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BACKGROUND: Recent developments in technologies have offered opportunities to measure the exposome with unprecedented accuracy and scale.
However, because most investigations have targeted only a few exposures at a time, it is hypothesized that the majority of the environmental determi-
nants of chronic diseases remain unknown.

OBJECTIVES: We describe a functional exposome concept and explain how it can leverage existing bioassays and high-resolution mass spectrometry
for exploratory study. We discuss how such an approach can address well-known barriers to interpret exposures and present a vision of next-
generation exposomics.
DISCUSSION: The exposome is vast. Instead of trying to capture all exposures, we can reduce the complexity by measuring the functional exposome—
the totality of the biologically active exposures relevant to disease development—through coupling biochemical receptor-binding assays with affinity
purification–mass spectrometry. We claim the idea of capturing exposures with functional biomolecules opens new opportunities to solve critical
problems in exposomics, including low-dose detection, unknown annotations, and complex mixtures of exposures. Although novel, biology-based
measurement can make use of the existing data processing and bioinformatics pipelines. The functional exposome concept also complements conven-
tional targeted and untargeted approaches for understanding exposure-disease relationships.
CONCLUSIONS: Although measurement technology has advanced, critical technological, analytical, and inferential barriers impede the detection of
many environmental exposures relevant to chronic-disease etiology. Through biology-driven exposomics, it is possible to simultaneously scale up dis-
covery of these causal environmental factors. https://doi.org/10.1289/EHP8327

Introduction

Environment in Health and Disease
Genes, environmental factors, and their interaction are thought to
contribute to the development of chronic diseases. Extensive anal-
yses from twin and health-record studies have revealed that—
except for a handful of rare disorders—genetics on average
explains 30–50% of disease risk (Czene et al. 2002; Lakhani et al.
2019; Polubriaginof et al. 2018). On the other hand, common envi-
ronmental factors—including diet, smoking, and air pollution—to-
gether may contribute about 46% of global deaths (Lim et al.
2012; Rappaport 2016). The specific environmental drivers remain
elusive for many complex chronic diseases, and it is difficult to
disentangle the interactions among the elements of mixture expo-
sures (Chung et al. 2018; Patel and Ioannidis 2014; Patel and
Manrai 2015).

The exposome encompasses the life course of exposures
received by an individual (Wild 2005) and provides a unified
framework for discovering environmental determinants of dis-
eases (Rappaport and Smith 2010). The exposome has been
embraced by both governmental (Birnbaum 2012) and research
communities (Lippmann 2013; Wheelock and Rappaport 2020)
and has motivated initiatives focusing on early life exposures and
life course approaches investigating the impacts of complex envi-
ronmental exposures (Vineis et al. 2017; Vrijheid et al. 2014). It
has also stimulated development of new technologies to study
exposures based upon measurements obtained from both inside
(Dennis et al. 2016) and outside of the body (Jiang et al. 2018)
using omics, remote sensing, and portable sensors (Chung and
Patel 2019; Vineis et al. 2017). Data derived from such investiga-
tions not only characterize the exposome but also offer clues on
potentially causal exposures. In the following, we define “envi-
ronmental exposure” as an exogenous factor that interacts physi-
cally with its human host, and a “biologically-active” exposure as
a molecular exposure capable of inducing a biological change at
a detectable level in the human population.

Data-Driven Exposomics
Almost all epidemiological studies of environmental factors are
hypothesis driven. That is, they target selected pollutants or dietary
and lifestyle factors to identify associations with a particular dis-
ease to quantify exposure–response relationships. In contrast, data-
driven studies are being increasingly applied to discover risk fac-
tors for disease, particularly for genetic epidemiology. For exam-
ple, genome-wide association studies (GWASs) employ a top-down
strategy to simultaneously investigate associations between millions
of genetic variants and a disease outcome (Tam et al. 2019). To es-
tablish an equivalent top-down strategy for environmental epidemi-
ology, exposome-wide association studies (EWASs) are being
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designed to simultaneously detect many thousands of small-
molecule features in biospecimens and compare their abundances
between healthy and diseased subjects, preferably from a longitu-
dinal cohort (Rappaport 2012, 2018; Rappaport and Smith 2010;
Manrai et al. 2017). The approach is hypothesized to overcome
challenges in multiplicity and fragmented literature of associations
that occur due to nonsystematic testing (Ioannidis et al. 2009;
Patel and Ioannidis 2014; Manrai et al. 2019).

