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CONSIDERATIONS IN EXPOSOME STUDY DESIGN

Study design. The first consideration in the design of a top-down or functional exposomic
study is to understand the health endpoint under investigation. While the environment can
exert a role in nearly all disease processes, the extent of the effect is disease-specific.! Most
diseases have been categorized in the absence of sufficient exposure-related data, thus
exposomics may also contribute to improved phenotyping. While all diseases have
environmental contributors, diseases with few established links to the genome may be the
most promising candidates for an exposome study, as are diseases occurring in tissues at the
interface of exposure (e.g., lungs for respiratory disease,’>* skin for dermal disorders,”’ gut

for gastrointestinal disorders®19).

Most commonly, genetic studies of disease tend to use family-based designs (i.e.,
enrollment predicated on an affected proband) or unrelated case-controls, where individuals
are enrolled after disease diagnosis and matched to healthy controls. These cross-sectional
study designs can provide important insight into genetic causes of disease progression and
treatment as DNA sequence is static; however, samples collected at study enrollment may not
capture past exposure (e.g., early life environmental exposures that contribute to future
disease risk!!). Furthermore, such designs may be subject to reverse causation due to disease-

related changes in behavior and biology limiting the causal interpretation of results.

Prospective longitudinal studies that collect exposure samples before disease onset,
and ideally in the perinatal period and at several times throughout the life course, have
inherent advantages over other study designs that collect exposure sample after enrolling
individuals who already have the disease of interest. Large precision medicine studies and

other cohorts, such as All of Us in the United States (https://allofus.nih.gov), The

Environmental Influences on Child Health Outcomes (ECHO) study in the United States

(https://www.nih.gov/research-training/environmental-influences-child-health-outcomes-

echo-program),'? the Trans-Omics for Precision Medicine (TOPMed) program

(https://www.nhlbiwgs.org), and the European Prospective Investigation of Cancer (EPIC)

(https://epic.iarc.fr), provide key opportunities for studying how the exposome contributes to

disease risk before diagnosis. Other designs include case studies, cohort studies, case-control
studies, nested case-control studies, and cross-sectional studies. While there is a risk of
reverse causation in case-control study designs, these may provide the only realistic option
for rare diseases. In large and well-resourced cohort studies, the prospective nested case-

control study design becomes feasible. A notable exception to the need for prospective
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longitudinal exposure data is when exposure can be accurately evaluated retrospectively, for
example for external exposures using air pollution and satellite records, or when the exposure
is stable over time and simple to retrieve in an unbiased fashion from public databases (e.g.,
built environment!?). Innovative new assays may also provide a retrospective record of

exposure, such as through the tooth exposome.'* 13

It is not currently feasible to acquire data on all possible exposures in a given study. It
is therefore natural to narrow the focus in exposome studies (e.g., small molecules in
biofluids or in air pollution). Given limited resources, gathering high-quality information on
biological responses or health outcomes (both negative and positive) is of equal importance
in exploratory studies and may enable deeper understanding of mechanisms of disease
progression following exposure. Individual meta-data, patient demographics, electronic
medical records, and public databases should all be utilized for this purpose with due

consideration to ethics and general data protection regulations.

Population sample size. An inherent challenge of exposomics is that exposome studies will
need to be larger than studies in which only a single chemical is tested. Alternatively, smaller
studies might be combined into statistical evaluations; however, this will require
standardization of the exposure and health measurements. The study size is typically
predetermined by the need to achieve a particular statistical power for a targeted effect size
using estimates of the dose response slope; however, it is unclear as to what effect sizes can
be expected in exposome studies, particularly if the effects are not confined to one particular
disease or one particular exposure. Identifying appropriate levels of power for exposome
studies is further complicated due to the large number of detected signals and need to correct
for multiple testing, correlation among co-exposures, measurement error among exposome
features, and variable detection rates based on age, location and other covariates.! One
strategy is to leverage previous exposome studies, which are often underpowered but can
provide an estimate on data correlation structure and effect examples. For example, Jung et al
leveraged an exposome-wide association study (ExXWAS) framework that combined
measurement of 128 endocrine disrupting compounds with a population size of 473 men to
investigate environmental impacts on semen quality parameters.!” After correcting for
multiple testing, none of the exposures reached significance and post-hoc statistical analysis
suggested a mean sample size of 2,696 participants was required to achieve power >0.8. This
number is significantly higher than published studies to date and highlights the importance of

evaluating power both prior to and after statistical analysis when interpreting results.
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However, this study did not consider mixture effects or latent structures within the data,
which are key to understanding relationships between the exposome and adverse outcomes.
Current evidence suggests it is the joint effect of multiple, low-level exposures driving
disease risk rather than a small number of independent exposures.'® Comparison of linear-
regression and other statistical analysis approaches for variable selection demonstrate that
ExWAS based upon individual linear regression with correction for multiple testing
evidences the poorest performance when compared to other strategies due to the complex
correlation structure of exposome data.'®-2° Reported exposome-based studies to date vary
widely in size, which is at least partly related to study aim; however, large population sizes
are critical due to the widespread variability in exposure patterns across a population that can

be influenced by many different factors.

