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Abstract 

The exposome, including the totality of environmental exposures throughout the lifespan, offers a comprehensive framework for in
vestigating environmental contributions to disease risks. Although methods for environmental monitoring and statistical analysis 
have advanced in recent years, exposome research still faces key challenges in assessing complex exposures, integrating diverse 
data sources, and examining biological mechanisms. This paper summarizes progress in analytical approaches to exposomic data 
and discusses remaining challenges in current exposome research. We outline important future directions, including improved ex
posure identification, novel use of artificial intelligence tools to assist discovery, development of standard protocols, and enhanced 
collaboration across disciplines. These steps are essential to decipher the influence of the exposome on health, enabling a shift from 
descriptive association to causal inference and actionable prevention strategies in precision public health.
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Introduction
The exposome, initially conceptualized by Wild in 2005,1 repre
sents the totality of environmental exposures experienced by an 
individual across their lifespan. The exposome complements geno
mic information by comprehensively incorporating external expo
sures (eg, environmental pollutants, diet, and lifestyle factors) and 
internal biological responses (eg, metabolomic profiles and inflam
matory markers).2 Although much attention has focused on ge
netic determinants of disease, environmental factors contribute to 
a majority of risks, with an estimated 70–90% of chronic disease 
risks attributable to environmental exposures.3 This highlights the 
need to assess lifelong environmental exposures to elucidate the 
complex interplay between genetics and environment in disease 
etiology. To translate the conceptual framework of exposome into 
empirical evidence, large-scale population studies and methodo
logical innovations have been instrumental. Early exposome stud
ies relied on large-scale epidemiological data, such as the Human 
Early Life Exposome (HELIX) project,4 which has systematically 
assessed early life environmental exposures and notably identified 
adverse impacts of diverse early life environmental exposures, in
cluding air pollution, environmental chemicals, and dietary 

patterns, on children’s developmental health outcomes.5 Building 
on this foundation, recent European initiatives such as the 
EXPANSE project have leveraged large population cohorts and ad
vanced exposome analytics to integrate multi-omics data and digi
tal health records. By linking environmental, lifestyle, and 
biological datasets, these projects aim to uncover how complex ex
posure mixtures shape molecular pathways and contribute to 
chronic disease development.6 These integrative strategies have 
provided stronger support for causal inference and a deeper un
derstanding of biological mechanisms underlying the adverse im
pact of environmental factors on disease etiology. For example, 
utilizing epigenomic data, one research found prenatal tobacco ex
posure was associated with accelerated biological aging in adult
hood.7 As the field progresses, there is a growing need for refined 
analytical tools and computational strategies to manage the scale 
and complexity of exposomic data and to support its application 
in precision public health.

Analytical methods in exposome research
Exposomic data are comprehensive in their nature. While the 
exposome also encompasses physical, behavioral, and social 
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factors, the present commentary focuses specifically on the envi
ronmental chemical exposome.

Environmental monitoring
Remote sensing and exposure modeling
Exposome analysis employs advanced environmental monitoring 
methodologies that incorporate sophisticated sensors, geoloca
tion technologies, and mathematical exposure models (Figure 1). 
Geographic information systems (GIS) and remote sensing plat
forms aggregate data from stationary monitors, mobile devices, 
and wearable technologies, enabling spatially resolved and per
sonalized exposure assessments. For instance, satellite-based 
platforms such as Copernicus Sentinel-5P and ground-based 
monitors, offer fine-scale temporal and spatial data on key air 
pollutants, including particulate matter (PM2.5), nitrogen oxides, 
volatile organic compounds, and polycyclic aromatic hydrocar
bons.8,9 In addition to sensor-based methods, environmental ex
posure estimation often relies on geostatistical and mechanistic 
models. Land-use regression models estimate local pollution lev
els based on land features and traffic patterns, while atmo
spheric transport models (eg, WRF-Chem and ECHAM5/MESSy) 
can simulate pollutant dispersion and concentration to enhance 
spatial and temporal exposure resolution.10 More importantly, 
substantial studies have demonstrated that exposure biomarkers 
in biological samples (eg, urine, blood, and semen samples) ex
hibit considerable within-person variability.11-14 Therefore, more 
and more cohort studies collected repeated biological samples 
from each participant over time, which not only improve expo
sure estimations, but also offer opportunities to explore suscepti
bility windows.15,16