Researchers can seek out environmental risk or protective factors
with broad-scale targeted measurement (Balik-Meisner et al. 2018;
Patel et al. 2010; Sipes et al. 2013) or screen for relevant exposures
with semitargeted approaches, such as suspect screening, which
search for a predefined and typically by-class chemical space (Andra
et al. 2017; Wang et al. 2018). Currently, untargeted measurement of
the blood exposome is conducted with high-resolution mass spec-
trometry (HRMS) because of its capability to distinguish peaks in
mass spectra with high mass accuracy (i.e., at the level of <1 ppm).
Several studies have demonstrated the capability of HRMS to detect a
large number of both endogenous and exogenous exposures in obser-
vational studies (Board on Life Sciences; Division on Earth and Life
Studies; National Academies of Sciences, Engineering, and Medicine
2016; Go et al. 2015a; Jamin et al. 2014; Roca et al. 2014). Although
HRMS has largely been used to discover changes in biological path-
ways associated with known exposures (Turner et al. 2018; Vrijheid
et al. 2014; Walker et al. 2016b; Yuan et al. 2016) or to find bio-
markers of diseases (Lu et al. 2016; Osborn et al. 2013; Roede et al.
2013; Wang et al. 2011), there is now an impetus to apply this tech-
nology to identify environmental risk factors in biomedical and epide-
miological studies (Rappaport 2018).

Challenges of Data-Driven Exposomics in Observational
Human Research
We describe two main challenges for wide application of data-
driven exposomics. First, the environmental exposures associated
with chronic diseases are likely to be low dose. Summarizing
from two databases, concentrations of many exogenous com-
pounds in blood—such as dietary micronutrients, phytoestrogens,
microbial metabolites, drugs, consumer chemicals, and pollutants
—are <5 lM and have a high range of limit of detection
(Rappaport et al. 2014). One of the major distinctions between
targeted and untargeted mass spectrometry (MS) is the tradeoff
between sensitivity and coverage; targeted MS involves opti-
mized methodology for selected compounds for better sensitivity
and specificity. This means that a sizable fraction of the expo-
some may not be detected by untargeted HRMS. Second, the
annotation of features is often incomplete in HRMS. During anal-
ysis, a large proportion of the signals are uninterpretable because
they are the “dark matter” of the exposome—that is, they lack
annotation or have ambiguous identity (Vermeulen et al. 2020).
Putative annotation is generally performed by matching either or
both of the accurate mass and spectrum of the features to the
known records in reference databases, which can be specialized
for endogenous metabolites (Kanehisa and Goto 2000; Wishart
et al. 2018) or xenobiotic compounds (Meijer et al. 2021; Neveu
et al. 2017; Wishart et al. 2015, 2008). This can contribute to
reporting bias because xenobiotic databases contains only
∼ 1,000–70,000 chemicals. In contrast, PubChem contains
>90million records (Kim et al. 2019), but only a small fraction
of this database comes with information related to sources and bi-
ological activities. This puts a premium on follow-up investiga-
tions to validate potentially causative features with independent
biospecimens and chemically identify the most promising hits.

So far, the rapid development in exposure assessment technol-
ogy and infrastructure has made the exposome concept more con-
crete. While significant progress has been made to advance our

understanding on how candidate exposures could influence
human health, we still lack the capacity for answering one of the
most fundamental questions in biomedical research: what envi-
ronmental factors, in aggregate and in their totality, that can
cause or prevent a disease?

Discussion

Biology-Driven Exposomics
We are likely decades away from measuring the life course expo-
some of an individual. A top-down strategy provides a way to
explore the blood exposome, but challenges from miniscule and
complex exposures have become a major hurdle in data-driven
exposomics. We hypothesize that, if the ultimate goal is to find
the environmental causes of diseases, we do not need to measure
all the entities. We believe that a pragmatic view is to focus on
those chemicals that a) we are exposed to and b) are biologically
active—that is, capable of inducing a biological change at the
detected level in the population. From a molecular view, almost
all exposures, including chemicals entering the body and initial
signaling molecules synthesized by the body due to nonchemical
stimuli (e.g., mental stress and light), exert their biological effects
through interacting with functional biomolecules (Peters et al.
2021; Vermeulen et al. 2020), such as DNA, mRNA (ribos-
witches), and proteins (receptors and enzymes).

