Environment International 208 (2026) 110117

Contents lists available at ScienceDirect

Environment International

o %

ELSEVIER journal homepage: www.elsevier.com/locate/envint

Review article ' :.)

Check for

Computational standards and tools for exposome-wide association studies e
linking the human exposome with health outcomes

Dimosthenis Sarigiannis ™% ®, Ourania Anesti ", Nafsika Papaioannou ™,

Achilleas Karakoltzidis ", Spyros Karakitsios*

2 National Hellenic Research Foundation, 48 Vasileos Constantinou Ave., 11635 Athens, Greece

> HERACLES Research Center on Health and the Exposome, Center for Interdisciplinary Research and Innovation, Aristotle University of Thessaloniki, Greece
¢ Environmental Engineering Laboratory (EnvE Lab), School of Chemical Engineering, Aristotle University of Thessaloniki, Greece

d Research Center for Complex Risk and Data Analysis, University Institute for Advanced Studies IUSS, 27100 Pavia, Italy

€ Medical School, University of Crete, Heraklion, Greece

ARTICLE INFO ABSTRACT

Keywords: The human exposome (the cumulative measure of environmental exposures across the life course) offers a critical
Exposome complement to genomics in deciphering the multifactorial origins of complex diseases. Exposome-wide associ-
ExWAS

ation studies (EXWAS) represent an emerging class of high-dimensional epidemiological analyses designed to
systematically assess associations between diverse environmental exposures and health outcomes. However,
Computational tools EXWAS requires advanced computational standards and tools capable of handling exposure complexity, temporal
Data harmonization variability, co-exposure correlation, and multi-omics data integration. This review synthesizes current compu-
Precision prevention tational methodologies and platforms for EXWAS, highlighting recent advances in statistical modeling, exposure
Genome-environment interaction quantification, and bioinformatics tools. We conducted a PRISMA-ScR-guided scoping review across PubMed,
Scopus, and Web of Science (2010-2025), with dual-reviewer screening in Rayyan, standardized data charting,
and SWiM-aligned narrative synthesis. We explore multivariable and mixture modeling approaches (e.g.,
weighted quantile sum regression, Bayesian kernel machine regression), integration of external and internal
exposome domains, and the application of longitudinal designs and environmental risk scoring. Key platforms
such as the rexposome suite, exposomeShiny, and the integrative INTEGRA framework are examined for their
role in operationalizing exposomic analyses at population scale. We also discuss the importance of data stan-
dardization, including exposure ontologies, harmonization protocols, and federated data infrastructure sup-
porting cross-cohort analyses. Moreover, we discuss how computational exposomics can elucidate mechanistic
pathways linking environmental exposures to disease, particularly when integrated with transcriptomic and
metabolomic data. Finally, we outline future directions for the field, including genome-exposome integration,
Al-driven causal inference, and translational pipelines for regulatory and clinical implementation. Beyond listing
methods, we assess computational maturity and reproducibility (open licensing, containerization, federation
readiness) and connect standards + tools to EXWAS workflows and translation. Computationally mature and
mechanistically anchored, EXWAS are poised to become central tools in precision environmental health,
enhancing the interpretability of genome-environment interactions and the predictive power of integrated omics

Environmental health
Multi-omics integration

frameworks.
1. Introduction for association with health outcomes in human populations, analogous
to GWAS but focused on environmental variables (Patel et al., 2010;
Exposome captures the totality of environmental exposures and Patel & loannidis, 2014).
related biological responses across the life course (Wild, 2005; Wild, Over the past decade, exposome research has expanded through
2012). As a complement to genomics, it motivates exposome-wide as- major international initiatives and consortia (e.g., HELIX, EXPOsOMICS,

sociation studies (ExXWAS), which systematically screen many exposures HEALS, HERCULES, CHEAR/HHEAR) and newer European programs
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(ATHLETE, LifeCycle, EPHOR, EHEN, NEUROSOME, URBANOME,
ENVESOME). In 2025, the ExpoHealthNet (EHN) cluster was launched,
pulling together efforts of 6 European projects focusing on emerging
environmental pollutant and hazardous waste impact on human health.
In parallel, the Network for Exposomics in the United States (NEXUS)
has been established as a national center for exposome research coor-
dination, together with the IHEN (International Health and Exposome
Network) in the EU and the NEXUS Global Network in the USA that
connect exposomics partners worldwide. As of May 2025, the Global
Exposome Forum was launched aiming at creating a truly global expo-
some community effectively addressing the link between the human
exposome, public health and precision prevention and medicine. These
efforts have proven the feasibility of measuring hundreds-to-thousands
of exposure variables in epidemiological cohorts and integrating them
with high-dimensional molecular data. Early EXWAS analyses on exist-
ing datasets (e.g. using NHANES, the US National Health and Nutrition
Examination Survey) successfully identified unexpected environmental
correlates of disease — for example, blood cadmium and lead levels
associated with cardiovascular risk, and certain persistent organic pol-
lutants associated with type 2 diabetes — findings that might have been
missed in hypothesis-driven (Patel et al., 2010; Tzoulaki et al., 2012).
Such discoveries illustrate the promise of the exposome approach in
uncovering novel environmental risk factors.

However, exploiting the full potential of EXWAS requires addressing
significant computational and data challenges. By design, EXWAS in-
volves high-dimensional data: large numbers of exposures (from
chemical contaminants and dietary nutrients to social factors) are
examined in relation to health outcomes, often with complex correlation
structures and time-varying behavior. This complexity calls for
advanced statistical methods, robust data processing pipelines, and
standardized frameworks to ensure results are reliable and comparable
across studies (Manrai et al., 2017). Equally important are data
harmonization standards — common protocols for how exposure data are
measured, curated, and shared — so that different studies can be inte-
grated or compared, much as genomic consortia rely on standardized
genotyping and data formats. Without such standards, the heterogeneity
of exposure data (differences in units, collection methods, timing, and
metadata) can impede meta-analyses and the pooling of evidence (Zhang
et al., 2021).

In this review, we survey current computational practices in
exposome-wide association studies (ExXWAS) in human epidemiology,
with an emphasis on linking exposome data to health outcomes. We
synthesize three connected areas: (1) methodological advances in study
design and statistical analysis, (2) software platforms and tools that
support exposome data processing and EXWAS workflows, and (3) data
harmonization and standardization efforts that improve integration,
reproducibility, and cross-cohort analysis. We include illustrative case
studies, identify key bottlenecks, and outline priorities to make expo-
some research more actionable and clinically translatable. Although
prior reviews have addressed parts of exposomics, no methods-oriented
synthesis has systematically connected computational standards (e.g.,
ontologies, common data models, FAIR practices, federated analytics)
with the practical toolchain needed to run ExXWAS end to end. Our
contribution is to (i) map the computational “substrate” of ExWAS
across methods, software, and standards; (ii) assess tool and platform
maturity through a reproducibility-focused lens; and (iii) link these
components to emerging needs in multi-omics integration, exposure
modeling (including PBPK), and privacy-preserving, federated in-
frastructures for scalable cross-cohort studies.

2. Methods
2.1. Review planning, search, and synthesis approach

Aim and review questions. We undertook a scoping, method-
s-focused review to map the computational standards and tools that
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operationalize exposome-wide association studies (ExWAS), and to
appraise their maturity, reproducibility, and adoption. Our pre-specified
questions were:

RQ1: Which computational standards (ontologies, common data
models, FAIR practices, and federated architectures) are used in human
ExWAS?

RQ2: Which statistical and computational methods constitute cur-
rent practice for mixtures, longitudinal exposures, and multi-omics
integration?

RQ3: Which open-source tools/platforms implement these methods
in practice?

RQ4: What evidence exists for performance, reproducibility, and
adoption (e.g., code availability, containerization, multi-cohort use)?

RQ5: Where are the gaps that limit translation to precision public
health?