Analytical chemistry platforms for exposure profiling
High-resolution mass spectrometry (HRMS) has expanded envi
ronmental analysis by enabling sensitive and comprehensive 
profiling of chemical exposures, including non-targeted and sus
pect screening of previously uncharacterized compounds 
(Figure 1). Liquid chromatography-tandem mass spectrometry 
(LC-MS/MS) and gas chromatography-mass spectrometry (GC- 
MS/MS) are primarily applied for targeted quantification of 
known contaminants and can also be used in certain 
non-targeted workflows with less mass accuracy and limited 
structural resolution. In addition, recent studies have applied 
single-cell mass cytometry (CyTOF) to measure exogenous 

metals in spermatozoa and immune cells.17,18 Recent advances 
such as ion mobility mass spectrometry (IM-MS) further enhance 
chemical identification by offering an orthogonal separation di
mension and collision cross-section (CCS) values, which improve 
resolution of isomeric compounds and strengthen confidence in 
annotation.19 Together, these analytical technologies support 
both targeted measurement and broader untargeted chemical 
exploration in exposome research.20

Bioinformatics and statistical methods
Single-pollutant and screening approaches
While environmental monitoring technologies provide increas
ingly granular data on external exposures, interpreting these 
data in relation to health outcomes requires robust statistical 
frameworks capable of handling their complexity. Advanced sta
tistical and bioinformatics methodologies are indispensable for 
analyzing complex exposomic datasets (Figure 2). Exposome- 
wide association studies (ExWAS), analogous to genome-wide as
sociation studies (GWAS), allow a non-directed screening of asso
ciations between multiple environmental exposures and health 
outcomes.21,22 While effective for high-throughput discovery, 
ExWAS faces limitations of multiple testing issues, mixing varia
bles with differential degrees of exposure misclassification, and 
the inability to fully account for exposure correlations.23

Mixtures, dimension reduction, and variable- 
selection methods
To address these limitations, mixture-based models such as 
weighted quantile sum (WQS) regression and Bayesian kernel 
machine regression (BKMR) have emerged,20,24 among others.25

WQS regression estimates the joint effect of chemical mixtures 
by assigning weights to each exposure under the assumption of 
linearity and a common direction of effect. In contrast, BKMR 
can investigate a mixture of exposures showing opposing direc
tions of association, along with accommodating nonlinear and 
non-additive relationships among exposures and outcomes, 
allowing for exploration of potential interactions, albeit with 
higher computational demands and reduced interpretability.

Other dimension reduction and variable selection tools, such 
as principal component analysis (PCA), sparse partial least 
squares (sPLS), least absolute shrinkage and selection operator 
(LASSO), elastic net (ENET), and the Bayesian model Genome 
Utilizing ESSential Setup (GUESS), have also been widely used.25

Figure 1. Advancing exposome assessment through integration of external monitoring technologies and internal chemical analysis.
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PCA summarizes exposures into orthogonal components to re
duce multicollinearity, though this can obscure individual chemi
cal contributions.26 In contrast, sPLS provides supervised 
dimension reduction and simultaneous feature selection, and has 
been used to identify multi-pollutant exposure patterns associated 
with birth outcomes in the HELIX cohort.25 LASSO uses an 
L1-penalty to perform simultaneous coefficient shrinkage and var
iable selection, making it well-suited for high-dimensional envi
ronmental health data. For example, Jedynak et al. applied an 
adjusted LASSO to screen 47 prenatal chemical biomarkers in rela
tion to child behaviour outcomes in an exposome-based 
analysis.27 ENET combines LASSO and ridge penalties to better 
manage correlated exposure mixtures. Lenters et al. applied ENET 
to a panel of prenatal phthalate metabolites, perfluoroalkyl acids, 
and organochlorines to identify chemicals jointly associated with 
term birth weight across three European birth cohorts.28 GUESS is 
a Bayesian variable-selection framework that explores many com
peting exposure-outcome models in parallel, making it well suited 
for high-dimensional exposome settings. It has been applied to 
hair-derived exposome data from the nutrition, environment, and 
cardiovascular health (NESCAV) study to identify pollutants jointly 
associated with multiple cardiometabolic health traits.29 Deletion 
substitution addition (DSA) has also emerged recently as a power
ful tool for identifying key exposures in relation to specific pheno
types, offering enhanced classification and feature selection 
capabilities.23 The integration of these approaches,30 demon
strates their potential to enhance reproducibility, clarify mixture 
effects, and support mechanistic interpretations.

Ideally, statistical methods used in exposome research should 
be capable of handling a large set of time-varying exposures from 
different domains, while considering correlation structures and 
accounting for multiple comparisons. However, there is still no 
consensus on how to conduct longitudinal analyses using expo
some data. The longitudinal nature of exposure data introduces 
further complexity, requiring decisions on how to model expo
sure trajectories, cumulative exposures, lagged effects, or win
dows of susceptibility. These issues are particularly relevant for 
pregnancy and birth cohort studies, which often repeatedly col
lect exposure measurements across critical developmental peri
ods. Future simulation studies are needed to evaluate and 

compare statistical methods in this context. The EU Child Cohort 
Network, developed under the LifeCycle Project, offers a valuable 
platform for reproducible longitudinal exposome research from 
the prenatal period and onwards.31

Each statistical method offers unique advantages and limita
tions. By applying them in a complementary manner, researchers 
can more effectively navigate the complexity of exposomic data, 
improve accuracy in identifying critical exposures, and 
strengthen the validity of health outcome predictions.

