tumors versus adjacent nonaffected colon
sites (58). Their data-driven investigation implicated species of
the genus Fusobacterium, enriched in tumor versus nontumor sites.
While provocative and a demonstration of creation of hypotheses
in the association, these investigators found between Fusobacterium-associated sequences and colorectal cancer are subject to
concerns about reverse causality and the mechanism of tumor
growth; for example, it is entirely possible that these speciﬁc
bacteria accumulate in tumor sites and tissue because of the
cancer itself. We expect that future investigations of unrelated or
unpaired individuals will need to harness the study designs
described above to strengthen claims of direction association.
Targeted and untargeted mass spectrometry
One approach to measuring biomarkers of exposure, either the
actual exposure level or proxy (e.g., metabolites), includes mass
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spectrometry technologies (Table 1). Mass spectrometry can fall
into two platform technologies, "targeted" and "untargeted."
"Targeted" mass spectrometry platforms detect chemicals that are
known a priori in human tissue and urine and can be both
indicators of the internal exposome or external exposome, such
as lead, cadmium, and mercury. "Untargeted" platforms that
allow for high content measurements, but may sacriﬁce exact
identify of the chemical (output is limited to mass spectra) and
may have lower sensitivity than a targeted assay (59). An advantage of untargeted platforms is that they are "agnostic," enabling
discovery of associations with chemical entities that may have not
been anticipated before the investigation. However, chemical
analytic follow-up is often required to identify the chemical
structure that emerges from an untargeted assay. One application
of both targeted and untargeted mass spectrometry technology is
for metabolomics (60), which applies an untargeted approach to
comprehensively examine the set of small-molecule metabolites
in human tissue, or indicators of the internal exposome, and then
follows up ﬁndings with a targeted substudy.
Work led by Hazen and colleagues (61) has been an example of
success in data-driven discovery of an endogenous indicator of a
dietary factor [trimethylamine N-oxide (TMAO)] linked to heart
disease. First, Wang and colleagues began with an untargeted
metabolomics approach to screen >2,000 small chemical metabolites (measured with liquid chromatography mass spectrometry) in 50 cases that had incident myocardial infarction versus 50
matched controls without history of cardiovascular disease. After
replication in another independent cohort, they found 3 correlated chemical analytes associated with cases versus controls,
including TMAO. After examining the association of TMAO
speciﬁcally in a larger cohort (N¼1,876) with incident cardiovascular disease, they executed several rounds of mouse model
experiments to begin to elucidate the causal association between
TMAO and cardiovascular-related phenotypes. In the process,
they found that TMAO "enhanced atherosclerosis" in mice, and
that the mouse microbiome played a key role in producing TMAO
from speciﬁc dietary factors. Since this impactful study, the
investigators have gone on to demonstrate that suppressing
speciﬁc ﬂora through antibiotics inﬂuences TMAO production,
and second, fasting levels of TMAO play a role in cardiovascular
disease risk (62).
Sensor-based measures and physical activity assessment
Physical activity is a well-known risk factor for chronic disease.
Many large epidemiologic studies are including research-grade
accelerometer devices to assess physical activity (63) that can
avoid misclassiﬁcation bias in self reporting (ref. 64; Table 1).
Devices can be worn on the hip, wrist, or thigh, and can assess
second by second behaviors (including sleep quality) and postures (e.g., standing), which may be independently related to
health (65). Collecting accelerometer data over multiple days
allows researchers to assess patterns of behaviors (time of day and
variability across days) in new ways so that more precise activity
prescriptions (e.g., how much, when, and what behavior) can be
given (66, 67). It is also possible to assess physical activity and
related behaviors using Global Positioning System (GPS)-derived
coordinates on individuals, which are now omnipresent on
mobile phones. However, this information must be linked
with other sources of information (e.g., air pollutant monitors)
in addition to individual-level information by merging on
spatiotemporal coordinates, a straightforward but nontrivial
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information technology exercise. Researchers have been using
GPS trackers alone or in combination with other monitors to
assess exposure to pollution, outdoor time, and time spent in
locations, such as food locations and parks (68–70). Researchgrade devices can cost considerably more than mobile phones, but
have the capability of measuring over shorter intervals, which may
give research an opportunity to capture location of an individual
in almost real-time. However, it is an outstanding challenge in
how to represent high-density information in an epidemiologic
analysis.