Methodological framework. Given the heterogeneity of evidence
(methods papers, software notes, standards documents, exemplars), we
followed PRISMA-ScR for scoping reviews and used Synthesis without
Meta-analysis (SWiM) guidance for transparent narrative/quantitative
synthesis when meta-analysis is not applicable. Reporting of search,

Identification
Records identified from databases: PubMed (n=2,537),
Scopus (n=1,864), Web of Science (n=1,987)
Total from databases (n=6,388)

Records removed before screening
Duplicate records removed (n=3,172)
Records marked as ineligible by automation tools (n=53)

Screening
Records screened (title/abstract) (n=3119)

Records excluded at title/abstract (n=1621)

Records sought for retrieval (full text) (n=1587)
Reports not retrieved (n=34)

Papers excluded (provide reasons):
Not human EWAS / wrong topic (n=1493)
Insufficient computational detail (n=32)

Not within timeframe/English (n=3)

Included
Studies/sources of evidence included in review (n=59)
Methods papers (n=56)
Book chapters (n=2)
PhD Thesis (n=1)

Fig. 1. Applied PRISMA methodology.
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selection, and synthesis aligns with PRISMA 2020 good practice (Tricco
et al., 2018), as outlined in Fig. 1. We also drew on the JBI scoping re-
view methodology for protocol structure and data charting.

Eligibility criteria.

Population/Domain: Human exposome/EXxWAS or directly
enabling computational methods (mixture models, life-course
modeling, exposome-omics integration), data standards (ontol-
ogies, Common Data Models (CDMs), FAIR), and platforms for
analysis or federation.

Evidence types: Peer-reviewed methods papers, software articles,
standards/guidance from recognized bodies, and major project de-
liverables where they define or implement reusable standards/tools.
e Timeframe: 2010-2025 (period of rapid maturation of computa-
tional exposomics).

Exclusions: Single-chemical toxicology without computational
generalizability to EXWAS; animal-only studies unless they define
cross-cutting computational standards; purely conceptual commen-
taries without operational detail.

Information sources and search development.

We searched PubMed/MEDLINE, Web of Science Core Collection,
and Scopus, complemented by backward/forward citation search from
benchmark papers that define the computational landscape (e.g.,
rexposome/ExposomeSet, exposomeShiny, DataSHIELD, BKMR, WQS,
HHEAR/Exposome-Explorer entries). This “seed-and-snowball” step
secured conceptual coverage across standards, methods, and tools.
Representative anchors include Hernandez-Ferrer et al., 2019 (rexpo-
some), Vrijheid et al. 2021 (exposomeShiny), Marcon et al. 2021
(DataSHIELD), Bobb et al. 2018 (BKMR), Gennings et al. 2020 (WQS),
Patel et al. 2016 (NHANES exposome/phenome), and Neveu et al.
(2016) (Exposome-Explorer).

Search strings. We combined controlled vocabulary and free-text
terms; an example PubMed string is:

(exposome OR “exposome-wide” OR EWAS OR ExWAS) AND

(method* OR algorithm* OR pipeline* OR software OR tool* OR
platform OR “common data model” OR ontology OR federat* OR FAIR
OR “data harmonization” OR “mixture model*” OR BKMR OR “weighted
quantile sum” OR WQS OR “DataSHIELD” OR rexposome OR exposo-
meShiny OR “OMOP” OR FHIR)

Filters: 2010/01/01—present; English

Screening and selection. Citations were de-duplicated and
screened in Rayyan by two reviewers working independently at title/
abstract and full-text stages, with disagreements resolved by a third
senior reviewer.

Data extraction. We piloted and then finalized a standardized
extraction form capturing:

e bibliometrics; study type; cohort(s) if any;

e method class (pre-processing/QC, imputation, mixture modeling,
longitudinal/life-course, mediation/causal, omics integration,
PBPK/exposure modeling);

tooling (language, repository/DOI, license, containerization, test
data, documentation, update activity);

standards (ontology/CDM used; FAIR elements;
capability);

validation (simulation benchmarks, external replication, cross-
cohort reuse);

adoption signal (citations, cross-project use).

federation

Evaluation/quality considerations. For methods/software, con-
ventional “risk-of-bias” tools are not fit-for-purpose; instead we assessed
reproducibility and software quality using a pragmatic approach aligned
with open science and software quality guidance (e.g., versioned re-
leases, OSI-approved license, container image, CI tests, documentation,
example workflows), and high-level software quality attributes from
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ISO/IEC 25,010 (e.g., reliability, maintainability, portability) adapted to
research tools. We do not score studies of health effects; where such
studies were used to evidence tool performance, we reported their own
design/replication status narratively (ISO, 2011).

Synthesis and analysis. Following SWiM and narrative synthesis
best practice, we: (i) tabulated evidence by thematic domains (methods,
tools, standards/federation); (ii) mapped each item to the ExWAS
workflow (intake — QC — modeling — omics integration — interpre-
tation — governance), (iii) aggregated simple counts (e.g., number of
tools supporting containerization or federated analysis), and (iv) sum-
marized performance/validation evidence qualitatively (no vote-
counting of effect significance). Where feasible we provide descriptive
statistics (e.g., proportion of tools with open licenses, number of inde-
pendent cohorts using a tool) and evidence-gap heatmaps.

2.2. Methodological developments in Exposome-Wide association studies

An ExWAS scans numerous exposures for associations with a health
outcome, agnostic to specific hypotheses (Chung et al., 2024; Patel et al.,
2010). Early ExWAS adopted GWAS methods, using exposure-by-
exposure regression models with multiple testing corrections like false
discovery rate control (Benjamini & Hochberg, 1995). This approach
identifies candidates for further study but faces challenges from multiple
testing (increasing false positives) and correlated exposures (e.g., traffic-
related pollutants), which violate independence assumptions (Patel &
Manrai, 2015). Traditional EXWAS uses strict significance thresholds or
permutation tests and reports exposure correlation clusters to avoid
overinterpreting single factors (Patel et al., 2016). Tools like the expo-
some correlation globe visualize exposure correlation (Chung et al.,
2018; Patel & Manrai, 2015). Recent EXWAS methods emphasize multi-
variable and multivariate approaches to address these limitations.

Before specific methods are detailed, a distinction between the term
“mixture models” and the term “exposome wide computational strate-
gies” is made in this review. “Mixture models” are used to refer to sta-
tistical approaches in which the joint health effects of a relatively well
defined subset of exposures are estimated, typically for a class of
correlated environmental agents such as chemical pollutants, and in
which interaction and nonlinear dose response are often accommodated
(for example, WQS regression and BKMR) (Bobb et al., 2018; Gennings
etal., 2020). By contrast, “exposome wide computational strategies” are
used to denote workflows and methods by which the full multidimen-
sional exposome is analyzed (Manrai et al., 2017; Miller & Jones, 2014;
Rappaport & Smith, 2010). Within these strategies, heterogeneous
external and internal exposures (chemical, physical, lifestyle, and multi-
omics) are integrated and data structures, harmonization steps, and
analytic pipelines are provided to scan and interpret this broader
exposure space (Hernandez-Ferrer et al., 2019; Vrijheid et al., 2021). In
this sense, mixture models are regarded as one important class of
methods within the wider exposomics computational toolbox, but they
are not regarded as synonymous with exposome wide analysis.

In exposome-wide analyses, the extremely high dimensionality of
exposure datasets often leads to the well-known “curse of dimension-
ality,” where the number of predictors greatly exceeds the number of
observations (Altman & Krzywinski, 2018; Anguita-Ruiz et al., 2023).
This phenomenon increases model instability, dilutes information, and
can reduce statistical power. For this reason, many exposomics work-
flows incorporate an initial dimension-reduction step to extract latent
structures or reduce redundancy before applying mixtures models or
Exposome-Wide Association Studies frameworks (Gibson et al., 2019;
Kalia et al., 2020; Liu et al., 2024; Reich et al., 2020). Most frequently
used methods are described in the next paragraph. Overall, this
dimension-reduction strategy helps stabilize estimation, control false
positives linked to correlation and confounding, and improve inter-
pretability in downstream analyses.

Principal component analysis (PCA) condenses correlated exposures
into fewer composite variables (e.g., principal components) that reflect
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exposure clusters, such as vehicle exhaust pollutants or lifestyle pat-
terns, for association with health outcomes. However, PCA assumes
linear, orthogonal components and can be sensitive to outliers and
left-censored data, which may limit its ability to recover interpretable
source patterns in complex exposure mixtures. Alternative unsupervised
approaches more tailored to mixtures have therefore been proposed,
such as principal component pursuit (PCP), which decomposes the
exposure matrix into a low-rank structure capturing consistent patterns
and a sparse matrix isolating extreme or unique exposure events, and has
been adapted for environmental mixtures with missing and LOD-cen-
sored values (Gibson et al., 2022). Penalization and variable selection
methods, like lasso or elastic net regression, identify key exposures
predictive of outcomes while minimizing less relevant ones (Billionnet &
Sherrill, 2012). Mixture-focused approaches, such as weighted quantile
sum (WQS) regression and quantile g-computation, estimate joint ef-
fects of multi-component exposure mixtures (Gennings et al., 2020; Keil
et al., 2020). Quantile g-computation generalizes WQS by relaxing
directional homogeneity and estimating a marginal joint effect of
simultaneous quantile increases in mixture components (Keil et al.,
2020). BKMR flexibly models non-linear and non-additive mixture ef-
fects and can identify key exposures and interactions (Bobb et al., 2018).
Recent pipelines and decision frameworks (e.g., Hao et al. (2024);
NIEHS PRIME) provide practical guidance on method choice given the
scientific question, mixture structure, and sample size.

