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Abstract 

Exposomics represents a systematic approach to investigate the etiology of diseases by formally integrating individuals’ entire envi
ronmental exposures and associated biological responses into the traditional genotype-phenotype framework. The field is largely en
abled by various omics technologies which offer practical means to comprehensively measure key components in exposomics. The 
bottleneck in exposomics has gradually shifted from data collection to data analysis. Effective and easy-to-use bioinformatics tools 
and computational workflows are urgently needed to help obtain robust associations and to derive actionable insights from the ob
servational, heterogenous, and multi-omics datasets collected in exposomics studies. This data-centric perspective starts with an 
overview of the main components and common analysis workflows in exposomics. We then introduce six computational approaches 
that have proven effective in addressing some key analytical challenges, including linear modeling with covariate adjustment, di
mensionality reduction for covariance detection, neural networks for identification of complex interactions, network visual analytics 
for organizing and interpreting multi-omics results, Mendelian randomization for causal inference, and cause-effect validation by 
coupling effect-directed analysis with dose-response assessment. Finally, we present a series of well-designed web-based tools, and 
briefly discuss how they can be used for exposomics data analysis.
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Overview of exposomics
First envisioned by Christopher Wild in 2005, exposomics is a fast 
growing field centered around profiling the complete set of expo
sures individuals encounter across their lifespan.1 This shift to
wards evaluating the entire exposure profile and their associated 
biological responses rather than discrete environmental factors 
represents a pivotal development, as the etiology of many dis
eases involves complex interactions between an array of genetic 
susceptibilities and environmental exposures.1-6 Traditionally, 
genetic factors have been the primary focus of many disease 
studies. While genetics predispose individuals to certain pheno
typic development, it’s often the exposures from our environ
ment, the lifestyles of individuals, and social factors that lead to 
their manifestation.7 It has been estimated that genetics contrib
utes to less than 50% of most complex chronic diseases such as 
common cancers, type 2 diabetes, heart diseases, etc.7,8 By con
sidering the totality of exposures, we have an improved likeli
hood at understanding, preventing, and treating various 
diseases, as well as improving health and quality of life.9

Exposomics has become feasible with recent advances in 
high-throughput omics technologies, remote sensors, wearable 
devices, etc, which together allow comprehensive collection of 
exposomic data at scale.10-12 For example, global or untargeted 
metabolomics based on liquid chromatography—high-resolution 
mass spectrometry (LC-HRMS) can detect, from a single blood or 

urine sample, 1000 s�10 000 s of features contributed from en
dogenous metabolites and xenobiotic exposures (ie, food, drugs, 
gut microbiome, chemical contaminants, etc,).5,13 The recent de
velopment of multiplexed, multimodal real-time chemical sen
sors is poised to have profound impact upon the discovery of 
biomarkers.14 When applied to large cohorts, researchers are fac
ing tremendous “big data challenges” due to the volume, variety, 
and velocity of datasets.

As shown in Figure 1A, a typical exposomic dataset is com
posed of a series of data matrices that describe the major compo
nents of exposomics: environmental exposures (external and 
internal), individuals (phenotype and genotype), and the interac
tions between individuals and their environments (various func
tional ‘omics). The environmental exposure (E) data include 
measurements of external exposures from food, air, water or 
soil, as well as internal chemical exposures such as xenobiotics 
and their biotransformation products from microbiome or drug 
metabolism detected in blood, urine or saliva.15 The genotype (G) 
data describe individuals’ genetic variants such as single nucleo
tide polymorphisms (SNPs), copy number variants, or structural 
rearrangements. The biological response (R) data include one or 
multiple omics profiles such as transcriptomics, proteomics, and 
metabolomics in response to environmental exposures. Finally, 
the phenotype (P) data, often known as sample metadata, con
tain various observable host traits. This could include variables 
like sex, age, blood pressure, body mass index (BMI), and other 
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physiological and clinical measurements, including those di
rectly related to diseases. The main motivation of this perspec
tive is to introduce several well-established as well as promising 
new methods, developed primarily from the biomedical fields, 
within the context of exposomics data analysis. To facilitate dis
cussion, we will use omics data (O) to include both individuals’ 
genotypes (G) and biological response (R) measured by genomics 
and various downstream functional genomics technologies, 
respectively.

