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The exposome has been defined as the totality of exposures individuals experience over the course of their lives
and how those exposures affect health. Three domains of the exposome have been identified: internal, specific
external, and general external. Internal factors are those that are unique to the individual, and specific external fac-
tors include occupational exposures and lifestyle factors. The general external domain includes sociodemographic
factors such as educational level and financial status. Eliciting information on the exposome is daunting and not
feasible at present; the undertaking may never be fully realized. A variety of tools have been identified to measure
the exposome. Biomarker measurements will be one of the major tools in exposomic studies. However, exposure
data can also be obtained from other sources such as sensors, geographic information systems, and conventional
tools such as survey instruments. Proof-of-concept studies are being conducted that show the promise of exposo-
mic investigation and the integration of different kinds of data. The inherent value of exposomic data in epidemio-
logic studies is that they can provide greater understanding of the relationships among a broad range of chemical
and other risk factors and health conditions and ultimately lead to more effective and efficient disease prevention
and control.

biomarkers; environmental exposures; epidemiologic methods; occupational exposures

Abbreviations: EWAS, environment-wide association studies; GIS, geographic information systems; GWAS, genome-wide
association studies; HEALS, Health and Environment-Wide Associations Based on Large Population Surveys; HELIX, Human
Early-Life Exposome; HERCULES, Health and Exposome Research Center: Understanding Lifetime Exposures; NHANES,
National Health and Nutrition Examination Survey.

WHAT IS THE EXPOSOME? can influence the effects of new or present exposures. For ex-

] ) ample, metabolic pathways can be disrupted, which changes

In 2005, Wild (1) defined the exposome as the totality of susceptibility to an insult or a disease.

exposures individuals experience from conception until The premise envisioned with the exposome concept was
death and its impact on risk of chronic diseases. (A glossary that the exposome is complementary to the genome and
of terms and definitions used in this article is provided in that an integrated understanding of both the genome and
Appendix Table 1.) Exposures can include toxicants in the gen- the exposome would contribute to synergistically addressing
eral environment and in workplaces, diet, lifestyle choices, chronic human health issues. The science of epidemiology is
and even socioeconomic status (Figure 1). People have unique the primary means of understanding the exposome and its in-
characteristics that might make them more or less susceptible teraction with health status. Research suggests that environ-
to stressors in their environment. A person’s genetics, epige- mental exposures have a much greater impact on health and
netics, health status, and physiology, as well as changes in disease than genetic factors alone (2). The inherent value of
these personal components caused by previous exposures, exposomic approaches and data in epidemiologic studies is
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An individual’s
exposures

An
individual’s unique
characteristics

Epigenetic and
genetic changes

Figure 1. The concept of the exposome. An individual has many
sources of exposure over the course of a lifetime. How those expo-
sures are modulated and affect health depends on the individual’s
unique characteristics.

that they provide a greater understanding of the relationships
among exposures and health conditions and ultimately could
lead to prevention of chronic diseases. Epidemiologic re-
search both can utilize exposomic data in health and disease
research and can be a means of understanding the exposome
(Figure 2).

Exposomic data
Internal markers,
general and specific
exposures

Understanding of

the exposome

Epidemiologic data
Health outcomes

Figure 2. Exposome-informed epidemiologic research.
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The exposome concept was further refined by Wild (3) to in-
clude 3 broad domains: internal, specific external, and general
external. Internal factors are those that are specific to the indi-
vidual, such as physiology, age, body morphology, and the in-
dividual’s genome. Specific external factors include diet and
occupational and environmental exposures, as well as physical,
biological, and physiological exposures. The third domain, gen-
eral external factors, includes broader social constructs such as
home location, educational level, and socioeconomic status.
Wild noted that the domains can be viewed as both overlapping
and intertwining, and that it is sometimes difficult to place a
particular exposure into one domain or another (3). For exam-
ple, he observed that one can debate whether physical activity
should be in the internal domain or the specific external do-
main. A comprehensive and informative assessment of expo-
sure can be achieved by combining aspects of the 3 domains
in ways that can be used to guide the design, conduct, and in-
terpretation of epidemiologic studies.

An individual’s exposome is dynamic, which makes mea-
suring the exposome challenging. Several critical life stages
have been identified for which some exposures may have a
greater impact with respect to future diseases. For example,
the fetus or young child has rapidly growing cells and imma-
ture cell repair processes (4). Therefore, exposures experi-
enced at young ages may have significant influence over
future health. Embryos or infants are rapidly maturing and
may not have all the protective mechanisms in place to repair
damage incurred from an exposure. For example, in the
1950s and 1960s, some women were given diethylstilbestrol
to prevent miscarriage (5). Their offspring, who were ex-
posed in utero, have increased risk of reproductive tract can-
cers, decreased fertility, and difficult pregnancies (5, 6). The
susceptibility of children and teenagers may differ from that
of adults because they are still developing, have immature cell
repair processes, and have different hormone levels than

Opportunities to
better manage
health and disease

———>
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adults. As a result of these early-life exposures, susceptibility
to disease caused by later exposures may be increased. Addi-
tionally, certain exposures can occur throughout different life
stages that are critically important as well (7). In utero expo-
sures would mainly be due to maternal diet, medication use,
or environmental/occupational exposures. Throughout their
lifetime, individuals would have a steady-state exposure to
some ambient agents such as allergens (7). Some xenobiotics
may bioaccumulate, resulting in a higher body burden with
age. Occupational exposures would occur mainly during
the working years, and as people age, exposure to pharma-
ceuticals tends to increase.