Longitudinal and life-course exposure data integration is a key
methodological advance in EXWAS. Unlike traditional cross-sectional
ExWAS, life-course approaches account for time-varying exposures
and susceptibilities (Smith et al., 2016). Methods like distributed lag
models and trajectory analysis use repeated exposure measures (e.g.,
pollutants or dietary factors) to pinpoint critical exposure windows (e.g.,
prenatal vs. early childhood) impacting outcomes. Combining longitu-
dinal exposure and outcome trajectories, as in birth cohort studies, en-
hances causal inference and timing insights. The exposome’s temporal
dimension highlights the relevance of exposure history for chronic dis-
eases. Computational EXWAS frameworks now support repeated-meas-
ures or cumulative exposure indices, such as polyexposure scores (PXS),
sometimes also termed environmental risk scores (ERS). Adapted from
polygenic risk scores, PXS/ERS approaches weight and sum selected
exposures to generate an individual-level risk index that can be evalu-
ated in independent populations (He et al., 2021; Pries et al., 2022;
Tarraf et al., 2017). PXS-type indices may enable risk stratification
across populations if proven transportable.

Exposome research integrates omics data to capture internal
biochemical changes from exposures, extending beyond external mea-
surements. Modern ExXxWAS leverage high-throughput molecular
profiling, including untargeted metabolomics, epigenomics (DNA
methylation, histone modifications), transcriptomics, and proteomics.
These data support multiple approaches: a two-stage workflow first
identifies disease-associated external exposures via ExWAS, then ex-
amines downstream molecular changes; alternatively, parallel omics-
wide association studies (e.g., epigenome-wide studies) link exposures
and molecular changes to the same health outcome (Relton & Davey
Smith, 2012). Integrative methods like mediation analysis test if mo-
lecular changes mediate exposure-outcome relationships, while
network/pathway analyses combine exposure and omics data. Agnostic
metabolome profiling reveals exposure-perturbed metabolic pathways,
generating mechanistic hypotheses (Sarigiannis, 2017). Advanced
methods, such as integrative pathway enrichment analysis (Paczkowska
et al., 2020) and multi-omics factor analysis (Alemu et al., 2025),
identify co-varying exposure-molecular clusters influencing disease risk.
Linking external and internal exposome domains strengthens causal
inference, as exposure-disease associations corroborated by related gene
expression or metabolite changes increase confidence in causality
(Furman et al., 2019). Sarigiannis et al. (2018) advocate integrating
transcriptomic and metabolomic profiling to identify exposure-related
molecular signatures and connect them to adverse outcome pathways.
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Assessing exposures in EXWAS is complex due to their dynamic na-
ture, unlike fixed genetic data. Exposome studies combine multiple
methods: direct measurements (e.g., pollutant levels in blood/urine,
wearable sensors for air quality or activity, GPS trackers), questionnaires
(capturing lifestyle, occupation, residential history), and environmental
modelling with geospatial data linkage. Spatial models, like satellite-
based remote sensing or land-use regression, estimate exposures (e.g.,
PM2.5 or greenness) at fine geographic scales, assigned to individuals
via addresses (Di et al., 2017). Integrating these with epidemiological
data requires advanced computational tools, often using GIS and large
datasets. Reconstructing long-term exposure histories, such as lifetime
chemical exposure, involves combining historical emissions data,
dispersion modelling, and residential timelines (Russ et al., 2021).
Exposure modelling frameworks, like the MENTOR system, integrate
environmental concentrations with human activity patterns to estimate
personal exposure metrics (Georgopoulos & Lioy, 2006).

Physiologically based pharmacokinetic (PBPK) models enhance
exposome studies by quantifying biologically effective doses of pollut-
ants, moving beyond simple external exposure measurements
(Sarigiannis et al., 2020). For example, in an acute dioxin emission
incident, PBPK modeling calculated the area-under-the-curve (AUC) of
blood dioxin concentration over time, providing a robust cumulative
internal dose metric. These models allow classification of participants by
internal dose or use as covariates in association analyses. Integrating
PBPK models with epidemiology, termed computational exposure
biology, connects emission sources to health outcomes via external
exposure, internal dose, and biological effects (Sarigiannis et al., 2018).
This approach demands significant computational infrastructure for
complex simulations but improves exposure assessment accuracy in
ExWAS.

In practical EXWAS applications, PBPK modelling is often integrated
through a sequence of linked steps. Compound specific PBPK models are
specified and calibrated on the basis of external exposure information
such as monitoring data or reconstructed intake, together with physio-
logical characteristics and substance specific parameters. Internal con-
centration profiles over time are then simulated for each participant.
These simulated profiles are summarized into biologically meaningful
internal dose metrics, for example peak concentration, area under the
curve for a defined time window such as pregnancy or early childhood,
or time weighted averages for periods of particular susceptibility. The
internal dose metrics are merged with the rest of the exposome dataset
and are treated as additional exposure variables in the epidemiological
analysis. They are included in standard regression based ExWAS, in
mixture models such as WQS or BKMR together with other exposures, or
in the construction of Environmental Risk Scores. Through this inte-
gration the PBPK model is used as an intermediate layer between
external measurements and biologically effective dose, so that the health
associations estimated by ExXWAS are interpreted as associations with
internal dose indicators rather than only with external concentrations or
short-lived biomarkers. In this sense, PBPK modelling can be seen as one
component of a broader family of New Approach Methodologies (NAMs)
that combine in vitro, in silico, and mechanistic information to derive
human-relevant internal dose metrics and to interface naturally with
exposome-scale datasets (Schmeisser et al., 2023; Wambaugh et al.,
2019).

High-dimensional exposome data in EXWAS requires robust data
cleaning and quality control (QC). Missing data, common in chemical
assays or questionnaires, are often driven by left censoring below the
analytical limit of detection (LOD) and are addressed using multiple
imputations or survival analysis for censored data below detection limits
such as e.g., replacing non-detects with LOD/\/2. However, simple
substitution rules such as LOD/+/2 can bias effect estimates, particularly
in mixture analyses, and recent work has shown that different imputa-
tion strategies for censored exposures can materially influence EXWAS
mixture inferences and variable selection (Lee et al., 2024). More prin-
cipled alternatives include parametric and semi-parametric multiple
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imputation drawing from truncated normal or log-normal distributions
conditional on covariates, quantile regression imputation of left-cen-
sored data (e.g., QRILC), likelihood-based censored regression models
(such as Tobit or survival-type approaches), and fully Bayesian joint
models that treat values below the LOD as latent variables and propagate
this uncertainty into mixture effect estimates. Exposome software
frameworks support more flexible imputation methods for censored and
missing exposure data. Data normalization, such as log-transformations,
handles skewed distributions, while outlier detection ensures data
integrity. Combining disparate data sources (e.g., questionnaires, sen-
sors, labs) necessitates consistent units, scaling, and encoding. Repro-
ducible workflows, using scripted R/Python pipelines or
containerization (e.g., Docker for exposomeShiny), enhance consis-
tency, mirroring genomics trends. Standardized data objects like Expo-
someSet (rexposome R package) integrate exposure and phenotype data.
These methodological advances in statistical models, integrative
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analyses, exposure assessment, and data quality improve the sensitivity,
specificity, and credibility of ExXWAS linking exposomes to health
outcomes.