Current limitations and challenges in 
exposome research
Despite significant methodological progress, exposome research 
still faces key challenges. One of the most important limitations is 
the inability of current methods to fully capture the inherent com
plexity and variability of environmental exposures. Firstly, individ
uals are exposed to thousands of environmental exposures that 
fluctuate over time, space, intensity, and biological context. 
Capturing this dynamic and multifactorial exposure landscape 
with sufficient temporal resolution remains difficult, especially 
when relying on cross-sectional data or single-time point measure
ments.10 Secondly, a large proportion of chemical signals detected 
in biospecimens remain structurally unidentified, primarily due to 
limitations in existing chemical libraries and reference standards. 
This is especially true for emerging pollutants and their transfor
mation products, which complicates interpretation, reduces con
sistency across studies, and introduces uncertainty into exposure 
estimations.32,33 Thirdly, mechanistic biomarkers of environmen
tal exposures, such as inflammation, oxidative stress, and meta
bolic disruption markers, may be influenced by inherent biological 
heterogeneities within the population, which complicates the in
terpretation of causal relationships with external exposures.30

In addition to measurement difficulties, the interdisciplinary 
nature of exposome research (environmental science, analytical 
chemistry, epidemiology, and systems biology) also faces funda
mental critical barriers related to data integration, standardiza
tion, and interpretation of biological meanings. Unified protocols 
and compatible data structures are needed to synthesize and in
terpret such data. Inconsistencies in metadata annotation, qual
ity control procedures, and reporting standards hinder 
reproducibility and limit the potential for cross-study compari
sons. Mechanistic understanding remains limited, and very few 
studies incorporate longitudinal designs, experimental validation 
or weight-of-evidence approaches to support causal interpreta
tion.24,34 Furthermore, there is no widely accepted framework for 
interpreting complex biological responses to environmental mix
tures, which restricts the ability to translate internal signals into 
meaningful health insights.33 Tackling these issues needs better 
coordination of data systems, stronger long-term cohort studies, 
and analysis approaches that are closely linked to biologi
cal mechanisms.

Future directions in exposome research
Future research needs to adopt a more integrated and harmo
nized approach. A key priority is improving chemical identifica
tion. Many detected environmental signals still lack structural 
annotation. Efforts should focus on expanding spectral data
bases, including more transformation products, and aligning 
mass spectrometry protocols across different studies to improve 
consistency and coverage.35 Another important step is address
ing the lack of temporal and contextual resolution in exposure 

Figure 2. Statistical and bioinformatics frameworks for exposomic 
mixture analyses.
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data. This can be achieved by designing longitudinal studies that 
extensively collect repeated biological samples over time, as 
some exposome cohorts are beginning to conduct. The use of 
wearable devices and location-tracking technologies can help 
capture more detailed information about personal exposures at 
different life stages.10,36 Moreover, artificial intelligence (AI) and 
exposome intelligence (EI) tools offer a transformative opportu
nity for scaling exposome science. EI refers to the use of 
AI-driven analytical frameworks to systematically identify, char
acterize, and prioritize environmental exposures across complex 
datasets.37 Methods such as machine learning, network analysis, 
and causal modeling can be used to identify patterns, explore 
possible mechanisms, and improve predictions of health out
comes.38 For example, AI-assisted molecular network analysis 
has already shown promise in identifying unknown environmen
tal compounds and helping prioritize those that may require fur
ther investigations.39,40 Finally, it is critical to build stronger 
connections between different scientific fields. Bringing together 
expertise from environmental health, data science, biology, and 
public health will be essential for training researchers who can 
interpret exposome data and apply it to real-world health prob
lems. As the field moves toward a large-scale Human Exposome 
Project, similar in scope to the Human Genome Project, interna
tional cooperation, open data sharing, and stable funding will be 
necessary to realize its full impact on public health and disease 
prevention.33

Conclusion
The exposome offers a valuable and comprehensive framework 
for understanding how environmental factors influence human 
health (Figure 3). Although methods for exposure assessment 
and data analysis have improved, researchers still face important 
challenges, including the limited ability to identify unknown 
chemicals, the difficulty of capturing exposure information over 
long periods, and the complexity of combining diverse datasets 
to uncover causal relationships. Addressing these gaps will re
quire closer collaboration across disciplines, improved standardi
zation of data collection and analysis, and the thoughtful use the 
application of novel tools such as wearable sensors and data- 

driven approaches. With continued progress, exposome research 
can go beyond identifying descriptive associations to understand 
how the total environment affects human health, which is criti
cal for developing more effective disease prevention and health 
promotion strategies.
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