We define the functional exposome as encompassing the life
course exposures to both endogenous and exogenous biologically
active molecules, which include parent compounds and metabo-
lites from host and microbes (Chen et al. 2019), enantiomers
(Fischer et al. 2014), or reactive forms of chemicals (Chung et al.
2013; Smela et al. 2002). The functional exposome contains a
reduced set of exposures at the interface of environment (nurture)
and biology (nature) that is important for explaining the variation
in disease among individuals. Indeed, the essence of the functional
exposome has been suggested by early exposome advocates
(Miller and Jones 2014; Rappaport and Smith 2010; Wild 2012),
and finding the determinants of health and diseases through the
functional exposome is analogous to using expressed sequence
tags to speed up gene discovery in the early days of genomics
(Adams et al. 1991). We define biology-based measurement
(BBM; Figure 1) as the collection of analytical methods or technol-
ogies that can characterize the molecular interaction between an
exposure and a functional biomolecule and thereby perform func-
tional exposome measurement (FEM). Functional exposomics
aims to identify the functions and sources of biologically active
exposures. It can be broadly divided into 3 steps: 1) measuring a
biologically active subset of the exposome; 2) charactering the
connections between exposures and diseases; 3) identifying the
transformation and sources of the exposures.

Types of Molecular Binding
Broadly speaking, molecular binding can be classified into two
types (Klaassen 2018). First, some interactions result in irreversi-
ble nonspecific binding of reactive electrophiles to functional
macromolecules. These reactions form adducts that can change
the biological activity of the biomolecules or initiate mutations
that can induce cancers. Second, another class of interactions
includes reversible (noncovalent) and specific binding caused by
ligands, which can be small molecules, ions, peptides, or proteins
that modulate the biological function of a target.

Approaches to Search for Biologically Active Exposures
Effect-directed analysis shares the same goal of BBM and is an
effective yet tedious approach for finding compounds of interest
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in a mixture (Brack et al. 2016). It involves an iterative sample
fractionation process by chromatography, with effect assessment
spanning from molecular bindings to whole-organism assays.
This approach has been successfully applied to identify an ozona-
tion product of the common tire chemical N-(1,3-dimethylbutyl)-
N0-phenyl-p-phenylenediamine (6PPD) called 6PPD-quinone in
stormwater. For decades, 6PPD-quinone has been responsible for
the sudden death of coho salmon (Tian et al. 2021).

Because reactive chemicals have short lifespans in vivo, their
adducts are used as proxies for exposures (Chung et al. 2010). A
chemoproteomic platform has been developed to conduct proteome-
wide mapping of targeted environmental electrophiles (Medina-
Cleghorn et al. 2015), and untargeted adductomics has also dem-
onstrated its potential to discover exposures to reactive electro-
philes (Carlsson et al. 2019; Grigoryan et al. 2016; Rappaport
et al. 2012).

For studying reversible binding, affinity selection–MS is one
option. Briefly, a selection of proteins or enzymes is incubated
with the mixtures and the bound complexes are separated with
size exclusion chromatography and characterization of the active
compounds by MS (Annis et al. 2007; Yang et al. 2020). Affinity
purification–MS (AP-MS) is a similar technology; however,
active compounds in the mixtures are pulled down by immobi-
lized biomolecules (Dunham et al. 2012).

Affinity-based methods have been applied to proteomics and
molecular biology to understand the interaction and activity of
molecules (Morris et al. 2014; Rinschen et al. 2019). Yet, there
has been no known attempt to apply an untargeted platform for
systematic identification of biologically active molecules in a
human observational study. Given that receptor binding may be
relevant to the development of complex chronic diseases, we
focus our remaining discussion on ligand–receptor binding and
the adaptation of the binding assay into the affinity purification
format, which is one of the BBM approaches for FEM. We then

discuss how BBM, exemplified by AP-MS, can address well-
known bottlenecks in data-driven studies and our view on next-
generation exposomics.

