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ABSTRACT: Exposomics has the potential to revolutionize
biomedical research. However, the transition from hypothesis-
driven to discovery-driven research has created tension between
expansive screening and the risk of false discoveries. To meet the

rigorous expectations of funders, editors, and the broader scientific
community, the field requires clear benchmarks for a specific
discovery-oriented design within exposomics: the Exposure-Wide

Association Study (EXWAS)‘ Here, we propose a heuristic Many domains  Report all, Power for Globes, mixtures,Replicate or
framework fOI‘ ExWAS based on the S I’S: Inclusive, Informative, cast wide control FDR detection context meta-analyze
Immense, Integrative, and Iterative. We distinguish ExXWAS from

the broader enterprise of exposomics: high-resolution personal

sensor studies, high-throughput screening in model systems,

targeted biomonitoring, and single-exposure causal studies are essential and complementary. We operationalize each T as a set
of graded thresholds rather than absolute gates, so that smaller groups and under-resourced cohorts can participate through
federated and meta-analytic designs. Mirroring the systematic rigor of genomics, these criteria provide a roadmap for minimizing
spurious associations while preserving discovery power and supporting the eventual creation of an “Exposome-Phenome Catalog”
analogous to the GWAS Catalog.

KEYWORDS: exposome, exposome-wide association study, phenome, architecture, heuristic

Inclusive Informative Immense Integrative Iterative

H FROM EXPOSOMICS TO EXWAS: SCOPE OF THIS causal studies will contribute valuable exposomic evidence,
PIECE such as individual-level phenotypic response, without meeting
population-scale ExXWAS thresholds. Just as genomics is not

Traditional environmental health studies identify determinants
exclusively GWAS, the exposomics is not exclusively EXWAS.

of health through hypothesis-driven investigations of specific
exposures. The exposome—defined as “the integrated compi-
lation of all physical, chemical, biological, and (psycho)social B MOVING FROM HYPOTHESIS-DRIVEN TO
influences that impact biology”' —is a conceptual umbrella that DISCOVERY-DRIVEN STUDIES

spans many designs: targeted biomonitoring, high-resolution
mass spectrometry, personal sensors, model-system screens,
and population-scale association studies. With databases
documenting over 500,000 exposure—phenotype hypotheses”
and densely correlated exposures spanning multiple domains’
that change across the life course,® the time is ripe for
discovery-oriented approaches in exposomics.

The heuristic in this Viewpoint is scoped to one such
approach, the exposure-wide association study (EXWAS),” which Received: February 13, 2026 il
we consider to be the exposomics analogue of the genome-wide Revised:  May 1, 2026 :
association study (GWAS). We make this explicit to avoid the Accepted:  May 4, 2026
implication that every exposomics study must satisfy these Published: May 27, 2026
criteria: personal sensor time series, model-system high-
throughput screens, and carefully designed single-exposure

Analogous to genome-wide association studies (GWASs),
exposure-wide association studies (ExWASs) systematically
examine the relationships between hundreds to thousands of
environmental factors and health outcomes. Early studies used
the term environment-wide association study (EWAS) ;¢ because
that acronym is now widely used for epigenome-wide
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association studies, we use ExXWAS throughout for termino-
logical clarity.

A priori evidence supports discovery-driven designs: recent
investigations suggest that environmental factors may explain
variation not captured by germline genetics,7 although
stochastic chance remains a competing explanation.® Unlike
genetics, exposures are time varying, correlated, and socially
patterned, requiring different assumptions about causality,
measurement errors, and replication.

Traditional environmental studies isolate single exposures.
ExWAS inverts this by measuring hundreds to thousands of
exposures and asking without preconceived hypotheses, which
are associated with phenotypes. This mirrors GWAS successes,
which include systematic measurement, rigorous multiple-
testing control, cross-cohort meta-analysis, and independent
replication.9 Without standardization, however, the literature
risks accumulating false discoveries and the proliferation of
“exposomics” as a marketing term."?