Occupational exposures
Occupational exposure investigations have provided key
insights into etiologic factors inﬂuencing chronic diseases such
as cancer and heart disease. For example, despite well-known risks
for bladder cancer and other cancers among chimney sweeps and
among agricultural workers, high risks for cancers and cardiovascular disease remain among these workers (71, 72). Studies of
occupational cohorts have played a key role in epidemiologic
research because (i) members of occupational cohorts may be
subjected to quantiﬁable exposures, and (ii) exposures are often
of long duration and consistent exposure allowing assessments to
be reliably obtained. A challenge in occupational analysis is the
requirement to collect detailed information from the cohorts and
the complex coding required to assemble a detailed exposure
history (Table 1). Traditionally, occupational exposures are
assessed through detailed questionnaires. For example, in agricultural worker health, exposure level is determined by asking
participants (i) the use and frequency of use of a particular
pesticide, (ii) types of crops grown, (iii) dietary intake and lifestyle
factors, among other variables (73). While traditional occupational exposures in industrialized countries have been reduced,
larger populations of samples and data are needed to estimate
effects from traditional exposures at lower levels; however, some
common ergonomic and psychosocial exposures are more difﬁcult to measure. Aggregating such data often requires integration
of occupational exposure information across multiple studies.
Validating the exposures with external chemical analysis provides
an objective approach for integrating data across studies (74).
However, chemical validation may only be possible if biosamples
are collected proximally to exposure. For example, measuring
pesticide levels in farmers may not be possible when they are most
busy and most exposed. Furthermore, there is opportunity to
collect this information digitally, via smart phone or computer to
facilitate dynamic and remote collection of information.
Emerging tools for dietary assessment
New technologies now allow detailed short-term dietary questionnaires, such as recalls or records, to be self-administered
making possible their use in large-scale prospective studies. However, investigator and respondent burden, as well as cost are still
important considerations. One available and affordable technology for assessment of diet includes the Automated Self-Administered 24-Hour Dietary Assessment Tool (ASA24), which enables
collection of self-administered 24-hour recalls and records on all
mobile devices (75–77). Commercial food record applications
are available, but these generally provide data directly to the
consumer and lack data on validation and quality control, and
often lack extensive food and nutrient databases and data ﬁles of
interest to research. Emerging technologies include image-based
mobile phone apps in which participants take images of foods
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(often before and after consumption) and the goal of these
technologies is to both identify and estimate portion size with
minimal participant burden (78). To date, none are available nor
validated for large-scale epidemiologic studies. In addition to the
collection of self-report dietary assessment instruments, it is
highly recommended that at least a substudy be conducted in
which recovery biomarkers are collected to allow for analyses that
adjust for measurement error (79).
Part 3: Analytic and data integration challenges
A dense correlational web of environmental variables poses challenges in multiplicity and power. It is apparent that epidemiologic
studies today and in the future have or will measure hundreds to
thousands of these new and traditional environmental behaviorrelated and biologic variables (80). In part 1, we discussed existing
study designs that can be harnessed in investigating a handful of
exposures in disease and in part 2, we discussed the emerging and
existing tools that are used or can be used to measure environmental exposures. In this section, we discuss outstanding challenges and opportunities to marry these existing study designs and
new high-throughput measures to discover new exposures in
disease.
The number of variables in today's genome-wide investigations, which now can query tens of millions of variants in
association with a phenotype simultaneously, has led investigators to explicitly address issues such as type 1 and type 2 error
through rigorous multiplicity control and harmonizing across
numerous populations to ensure power for discovery. However,
as documented elsewhere, the burden of type 1 error and type 2
error increases in GxE investigations (81). Furthermore, when
assessing multiple exposures simultaneously, a dense correlational web between exposures may make discerning true interactions
with an exposure versus those induced by correlations with the
other correlated exposures (GxE confounding) difﬁcult.