2.3. Software platforms and computational tools for exposome data
analysis

The complexity of exposome data has driven the development of a
diverse ecosystem of software tools for EXWAS and related analyses
(Table 1). R/Bioconductor packages such as the rexposome suite
(including ExposomeSet and omicRexposome) and workflow-oriented
tools like CLARITE and Elja support core tasks including data cleaning,
harmonization, regression-based ExWAS, and omics integration.
User-friendly interfaces such as exposomeShiny lower the barrier for
non-programmers, while DataSHIELD enables federated EXWAS across
cohorts without sharing individual-level data. Integrated platforms like

Table 1
Representative software tools, platforms, and resources for exposome-wide analyses.
Tool/platform/resource Type/environment Main role in ECWAS/exposomics ~ Notable features/notes Literature
rexposome suite (R exposome R/Bioconductor Core exposome data model and ExposomeSet object for structured exposome data; Hernandez-Ferrer
package, ExposomeSet, packages analysis toolkit for EXWAS and functions for PCA, clustering, regression-based EXWAS; et al. (2019)
rexposome, omicRexposome, exposome—omics integration omicRexposome for omics integration; CTDquerier links
CTDquerier) to CTD for exposure-gene-disease pathways
CLARITE/“CLAIRE” R package(s) Cleaning, harmonization, and Designed for datasets like NHANES; variable Lucas et al. (2019);
ExWAS workflows for large harmonization, missing-data handling, automated Passero et al. (2020)
epidemiologic datasets regression modeling across many exposures/phenotypes
Elja R package Automated environment-wide Loops over exposures, fits regression models with El Homsi and
association studies confounder adjustment, applies multiple-testing Annesi-Maesano
correction, and produces standardized summary reports  (2024)
exposomeShiny Shiny web application  Point-and-click exposome data Supports preprocessing (imputation, normalization), Vrijheid et al. (2021)
(R-based) analysis interface descriptives, visualization, PCA/clustering, single-
exposure and lasso-based EXWAS, and omics
integration; CTD queries; open-source and Docker-ready
for local deployments
DataSHIELD Federated analysis Privacy-preserving multi-cohort Sends code to remote nodes and combines only non- Marcon et al. (2021)

Human Exposome Database

Exposome-Explorer

Comparative Toxicogenomics

Database (CTD)

INTEGRA

HEALS framework/platform

scikit-learn, TensorFlow

Gephi, Cytoscape, igraph
Google Colab, RStudio Server,
HPC clusters

Nextflow

Snakemake

HERCULES Exposome Research
Center (Emory University)

framework (R server/
client)

Data resource/
database
Data resource/
database

Data resource/
knowledge base

Integrated
computational
platform

Project-level
integrated exposome
platform
General-purpose
machine-learning
libraries (Python)

Network analysis and
visualization tools

Cloud/remote
computing and HPC
environments
Workflow
management system

Workflow
management system

Methods/resource hub
and training center

EcWAS and pooled analyses

Repository of NHANES-derived
exposure-health associations
Catalogue of biomarkers of
exposure (dietary, chemical,
etc.)

Mechanistic interpretation of
ExWAS findings

End-to-end lifecourse exposure
and risk assessment

Large-scale spatiotemporal
exposome assessment with
omics

Predictive modeling of health
outcomes and exposure profiles

Exploration of exposure and
omics networks

Scalable execution of
computationally intensive
ExWAS workflows
Orchestration of complex
exposome/omics pipelines

Rule-based automation of
analysis steps

Centralized resources for
exposome tools, training, and
best practices

disclosive summaries; widely used in consortia (e.g.
LongITools) to enable cross-cohort exposome analyses
without sharing individual-level data

Curated exposure—outcome associations to support
hypothesis generation, replication, and meta-analysis
Standardized biomarker definitions, matrices, and
sources; useful for study design, biomarker selection,
and harmonization across cohorts

Curated chemical-gene—disease relationships; used via
CTDquerier and exposomeShiny to link exposures to
pathways and disease mechanisms

Integrates external monitoring, dispersion modeling,
PBPK simulation, biomarker data, and omics; used in
complex scenarios such as the Aspropyrgos dioxin
incident

Combines smart sensing, satellite and GIS data, big-data
analytics, and multi-omics to link exposures with health
outcomes; supports personalized exposure forecasting
Implement algorithms such as random forests, gradient
boosting, and deep learning; used to build prediction
models from high-dimensional exposome and omics
data

Visualize correlation/association networks between
exposures, biomarkers, and outcomes; help identify
clusters and key nodes in exposome structures

Support parallelized modeling, resampling, and omics
integration; enable shared analytic environments (e.g.,
browser-based R/Python sessions) for teams

Enables modular, version-controlled pipelines that run
on local, HPC, or cloud backends; improves
reproducibility and portability of EXWAS workflows
Declarative workflow language with built-in support for
provenance tracking, environments, and scalable
execution; widely used for omics and can be adapted for
exposome pipelines

Curates exposomics tools and educational materials;
supports capacity building and dissemination of
exposome methods, including many tools listed above

Patel et al. (2016)

Neveu et al. (2016)

Davis et al. (2020)

Sarigiannis et al.
(2014)

Sarigiannis (2019)

Atehortta et al.
(2023)

Patel et al. (2016)
(for network-type
exposome analyses)
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INTEGRA and the HEALS framework demonstrate how external expo-
sure modeling, PBPK simulation, biomonitoring, and multi-omics can be
combined in end-to-end pipelines. These specialized tools are com-
plemented by general-purpose machine-learning libraries, network
analysis software, high-performance computing environments, and
workflow managers (e.g. Nextflow, Snakemake), which together support
scalable and reproducible exposome analysis.

2.4. Data harmonization standards in exposome research

Data harmonization is essential in exposome research because
datasets span heterogeneous sources, chemical measurements, sensors,
GIS metrics, clinical data, surveys, biomarkers, and multi-omics, and
must be comparable and reusable across studies. Harmonization typi-
cally relies on standardized metadata, controlled vocabularies/ontol-
ogies, and common data elements and models to support interoperable
pipelines and pooled or federated analyses (Schmitt et al., 2023; Wil-
kinson et al., 2016). Ontologies address inconsistent exposure termi-
nology (e.g., “PM2.5” vs. “fine airborne particles”) by providing defined
terms and relationships; key resources include the Exposure Ontology
(ExO) (Mattingly et al., 2012), EPA’s Environmental Ontology, and the
NCI Thesaurus. Recent reviews note gaps in coverage of the external
exposome, specially built environment and socio-economic factors,
prompting calls to expand frameworks to capture neighborhood quality,
climate, and social capital (Heacock et al., 2022; Zhang et al., 2021). In
practice, the NIH PhenX Toolkit offers standardized exposure mea-
surement protocols (CDEs) that improve cross-study consistency
(Hamilton et al., 2011). Common data models (e.g., OMOP extensions
for environmental exposures or cohort-specific models such as HELIX)
enable integration of environmental and omics data (Vrijheid et al.,
2014). Large harmonization efforts include ATHLETE, which retro-
spectively aligned variables like maternal smoking and urban greenness
across birth cohorts (Tamayo-Uria et al., 2019), and Hu et al. (2020),
which standardized over 5,500 external exposome variables linked to a
birth registry by aligning spatiotemporal scales and metadata.

The growing volume of exposome data has increased interest in
federated data ecosystems, as outlined in a 2023 NIEHS workshop
roadmap (Schmitt et al., 2023). This model allows institutions to
maintain their own databases (e.g., specialized chemical data) while
adhering to common standards for virtual querying and integration. Key
components include standardized data access protocols, semantic on-
tologies, and data governance addressing privacy and proprietary con-
cerns. The NIH’s HHEAR Data Center mandates standardized data
formats with detailed metadata, and Exposome-Explorer provides tem-
plates for biomarker documentation. For legacy datasets, “crosswalks”
map variables to standard formats, ensuring interoperability. Stan-
dardized ExWAS reporting, similar to MIAME for microarrays, is also
emerging, requiring clear documentation of tested exposures, mea-
surement methods, multiple testing corrections, confounders, and sig-
nificant associations, with shared analytic code for reproducibility
(Buckley et al., 2022). These practices are increasingly expected by
environmental health journals.

Challenges and ongoing work: Challenges remain because new data
streams (e.g., wearables) and cross-disciplinary standards evolve faster
than uptake. Community coordination (e.g., EXPOSOME-IT; Human
Exposome Forum) and standard-setting efforts (e.g., ISO discussions on
reporting biomonitoring/exposure data) are important levers for accel-
erating adoption.

In sum, ontologies, common data models, and FAIR-aligned report-
ing are increasingly enabling multi-cohort EXWAS and more portable
tool reuse. Continued incentives from funders and journals will accel-
erate adoption (Chung et al., 2024).