Traditional and exposomic studies are interdependent;
traditional cohort studies establish causality, quantify magni-
tudes, and inform policy. EXWAS investigates associations of
multiple exposures with phenotypes without prespecified
hypotheses, reduces file-drawer bias in hypothesis generation,
and establishes candidates for targeted studies."’ In short,
ExWAS generates hypotheses, and traditional designs,
including randomized, quasi-experimental, and Mendelian
randomization studies, test them. Both are essential for
informing public health and precision medicine. EXWAS may
integrate heterogeneous data sources that capture environ-
mental influences across domains, including biochemical
measurements from biospecimens, self-reported and sensor-
based behavioral and psychosocial data, and externally linked
contextual factors derived from geospatial information systems
(e.g., air pollution, built environment).

B HEURISTIC FOR EXWAS: THE 5 I'S

Discovery-based sciences operate at scale to achieve eﬁicienc?r.
They must also balance false positives and false negatives.'"">
As exposome measurements expand, the potential for both true
discoveries and spurious findings increases. False positives are
spurious findings due to bias or inadequate statistical
thresholds, and false negatives are true findings missed when
preselecting exposures. Biases such as confounding inflate
both. We propose a heuristic (Table 1) to ease this tension and
maximize discovery at scale. Each ‘T" addresses a distinct failure
mode in large-scale environmental discovery, and multiplicity
control is treated as a cross-cutting principle that binds the
Informative, Integrative, and Iterative criteria together:
significance thresholds under Informative define the error
rates; Integrative analyses condition on the correlation
structure that determines the effective number of independent
tests; and Iterative replication separates discovery from
inference so that the nominal error rate remains interpretable.

These thresholds are intended as graded standards. Studies
that do not meet every threshold remain publishable and
useful; authors and reviewers should state which criteria are
met, which are partially met, and which are infeasible in their
setting (e.g., absence of genomic linkage, lack of repeated
measures, single-cohort analysis). This grading is meant to
widen rather than restrict participation in exposomics;
federated analysis, meta-analysis, consortium-level sharing,
and explicit labeling of “discovery-only” findings allow all
groups to contribute without requiring every individual study

to carry the full infrastructural burden of a mega-cohort, but
make clear the heuristics achieved, so that results may be
interpreted in context.

We also recognize that current EXWAS efforts undersample
several important exposure dimensions and that cohorts in
low- and middle-income settings (and also in higher income
settings) often lack the ‘omic linkages and repeated measure-
ments recommended by the heuristic. The Inclusive and
Integrative criteria are therefore written to reward transparency
about scope as much as breadth itself, so that gaps in domain
coverage and data linkage are visible and comparable across
studies.

B HEURISTIC IN PRACTICE: EXAMPLES

Recent ExWAS illustrate the heuristic in practice. None fully
satisfies all five I's; each meets the criteria unevenly, and we
state this explicitly.

The Phenome-Exposome Atlas,'> which tested 619
chemical biomarkers across 278 clinical phenotypes
(~1,19,000 associations) in >50,000 participants, incorporates
FDR-controlled discovery,'* coexposure network mapping,'
and replication across independent data. This strongly
illustrates Informative (explicit FDR, all associations reported),
parts of Immense (large n), Integrative (coexposure structure),
and Iterative (independent replication). This partially illus-
trates Inclusive, as it focuses on a single-exposure domain
(chemical biomarkers); however, it does not satisfy the
longitudinal element of Immense. Single-exposure variance
was modest (median ~0.5%), while the top 20 coexposures
explained more, comparable to genetic risk scores. Reverse
causality is a residual concern.

The China Serum Exposome Atlas,'® which biomonitored
267 chemicals in 5696 participants across 12 chronic diseases,
illustrates chemical and disease Inclusive coverage and parts of
Informative and Immense. It is limited by Iterative (independent
replication outside China) and multidomain Inclusive (no
geospatial or behavioral linkage).