Therefore, to address this explicitly, it is important to have an
assessment of the prevalence and variation of multiple exposures
of interest. Cross-sectional but representative studies, such as the
National Health and Nutrition Examination Survey (NHANES;
ref. 82), which collects information on many health-related
factors, can be useful for characterizing the variability and covariability of factors for multiple environmental exposure biomarkers (80, 83, 84). If there are sets of highly correlated exposures,
then disentangling their individual effects will require studying
them together in studies of very large sample size. On the other
hand, data from highly correlated exposures can be combined
using data reduction techniques to reduce the number of variables
to be measured in a large-scale epidemiologic study where the
initial goal may be detection of association of disease with broad
classes of exposures. We emphasize that when using these techniques, biological interpretation is fraught with difﬁculty and data
reduction of multiple correlated exposures is but just a ﬁrst step to
understanding associations between a class of exposures and a
phenotype. Further still, studies such as NHANES are useful, but
must be expanded to include all facets of the population. For
example, NHANES does not take urine from children under six
years of age. Repeated cross-sectional measures of biomarkers of
exposure may also provide a comprehensive view of the intraclass
correlation, or measurement error, of existing and new assays.
Data-driven searches of environmental confounders associated
with phenotypes are also possible with the variables presented
in Table 1 and study designs discussed in the previous section. In
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fact, some investigators have executed "exposome/environmentwide studies" to search for and replicate exposure–phenotype
correlations. We anticipate the same challenges exist for
exposome-wide studies as for GWAS, such as multiplicity correction and power. However, harmonizing across "exposome"
measurements for added power and replication (Table 1) remains
a problem. Further still, exposure and behavior variables are
densely correlated (80, 83, 84). For example, we estimated
pairwise correlations between 317 environmental exposures of
participants of NHANES (80, 85). For example, serum cotinine
(a metabolite of nicotine), total mercury, cadmium, and trans-bcarotene were correlated with 37, 42, 68, and 68 other exposure
biomarkers. Given this number of potential correlates with these
biomarkers of exposures, it remains a challenge to identify exposures that are causally related to a phenotype or other exposures
(e.g., confounded) and assess mediation (e.g., one exposure
coming before or after another). Reverse causation (e.g., the
phenotype coming before exposures) can be addressed through
longitudinal studies and repeated measures can provide insights
into temporal trends. However, an outstanding challenge remains
in how to interpret associations given a dense correlational web of
multiple factors. Previously, we argued that an association
between an exposure and phenotype needs to be interpreted
differently depending on what other correlations exist (80, 86).
Some more robust statistical methods that can ﬁlter for associations and jointly model effects from many correlated factors show
promise to assist in model selection, but should be evaluated
when the factors are heterogeneous in measurement.
Data management challenges and emerging cloud-based solutions.
Managing large epidemiologic cohort databases with both genetic
and environmental information is not a straightforward task.
First, recruiting and collecting biological samples and information from participants adequate for determination of environmental exposure that are compatible with the study design is a
challenge. Extensive data are collected frequently, requiring large
amounts of disk drive space and computer processors for computation (and often perhaps spread in multiple and differently
formatted data ﬁles). The problem is ampliﬁed when trying to
analyze data that is collected at high-frequency, such as daily or
hourly. Third, sharing of data and tools across investigator sites
can also be a hindrance to data use.
Multiple solutions exist to address these challenges (for review,
see ref. 87) and genome-wide investigations provide examples
that demonstrate these solutions. For example, standardization of
data units, such as genetic variants, have enabled compatibility
across studies and harmonization to increase power in genomewide studies. Common data ﬁles to represent data, such as
"variant call ﬁles" for genotypes have enhanced creation of
analytic tools. Standardization of ways investigators measure and
collect nongenetic data, through efforts such as PhenX (88), is one
way forward to enable data compatibility.
Addressing computational-related challenges is becoming easier with advances in computer infrastructure, such as "elastic"
cloud computing that provide on-demand access to computer
resources (such as disk space, memory, and processing time for
computer intensive calculations). These infrastructures are
emerging as both commercial and academic-based solutions in
this space. As of this writing, the National Institutes of Health
have established a "Cloud Commons" program to enhance
the procurement of cloud computer resources and software for
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NIH grantees (see https://datascience.nih.gov/commons). The
program speciﬁcally promises to provide tools and serves to
access (i) cloud computer environments, (ii) publicly available
datasets, and (iii) software services to enable investigators
to provision computer resources and share data resources
with others.