Most epidemiologic studies get a snapshot look at expo-
sures that affect health. Although the exposomic approach
may allow for a broader view of exposure, the ability to mea-
sure past exposures to any great extent is limited; and measur-
ing each agent to which a person may have been exposed at
any given time is not feasible at present or in the foreseeable
future. Depending upon the study hypotheses, measurement
of specific agents will be important, along with a holistic ex-
posure assessment approach that includes aspects of the 3
areas of the exposome described by Wild (3).

The challenges of measuring the complete exposome are
daunting. Newer technologies such as -omics, sensors, and
geographic or spatial information systems are allowing for
a more comprehensive understanding of the exposome.
While the exposome is more likely to be useful in epidemio-
logic studies, it may also have other clinical or public health
utility (8, 9). That utility could range from personalized med-
icine to improved risk assessment for regional exposures to
chemicals, and will necessarily be dependent on the extent
to which exposomic indicators are validated. Doing that
will require additional epidemiologic studies.

While Wild’s definition of the exposome was developed to
draw attention to the critical need for more complete environ-
mental exposure assessment in epidemiologic studies, other
authors have broadened the definition of the exposome to
include additional factors such as behavior. Miller and Jones
defined the exposome as “the cumulative measure of envi-
ronmental influences and associated biological responses
throughout the lifespan, including exposures from the environ-
ment, diet, behavior, and endogenous processes” (10, p. 2).
Their definition expands on that of Wild to consider cumula-
tive biological responses as well as endogenous processes.
Ultimately, health status is influenced by the interaction
of an individual’s environmental and genetic factors from con-
ception to death (Figure 3). The explanation of both the expo-
some and the genome in a manner that can protect and promote
health is important, and there is need to pursue both.

Cumulative
exposure Exposome Epigenome
assessment @
Disease

Figure 3. Example of an exposome-genome interaction.

WHAT HAS BEEN DONE IN THE FIELD?

Utilization of exposomic data in epidemiologic studies and
surveillance efforts has occurred because of advancements in
exposure science. Yet these advances also indicate the com-
plexity of factors associated with total exposure assessment
and the development of appropriate and effective risk man-
agement strategies. More importantly, though, they help to
determine what questions are most pertinent to performing
comprehensive exposure assessments. Among the questions
to be considered, the growing scientific literature on this topic
suggests the following (11):

* Which mixtures are most important from a public or occu-
pational health perspective?

* What is the nature (i.e., duration, frequency, and timing)
and magnitude (e.g., exposure concentration and dose) of
relevant exposures for the population of interest?

* What is the mechanism (e.g., toxicokinetic or toxicody-
namic) and consequence (e.g., additive, less than additive,
more than additive) of the mixture’s interactive effects on
exposed populations?

Exposure science is the discipline that studies the conditions
for contact with toxicants, characterizing the quality and
quantity of the toxicant from its sources to its transport to
and receipt by or interaction with the human body (12, 13).
Regarding the evolution of exposure science (defined below)
as the means for bridging the disciplines of environmental
science and environmental health science, Lioy (12) poses
the following:

* What does one do with such exposure information (i.e., un-
derstanding variables that define contact with environmen-
tal stressors and the factors that influence the contact)?

* What role does exposure science play in situations beyond
observational analyses and interpretation?

Addressing these questions through exposome-informed ad-
vances in exposure science and risk assessment methods will
provide a foundation for the development of improved tools
for total exposure assessment and risk management.

In exploring implications for exposure science focusing on
the exposome, Rappaport (2) advocates utilizing biomonitoring
(e.g., blood sampling and other internal measures of dose)
rather than focusing primarily on sampling exposures in
food, water, and air. He also suggests the importance of better
integration of these biomonitoring measures with environ-
mental exposure measures to advance the field of exposure
science and the understanding of the exposome as a means
of characterizing and controlling detrimental exposures.
Pleil has suggested that biomarkers can be used to “assess
the sustainability of the environmental conditions with re-
spect to human health” (14, p. 264).

There are 4 conventions in the literature for characterizing
environmental biomarkers and how they fit into categories of
grouping schemes. These 4 conventions are origin, function,
kinetics, and medium (14). From the categories of biomarkers,
a sequence of data management strategies might be applied to
recognize patterns and statistics within the exposome which
provide insight into the exposure—dose-response relationship
involving environmental stressors.
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Exposomic data may contribute to determining why some
people will develop a disease while others with the same or
greater exposure will not. A key factor in describing the expo-
some is the ability to accurately measure exposures and their
effects on human health. However, the evolution and maturity
of the science of exposomics can be viewed as a practical ex-
tension of the principles of total exposure assessment, which
ultimately seeks to inform risk management strategies.

The US Environmental Protection Agency has been at the
forefront of research in total exposure assessment. Led by the
agency’s Office of Research and Development, the Cumula-
tive Communities Research Program “focuses on exposure
tools for advancing the science and understanding of cumu-
lative risk to communities and individuals” (15, p. 353).
There are multiple factors driving this approach for commu-
nity (i.e., nonoccupational ) exposures, but most can be tied to
the motivation that people want to know about the multiple
stressors (e.g., pollutants) to which they are exposed, what
the associated health risks are, and how these exposures
and related risks can be prevented or reduced (16).