A UK Biobank lifestyle/mortality EXWAS'’ that analyzed
164 lifestyle factors in ~5,00,000 participants showed that the
exposome explained ~17% of mortality variance versus <2%
for polygenic risk scores. This illustrates Immense (large sample
size and longitudinal follow-up to some degree), Integrative
("omics and genetic linkage), and Inclusive within the lifestyle/
geospatial domains, but is limited with respect to chemical
biomonitoring and generalizability beyond a predominantly
European ancestry sample.

Taken together, these exemplars demonstrate that the 5 I's
are most useful as an auditable and gradable checklist and a
way for authors, reviewers, and editors to see which criteria a
given study meets, which it partially meets, and which it cannot
meet in its current design.

B CHALLENGES AND THE PATH FORWARD

Current ExWAS reveal modest single-exposure effects but
substantial cumulative exposome contributions.”'” This
mirrors the “missing heritability” story in genetics: individual
exposures may explain little, but collectively they may matter.
How they cumulatively explain variation and how much of that
variation is causal versus confounded requires resolution. Key
design challenges include reverse causality, time-varying and
correlated exposures, and differential measurement errors
across exposure domains. Addressing these issues requires

https://doi.org/10.1021/acs.est.6c02553
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strategies that explicitly model coexposures temporally rather
than treating them independently to ultimately address
heuristics.

Priorities that our groups and others'® and that animate the
vision of the Network of Exposomics in the United States
(NEXUS) include the following.

High-Throughput Measurement Approach. The most
direct way to operationalize the heuristic is to use technology
for high-throughput, low-cost measurement of exposure
factors.'® This will dictate both the number of exposures
measured (Inclusive) and the sample sizes needed to detect
them (Immense). Cheap genotyping arrays have launched
GWASs, and exposome arrays will ensure robust discoveries.

Build a Repository of Associations. All tested exposure—
phenotype associations are to be documented with effect sizes,
confidence intervals, p-values, and replication status, and were
centralized analogously to the GWAS Catalog.'” Common
biomonitoring panels, harmonized survey instruments, and
shared geospatial exposure layers are critical for enabling cross-
study replication and meta-analysis. Such a resource requires
reporting of null results, standardizing of exposure identifiers,
and minimal metadata describing the measurement context,
timing, and population (Iterative).

Comprehensive but High-Powered Testing. Exposomics
scientists are often asked: “Isn’t this just p-hacking?” Taking a
cue from genetics, GWAS enforces stringent p-value thresholds
(5 X 107%), mandatory prespecified replication, and public data
sharing. EXWAS should adopt analogous standards by making
the effective number of independent tests, the chosen error rate,
and the replication plan explicit for each study (Informative and
Immense).

Lower the Floor, Not the Ceiling. Replication and large
samples are ideal, not gatekeepers. Federated analyses, cross-
cohort meta-analyses, and explicit “discovery-only” labeling
allow single-cohort and modestly resourced studies to
participate without overstating their claims. Globally, the
heuristic should adapt to cohorts that lack ’omic linkage, long
follow-up, or independent replication samples by rewarding
transparency about scope rather than penalizing its absence.

Exposomics, operationalized through rigorous ExWAS,
represents a paradigm shift in environmental health: from
studying one exposure at a time to systematically discovering
the totality of environmental influences on health. Our
heuristic provides a minimum standard and a stake in the
ground and is open for discussion. Some elements will guide
editors, funders, and researchers, while others will evolve. Over
time, a heuristic can morph into a standard that journals
require (a reporting checklist), funders demand (statements
about power, domains, and replication), and researchers
embrace as shared infrastructure.

Early findings have demonstrated that while individual
environmental factors explain modest variance, cumulative
exposome effects rival genetic contributions. As methods
mature and infrastructure develops, we envision a future in
which exposome risk scores’’ are evaluated for precision
prevention, exposome catalogs complement the GWAS
Catalog' in completeness, and environmental health inter-
ventions include exposomic evidence in the evidentiary chain
that is alongside, not in place of, the broader family of
exposomics designs that this heuristic intentionally does not
cover.
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