Typical exposomics data 
analysis workflows
From the study design and data collection perspective, there are 
three complementary approaches that emphasize different com
ponents in exposomics. The environment-first approach starts 
from measuring external exposures (air, water, soil, personal 
care products, etc,) or at personal levels (food intake, lifestyle 
variables, skin and fecal microbiome, etc,) using remote sensors, 
chemical monitoring and sequencing technologies.16,17 The 
phenotype-first approach begins with comprehensive collection 
of health-related data, particularly electronic health records 
(EHRs) and precisely quantified clinical phenotypes. Finally, the 
omics-first approach focuses on profiling various omics data to 
characterize host genotypes and associated biological responses. 
The adoptions of the above strategies are based on the perceived 
main player (E, P or O) to the research questions at hand, the 
established practices in the respective fields as well as the exper
tise of individual researchers. For instance, environmental toxi
cologists tend to choose environment-first approach, clinicians 
will start from phenotypes, while geneticists tend to adopt 
omics-first approach. It is important to note that the three 
approaches can be applied in parallel by different research teams 
in large-scale collaborative exposomics studies.

The environment-first approach
The environment-first approach starts from collecting and ana
lyzing the extensive data arising from an individual’s 

environmental exposures before examining the complex internal 
biological responses.12 According to Zhang et al. the environmen
tal exposures can be organized into three main domains—the 
general external domain, the specific external domain, and the 
internal domain.18 The general external domain includes natural 
environments, socioeconomical, psychological factors, etc. The 
specific external domain is concerned with immediate local envi
ronment such as air, water, food, lifestyle, and occupation. The 
internal domain includes processes intrinsic to the body such as 
metabolic profiles, microbiome, inflammation status, etc, 
Comprehensively capturing exposure from specific external do
main in a convenient and cost-effective manner is a fast-evolving 
research area, with many innovations and progresses made in re
cent years. For instance, environmental sensors provide objec
tive, real-time measurements of factors like air and water 
pollutants, humidity, temperature, and allergens.19 With im
proved sensor technologies, granular data on environmental con
ditions can now be continuously collected. Recent studies 
integrating both targeted and non-targeted strategies are produc
ing ever larger sets of data on associated chemical profiles in 
real-life matrices such as air, food, water or personal care prod
ucts.20-22 Wearable devices like smartwatches, fitness trackers, 
and specialized monitors allow constant physiological and con
textual data gathering about activity, sleep, ultraviolet exposure, 
and other metrics, providing invaluable insights on exposures at 
personal level.10 Some devices can be combined with geospatial 
location data and health parameters, providing some direct 
bridge across datasets.23 For example, silicon wristbands used for 
air pollutant monitoring can also be used to measure sweat 
metabolites.24,25

Food and gut microbiome are strong influencers of host devel
opment and health trajectories through extensive metabolic 
interactions with the host.26 The Earth Microbiome Project27,28

and Human Microbiome Project29,30 have significantly improved 
our knowledge on the microbiome. Many initiatives are produc
ing and organizing data on food constituents such as FooDB, the 
Periodic Table of Food Initiative, Database on Migrating and 
Extractable Food Contact Chemicals.31-33 Comprehensive 

Figure 1. Overview of the main components in exposomics datasets and the selected analysis approaches. (A) Multiple data matrices characterizing 
environment (E), genotypes (G) and biological responses (R) captured by various omics profiles (O), as well as phenotypes (P). (B) Key features of the six 
selected approaches for exposomics data analysis.
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chemical fingerprinting of foods is an active field of research. 
The vast diversity of natural products, macromolecules, and food 
processing-induced chemicals suggest that significant efforts are 
needed to map out all the chemical compounds in the foods. 
Chemical mixture exposome assessment remains an active re
search area. Many innovative concepts and approaches have 
been proposed, such as proactive use of the likelihood of co- 
exposure patterns depending on lifestyle and dietary habits, and 
effect-directed analysis to prioritize and assess the specific risk 
of identified mixtures.34,35

Overall, the environment-first approach begins with an indi
vidual’s external or internal environmental exposure data to 
build the initial framework for unraveling the complex expo
some. The current focus is on better characterizing food and 
microbiome, better capturing real-life chemical mixtures, indi
vidual exposure, and temporal variations in the exposome nota
bly during critical windows of susceptibility to health hazards, 
such as childhood or pregnancy.36