In a similar national-level surveillance effort, the French
National Network for Monitoring and Prevention of Occupa-
tional Diseases (RNV3P) established a database for record-
ing and tracking occupational health exposures and related
adverse health effects (17, 18). A goal of the network and da-
tabase is to provide better characterization of occupational
disease-exposure relationships, thereby exploring a theoreti-
cal framework of the occupational exposome.

FUNDING INITIATIVES AND RESOURCES
National Institute of Environmental Health Sciences

The National Institute of Environmental Health Sciences
has long-supported the concept of the exposome, funding
studies that are now being defined as exposomic in nature.
The Institute recently established a strategic goal of trans-
forming exposure science and has identified exposomics as
a possible approach (19). It plans to advance characteriza-
tions of environmental exposure assessment at both the indi-
vidual and population levels, which will be accomplished
through tools and technologies for multiscale measurements.

Recently, the Institute funded the Health and Exposome Re-
search Center: Understanding Lifetime Exposures (HERCULES)
Project at Emory University (http:/emoryhercules.com/) with the
stated goal of understanding lifetime exposures. The main aims
of HERCULES are: 1) to provide greater access to exposome-
related approaches such as systems biology, metabolomics, high-
throughput toxicological screening, and spatial and temporal
statistical models; 2) to facilitate communication of the impor-
tance of environmental factors in disease using exposomic prin-
ciples; and 3) to expedite translation of novel scientific findings
to develop new sustainability, prevention, or treatment strategies
in humans.

Human Early-Life Exposome

The Human Early-Life Exposome (HELIX) Project (http:/
www.projecthelix.eu/) is a European collaboration that has
been established as a proof-of-concept study to characterize
children’s exposomes as they progress through early life (20).

Am J Epidemiol. 2016;184(4):302-314

The project involves 13 partner institutions and will use data
from 6 ongoing, prospective European birth cohort studies of
mothers and children living in Spain, France, the United King-
dom, Norway, Greece, and Lithuania. Traditional methods are
being used for exposure assessment, as well as biomarker and
-omic measures to assess the exposome. The HELIX investi-
gators plan to measure external environmental exposures to
food, water, air pollution, pesticides, noise, and ultraviolet ra-
diation in up to 32,000 mother-child pairs and track the
growth, development, and health of the children, including
birth outcomes, postnatal growth and body mass index, asthma
and lung function, and neurodevelopment.

The intended outcome from this project is an exploration of
the relationships between the early-life exposome and -omic
markers and health in childhood. An important long-term
goal is to estimate health impacts for the European population
based on exposure levels and dose-response relationships de-
veloped from HELIX.

Health and Environment-Wide Associations Based on
Large Population Surveys

The Health and Environment-Wide Associations Based on
Large Population Surveys (HEALS) Project (http:/www.
heals-eu.eu/) is a project funded by the 7th Framework Pro-
gramme of the European Commission (21). The general ob-
jective of HEALS is to refine a methodology that integrates
and applies analytical and computational tools for perform-
ing environment-wide association studies (EWAS) in support
of European Union-wide environment and health assess-
ments. HEALS links activities that focus on aspects of indi-
vidual exposure assessment to conventional and emerging
environmental stressors and the prediction of associated
health outcomes. The overall approach will be verified and
refined in a series of population studies across Europe, in-
cluding studies of twin cohorts, tackling different levels of
environmental exposure, age windows of exposure, and socio-
economic and genetic variability.

The external exposome will be estimated by integrating en-
vironmental, occupational, and dietary data into exposure
models. HEALS proposes to characterize the internal expo-
some at the individual level by integrating -omics-derived
data and biomonitoring data. The HEALS approach and
tools will be tested by applying them in a number of popula-
tion studies (including twin studies) across different exposure
settings, tackling key health endpoints for both children and
the elderly. The overall size of the population involved in
these studies to date is approximately 335,000 individuals
covering different age, sex, and socioeconomic status groups.
A high-level goal of HEALS is to develop scientific guidance
on exposome-based risk assessment.

EXPOsOMICS

EXPOsOMICS (http:/www.exposomicsproject.eu/) is a
program created by the European Union that aims to develop
a new approach to assessment of environmental exposures
(22). EXPOsOMICS investigators will focus primarily on
air pollution and water contaminants by developing a personal
exposure monitoring system (including sensors, smartphones,
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georeferencing, and satellites) to collect data on individuals’
external exposome, as well as analyzing biological samples
(internal markers of external exposures) using -omic technolo-
gies. The program will search for relationships between external
exposures measured using the personal exposure monitoring
system—which has not previously been used in large-scale
studies—and profiles of chemical exposures, measured via
-omics, in the same individuals. Using -omic techniques, the
collected exposure data can be linked to biochemical and molec-
ular changes, and the results will help to improve understanding
on how xenobiotics influence the risk of developing chronic
diseases.

TOOLS USED IN THE STUDY OF THE EXPOSOME

Different sets of tools (Table 1) are needed to measure ex-
posures in the 3 exposomic domains outlined by Wild (3).
Specific exposures found in an individual’s environment
may be evaluated in a variety of ways, including biomarker-
based metrics (e.g., urinary metabolites of xenobiotics) and
the use of sensors (either personal or remote monitoring) to
detect contaminants in the individual environment and to
evaluate prior occupational/environmental exposures. Per-
sonal monitoring might use sensors to determine physical ac-
tivity and other exposures. Survey instruments or biomarkers
can measure stress. Databases, geographic information sys-
tems (GIS), and surveys will be helpful in elucidating general
external exposures, such as educational level or urbanicity
(living in a more urban or rural environment), in the third do-
main identified by Wild (3). Biomarker measurements will
play a large role in developing the exposome, especially
given the associated advantages of -omics: a small sample
size, high-throughput techniques, and the relatively low
cost of obtaining a wealth of usable information.