The Japan Environment and Children's Study (JECS) recruited approximately
100,000 birth-pairs and 50,000 fathers, with multiple priority outcomes including
reproduction/pregnancy complications, congenital anomalies, neuropsychiatric disorders,
immune system disorders, and metabolic/endocrine system disorders.?! The human early-life
exposome (HELIX) project included 1301 birth-pairs from six European birth cohorts and
plans to study the role of exposome on childhood obesity, cardiometabolic risk, blood
pressure abnormalities, neurodevelopment problems, and respiratory diseases (asthma,
wheeze, lung function).?? Conversely, a longitudinal exposome study recruited only 15
individuals who were followed for up to two years.?> However, this study eventually obtained
70 billion readouts and showed in great detail the tremendous dynamics and diversity of the
exposome. Controlled human exposure studies are also of modest size, but given intra-
individual control (greatly reducing confounding), significant changes in outcome can be
fairly attributed to the variable exposure. For example, using proteomics, such a study was
able to profile the difference in airway protein response to different combinations of
inhalants, supporting ‘omics as a way to distinguish between exposure combinations and, in
particular, showing that adding diesel exhaust to allergen altered host defense.?* 2> Thus,
sample size in exposome studies accordingly depends on the study design, desired endpoint,

rate of the disease occurrence (in prospective studies) and available resources.

Windows of susceptibility. The timing of sample collection is important and can depend on
the health outcomes of interest. Windows of susceptibility are the life periods in which an
organism may be most sensitive to exposures. If an exposure occurs in such a window, the

disease may progress quickly or may appear decades later.2%28 Without prior knowledge,
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longitudinal sampling is essential to ensure having samples to measure exposure during
periods of heightened susceptibility. To truly sequence the exposome, defined as throughout
the entire life-course, sampling should technically begin early in a pregnancy, or even prior to
conception. In fact, a general hypothesis grounded in epidemiological evidence is that health
and disease is largely dependent on exposure early in life, including during fetal stages (i.e.,
DOHaD Hypothesis*). Because exposure windows likely deviate by age and health
outcomes, defining the “average” exposome by age and disease status will be key measures
for understanding how the human exposome contributes to disease risk; concepts being

examined by the ECHO program as well as recent EU projects (e.g., https://longitools.org/).

Replication and validation. Top-down and bottom-up exposome studies in human
populations will be hypothesis generating, and should eventually lead to more sophisticated
and larger functional exposomic study designs where associations between exposure and
effect are hypothesis tested. Establishing causal links will require a cautious approach, as
false positives are likely even after stringent quality control, data pre-processing, and data
analysis. While false positive rates will be high in any omics study, false negatives can also
arise from either low sensitivity of the analytical methods or unexpectedly low exposure rates
in the study population. For this reason, all resources cannot be placed into a single human
exposome study, such studies must be replicated and the results reproduced for validation,
including in longitudinal and mechanistic studies in subcohorts of the same populations.
Validation needs to be performed in an independent sample set, demonstrating that the
findings are replicable beyond the initial study population.’® A particular challenge of
validating an exposome study is that exposures will vary across populations, rendering it
necessary to have precise information on the exposures in order to establish the exposure-
disease relationship. Some associations can be tested for biological plausibility using
controlled laboratory experiments, for example by combining chemical exposures with other
environmental stresses and monitoring pathophysiology using in vitro or in vivo models.?!
However, this approach will require the study to be designed appropriately with similar
exposure levels administered during the appropriate window(s) of susceptibility. Hence,
epidemiologic data may need to precede such studies in order to inform dose, dose

combinations and timing of exposure.

Biological sampling. Blood plasma or serum are the most common matrices in human
studies of organic contaminant exposures; however, whole blood (or the red blood cell

fraction) offers the possibility for the measurement of metals, trace elements, and methyl
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mercury, etc.’?-34 Interestingly, some per- and polyfluoroalkyl substances (PFASs) have also
been found to partition preferentially in the red blood cell fraction.*> The red blood cell
fraction is also optimal for protein adductomics, because the lack of a nucleus in red blood
cells means that covalent reactions leave a lasting imprint (i.e., no de novo protein synthesis
occurs). Hemoglobin adducts for a list of reactive chemicals have been summarized 3¢ and
proposed as unbiased measures of total exposure to reactive electrophiles.?”- 3 Thus, for a
comprehensive exposome study, whole blood, or separated fractions of plasma/serum and
blood cells should be considered. These same samples can often be used for diagnosis of
disease or biological effects, for example plasma and serum are commonly used for
metabolomics, proteomics, and transcriptomics, while the epigenome can be evaluated in

leukocytes.