2.5. Positioning against existing reviews and method surveys

We systematically identified related reviews to establish novelty. In
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brief:

Manrai et al., 2017 focus on informatics opportunities and challenges
at a conceptual level; they do not map standards/CDMs or evaluate
software maturity.

Zhang et al., 2021 cover semantic standards for the external expo-
some but do not connect them to EXWAS analytics or the tooling
ecosystem.

Heacock et al., 2022 emphasize data integration and reuse; the piece
is forward-looking but not a methods/toolchain map for ExXWAS.
Lai et al., 2024b treat high-resolution mass-spectrometry for the
chemical exposome; analytics standards and EXWAS platforms are
out of scope.

e Hernandez-Ferrer et al., 2019 present rexposome packages; this is a
tool release paper rather than a landscape review.

Marcon et al., 2021 address federated analysis (DataSHIELD) but not
the broader ExXWAS computational stack.

Our contribution is thus complementary: it unifies standards with
methods and tooling and appraises reproducibility, openness, and
adoption to support scalable cross-cohort ExXWAS.

3. Results and discussion
3.1. Challenges in conducting exposome-wide association studies

Despite the exciting advances in methods, tools, and data infra-
structure described above, exposome-wide association studies face
numerous challenges that researchers must navigate. These challenges
stem from both the inherent nature of exposome data and practical
limitations in current research practices. Some of the most salient
challenges are outlined below, along with insights from recent studies
on how to address them.

EXWAS often involve testing hundreds of exposures, but many
epidemiological studies have relatively modest sample sizes (hundreds
to a few thousands of subjects). This imbalance can lead to low statistical
power for detecting modest associations after correcting for multiple
comparisons. The multiple testing burden in ExWAS is high — for
example, testing 1000 exposures at « = 0.05 significance level requires a
p-value threshold on the order of 5E-05 (using Bonferroni) or controlling
false discovery rate at say 5%. If the study has only a few hundred in-
dividuals, only very strong exposure—outcome associations can reach
such stringent thresholds, potentially missing weaker (but still impor-
tant) signals (Chung et al., 2024; Patel et al., 2010). Furthermore, the
correlation among exposures means that the effective number of inde-
pendent tests is somewhat lower, but it also means collinearity can
inflate variance and make it difficult to attribute effects to a specific
exposure. This challenge is being met by designing larger studies and
consortia (to increase sample size) and by using dimension reduction or
targeted testing as described earlier to mitigate the severe multiple
testing penalty. Still, the reality is that many published ExXWAS have
suffered from underpower, and some null results could be due to
insufficient sample rather than absence of effect. As exposome datasets
grow (e.g., through pooling data or leveraging biobank-scale studies that
now collect environmental data), this challenge will gradually ease, but
careful power calculations and possibly Bayesian approaches (which can
incorporate prior information to stabilize estimates) are recommended.

Unlike genotypes, which are static and measured with near-perfect
accuracy nowadays, exposure measures are prone to measurement
error and temporal variability. A single measurement of a chemical in
blood or urine might not reflect the long-term exposure level of an in-
dividual due to short half-life or day-to-day variation; questionnaires
about diet or stress are subject to recall bias; satellite-based estimates of
pollution are proxies that have their own error margins. Measurement
error typically biases associations towards the null (attenuation), mak-
ing ExWAS findings conservative. Additionally, if error differs by
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population subgroup or correlates with the outcome (differential error),
it can even create spurious associations. Dealing with measurement
error requires either improved exposure assessment methods (e.g.,
multiple measurements, use of biomarkers with longer integration time
like hair or toenail samples for some metals) or statistical correction
techniques (e.g., regression calibration if calibration data are available).
Some researchers have incorporated external validation studies — for
instance, in a subset of participants, use personal exposure monitors or
gold-standard methods to quantify the error in a cheaper exposure
metric, then adjust for that error in the full dataset. While this is still
uncommon in EXWAS due to complexity, it is increasingly recognized.
The HEALS project explicitly noted the importance of quantifying
exposure uncertainty and propagating it through the analysis
(Sarigiannis, 2019) and developed some computational tools to do so (e.
g., probabilistic exposure estimates in addition to point estimates).

Environmental exposures are not randomly assigned; they cluster
with social and behavioral factors. This raises the issue of confounding
in EXWAS. For example, if lower socioeconomic status (SES) leads to
both higher exposure to pollutants and worse health outcomes, an
exposome study might find pollutant exposure associated with the
outcome, but SES could be the real underlying cause. Traditional
epidemiology addresses this by adjusting for confounders (such as SES
indicators) in regression models. In exposome studies, since we measure
many variables including social factors, some of these confounders are
themselves part of the exposome. A key challenge is that adjusting for
certain variables might obscure part of the exposome’s effect (if, say,
low income is considered part of the exposome construct rather than a
nuisance variable). Recent thinking encourages treating factors like so-
cioeconomic position, psychosocial stress, etc., not merely as con-
founders to “control away”, but as integral parts of the exposome that
interact with chemical exposures. For instance, effect modification by
social factors is of great interest: does environmental exposure have a
stronger effect on disadvantaged groups? Evidence suggests this for
some outcomes (e.g., air pollution impacting those of lower SES more
severely, possibly due to co-morbid stress or limited healthcare access).
ExWAS must navigate controlling for confounders versus over-adjusting.
Advanced causal inference methods (like directed acyclic graphs, DAGs)
are used to decide what to adjust for. Nonetheless, residual confounding
remains a concern — there could be unmeasured factors correlated with
many exposures (e.g., a general “unhealthy lifestyle” phenotype) that
drive findings. Researchers are increasingly using negative control
outcomes or exposures to detect spurious associations (e.g., see if ex-
posures correlate with outcomes they biologically should not, to gauge
bias). The complexity of causal pathways (with many mediators and
moderators in play) means that EXWAS results need cautious interpre-
tation and, ideally, external validation.

One striking challenge observed in the literature is that different
EXWAS on the same outcome sometimes identify different sets of sig-
nificant exposures. For example, one study may find certain dietary
factors and pollutants associated with obesity, while another similar
study finds a somewhat different list. This between-study heterogeneity
can arise from differences in populations (geography, genetics, culture),
differences in exposure prevalence, or simply statistical randomness
when many tests are near the significance threshold. It has led to some
skepticism about EXWAS findings, echoing past concerns about repro-
ducibility in GWAS and other high-dimensional searches (loannidis
et al., 2009). To bolster confidence, replication studies can be used: if an
ExWAS discovers a novel exposure-outcome link, a separate cohort
should attempt the same analysis to see if it holds. Initiatives like the
Exposome Collaboration (somewhat akin to the GIANT consortium in
genetics) are starting to facilitate multi-cohort analyses that improve
reproducibility. Moreover, meta-analytic techniques can combine results
from several ExXWAS, increasing power and examining consistency.
Multi-center studies (like those combining data from different European
regions) provide a methodological answer by replicating analyses in
parallel and pooling results (Sarigiannis et al., 2021b). Reproducibility
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is also enhanced by pre-registering exposome study protocols, when
possible, to reduce data-driven selection of results.

Handling exposome data can be computationally demanding. A
dataset with, say, 1000 participants and 5000 exposure variables, plus
genomic data plus metabolomic profiles, quickly reaches millions of
data points, and biobank-scale studies can be orders of magnitude
larger. This is particularly challenging for flexible mixture methods
based on Gaussian processes: for example, BKMR relies on Markov chain
Monte Carlo sampling and repeated inversion of large covariance
matrices and can exhibit slow convergence and extremely long run times
as sample size and dimensionality increase (Bobb et al., 2018). Several
methodological developments have begun to address this scalability
problem. Within the BKMR framework itself, reduced-rank or pre-
dictive-process approximations to the Gaussian process have been pro-
posed to accelerate inference while retaining much of the model’s
flexibility (Bobb et al., 2018). More recently, divide-and-conquer stra-
tegies such as fast BKMR via median posterior aggregation (FBKMR)
split very large cohorts into manageable subsets, fit Gaussian process
mixture models in parallel, and then combine posterior summaries to
recover full-sample estimates for ultra-massive datasets (Sonabend
et al., 2024). Complementary approaches use kernel approximations
based on supervised random Fourier features, recasting BKMR as a
high-dimensional linear mixed model and achieving substantial re-
ductions in computation time in large simulations and air-pollution
applications (Zhang et al., 2025). Related kernel-machine extensions,
such as generalized BKMR and collapsible kernel machine regression for
exposomic analyses, also aim to improve flexibility, power, and inter-
pretability as the number of exposures grows (McGee et al., 2025; Mou
et al., 2025). Ensuring efficient storage (e.g., using database systems or
sparse matrices) and designing workflows that can exploit parallel
computing remains a genuine computational challenge even with these
advances. The learning curve for using specialized tools can also be
steep, raising the need for better training and more streamlined pipe-
lines. Cloud-based solutions and collaborative platforms can alleviate
local computational limitations but require comfort with those tech-
nologies. There is also the challenge of data security — exposome data
often include personal identifiers (location, etc.), so when using cloud or
sharing data, privacy must be maintained (hence the interest in feder-
ated analysis as mentioned earlier). In summary, while tools and scal-
able methods exist, not all researchers have equal access or expertise to
use them optimally, which can be a barrier. The community is trying to
address this via workshops (e.g., Exposome Boot Camps at Columbia
University and elsewhere to train researchers in exposomic methods)
and online tutorials.