If the concept of the exposome is to be realized, epide-
miologists will need to incorporate exposure and health in-
formation from traditional sources as well as consider
information from nontraditional sources. In 2012, the US Na-
tional Research Council released a report identifying 21st
century techniques that are likely to provide more informa-
tion on a wide variety of exposures and the biological effects
of those exposures (23). The exposome is a paradigm shift
from a single-exposure-to-disease concept to a recognition
that health is impacted by multiple exposures. Different

Table 1. Potential Tools With Which to Measure the Exposome

Tool Domain?

Biomonitoring and biomarker data from Internal
-omics or other techniques

Sensors for environmental or personal
monitoring

Specific external

Geographic information systems General external

Conventional methods such as survey
instruments or job-exposure matrices

Specific external

Reality mining from social networks or other ~ General external
sources

@ As described by Wild (3).

sources of exposure and health information that may be use-
ful to capture are discussed below to provide epidemiologists
with greater insight into the tools that may be available to
them.

-Omic technologies

-Omic biomarkers are a class of biomarkers of current
scientific interest (Table 2). The discovery and use of these
biomarkers have increased rapidly, due to the advent of high-
throughput technologies and innovations that include im-
proved sample preparation, robotic sample-delivery systems,
automated data processing, and use of multivariate statistical
methods, with associated reductions in cost. Investigators
have begun to use these biomarkers in larger-scale population
studies of the exposome.

One of the greatest challenges with these studies is apply-
ing -omic technologies to generate meaningful results. Epide-
miologists must strive to understand the principles of -omics
and determine when it is appropriate to include biomarkers
identified using these technologies. In addition, no single
-omic approach will suffice to characterize the exposome,
and integration of -omic outcomes and other sources of expo-
sure information will be needed to deepen our understanding
of the causes of disease. For example, metabolomic studies
have shown links between gut flora, diet, and cardiovascular
disease (24, 25). -Omic technologies have shown utility in
determining toxicity and mode of action in risk assessments
and in assessing the health impact of an exposure using
analysis-of-variance approaches together with pairwise com-
parisons between dose groups and their corresponding con-
trols (26). Thus, what might be considered an advance in
exposomics can equally be considered a natural combination
and extension of traditional investigative tools.

Molecular epidemiology

Many of the techniques for assessing exposure and the ex-
posome involve molecular epidemiologic studies. Molecular
epidemiology is the use of biological markers (exposure, ef-
fect, susceptibility) in epidemiologic research (27, 28). In as-
sessing the exposome, biomarkers of exposure may be the
most useful. The development of adductomics, which mea-
sures the full complement of protein adducts, might be useful
in improving exposure assessment in epidemiologic studies
because of the ability to reflect extended exposure (28, 29).
As some -omic applications mature and systems biology be-
comes more incorporated into molecular epidemiology, the
understanding of the exposome will be increased, and it
should be possible to more broadly explore exposure-disease
relationships, to study effect modifiers, and to obtain insight
into temporal and multilevel factors in health and disease.

Sensor technologies

Remote sensing is a key innovation in exposure science and
is defined as the measurement of some property of a phenom-
enon, object, or material that is not in direct physical contact
with the population being studied (23). The use of sensors
for not only remote monitoring but also personal monitoring

Am J Epidemiol. 2016;184(4):302-314
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Table 2. Types of -Omic Technologies That May Be Useful for Study of the Exposome

Field Definition

Description

Epigenetics
in gene expression and chromatin
organization that are independent of the
DNA sequence itself and that can be
inherited in a stable manner over the course
of cell division (65)

Transcriptomics  The study of the genetic sequence of
messenger RNA (mRNA). By analyzing the
transcriptome, researchers can determine
when and where each gene is actively
expressed at any given moment. Gene
expression microarrays measure packaged
mRNA (mRNA with the introns spliced out)
as a summary of gene activity (67).

Proteomics The study of the full set of proteins encoded by
a genome is known as proteomics and
involves the identification, characterization,
and quantitation of expressed proteins in

biological samples (68).

The study of low-molecular-weight metabolites
present in a biological sample (69)

Metabolomics

Adductomics The study of macromolecular adducts in the

context of an entire genome (29)

Genomics The study of genes or their function (68)

The study of the totality of all heritable changes The epigenome is comprised of a number of posttranslational

modifications such as DNA methylation, histone modification, and
specifically positioned nucleosomes. The epigenome can be dynamic,
influenced by environmental factors and extracellular stimuli, and can
change in response to these factors, and it is instrumental in developing
the phenome (54, 66). It has been suggested that the epigenome may
function as an interface between environmental factors and the
genome, and that its deregulation by environmental stressors is likely to
disrupt different cellular processes and contribute to disease risk (65).

The transcriptome is the complete set of RNA transcripts produced by the

genome at any one time. Studies of transcriptome profiles may provide
insights into how they are affected by development, disease, or
environmental factors (54). Some studies have shown that the
transcriptome is highly responsive to environmental exposures. For
example, specific environmental exposures have been shown to alter
the expression of as much as 30% of the transcriptome in specific blood
cells (54), which may also affect the phenome.