The phenotype-first approach
The phenotype-first approach starts by comprehensively profil
ing health outcomes before linking them to individuals’ environ
mental exposures, omics profiles and their interactions. Key 
sources for health outcomes data include EHRs, health surveys 
and various observable pathophysiological measures.12,37 EHRs 
contain extensive documentation of an individual’s medical his
tory, including diagnoses, medications, medical procedures, and 
other clinical information compiled over time across healthcare 
encounters. These records provide a rich context of an individu
al’s health trajectory over time. EHRs are mainly used in exposo
mics studies conducted in clinical settings. For studies focusing 
on environmental and public health, common phenotype data 
are health surveys administered by public health agencies and 
self-reported population-level data on health conditions, behav
iors, lifestyle factors and environmental exposures collected by 
researchers.38,39

Despite the wealth of data, effectively utilizing health out
come information presents significant challenges.40 Patient pri
vacy is a major concern given the ethical sensitivities around 
personal medical data. Heterogeneity also hinders synthesis of 
data from diverse EHR systems and surveys. The variations in 
terminology, format, structure, and coding make harmonizing 
disparate data a challenging task. Specialized platforms have 
been developed to address these challenges by enabling collabo
rative analysis of heterogeneous health data. For instance, the 
Observational Health Data Sciences and Informatics (OHDSI) 
provides an open-source framework to standardize and integrate 
diverse health datasets for evidence generation.41

Overall, the phenotype-first approach relies on accessing and 
synthesizing comprehensive health data sources through proper 
privacy protections and data integration techniques. Leveraging 
the recent developments in ontologies and artificial intelligence 
(AI) have the potential to transform this area.42,43 For instance, 
the latest large language models (LLMs) such as GPT-4 and 
Gemini can read and interpret both texts and images within the 
same context. Their potential implementations in healthcare set
tings, such as to process and interpret EHR, have attracted con
siderable attention.44

The omics-first approach
The omics-first approach starts with applying various omics 
technologies to obtain comprehensive profiles on individuals’ 
genotypes and biological responses associated with 

environmental exposures. Genomics encodes an individual’s ge
netic susceptibilities to certain exposures, environmentally in
duced epigenetic changes (eg, through DNA methylation) can be 
retained through lifetime or even trans-generationally as a proxy 
for exposures,45-47 while miRNAomics, transcriptomics, proteo
mics, and metabolomics reveals corresponding expression 
changes at miRNA, mRNA, protein or metabolite levels.48-50

Genomics are considered static and only need to be measured 
once. The downstream omics, often known as functional geno
mics, vary in response to environmental factors and operate at 
different time scales. They are usually sampled at multiple time 
points to depict the trajectory of the changes.

A key opportunity of the current multi-modality exposomics 
studies is integrated analysis to enable comprehensive under
standing of exposure-response relationships.51-53 For example, 
coupling exposomic profiling with epigenomics provides insights 
into how exposures may modulate epigenetic patterns underly
ing development and health outcome.54 Integrating transcrip
tomic, proteomic and metabolomic data can reveal specific 
pathways modulated by exposures. At the very downstream of 
omics cascade, metabolomics occupies a unique place as the in
terface between individuals and environment exposures. 
Metabolomics platforms such as LC-HRMS can simultaneously 
measure both chemical exposures as well as metabolic responses 
from the same samples. In exposomics, metabolomics is often 
paired with microbiome profiling and food intake questionnaires 
to study the interactions between gut microbiome, dietary pat
terns, and the metabolome.6,55-58

In summary, omics technologies have become well estab
lished across life sciences over the past two decades. They can ef
ficiently measure host genotypes and capture downstream 
biological responses, with current focus on multi-omics, single- 
cell omics and spatial omics. Effective integration of these high- 
resolution omics profiles with environmental exposure data for 
translational discovery remains an active research area.59

Effective methods for exposomics 
data analysis
Exposomics data analysis is primarily concerned with detecting 
robust associations between features in different data matrices, 
with follow-up work to try to identify mechanistic, causal rela
tionships to inform interventions aimed at improving health out
comes.8 Over the past decades, many powerful statistical 
methods and computational algorithms have been developed to 
help address different aspects in omics data analysis. In this sec
tion, we will introduce several promising methods that have 
proven to be effective in addressing some challenging tasks in 
exposomics data analysis. Their key features and applications 
are summarized in Figure 1B.