Integrating genetic factors with emerging environmental, behavior,
and biologic variables in epidemiologic investigations. Larger-scale
GxE interaction analyses that consider millions and thousands of
genetic and environmental variables are fraught with challenges.
Further still, GxE analyses require care to manage the diverse
measurement proﬁles of genetic data versus environmental exposure data. As we have written earlier (89), a purely data-driven
search for interactions between G number of genetic variants and
E number of environmental variables would require G  E
possible tests. For example, given G ¼ 1 million genetic variants
(commonly measured on a GWAS array) and E ¼ 100 environmental exposures results in up to 1 million times 100 individual
hypothesis tests for interaction (100 million!). The multiple
comparison burden for querying the large sample space is prohibitive and the sample size requirements (81) to achieve adequate power will number in the tens of thousands if not much
more. As touched on above, there are a number of ways to "trim"
the search space to a priori selection of candidate genetic variants
or environmental exposure factors, including (i) querying those
that have strong main effects from GWAS or EWAS (90) and
emerging analytic methods such as two-step approaches (see
review in Gauderman; ref. 81), (ii) use of alternate methods
estimate of the false discovery rate (FDR) of putative signals
(91), and (iii) use of biological priors as described in ref. 92 to
select genotypes that have documented inﬂuence on changes in
gene expression. One such database includes the "Genotypetissue expression" (GTEx), which provides genetic variants that
are linked to tissue-speciﬁc (e.g., blood, lung, brain) gene expression levels (93). We outline several heuristics in ref. 89.
Heterogeneity of study and measurement error. One of the principal
challenges in large-scale exposure association studies, in contrast
to recent GWAS, where precise genotype measurements are usually available with advanced genotyping assays, is the ubiquitous
presence of exposure measurement error (94, 95). In conducting
large-scale, multicenter/cohort exposure association and extending to GxE analysis, there are signiﬁcant challenges with harmonization of exposure data across multiple cohorts and understanding differing levels of exposure heterogeneity across studies
(1, 96, 97). This is further compounded by the possible existence
of differences in exposure measurement error in different studies
or a very commonly encountered situation when limits of detection for exposure biomarkers across studies can be different due to
differences in the exposure assay technologies used by the investigators (Table 1). While most, if not all, epidemiologic cohorts
measure many variables on their participants (80), the current
literature is mostly limited to reporting associations between a
single or a handful of exposures with a handful of phenotypes
within a single study. Development of new methods with multiple exposures in the consortium-based setting will be required to
assess exposures and phenotypes that span different studies and
populations all simultaneously to limit reporting biases and falsepositive reporting (98–100) and demonstrate an EWAS-type
analyses (e.g., ref. 101).
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As new instruments and technologies become available to
measure exposures in novel ways, it is critical to conduct studies
to understand the sources of variability in the underlying measurements. To assess between and within subjects' sources of
variations, these studies should include both a sample of individuals from an exposed population and a sample of measurements
within each individual. Measurements within a subject may
include various types of replicates to assess technical variability
of the instrument and temporal variation in exposures. A recent
study (102), for example, examined sources of variation in
measurement of a panel of 539 urinary metabolites using LC-MS
and gas chromatography/mass spectroscopy (GC-MS) using data
generated from 17 male subjects with 2–3 samples per person
spread over 2–10 days. High reliability (i.e., low within-person
variability) was observed for most the metabolites.
While there is an extensive literature on misclassiﬁcation and
measurement error in the statistical and epidemiologic literature, almost all the published studies focus on effects on
marginal associations; fewer articles study its effects exclusively
on interactions. Some of the earlier literature in GxE studies in
this area considers measurement error in both genes and
exposures (103–107). The ﬁndings from these studies indicate
that in general, under both differential and nondifferential
misclassiﬁcations in E, the estimate of the multiplicative interaction parameter will be biased towards the null. An important
research direction, speciﬁc to the GxE context, has been to study
the role of GxE association and exposure misclassiﬁcation
simultaneously (108–111). In the presence of external validation data with true gold-standard exposure measures that allow
for estimation of the exposure misclassiﬁcation probabilities,
methods for correcting for measurement error have been shown
to lead to enhanced power (109, 112, 113). Internal reliability
designs, where exposures or genotypes are measured twice on a
subset of subjects (108), or exposure-enriched designs (114),
can also be employed to correct for measurement error and
increase power.