Protein profiles may be useful in understanding the underlying causes of

disease and may or may not be useful in identifying exposures. Protein
profiles can be useful for describing the phenome and may be helpful in
delineating health outcome.

The metabolome is the sum of all low-molecular-weight metabolites

present in a biological sample. Metabolic profiles obtained using
metabolomic techniques constitute the measurable part of the
metabolic phenotypes (or metabotypes). These metabotypes show
large interindividual differences and are characteristic of an individual at
a particular time of his/her life; moreover, differences can be seen at the
population level when comparing populations from different regions
(54). Metabotypes are both genetically and environmentally
determined, and it is possible to establish metabolic profiles from
samples collected under different conditions (e.g., exposures,
treatments, or physiological states) and evaluate the effect of other
environmental exposures on these profiles (54).

DNA adducts are compounds that bind to DNA, causing damage and

mutations. These mutations can result in cancer and birth defects in
multicellular organisms. The science of adductomics seeks to identify
all DNA adducts and the target sequence of each adduct. It is possible
to measure adducts of electrophiles that result from reactions with DNA,
with glutathione, and with blood proteins such as hemoglobin and
human serum albumin (29).

While the exposome is complementary to the genome, some identification

of genes that may impact exposure or the effect of exposure may be
useful. For example, genetic variants that code for metabolizing
enzymes may increase or decrease the level of internal dose.

is growing. Sensors are now used to measure clinical parame-
ters such as blood pressure and glucose levels, and new sensors
are being developed to measure biomarkers, such as portable
adhesive sweat analyzers (30). The devices—along with
remote-sensing-based spatial referencing technologies and
modeling—enable the continuous, real-time, real-world as-
sessment of exposures that vary according to an individual’s
location, activity, and lifestyle. The use of smartphones
and computer tablet technology is only likely to grow and pro-
vide enhanced opportunities to collect exposure information
(23, 31). Apple (Apple Inc., Cupertino, California) has created
ResearchKit (https:/developer.apple.com/researchkit/), a
framework for Apple platforms that can be used in medical re-
search on diseases such as Parkinson disease, asthma, diabetes,
heart disease, and breast cancer.

A mobile application was created for the HELIX Project
that uses a global positioning system and a built-in acceler-
ometer to track a person’s location and measure physical
activity every 10 seconds (32). Participants in the HELIX

Am J Epidemiol. 2016;184(4):302-314

Project will track their exposures using their smartphones
for a week, along with air pollution and ultraviolet radiation
monitors, and the data will be used to calculate the amount of
air inhaled and the individual’s exposure to air pollutants. A
possible challenge is that persons with access to information
from such applications may alter their behavior and thereby
inject biases into the study data.

Geographic information systems

GIS are informative for tracking the acquisition, editing,
analysis, storage, and visualization of geographic data (33).
GIS allow for mapping of a variety of data (e.g., environmen-
tal, topographical, or health-related) to understand trends and
patterns. Information from GIS would fall into and provide
clarity on exposures in the general external domain of the
exposome as described by Wild (3). GIS have been reported
to enhance exposure assessment in epidemiologic studies,
because such systems can provide information on broad
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environmental contaminant levels that can be mapped, which
can be used to define an exposed population (34). For exam-
ple, the Research Center on Health Disparities, Equity, and
the Exposome at the University of Tennessee Health Science
Center (http:/rchdee.uthsc.edu/) maintains the Public Health
Exposome Data Information System, a longitudinal, 30-year
data set that integrates over 20,000 environmental and health
data records (9). The database contains data indicators of the
atmosphere, climate, water, land cover, and land use that have
been geocoded. In addition, a considerable amount of other
data are geocoded and included in this database. These data,
derived from ground stations and field samples of emissions,
heavy metals, toxic dump and storage sites, and brownfields,
are collected by the Environmental Protection Agency in
conjunction with other federal, state, and local agencies.

Conventional measurements

Survey instruments (e.g., questionnaires) gather informa-
tion for which there is no way to quantitatively measure ex-
posures and have long been used in epidemiologic studies.
These tools may be important in documenting retrospective
exposures, which currently is not feasible with other exposo-
mic tools. Modeling the data to improve exposure matrices
will be an important aspect of using exposomic data.

Exposome informatics

With the advances in molecular medicine and develop-
ment of -omic technologies, the field of biomedical informat-
ics has evolved as a discipline. Genome-wide association
studies (GWAS) and studies combining genomic and pheno-
typic data have required the development of new biostatistical
methods for quality control, imputation, and analysis issues
such as multiple hypothesis testing. Developments in expo-
some science have revealed the need for evaluating the inter-
relationships among phenotype, genotype, and exposure
data. As shown in the different approaches discussed here,
these data will be heterogeneous, wide-ranging, and massive;
will frequently involve time series; and will require high-
velocity processing (35). Some efforts have been made for
the analysis of EWAS, but new research is required to
develop approaches for data management, analysis, and
visualization.

Reality mining

The term “reality mining” refers to the analysis of behav-
ioral and self-reported data extracted from social network
programs and other software applications developed for por-
table electronic devices (36). Because these programs contin-
ually log and time-stamp information about a subject’s
activity, location, and proximity to other users, it is currently
possible to identify patterns in the data and translate them into
maps of social relationships. By definition of the exposome,
all exposures are to be taken into account. Logistically, that is
impossible, but by using social media networks or citizen sci-
entists’ efforts, such as HabitatMap (HabitatMap Inc., Brook-
lyn, New York; http:/habitatmap.org/), additional exposure
information could be obtained. This relational information

could have much broader implications, including the im-
provement of existing computational models of exposure,
the disease status of an individual, and disease spread (37). A
recent report demonstrated how the mobile application Yelp
(Yelp Inc., San Francisco, California) was used to identify pat-
terns of foodborne illnesses in New York City restaurants (38).