Using generalized linear models to deal with 
complex study design and covariates
Exposomics data are primarily observational, therefore the typi
cal dataset contains many covariates that must be accounted for 
during statistical analysis. The field of transcriptomics has a long 
history of using generalized linear models in gene expression 
analysis, which can flexibly handle many different experimental 
designs.60-62 The methods have been extended to other omics 
types such as metabolomics,63 proteomics,64 microbiome data,65

and in theory could be used to analyze any high-dimensional ma
trices. In this analysis framework, linear models can be config
ured to include both continuous and categorical variables, and 

Exposome, 2024, Vol. 4, No. 1 | 3  



categorical covariates can be modeled as either fixed or random 
effects.63 For cases where there is only a chemical exposure ma
trix (E) and a sample metadata or phenotype matrix (P), a linear 
model can be configured to identify chemicals associated with a 
metadata of interest, while accounting for any number of covari
ates. For example, if the objective in a biomonitoring study is to 
identify chemicals associated with occupation type while ac
counting for relevant covariates, a potential model could be 
chemicali � occupation þ age þ sex þ years of employment, where the 
latter three terms are covariates, and p-values and coefficients 
from the occupation term are used to identify the direction and 
statistical significance of chemical-occupation relationships. 
This method is considered univariate because each feature is an
alyzed independently.

In scenarios where omics data (O) are collected in addition to 
E and P, the objective may be to identify gene-chemical relation
ships. In this case, either the genes or the chemicals can be 
treated as sample metadata, and the same modeling approach 
described above can be used. Here, a potential model could be 
genej � chemicali þ age þ sex þ BMI, which will generate results for 
i�j gene-chemical associations. Since a typical transcriptomics 
experiment generates measurements for �20 000 genes, this ap
proach can produce an overwhelming number of results, and 
therefore it is recommended to apply stringent filters (including 
both statistical filters such as false discovery rate, and biological 
filters such as fold change or tissue specificity) to both the O and 
E matrices and focus only on the relationships of greatest inter
est. Walker et al. used this approach to identify compounds asso
ciated with occupational trichloroethylene (TCE) exposure, while 
adjusting for age, sex, and BMI.66 Mass features associated with 
TCE exposure were carefully examined to separate TCE and TCE- 
derived compounds from metabolites that represent biological 
responses. This is a good example of how untargeted metabolo
mics data can simultaneously survey both the external chemical 
compounds and internal biological pathways. In the next section, 
we describe multivariate approaches that may be better suited to 
analyzing multiple high-dimensional matrices.

Using joint dimensionality reduction to detect 
shared variance
Dimensionality reduction (DR) methods summarize important 
sources of variation within high-dimensional datasets into a few 
component scores that are combinations of the original input 
feature values. There are many different DR methods, each of 
which produces sample-level scores and feature-level loadings. 
The most used method is principal component analysis (PCA), 
where sets of linear combination coefficients, also called 
‘loadings’, are computed such that the resulting scores capture 
the maximum variance within the dataset. Different DR methods 
vary in the types of input features that they accept, the pre- 
processing steps that they employ, and the statistical criteria 
that they aim to maximize.67 Most researchers use DR methods 
to visualize high-dimensional datasets in low-dimensional space 
such as 2D or 3D scatter plots. Data points are often annotated 
with different metadata using colors or text labels, to see if there 
are patterns correspond to specific experimental factors or cova
riates. DR can also be used as a feature selection tool. The magni
tude of the loading coefficients indicates which features 
contribute most to each component and highly correlated fea
tures will have similar loadings. Therefore, extracting features 
with the highest magnitude for the top components will retrieve 
a set of features that are both highly correlated with each other, 
and that contribute a major source of variability within the 

dataset. If the scores plots showed that the component is related 
to a specific metadata variable, then the features in the top load
ings can be interpreted as having a relationship with 
that metadata.