Multiplicity of possible interaction tests and replication challenges.
New and larger numbers of environmental, microbiotic, and
behavioral variables provide new "dimensions" in the space of
possible GxE interaction tests (89). For example, current genome
wide interaction studies (GEWIS; refs. 94, 115) execute only one
interaction test per genetic locus. With new exposure measures,
the space of possible tests increases to G E possible tests, where G
is the number of genotypes (often >1M for common SNPs) and E
is the number of exposure or behavior-related tests (see also
ref. 81).
Power and multiple testing burden pose an almost insurmountable challenge in multiple hypothesis correction and power required to detect GxE. The recent review by Gauderman and
colleagues provides further details (81). Methods to execute
GEWIS will need to be extended to prioritize pairwise GxE tests,
such as through biological plausibility (116, 117) and/or analytic
approaches, such as focusing on genotypes and exposure variables
that have strong main effects (90, 118) or are prevalent in the
population (e.g., present in over 10%). However, one issue that
will remain includes assessing GxE in the face of measurement
error described above. An alternative to model interactions
includes using "genetic risk scores" (GRS; refs. 119, 120) and,
analogously, "environmental risk scores" (ERS; ref. 121). These
approaches collapse additive environmental and genetic main
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effects into a single variable. Then, the ERS and GRS are tested in
interaction. While this mitigates the issue of multiple testing and
is useful to estimate disease risk, identifying causative loci or
exposure agents is not possible with this method. One compelling
approach is to single out environmental or genetic factors that
have strong a priori evidence from GWAS, EWAS, and/or prospective studies (e.g., refs. 101, 122, 123).
Finally, replication of ﬁndings, or assessment of concordant
associations across independent samples, will require harmonizable measures between studies and sample sizes suitable to detect
effects (to avoid "winner's curse" type associations; refs. 124,
125). Often, identiﬁcation of cohorts will be difﬁcult given the
heterogeneity of measurements (Table 1) and scarcity of
resources. Creation of "database of databases" that document
cohort resources or provide summary statistics across GxE tests
will be one way to enable investigators to replicate ﬁndings.

Discussion
There are a growing number of measurement modalities that
are now or soon will be accessible for use in epidemiologic
investigation. The promise of incorporating these measures
includes discovering novel factors that may be useful for clinical
prognostics, for prevention, or even explaining disease etiology.
One example of the successful identiﬁcation of a novel GxE
interaction through high dimensional analyses is presented by
the ﬁnding that relatively common variants of CHRNA5 inﬂuence
smoking behavior (126, 127) and lung cancer risk (128, 129).
Furthermore, more detailed analyses, of the impact of these
variants on attributes of smoking behavior and tobacco cessation
programs, showed that the genetic factor speciﬁcally affects time
to smoking cessation and the ﬁnding that carriers of at-risk
variants beneﬁt substantially from pharmacologic intervention
in smoking cessation, whereas noncarriers do not beneﬁt (130–
132). Most interactions cause a marginal effect on risk that can be
identiﬁed from either a genome-wide association study or from an
environmental assessment of risk. However, understanding the
full impact of the joint effects of genetic and environmental
exposures over time requires reconstruction of exposures and
behaviors in the context of the speciﬁc genetic background of
individuals. Identifying novel GxE interactions that were not
detected initially by their marginal effects from either environmental or genetic exposures usually requires large sample sizes,
which can be achieved in some cases by coordinated studies from
existing cohort studies. The All of Us cohort (https://allofus.nih.
gov/), recently funded as a part of the Precision Medicine Initiative, seeks to collect extensive environmental and multi-omic
measures from 1 million participants over extended periods of
time, toward understanding the interplay of genetic and environmental exposures over time. This large cohort study should allow
novel GxE interactions to be identiﬁed.
Incorporation of measurement proﬁles may enable epidemiologists to explain "missing heritability" in common variant-phenotype associations through assessment of GxE/microbiome/
behavior interactions. But ultimately, shaping public health policies for prevention may be the most important elements to yield
from these new measures. One hope is that these new and current
measures will enhance efforts in "precision medicine" by enabling
better prediction of therapies as a function of both genetic and
environmental factors. This future also opens opportunities to
tackle new methodologic challenges.
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