Environment-wide association studies

In an EWAS employing techniques partially adapted from
GWAS, Patel et al. (39, 40) used chemical, clinical, and ques-
tionnaire data from the 1999-2006 cycles of the National
Health and Nutrition Examination Survey (NHANES) to
evaluate associations between multiple environmental factors
and type 2 diabetes mellitus and serum lipid levels, respec-
tively. The study followed 2 methodological steps analogous
to those in a GWAS. First, the authors considered a panel of
environmental assays and identified those significantly asso-
ciated or correlated with diabetes or serum lipids while con-
trolling for multiple confounders. Second, they validated the
associations by testing significant findings in other cohorts in
the NHANES I Epidemiologic Follow-up Study. The authors
identified environmental factors, including select chemicals,
that may play a role in serum lipid levels and the development
of diabetes, corroborating earlier findings. Additionally, Patel
et al. (41) screened for gene-environment interactions by in-
tegrating results from GWAS and EWAS. Properly designed,
EWAS can lead to the discovery of biomarkers for exposure
and disease and establish a molecular basis for the cause of
environmental diseases (42). Patel and Manrai (43) described
the “exposome globe” (e.g., see Figure 4), which is a visual
depiction of the network of replicated correlations between
individual exposures in the exposome. The exposome globe
allows visualization of clusters of exposure.

Although -omic technologies are at the forefront in studies
of the exposome and associated biomarkers, -omic-based
measurements do not always reflect exogenous exposures
and may instead be products of normal cellular function
(3). Proteomics, transcriptomics, and metabolomics are a
few of the -omic technologies that have shown great promise
for exposomic studies. As our understanding of basic bio-
logical pathways grows, perturbations in the pathways as
measured by -omics result in improved interpretation with re-
spect to how health is affected. Other types of exposure infor-
mation of value to EWAS include databases containing
exposure data or population demographic data that can affect
exposures. Use of remote sensors to gather environmental
data may help ascertain exposures to the population as a
whole. Personal monitoring using sensors to determine expo-
sures, physiological factors, and geographic location is be-
ginning to be used in environmental health studies to assess
the “total” exposure of study participants.

STUDY DESIGN IN EXPOSOMIC STUDIES

Ideally, the best approach in exposomics would be to use a
longitudinal (prospective) cohort study design, as it allows
follow-up of individuals and repeated sampling, as well
as monitoring during windows of increased sensitivity. How-
ever, neither the biomarker data nor the environmental data
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Figure 4. Example of an overall exposome correlation globe. A total of 575 exposures are grouped by a priori-defined environmental health
categories. Line thickness is proportional to the size of the absolute value of the correlation coefficient. Adapted from Patel and Manrai (43) with
permission from the Pacific Symposium on Biocomputing. © 2015. PBDEs, polybrominated diphenyl ethers; PCBs, polychlorinated biphenyls;

PFCs, polyfluorinated compounds; VOCs, volatile organic compounds.

could be recorded continuously, and it would be necessary to
carry out a series of cross-sectional investigations of the study
population.

Candidate exposures vs. agnostic approaches

Two strategies have been identified for characterizing the
exposome (2). One is a “bottom-up” strategy in which all of
the exposures in a person’s exposome are measured at set
time points. Although this approach would have the advan-
tage of identifying important exposures in the air, water, or
diet, it is not currently feasible and would miss essential com-
ponents of the internal chemical environment due to such fac-
tors as sex, obesity, inflammation, and stress (44). At the
other extreme is the strategy of measuring a combination of
-omic endpoints and legacy biomarkers in repeated blood
specimens. This strategy has been referred to as “top-down
exposomics” (2). This data-driven (or “agnostic”) approach
lacks specific hypotheses (2). According to Rappaport (2),
the exposome would consist of a profile of exogenous and en-
dogenous exposures but would not pinpoint their sources.
Since it is currently not feasible to measure all of the chem-
icals in the blood, it has been proposed (44, 45) that research-
ers focus initially on the most prominent classes of toxicants
known to cause disease—namely, reactive electrophiles, en-
docrine (hormone) disruptors, modulators of immune re-
sponses, agents that bind to cellular receptors, and metals.
Exposures to these agents can be monitored in the blood ei-
ther by direct measurement or by looking for their effects on
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physiological processes (such as receptor-based signaling).
These measurements could help to generate signatures or pro-
files for these exposures in the blood. These profiles could be
used to help identify key exposures associated with a disease
by comparing the profiles of disease cases and controls, pref-
erably from longitudinal studies. Additionally, once impor-
tant profiles of biomarkers have been identified, the sources
of exposure could be determined and methods to reduce the
exposures could be identified. Therefore, discovery-driven
research and hypothesis-driven research should be consid-
ered complementary and synergistic.

Challenges in study design

While many epidemiologic studies measure multiple vari-
ables, the multiplicity of variables in exposomic studies can
be daunting (46, 47) and may require approaches different
from those of traditional epidemiology. From the epidemio-
logic point of view, the following challenges have been iden-
tified in exposomic studies.