The same concept can be extended to support multi-omics 
data integration by considering two or more input matrices 
through joint dimensionality reductions (JDR). In this case, the 
component scores capture the shared variations across multiple 
datasets, and the component loadings capture sets of features 
that have correlated levels both within and across datasets. 
Multiple co-inertia analysis (MCIA) and multi-omics factor analy
sis (MOFA) are two commonly used JDR methods without consid
ering sample metadata.68,69 In comparison, the data integration 
analysis for biomarker discovery using latent components 
(DIABLO) is a supervised JDR method.70 It takes a single metadata 
variable as input in addition to the two or more feature tables. 
Components are computed to maximize association with the 
metadata variable in addition to correlations between features 
both within and across the feature tables. In general, JDR meth
ods require strictly matching samples and relatively large sample 
size (at least 20 per group) to ensure the identified patterns are 
robust.71 The top components from JDR are meaningful proxies 
of the original high-dimensional data by capturing their shared 
variance. They can be included in linear modeling to help identify 
important features underlay the observed associations with ex
posure or other metadata of interest. Effectively integrating JDR 
methods with linear modeling to reveal global patterns and the 
key underlying features represents a promising direction for de
veloping computational platforms to support exploratory data 
analysis for exposomics.

Using neural networks to detect complex 
interactions
Understanding the interplays of the exposome, metabolome and 
gut microbiome within the context of host genetics has been an 
active research area.72,73 It is of great interest to be able to iden
tify potential interactions between exposures and biological 
responses directly from their corresponding matrices. For exam
ple, detecting microbe-metabolite interactions from paired 
microbiome and metabolomics data have attracted significant 
research efforts in many recent studies.74-77 The linear modeling 
and multivariate DR methods we discussed above can partially 
address this issue, but they have significant limitations. Linear 
models consider each feature individually, missing the opportu
nity to use the shared information across multiple features to 
boost performance. DR methods are notoriously difficult to inter
pret and are especially ill suited when the main goal is to obtain 
individual exposure-biomarker interactions where non-linear 
and higher-order interactions are expected to be common.12

Advanced machine learning methods especially neural networks 
have shown great promise in this direction.

The mmvec is probably the first neural network algorithm ap
plied to estimate microbe-metabolite interactions by learning the 
embeddings of microbial and metabolite features to estimates 
their co-occurrence probabilities.74 Another neural network 
model, MiMeNet (Microbiome-Metabolome Network), uses a 
multi-layer perceptron (MLP) architecture to model metabolomic 
profiles based on microbial compositions.76 The input layer takes 
the microbial composition profiles and maps them onto the hid
den layers, where the neural network learns to extract complex 
patterns and representations from the input data through a se
ries of mathematical functions, the final output layer produces 
the prediction of metabolomic profiles. This architecture enables 
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the modeling of inputs and outputs of different sizes, which is 
the case for microbial and metabolomic features. A more recent 
algorithm, mNODE (metabolomic profile predictor using neural 
ordinary differential equations) has shown great promise in effi
ciently learning potential interactions from multi-omics data.77

Similar to MiMeNet, mNODE adopts a MLP architecture, with an 
additional neural ODE module in between the hidden layers and 
employs different mathematical operations. The algorithm can 
incorporate dietary information to further enhance the perfor
mance in predicting metabolomic profiles from microbial 
compositions.

Although the “black box” characteristic of neural networks 
may be intimidating to some, their robustness in capturing com
plex patterns has been widely recognized especially in recent 
years. Compared to traditional modeling methods, they offer a 
distinct advantage in automatically learning and extracting rele
vant features from the data without having to necessarily define 
the exact number or nature of the features. With the growing ac
ceptance of AI, the neural network-based approaches are 
expected to find broader applications in exposomics data analy
sis. In general, neural networks require a reasonably large experi
mental dataset, with sample size on the scale of hundreds and 
beyond, to train the model and tune the parameters. This usually 
will not be a concern for large-scale exposomics studies. When 
the sample size is small, linear modelling should be preferred 
due to its robustness and “white box” nature.