Another useful matrix is urine, which is a more easily accessible and less invasive to
collect than blood, and moreover can be collected by the participant outside of the clinic. In
addition, urine is clearly a useful matrix for studies of renal disease. Other potential matrices
that can answer specific questions include feces, teeth, hair, saliva, tears, skin and even
earwax. Tissue samples, such as placenta or biopsies may, depending on the research
question, be a useful matrix. There are advantages to analyzing a matrix for both bottom-up
and top-down approaches that is most closely related to the disease. For example, in
respiratory disease, the analysis of lung fluid, breath condensate, or sputum is preferred given
that these matrices are closest to the target organ of the disease.”* Saliva may be of value
when studying oral health, and fecal samples may help in assessing the causes of gut-related
symptoms®1?. These matrices can be more challenging and expensive to obtain, process,
normalize and store than more common fluids such as blood and urine; however, obtaining
multiple matrices from the same individual may increase understanding of the internal

cexposome.

WORKING WITH EXPOSOME DATA

Analyzing, interpreting, and reporting exposomic data. Understanding the link between
the exposome and health outcomes is a challenge, and currently there are only a few
approaches applied in large scale exposome studies.*® The most commonly used method is
the exposome-wide association study, which is an exposure-by-exposure method and consists

of a covariate-by-covariate estimation of the exposure outcome association through
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independent linear regression models. While it is useful for hypothesis generation, this
approach does not implicitly consider correlations between exposures and tends to give a
high rate of false positives when insufficiently corrected for multiple comparisons.?® A recent
R package called rexposome is designed for the analysis of exposome data and offers a set of
functions to incorporate exposome data into the R framework Biocondcutor. Borrowing from
other omics, for mechanistic inference, we may employ data-driven network methods such as

weighted correlation network analysis*® and Gaussian graphical models.*!- 42
g y grap

If a widely-
accepted exposome database can be established, knowledge-driven approaches such as
pathway enrichment analysis* may also be applied. When prediction of health outcomes is
the goal, approaches including penalized regression methods (e.g., elastic net**), partial least
squares discriminant analysis and its variations,* and conditional Gaussian Bayesian
networks*® may be considered. Exposomic data could be integrated with other omics data
using causal mediation approaches,*’” Mendelian randomization,*® joint effect hypothesis

testing,* and similarity network fusion,> etc., if existing evidence alludes to possible

mediation/interaction.

An explicit agreement on data acquisition strategies may facilitate or optimize data
analysis strategies. However, it is not realistic to expect the academic community to coalesce
around a given method, and bioinformatic methods continue to advance remarkably such that
data captured in even unanticipated ways can be meaningfully and effectively synthesized
and distilled by evolving informatic techniques, including machine learning and artificial
intelligence (Al). Therefore, for some studies it will remain necessary to customize analytical
approaches while for others this presumed need may prove less restrictive. Even if the
promise of new analytics, including Al, is widely achieved, a detailed reporting of method
parameters in both quality control and data analysis will likely be necessary. Accordingly,
investigators should report the history of data processing used to obtain the final results,
including detailed software parameter settings, in addition to making the raw data accessible.
For example, in HRMS-based exposomics, the MS raw data should be deposited in
repositories along with experimental metadata (e.g., GNPS MassIVE, Metabolomics
Workbench, Metabolights) and if there is any programming applied, the source code should
be deposited in code sharing platforms like GitHub (https://github.com/). In addition, more

detailed experimental methods could be readily shared using open access tools such as

Jupyter notebooks (https://jupyter.org).
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A particular weak link in analyzing exposomics data is in meta-analysis, which has
been used extensively for data from targeted studies®! > but not from untargeted studies.
There is need to increase the crosstalk between the different stakeholders from
epidemiologists to laboratory scientists. By strengthening the communication among the
diverse scientists working in the exposome space, we can begin to develop the tools and
approaches necessary to perform the large-scale data analysis required of true exposomics. In
particular, advances in predictive analytics and inferential statistics will be required to
integrate the multiple data modalities needed to understand the exposome and apply it within
a precision public health context,>*>* which will necessitate the advent of additional

exposome ontologies.>
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