Reverse causality. For an exposure to be a cause of dis-
ease, the exposure must precede the outcome. Reverse causa-
tion is a situation in which the outcome precedes and causes
the exposure instead of the other way around. This could
occur, for example, if a person moved or changed his/her ad-
dress as a result of a condition in the domicile that was mak-
ing him or her sick. Reverse causality is of particular concern
in retrospective and cross-sectional studies. In prospective
cohort studies, since exposure is determined in advance

9T0Z ‘9T 1INBNY UO JUBWIUBAOS) T2 /610'S [euIno [piojxo-afe/:dny wouy pepeojumod


http://aje.oxfordjournals.org/

310 DeBord et al.

of disease onset, the probability of reverse causation is
greatly diminished (1). EWAS designs that can reduce the
possibility of reverse causation have been developed (48).

Testing multiple variables for associations. Statistical
inference problems with the use of -omic methodologies in-
volve the simultaneous testing of thousands of null hypothe-
ses. The multitude of comparisons made in these studies will
result in both false-positive findings (type 1 errors) and, if the
correction for multiple comparisons is overly conservative or
statistical power is inadequate, false-negative findings (type 2
errors) (49).

Univariate models consider each predictive variable sepa-
rately, and the association of each variable with the outcome
of interest is tested using the same statistical model. The fam-
ilywise error rate and the false discovery rate have been used
to characterize the number of associations that could falsely
be declared statistically significant (50, 51). The familywise
error rate is the probability of making one or more false dis-
coveries, or type 1 errors, among all the hypotheses. Bonfer-
roni correction and other correction methods are commonly
used; however, these often produce exceedingly conservative
thresholds (50).

With an exploratory approach (“top-down exposomics” as
described above), it may be preferable to use a less conserva-
tive correction strategy. The false discovery rate is the ex-
pected proportion of errors among all associations declared
statistically significant. To control for the false discovery
rate, one must define the proportion of positive findings
that are allowed to be false (usually 5%). Methods have
been developed for both approaches and are described in de-
tail elsewhere (50).

Correlation among variables. While univariate methods
are useful for uncovering simple relationships between
predictors and responses, they are also likely to overlook
relationships involving combinations of factors. Different
multivariate methods have been developed for this purpose.
Multivariate analyses aim to summarize the information con-
tained in large data sets into a few synthetic variables (the
principal components) that capture the latent structure of
the data. Because these methods effectively reduce the num-
ber of dimensions necessary to represent the data, they are
often referred to as dimension-reduction methods. These
methods have been described in detail elsewhere (50). Due
to the density of the data in exposomic studies, identification
of independent associations will be challenging. Patel and
Ioannidis (46, 47) have proposed some agnostic approaches
to aid in the analysis of the large number of variables found in
exposomic studies. Smith et al. (52) proposed the use of ge-
netic traits and Mendelian randomization techniques to study
highly confounded risk factors and disease causation. Men-
delian randomization may be useful in exposomic studies to
investigate the effects of modifiable risk factors for diseases
that are too heavily confounded to be studied by conventional
approaches.

Variability over time and between subjects. Variability
over time and between subjects is associated with a multitude
of intrinsic and extrinsic factors, some known and some un-
known. Unlike the genome, -omic endpoints are dynamic and
are likely to show variability in different cells and tissues and
throughout the lifetime of an individual (53). Panel studies in

small population samples have been proposed to measure the
effect of short-term variability on exposure and -omic bio-
markers, on individual behaviors (physical activity, mobility,
time activity), and on personal and indoor exposures (20).

Variability of exposure data. For exposures with a short
biological half-life and little constancy in the underlying ex-
posure behavior, temporal variability may be particularly
high. For such exposures, intraindividual variability as com-
pared with interindividual variability is known to be high,
and only repeat measurements taken over time provide im-
proved exposure estimates (20). Studies designed to measure
daily repeat biomarkers of nonpersistent chemicals (phthal-
ates, phenols, organophosphate pesticides) in urine have
been proposed to characterize intra- and interindividual var-
iability in these urinary biomarkers and, where possible, cor-
rect for the uncertainties in a larger cohort.

Analytical measurement error.  With the development of
stable and cost-effective high-throughput techniques, large
amounts of experimental data are being generated. However,
data obtained from these platforms are highly sensitive to ex-
perimental conditions and can therefore include considerable
noise in the form of measurement error. Statistical methods
should be able to estimate technical nuisance variation (50).

Measurements. Many challenges in measuring the expo-
some exist. The sheer diversity and variability of exposures
that individuals experience throughout their lives is impossi-
ble to quantify. Exposures constantly change in a person’s
environment over time (54). Environmental contaminants
appear and disappear, and individuals may make changes in
their lifestyle choices that can increase or decrease exposures.
Additionally, the relevance of past exposures remains un-
known, and the inability to measure past exposures hampers
research on the exposome (54). People have been identified
as being more susceptible to environmental exposures in cer-
tain life stages (i.e., life cycle “windows of susceptibility”), so
relevancy across time may also be an issue.

Biomarkers, one of the primary ways to measure the expo-
some, pose numerous challenges. Their relevance to exposure
or their predictive value in nontarget tissues may not have been
established. Full validation of the biomarker both in the labora-
tory and in the population may not always have been performed,
making the interpretation or relevance of the measurement dif-
ficult. -Omic technologies have multiple advantages that make
them well-suited for exposomic studies, but they also have lim-
itations in interpretation and validation for exposures and effects
of exposures. The management of large data sets is still a chal-
lenge for these technologies, and these technologies also require
major investments in equipment and expertise.