After applying an ExWAS, interpretation of the discovered associa-
tions in a biologically meaningful way remains challenging. This
obstacle has been extensively reported in exposomics methodology re-
views (Patel, 2017; Ponzano et al., 2025; Price et al., 2022; Sarigiannis
et al., 2025). As EXWAS analyses may include hundreds to thousands of
correlated exposures, it is frequently necessary to combine information
from multiple data sources to achieve mechanistic interpretation. Re-
sources such as the Comparative Toxicogenomics Database (CTD),
pathway enrichment tools, and high-resolution metabolomics can help
reveal converging biological pathways, although these analyses are
typically hypothesis-generating and prone to post-hoc narrative if not
supported by independent evidence (Warth et al., 2017). To address
these challenges, exposomics increasingly integrates statistical associa-
tions with experimental and in silico toxicology approaches (Lai et al.,
2024a; Sarigiannis et al., 2025).

Laboratory assays, new approach methodologies, and QSAR/AOP-
based predictions are employed to assess whether implicated chem-
icals disrupt relevant molecular events (Escher et al., 2022; Sheng et al.,
2025). These approaches, encompassing in vitro, in silico, and alterna-
tive non-mammalian models, are increasingly used in chemical hazard
evaluation (Bajard et al., 2023). Integrated workflows that combine
transcriptomics, metabolomics, and pathway analysis enable the joint
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identification of candidate adverse outcome pathways, which can sub-
sequently be evaluated using targeted multi-omics and functional assays
(Gonzalez-Ruiz et al., 2019; Martins et al., 2019). Such multi-omics
integration helps to capture changes across the biological cascade,
moving beyond single-omics limitations to provide a systemic under-
standing of toxicity pathways (Canzler et al., 2020). This functional
exposomics strategy enhances biological plausibility and advances the
analysis from correlation toward causal inference by providing mecha-
nistic insights and linking internal exposure to potential effects (Chung
et al., 2021; Foreman et al., 2024; Oresic et al., 2020; Rappaport, 2018).

These approaches align with the rapid evolution of mechanistic
toxicology, where NAMs—spanning high-throughput in vitro testing,
alternative model systems, and computational models (QSAR, PBPK/
IVIVE, AOP networks)—provide human-relevant mechanistic evidence
while reducing reliance on traditional animal studies (Lovegrove et al.,
2024; Ponzano et al., 2025). Analogous to Mendelian randomization in
genomics, exposome research is also exploring causal inference tools
leveraging genetic proxies, longitudinal trajectories, and repeated
measures, although suitable instruments remain scarce for many
exposures.

As mentioned earlier, the development of standards is ongoing. A
practical challenge is ensuring adoption of these standards by the
research community. It often lags behind their development. Many
current studies still use idiosyncratic methods and do not share data in a
FAIR way. Harmonizing efforts and convincing researchers to put in the
extra work for standardization (which might not yield immediate pub-
lications) is a socio-technical challenge. Funding agencies and journals
are starting to require data sharing and use of common protocols, which
will push things in the right direction. The NIEHS exposome workshop
emphasized forming an international consortium to drive these prac-
tices, akin to what the Human Genome Project did for genomics.
Overcoming this challenge will likely require top-down encouragement
(policy) as well as bottom-up demonstration of the benefits (showing
that those who adopt standards can collaborate more widely and get
more citations, etc.).

In summary, challenges in EXWAS are multifaceted — statistical,
technical, and conceptual. Recognizing these challenges is the first step
to overcoming them. The field is actively tackling them through in-
novations in study design (e.g., bigger and more diverse cohorts),
advanced analytical methods (to tackle confounding and mixtures),
better computational tools (for scaling and managing data), and
community-wide initiatives for harmonization and collaboration. It is an
evolving process, but each challenge met brings exposomics closer to
fulfilling its promise of illuminating how the environment shapes health.

3.2. Key-points in future exposome research

As exposome research moves forward, future EXWAS development
will be shaped by advances in environmental sensing, data science,
systems biology, and implementation in public health (Miller, 2021;
Vermeulen et al., 2020). One of the most promising future directions is
the tighter integration of exposome data with genomic and other omic
data to enable gene-environment interaction studies and improved risk
prediction (Makris et al., 2025; Sarigiannis et al., 2025). To date, most
ExWAS have analyzed environment and health in parallel to genetic
factors, often adjusting for genetic principal components or including
polygenic risk scores as covariates. However, this “parallel” treatment of
genetics and environment risks ad hoc covariate selection and bias
amplification if heritable covariates or colliders are inappropriately
adjusted for (Weisskopf et al., 2018). Recent mixtures roadmaps there-
fore recommend beginning with an explicit conceptual model, often
formalized as a directed acyclic graph (DAG), to distinguish exposures,
outcomes, mediators, confounders and effect modifiers, and to derive
minimal sufficient adjustment sets and pre-specified interactions before
fitting high-dimensional models (Joubert et al., 2024). Within such a
framework, age, sex, ancestry, and socioeconomic position may be
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treated as effect modifiers of interest, whereas other variables such as e.
g. downstream biomarkers are deliberately not adjusted for to avoid
blocking causal pathways.

Against this backdrop, the real power of exposome-genome inte-
gration may come from explicitly modeling interactions between spe-
cific exposures and genetic variants, rather than treating genetic
information only as a nuisance covariate. Future large-scale studies (and
biobanks) that contain both genomic and exposomics information could
perform genome-wide environment interaction scans (GEWIS) to iden-
tify genetic polymorphisms that modulate the effect of exposures (and
vice versa). For example, such studies might find that a certain antiox-
idant gene variant protects against air pollution effects on lung function,
or that a metabolic gene variant makes some individuals more suscep-
tible to pesticide exposure. This will require even larger sample sizes to
have power for interaction tests, but with the advent of national biobank
projects incorporating environmental data (like the UK Biobank col-
lecting air pollution and neighborhood data, or the All of Us program in
the US incorporating geospatial data), this becomes feasible. On the
analysis front, new methods are being developed for exposome-genome
integration, such as exposome-wide polygenic risk scoring (combining
environmental risk scores with polygenic risk scores) and network-based
methods that overlay gene and exposure networks (Chung et al., 2024;
Colwell et al., 2023; Price et al., 2022). Bridging the gap between the
genome and the exposome can enhance our understanding of disease
etiology beyond what either alone can offer (Manrai et al., 2017; Sar-
igiannis et al., 2025). We anticipate that future “Exposome-Genome-
Wide” studies will become more common, especially as computational
platforms are now being proposed to handle the dual big-data streams
(Zhou & Lee, 2021). The ultimate goal is a precision-medicine predictive
model that integrates both genetic and environmental risk factors,
consistent with the emerging exposome-genome paradigm in which the
exposome complements the genome in explaining disease risk (Barouki
et al.,, 2018; Sarigiannis et al., 2025). We refer to this integrated
perspective as an “Exposome-Enabled Genome” approach. In cancer
epidemiology, for example, researchers are beginning to incorporate
detailed exposure histories into risk models that traditionally only used
genetics and family history, hopefully improving individual risk strati-
fication for screening through a combined risk score that integrates
exposome-based risk with polygenic risk scores.

On the exposure measurement side, wearable and mobile sensors
enabling more individual-specific, high-resolution exposure and physi-
ologic data (e.g., personal air quality, UV, noise, heart-rate variability,
glucose) (Helbig et al., 2021; Novak et al., 2023). Smartphone-based
sensing (e.g., GPS plus sensor attachments) already supports
minute-level “personal exposome” profiles (Turner et al., 2017). Inte-
grating these high-frequency time-series into ExXWAS will require scal-
able pipelines and time-series methods, alongside standardized device
outputs and data formats to enable pooling across platforms and linkage
to clinical and multi-omics endpoints.