Using network visual analytics for data 
presentation and integration
Networks are natural representations of complex relationships 
among different entities. Networks can be created based on our 
prior knowledge (ie, knowledge-based networks), based on the 
correlations computed from the current datasets (ie, data-driven 
networks), or using a mixture of both approaches. After creation, 
they can then be analyzed by applying graph theory to identify 
important connections and modules to gain insights into the or
ganizing principles of the systems.78 A key appealing feature for 
network-based approach is its intuitive visualization, which 
engages and empowers researchers to identify meaningful pat
terns. Networks can be viewed in hierarchical structures consist
ing of multiple layers corresponding to different components of 
exposomics datasets (Figure 2). Each omics layer can be explored 
separately and then jointly to gain mechanistic insights. We can 
intuitively find out the key points of connection between differ
ent omics layers as well as their interaction partners within the 
same layer to help understand pathways, biological processes, as 
well as to identify potential targets of intervention. This type of 
visualization can greatly facilitate data understanding and hy
pothesis generation, making networks a common choice for 
exposomics data integration and result presentation.79

The knowledge-driven networks are created by projecting 
molecules of interest into a comprehensive knowledge network 
describing the known relationships (based on experimental evi
dence or computational prediction) among SNPs, genes, proteins, 
metabolites, diseases, and chemicals. The data-driven integrative 
networks can be created de novo based on the associations 
detected from current data using algorithms described in the pre
vious sections. For instance, after covariate adjustments, the sig
nificant associations detected based on linear modeling or neural 
networks can be used to form networks between molecules, 
exposures and phenotypes. A key feature of the DIABLO-based 
multi-omics integration is its ability to generate highly intercon
nected networks with enriched biological themes.70 In addition 

to visual exploration, different algorithms such as topology 
analysis, causal mediation analysis, integer linear programming 
can be applied to the networks to reveal key patterns, causal 
links, and mechanistic hypotheses.80-82

Using Mendelian randomization for 
causal inferences
Mendelian randomization (MR) has emerged as a valuable strat
egy in exposomics research to assess causal relationships be
tween exposures and health outcomes by leveraging genetic 
data.83-85 The core premise of MR is using genetic variants like 
SNPs as instrumental variables to infer the causal effect of a 
modifiable exposure on an outcome86 This is possible because 
the random assortment of alleles during meiosis results in inde
pendent allocations of genetic variants. Therefore, associations 
between genetic variants and outcomes are less susceptible to 
confounding biases that often challenge conventional observa
tional studies.87

Two-sample MR (2SMR) approach has been proven very useful 
in exposomics by leveraging published data in MR analysis.88 It 
utilizes summary statistics from comparable, separate genome- 
wide association studies (GWAS) for both exposure and outcome. 
These GWAS are often generated from large cohort studies, with 
sample sizes ranging from 1000 s to 100 000 s of individuals. For 
instance, a recent study examined the impact of 4587 environ
mental exposures on longevity using data from 361,194 individu
als in the UK Biobank, and identified factors such as sugar intake, 
body fat, and various age-related diseases as being causally 
linked to longevity.84 The study effectively demonstrated the ca
pability of 2SMR to unravel relationships between exposures and 
health outcomes. The reliance on publicly available GWAS sum
mary statistics not only enhances the cost-effectiveness of the 
2SMR approach but also maximizes the utility of existing data
sets, allowing for a broader examination of exposure-outcome 
relationships in an exposome-wide fashion.89-91

The fundamental assumptions underpinning MR is that the 
genetic variants are strongly associated with the exposure, inde
pendent of confounders, and affect the outcome only through 
the exposure and not via alternative pathways.90 A critical aspect 
of its design is the rigorous selection of appropriate instrumental 
variables.92,93 Incorrect selection can lead to biased results, such 
as those arising from pleiotropy. Therefore, conducting sensitiv
ity analysis is crucial to assess the robustness of the MR esti
mates against potential biases.94 Moreover, careful 
interpretation of MR findings is necessary to avoid overstating 
causal conclusions based solely on observed associations.95 To 
ensure the robustness and validity of findings, MR studies must 
control for Type I and Type II errors. Techniques such as the 
Bonferroni correction and False Discovery Rate (FDR) control are 
essential for minimizing the risk of false positives, while careful 
power analysis is important for reducing the likelihood of false 
negatives.96

Using effect-directed analysis and dose-response 
assessment to characterize cause and effect
Results from causal inference in an observational setting require 
further experimental validations to establish causality. For com
plex mixtures, effect-directed analysis (EDA) can help uncover 
causal relationships between adverse health effects and chemi
cal contaminants. This approach starts with toxicity screening of 
complex real-life mixtures. The complexity of the mixture is then 
reduced through fractionation steps and characterized using 
non-targeted approaches to narrow down on substances of 