Other techniques that may be important for measuring the
exposome also have limitations, including uncertainty about
the relevance of the measurement, variability over time, and
the inability to measure past exposures. While environmental
monitoring ( personal or remote), geospatial information, and
reality mining may tell us what exposures a person may have
had, the actual dose that an individual internalized and the
relevance of that exposure cannot always be determined.
The inherent problem of connecting these external exposures
to internal biomarker measurements has always been a chal-
lenge, and that challenge is further exacerbated with exposo-
mic research. Newer approaches such as those used by Patel
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et al. (55) may be helpful in this regard. Better models that
integrate exposure data from multiple sources will be more
useful for determining health impact. Additionally, surveys
or questionnaires can be improved to assess current or past
exposures in greater depth and with greater accuracy,
facilitating better research.

Multilevel analysis

Since the exposome can involve various types of data, such
as biological, economic, behavioral, and social data, there
will be challenges in modeling data from these disparate
areas and from the individual, group, and ecological levels
in regards to their roles as determinants of disease. Difficul-
ties in inference from ecological data can impede epide-
miologic research concerning the effects of exposures on
individual-level health behaviors and disease risks. Multi-
level analysis seeks to explain relationships involving both
individual-level and aggregate-level variables (56). Popula-
tion and group-level factors may modify the relationship be-
tween individual-level risk factors and risk of disease (57).
There are various approaches available to epidemiologists
for performing multilevel modeling that utilize random-
effects models and generalized estimating equations. Multi-
level models can be implemented using SAS Proc MIXED
and SAS Proc GLIMMIX (58, 59).

FUTURE PROSPECTS

Wild (1) originally developed the concept of the exposome
to draw attention to the need for comprehensive exposure
assessment in epidemiologic studies. Lichtenstein et al.
(60) estimated that the attributable risk of chronic disease
from the human genome was only somewhere between 10%
and 30% and that the environment was responsible for the
other 70%—90%. Measurement of the exposome will play a
critical role in future understanding of chronic disease forma-
tion and progression. The exposome provides improved ex-
posure assessment via the integration of different types of
exposure information, but can the utility of this concept be ex-
panded beyond exposure assessment?

Improved exposure assessment can feed into the
systems-biology approach to help evaluate how various expo-
sures disrupt normal biological processes. This type of ap-
proach could provide information used in delineating the
mode of action of the body’s response or toxicity and more ac-
curately inform risk assessments and risk management. The
study of early biological effects using a systems-biology ap-
proach and computational toxicology efforts offer great promise
for improving risk assessment (26). The biomarker techniques
such as the -omic approaches have shown promise and can pro-
vide information on mode of action and dose-response relation-
ships (61). As these techniques evolve, estimation of internal
dose and response markers will be a critical test of these new
technologies for application in risk assessment strategies (26).
However, it has been suggested that many research “findings”
are false or overinflated (62, 63). Improving the accuracy of re-
search findings will require better-powered studies, diminished
bias, and improvement in our understanding of R values. Juarez
and Hood (9) have explored the public health exposome as a
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way to integrate environmental contextual data with measures
of health outcomes. The exposome is a new way to conduct
health disparities research, to better understand the social and
environmental factors involved and their effects on health.
Other authors have suggested that the exposome could play a
major role in clinical care or serve as a basis for transformative
research (8, 64). The benefits of the exposome for both individ-
ual and population health research are many. The exposome
can aid in identifying modes of action of stressors, identifying
unknown exposures, and improving our understanding of dis-
ease. This can lead to better risk assessments, better translation
of science into practice, and ultimately disease prevention.

The concept of the exposome is a paradigm shift. While the
concept is daunting—particularly the idea of measuring all ex-
posures an individual has experienced in a lifetime and predict-
ing their health impact—studies are already being conducted
using exposomic principles. Epidemiologic studies can be im-
proved by incorporation of exposomic principles, increasing
the accuracy of estimated associations between exposures
and numerous health outcomes and conditions.
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Appendix Table 1. Exposomic terms used in this article and their definitions

Term

Definition

Environment- or exposome-wide
assessment studies (EWAS)

Exposome

Exposome informatics

Genome

Genome-wide association
studies (GWAS)

Geographic information systems
(GIS)

Metabolome
-Omic technologies

Phenome
Proteome
Reality mining

Sensors

Total exposure
Transcriptome

Studies that collect multiple kinds of exposure data from multiple sources
which are then related to health effects

The totality of exposures experienced by an individual during his or her life and
the health impact of those exposures (1)

Data management framework for dealing with large multiscale data sources in
exposomic studies (32)

The genetic material of an organism, encoded in DNA and including both the
genes and the noncoding sequences of the DNA (68)

Studies that evaluate markers across the genome to elucidate associations
with diseases

Systems that manage geographic data (33)

Sum of all low-molecular-weight metabolites present in a biological sample (69)

The collective characterization of components and measurement of
molecules from a biological field of study, which involves a large-scale data
acquisition system that can be used to measure biological states or
responses; examples include the genome (DNA), transcriptome (RNA),
and proteome (proteins)

All of the phenotypes of a cell, tissue, or organism
The full set of proteins encoded by a genome (68)

Analysis of behavioral and self-reported data extracted from social network
software and other portable-device applications (36)

Devices that measure an event or change; there are many diverse types
available

All exposures experienced by an individual
Complete set of RNA transcripts produced by the genome at any one time (67)
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