While association studies are valuable, the field of exposomics rec-
ognizes a need to strengthen causal inference. Future work will employ
methods such as Mendelian randomization (MR), where genetic variants
(that relate to exposures) serve as instrumental variables to infer cau-
sality (Grau-Perez et al., 2019; Li et al., 2024). For example, variants
affecting the metabolism of vitamin D have been used as IVs to test
causal effects of vitamin D levels (an exposure) on health outcomes.
Similarly, metabolism of toxicants like cadmium or lead may have ge-
netic determinants that can be used in MR. Another approach is the use
of negative exposure controls — variables that are known not to causally
affect the outcome can test if an EXWAS analysis is picking up spurious
associations due to confounding or bias. Additionally, the rise of causal
discovery algorithms (from machine learning, like Bayesian networks)
may help to hypothesize causal relationships from complex data (Huang
et al., 2021). As datasets become richer (with multiple time points and
multi-omics), algorithms can be deployed to suggest likely causal chains
(e.g., exposure — epigenetic change — gene expression change —
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metabolome change — disease) which can then be validated experi-
mentally. Interventional studies, though not usually feasible for uneth-
ical exposures (you cannot randomize people to pollution), can be done
for some exposome factors — e.g., dietary interventions or stress reduc-
tion programs — to see if modifying part of the exposome leads to health
changes, thereby confirming causality.

A future direction aligned with toxicology is functional exposomics,
which integrates the exposome concept with the Adverse Outcome
Pathway (AOP) framework by linking measured exposures and bioac-
tivity readouts to AOP-defined key events and networks (Ankley &
Edwards, 2018; Wittwehr et al., 2016). AOPs are structured represen-
tations of biological pathways from a molecular initiating event (like a
chemical binding a receptor) through intermediate key events to an
adverse health outcome. In practical terms, integration occurs along two
complementary axes. On the toxicology side, mixtures that reflect the
human exposome such as e.g., extracts of water, dust, serum, or syn-
thetic mixtures assembled from biomonitoring data are tested in batte-
ries of mechanistic in vitro assays or —omics platforms. The resulting
“bioactivity fingerprints” are then mapped onto AOP key events and
AOP networks to identify which pathways and adverse outcomes are
likely to be engaged and to rank risk-driving mixture components. On
the population side, exposome studies in human cohorts generate panels
of molecular biomarkers such as e.g., transcriptomic or metabolomic
signatures) that can be annotated as key events within specific AOPs,
providing evidence that those pathways are perturbed under real-world
exposure conditions. For example, the metabolomic changes observed in
the Aspropyrgos case study (altered lipid profiles due to AhR activation)
correspond to key events in the dioxin AOP for cancer (Sarigiannis &
Karakitsios, 2018), effectively using an AOP as a scaffold for interpreting
human exposome data. Future ExXWAS might routinely include panels of
biomarkers for key events (transcriptomic or metabolomic signatures) to
monitor activation of known toxicity pathways in people. The research
community is already discussing creating exposome-AOP knowledge-
bases where human data can be overlaid on mechanistic pathway maps
(Smith et al., 2011). The convergence of human data and experimental
toxicology in a computational framework could enhance risk assess-
ment: instead of relying on animal data alone, we might use human
exposome data to directly inform which pathways are actually per-
turbed in exposed populations. Sarigiannis et al. (2021b) have argued
that the exposome paradigm can be a new foundation for risk assess-
ment, moving it toward a more evidence-based, mechanistic footing.
This suggests that in the future, regulatory science will incorporate
exposomics evidence. For instance, if an industrial site is under evalu-
ation, not only environmental measurements but also exposomics
biomarker data from nearby residents mapped to relevant AOP networks
might be considered to truly gauge impact.

Establishing a global exposome data infrastructure is a key future
direction (Fayet et al., 2024). We anticipate the formation of a Global
Exposome Forum, where multiple countries and agencies collaborate to
share data and resources. This could manifest as a federated network of
exposome data hubs on different continents, all adhering to certain
standards so that a researcher could query “exposures associated with
asthma” and gather results from studies worldwide. The technical un-
derpinnings (federated databases, common APIs for data access,
privacy-preserving analytics) are being actively worked on. If successful,
this will vastly increase the scale of exposome research — effectively a
“Human Exposome Project” analogous to the Human Genome Project. In
fact, China has launched a national exposome initiative, and the Euro-
pean Union has its Human Exposome Network (EHEN) and the more
recent Exposome to Health Network (EXPOHEALTHNET), indicating
that large-scale coordination is starting. In the next 5-10 years, we may
see exposome reference datasets established — e.g., reference exposomes
for different regions or populations, which could serve as baselines or
comparators for local studies. We might also see the development of
exposome chips or other multiplex assays that can cost-effectively
measure a broad suite of biomarkers (much as genotyping arrays do
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for SNPs) — efforts in the exposome field like the “chemical exposome”
via non-targeted mass spectrometry are aiming for that, but standardi-
zation and coverage need improvement (Lai et al., 2024b).

Future directions are not only technical; they also involve how
exposome research engages with society. As personal exposure moni-
toring grows, issues of privacy will loom large. GPS traces and detailed
logs of one’s environment could inadvertently reveal sensitive personal
information. Ensuring data is used ethically and with individuals’ con-
sent will be paramount. At the same time, the concept of citizen science
in exposomics is emerging, where individuals actively participate in
measuring and understanding their own exposome (e.g., community
members carrying sensors or using smartphone apps to track their ex-
posures and sharing data). This democratization of data could raise
public awareness of environmental health issues and empower com-
munities to lobby for changes (e.g., if a community crowd-sources their
exposure data and finds high pollution levels, they can use that evi-
dence). Researchers need to provide tools and platforms that are
accessible to non-scientists for this to scale up. One can imagine a future
where people have personal “exposome reports” analogous to personal
genetic testing, highlighting key exposures and suggestions for mitiga-
tion (perhaps managed through healthcare systems). Of course, inter-
preting and acting on such information safely will be a challenge — this is
where guidelines and likely some regulation will be needed to avoid
misinterpretation or anxiety over one’s exposome profile.

Finally, a crucial future direction is strengthening the link from
exposome research to public health action and policy. To date, many
exposome studies are proof-of-concept or discovery. The next phase will
require converting findings into interventions. For example, if an
exposome study robustly shows that a combination of housing condi-
tions and air pollution drives asthma, interventions might combine
environmental cleanup with housing improvements. Policymakers
could use exposome data to prioritize which environmental factors,
among many, will yield the biggest health benefit if addressed. This will
likely involve modeling studies that simulate various intervention sce-
narios on a population’s exposome and estimate health outcomes (some
initial work using such simulations exists). Exposome data could also
refine risk assessment practices: rather than assessing one chemical at a
time, regulatory agencies may begin to assess cumulative risk using
exposomics evidence about co-exposures (Sarigiannis & Hansen, 2012).
In the EU, concepts like the “mixture assessment factor” are being
informed by human data that show certain mixtures are common and
have combined effects. Over the long term, success for exposomics will
be measured in part by whether it leads to concrete improvements:
cleaner environments, targeted preventive measures for high-risk
groups, or personalized recommendations to reduce individual risks.
Given that environmental factors are modifiable (in contrast to genes),
the ultimate promise of exposome research is preventive medicine. We
foresee “precision prevention” strategies where an individual’s expo-
somic and genomic profile guides advice such as diet changes, supple-
mentation, or relocation from high-risk areas, much as precision
medicine might guide therapy based on genetics. Achieving this will
require robust evidence and careful evaluation through interventions or
trials, so this is likely a longer-term horizon, but it is a key aspirational
direction.

In summary, the future of exposome-wide association studies is
poised to be even more data-rich, integrative, and impactful. By incor-
porating cutting-edge technology (sensors, AI analytics), expanding
scale (global data federation), and deepening integration with biology
and medicine (genomics, AOPs, precision health), EXWAS will evolve
from finding correlations to establishing causes and solutions. The tra-
jectory suggests that in a decade, we may talk about exposomics in the
same breath as genomics as a cornerstone of understanding health —
enabled by the computational standards and tools that are being
developed today.
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3.3. Hands-on case studies from the HEALS project

Within the HEALS project, several European birth cohorts were
leveraged to optimize EXWAS workflows, each contributing comple-
mentary paradigms before their application in the EXHES case study.
Across all HEALS cohorts, untargeted LC-MS and NMR metabolomics
were applied to maternal samples and processed using harmonized R-
based pipelines for data preprocessing, annotation, and pathway
enrichment, followed by the ExXWAS paradigm to reveal the links be-
tween exposures and perturbed molecular pathways, and subsequently
connecting those pathways to adverse health outcomes.