Exposome, 2024, Vol. 4, No. 1 | 5  



concern.35 Finally, dose-response studies are applied to the 
shortlist of candidate compounds to pinpoint the compounds 
that are cause bioactivity upon exposure.97,98

Dose-response relationship is a foundational concept in toxi
cology and chemical risk assessment. Recent years have seen the 
growing applications of dose-response analysis to omics data, 
particularly transcriptomics data.99 In this approach, exposures 
are conducted at multiple concentrations of a chemical, typically 
include a control group and at least three different dose groups 
with the same number of replicates in each group. The sample 
sizes vary from a few dozens to hundreds depending on the de
sign, cost, and effect sizes. After data collection, a suite of linear 
and non-linear curve models are fitted to the levels of each omics 
feature. Each curve is analyzed to compute a feature-level bench
mark dose (BMD), which is the minimum concentration of a sub
stance that produces a clear, low level health risk relative to the 
control group.100 The collection of benchmark doses can be sum
marized at the pathway level or across the entire experiment 
(commonly called the transcriptomic point-of-departure, or 
tPOD). When in vitro assays are coupled with high-throughput 
omics platforms, it becomes feasible for a typical research lab to 
use transcriptomics dose-response analysis to assess 10�100 s of 
chemicals.97,101,102 The omics-based dose-response study not 
only allows researchers to establish causal links between specific 
chemical exposures and general bioactivity (ie, which chemicals 
in the exposome ‘matter’), but also to disentangle specific biologi
cal processes that are perturbed by different chemicals.

Other approaches
The previous sections have introduced a handful of methods 
chosen based on their perceived utilities in exposomics data 
analysis. Beyond these, many other advanced statistical methods 
are also used for similar purposes, especially in the field of epide
miology.12 General machine learning approaches such as random 
forest, support vector machines, and gradient boosting can be 
generally applied for biomarker selection and predictive model
ing. Bayesian additive regression trees is a more recent method 
that has the added benefit of quantifying the uncertainty of pre
dictions.103 Other methods have been developed for assessing 
causal effects of complex mixture exposures on clinical 
outcomes and phenotypes, a blend of the objectives that we pre
sented for 2SMR and EDA. Some examples include G-computa
tion associated with super learners,104 grouped weighted 
quantile sum (GWQS) regression,105 Bayesian kernel machine re
gression,106 etc,

Bioinformatics tools for exposomics 
data analysis
A major bottleneck of the current exposomics data analysis is 
the requirement of advanced knowledge in statistics and pro
gramming. There have been tremendous progresses over the 
past two decades in the development of bioinformatics platforms 
for processing and analyzing various types of omics data. Despite 
the inherent differences in the technological platforms that 

Figure 2. An illustration of network visual analytics for multi-omics integration, understanding and hypothesis generation. This 3D network was 
generated by integrating results from host genetics, transcriptomics, metabolomics, and microbiome using the OmicsNet platform. Each layer was 
created using the significant features identified from a particular omics type and their known interaction partners. Cross-omics links are established 
based on known relationships between SNPs, genes, proteins, metabolites, and microbes.
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generate such data, different types of omics data share some 
core properties that can be dealt with through a coherent con
ceptual workflow and user interface. Omics data analysis work
flow can be organized into four general stages. The 1st stage is 
raw data processing based on algorithms that are usually specific 
to the underlying technology (ie, next-generation sequencing ver
sus mass spectrometry). This stage produces high-dimensional 
data matrices containing the abundance values of different 
omics features. In the 2nd stage, the data matrices are subject to 
statistics and machine learning algorithms for comparative, clus
tering or classification analysis. In the 3rd stage, different func
tional analysis methods are employed to shed light on the 
potential pathways or biological processes associated with the 
identified molecular patterns. The 4th stage involves analyses 
that are unique to specific domains, such as biomarker analysis 
for clinical studies107 or dose-response analysis for toxicol
ogy studies.108