In particular, the PHIME cohort (Slovenia, n = 179) evaluated pre-
natal methylmercury and mixed metal exposures, identifying associa-
tions with early-childhood neurodevelopment, birth size, and language
outcomes, supported by mechanistic indications of disrupted synaptic
and mitochondrial pathways (Anesti et al., 2022). The REPRO_PL cohort
(Poland, n = 146) examined combined prenatal exposure to phthalates
and metals and found consistent associations with reduced fetal growth
and early neurodevelopment, including effects of DEHP, DnBP, and
DINP on cognitive, language and motor outcomes during infancy
(Sarigiannis et al., 2021a). Building on these earlier paradigms, the
Exposure and Health Examination Survey mother—child(ren) cohort
(EXHES) (n = 2352 from 9 EU countries) was established as a proof-of-
concept for a fully integrated exposome-health analysis pipeline under
HEALS (Errahmani et al., 2025). The EXHES Tarragona (Spain, n = 135),
for example, linked prenatal exposure to metals, phthalates/DINCH, and
pesticides with adverse birth outcomes. EXWAS analyses showed asso-
ciations between organophosphate and organochlorine biomarkers and
reduced fetal growth, as well as links between multiple phthalates/
DINCH and decreased birth height (Papaioannou, 2023).

The initial HEALS case studies established a pioneering integrated
exposome-health analytical pipeline in Europe, meticulously combining
external exposure modeling, physiologically based biokinetic-derived
internal dosimetry, high-resolution metabolomics, and Exposome-
Wide Association Studies. Following this, numerous large-scale expo-
some cohorts and initiatives have emerged, significantly bolstering
research capacity and expanding the breadth of exposome research.
These include consortia such as ATHLETE (Vrijheid et al., 2021) and U.
S.-based initiatives including HHEAR (Viet et al., 2021) and HERCULES
(Niedzwiecki & Miller, 2019), which are designed to leverage extensive
multi-omics data and Exposome-Wide Association Studies to unravel
complex gene-environment interactions and understand disease etiology
(Avery et al., 2022; Cadiou et al., 2020; Gao et al., 2022; Maitre et al.,
2022). Furthermore, these initiatives heavily rely on advanced, high-
resolution non-targeted screening techniques for comprehensive expo-
some characterization (Manz et al., 2023). The successful transfer and
expansion of the HEALS analytical backbone into subsequent initiatives
like URBANOME and ENVESOME highlight the scalability, robustness,
and continued relevance of such integrated methodologies for address-
ing broader exposure dimensions and understanding the complex
interplay between the environment and human health in contemporary
exposome research.

4. Conclusions

The emergence of exposome-wide association studies (ExWAS)
marks a transformative step in environmental health research, analo-
gous to how GWAS revolutionized genetic epidemiology. In this review,
we have reviewed the state-of-the-art computational standards and tools
that underpin ExWAS, focusing on methodological developments, soft-
ware platforms, and data harmonization efforts that collectively enable
linking the human exposome to health outcomes. Key takeaways from
our review can be summarized as follows:

Methodological innovations: ExWAS methodology has rapidly
advanced from simple single-exposure scans to sophisticated multi-
dimensional analyses. Techniques such as high-dimensional penalized
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regression, exposure grouping by PCA/clustering, and multi-omics
integration are routinely applied to tackle the challenges of correlated
exposures and to extract mechanistic insights. Approaches like PBPK
modeling and longitudinal data analysis further enrich EXWAS by ac-
counting for internal dose dynamics and life-course exposure effects.
These methodological tools enhance our ability to detect true associa-
tions amidst the noise of complex exposure data and to build causal
narratives linking exposures to biological changes and disease.

Software and computational tools: A robust ecosystem of software
platforms has been established to support exposome data analysis. R
packages (e.g. rexposome, omicRexposome, CLARITE) and interactive
applications like exposomeShiny encapsulate best practices, making
ExWAS more accessible and reproducible for researchers. At the same
time, specialized frameworks (like the INTEGRA platform) demonstrate
how tailored integration of environmental modeling, biomonitoring,
and —omics is feasible in a single workflow. These tools not only in-
crease efficiency and consistency in analysis but also serve as vehicles to
disseminate novel methods to the community. The trend toward open-
source development and containerized deployment (Docker images,
GitHub repositories, etc.) aligns exposomics with modern computational
science, emphasizing transparency and collaboration.

Data harmonization and standards: The power of EXWAS can only be
fully realized when data are comparable and combinable across studies.
Significant progress has been made on this front: the adoption of on-
tologies for exposure terminology, creation of common data models and
elements for epidemiological studies, and adherence to FAIR principles
are increasingly seen in exposomics projects. Initiatives like the HHEAR
Data Center and Exposome-Explorer database are promoting standard-
ized data formats and deposition practices. Moreover, international ef-
forts are coalescing around building federated data infrastructures and
consensus protocols for exposome research. Although challenges
remain, especially given the heterogeneity of exposure data sources, a
foundation is laid such that a researcher in one study can leverage data
and findings from others with confidence in their compatibility. This is
crucial for increasing statistical power via pooled analyses and for
ensuring that discoveries are reproducible.

Contributions of exposome pioneers: Throughout the paper, we high-
lighted contributions from research teams which have significantly
shaped the computational landscape of exposomics. Their work on in-
tegrated methodologies (e.g., within the HEALS project), case studies in
complex real-world scenarios (industrial contamination and acute
chemical disasters), and pushing the envelope of exposure biology
integration (transcriptomics, metabolomics within exposome studies)
exemplify how multi-disciplinary expertise can be fused into practical
research frameworks. These contributions underscore the importance of
crossing traditional silos — combining environmental engineering,
computational modeling, and epidemiology — to unravel the complexity
of the exposome. As exposome research moves forward, such integrative
and systems-oriented approaches championed by leading groups will be
instrumental in training the next generation of researchers and setting
benchmarks for what comprehensive exposure-health investigations
look like.

Challenges and future outlook: We discussed ongoing challenges such
as high-dimensional statistical issues, exposure measurement errors,
confounding, and data privacy concerns. Recognizing these challenges is
in itself leading to improvements: for instance, larger consortium studies
and replication EXWAS are becoming more common to ensure robust-
ness of findings; measurement technologies are improving to reduce
error; and causal inference techniques are being more widely applied.
The future directions we outlined, from incorporating genomics to
leveraging wearables and Al, paint an optimistic picture of an exposo-
mics field that is both deepening (in mechanistic understanding) and
broadening (in scope and scale). Notably, there is a strong drive to
translate ExXWAS findings to actionable strategies — whether policy
changes to reduce harmful exposures, or personalized advice for at-risk
individuals. This translational ethos will likely define the next decade of
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exposome research.

In conclusion, computational practices in EXWAS have matured
significantly in a short time, offering researchers a rich toolkit to unravel
the environmental drivers of health and disease. The convergence of
robust data standards, powerful analytical tools, and comprehensive
study designs allows us to move beyond studying one exposure-disease
pair at a time, toward analyzing the human environment as a complex
system of interacting factors — and doing so in human populations at
scale. This systems approach, enabled by computation, illuminates
health determinants that were previously opaque or underestimated.
Insights gained from exposome studies demonstrate tangible benefits:
identifying high-risk exposure mixtures, vulnerable population sub-
groups, early biomarkers of harmful exposure, and modifiable factors
that can mitigate risk. As these insights accumulate, we anticipate they
will increasingly inform public health interventions and policies, mak-
ing the exposome paradigm a cornerstone of modern epidemiology and
preventive medicine.

The journey is ongoing. Continued advancements in computational
methods, along with international collaboration and data sharing, will
be key. If the genome project taught us “what could be,” the exposome
project teaches us “what is” — and with that knowledge, how we might
improve it. By fully harnessing the computational tools and standards at
our disposal, exposome-wide association studies are poised to deliver a
more profound understanding of how our environment in its entirety
shapes our wellbeing, and how we can engineer healthier environments
for future generations.
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