Analyzing diverse omics data requires specialized platforms 
tailored to each data type and the unique needs of target users. 
Based on the general workflow described above, we have devel
oped a series of web-based platforms. For instance, 
MetaboAnalyst is dedicated for streamlined metabolomic data 
processing, statistics, visualization and functional analyses109; 
MicrobiomeAnalyst provides a platform for microbiome data 
processing, community profiling, and functional inference110; 
while ExpressAnalyst enables comprehensive transcriptomics 
data analysis for both model and non-model species.111-113 To 
support integrative analysis of multi-omics data, we have devel
oped multiple tools through knowledge-based networks, includ
ing miRNet for miRNA-centric data integration,114-116

NetworkAnalyst for gene/protein-centric integration,117-119 and 
OmicsNet as a general purpose platform for multi-omics integra
tion and network visualization.120-122 For data-driven multi- 
omics integrations, we have implemented OmicsAnalyst that 
offers several well-established statistical and machine learning 
methods integrated with advanced visual analytics capacities.123

Collectively, these platforms offer a coherent, user-friendly web 
interface to help transform complex, heterogeneous omics data 
into meaningful patterns and biological insights.

Special efforts have been made to support exposomics data 
analysis in recent releases. For instance, to accommodate com
plex study designs, these tools now allow users to upload the 
omics data together with their associated metadata tables and 
apply different statistics or machine learning methods that can 
take into account of multiple factors or covariates. Users can also 
perform transcriptomics and metabolomics dose-response 
analysis using ExpressAnalyst or MetaboAnalyst, respectively. 
MetaboAnalyst also supports causal analysis based on 2SMR by 
leveraging the large collection of mGWAS data.91,124 Finally, 
users can upload multiple data matrices to OmicsAnalyst and 
perform data-driven integration using JDR methods, correlation 
analysis or multi-view clustering algorithms.71

Conclusion and future perspectives
In this perspective, we first provided an overview of the main 
components of the datasets commonly seen in exposomics stud
ies. We then discussed three workflows in dealing with these 
datasets, which are primarily driven by the research questions 
and the established practices. After readers become familiar with 
exposomics data structures and analysis objectives, we set out to 
introduce six approaches, including linear models for dealing 
with covariates, joint dimensionality reductions for detecting 

shared variance, neural networks for identification of robust 
interactions, networks visual analytics for understanding com
plex relationships, Mendelian randomization for causal infer
ences, as well as integrating effect-directed analysis and 
dose-response study to identify and characterize key toxicants 
within chemical mixtures. These methods are originated from 
statistics, genetics, computing science, epidemiology, environ
mental toxicology, respectively. They are routinely used by indi
vidual research groups within their respective areas but are little 
known to researchers outside.

There are several limitations in this perspective. For instance, 
power and sample size calculations are important considerations 
before conducting exposomics studies. Missing value estimation, 
batch effect adjustment, and data normalization are practical 
issues facing researchers during data analysis. These topics are 
not discussed here. Instead, we refer readers to the best practices 
established in their respective omics fields. MetaboAnalyst, 
MicrobiomeAnalyst and ExpressAnalyst are equipped with com
prehensive collections of distinct, yet partially overlapping meth
ods in their respective omics data analysis workflows to deal 
with these issues.

Comprehensive exposomics data collections are limited to a 
few large-scale studies, and most current exposomics studies col
lect a single omics data and measure a few phenotypes. It is of 
great interest to leverage the datasets from large cohorts to facili
tate discovery of robust patterns and enable mechanistic under
standing. The power of such approach has already been 
illustrated by 2SMR, which leverages public genetic data to estab
lish causal links between exposures and outcomes.90 Given that 
environmental data and health outcomes might be collected in 
different cohorts or at different times, one can use GWAS results 
that link genetic variants to exposure levels such as smoking, air 
pollution exposure markers, or dietary habits, from one study 
and then correlate to health outcomes like heart diseases, respi
ratory conditions, or metabolic disorders using results from an
other study.

The recent breakthroughs in generative AI technologies have 
provided exciting opportunities. With the huge sample sizes and 
extensive data pools now available in the modern biobanks, such 
as the UK Biobank containing the imaging, genotypes, lifestyles, 
and EHR,125 it has become an active research field to build bio
medical foundation models tailored to different application 
domains.126 These models will have tremendous potential to 
transform exposomics data analysis and interpretation to inform 
decision making in the years to come.
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