Binding Assays to Assess Effects of Exposures
Traditional molecular studies typically characterize the receptor ac-
tivity of known ligands using either binding or functional reporter
assays (Seethala and Zhang 2016). The former is a type of
biochemical-based assay using a purified recombinant protein and
engineered ligands, which are radiolabeled or fluorophore-tagged
for generating signals proportional to the binding level. The latter is
cell based and uses genetically modified cells to produce a detecta-
ble signal upon receptor activation. These assays are also used in
in vitro high-throughput screening for drug discovery in the pharma-
ceutical industry with >1million compounds (Carnero 2006; Mayr
and Bojanic 2009) and for compound toxicity in the U.S.
Environmental Protection Agency’s ToxCast project with >1,858
chemicals and 821 assays (Filer et al. 2014; Sipes et al. 2013).

Measuring the Functional Exposome
Above, we defined the functional exposome as the subset of the
exposome that consists of biologically-active exposures present
in an individual. When both ligand and receptor are known, an
optical system is a simple and sensitive choice for measurement
(Seethala and Zhang 2016). In the context of data-driven exposo-
mics, exposures are unknowns that require structural characteri-
zation and thus cannot be detected by existing binding assays.
However, biochemistry-based assays can be adapted to screen for
classes of ligands with AP-MS (Dunham et al. 2012). For exam-
ple, tagged recombinant receptors (bait) can be immobilized on a
microarray that bind to specific ligands (prey) during incubation.
After removing the unbound sample, the intensity and mass spec-
tra of the recovered ligands (putative exposures that were bound

Figure 1. Approaches to studying the exposure–response relationship. The exposome can be broadly divided into four distinct domains: living environment,
socioeconomic factors, lifestyle, and physical-chemical exposures. The effects of exposures can be studied at the ecological, in vivo, in vitro, molecular, and
in silico levels. Although exposure and response are heterogeneous, almost all causal biological effects from an exposure are explainable by the underlying mo-
lecular connections. To investigate a relationship, traditional study takes a forward approach—from exposure to response. Examples include a hypothesis-
driven design with a few predefined exposures and a semi-/fully data-driven design to conduct exploratory studies. In contrast, studies using a biology-based
measurement (BBM) approach work differently—from response to exposure—at the molecular level. The bait to capture the exposures can be a few predefined,
a particular class, or a broad-scale selection of functional biomolecules. Certain icons in the figure were made by Freepik (www.flaticon.com).
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to a receptor) are measured with HRMS (Figure 2). Here, we
describe only one of the many approaches that leverages existing
methodologies for BBM. The workflow is modular and substitut-
able. For example, baits can be immobilized on microbeads and
ligands can be detected by various HRMS platforms (Lanucara
et al. 2014; Morris et al. 2014; Wieser et al. 2012).

The entire data preprocessing pipeline for HRMS can be
applied to the raw data generated by AP-MS, including feature
detection, filtering, alignment, and normalization (Dunn et al.
2011). There are online resources (Tautenhahn et al. 2012; Xia
et al. 2009) and offline software (Uppal et al. 2013; Yu et al.
2009) for data and bioinformatic processing, and data can be
exported for additional visualization and statistical analyses by,
for example, a correlation globe (Chung et al. 2018; Patel and
Manrai 2015). Depending on the research questions, the signals
can be summarized and presented by three matrices: subject by
feature, subject by receptor, and receptor by feature (Figure 2).
The first data representation will fit directly into an EWAS frame-
work in which chemical features are used as the input variables.

Opportunity and New Areas

Although BBM quantifies chemical exposures akin to current-day
HRMS, it has three innovative aspects that provide solutions to
solve some of the well-known barriers in data-driven exposomics
in real-world scenarios (Table 1; Figure 3A–C). Specifically, the
challenges include low dose exposures, annotation of features in
untargeted measurement, and mixture exposures.

Enrichment and high-throughput screening. Much of the
blood exposome consists of low-abundance features that are
poorly characterized by untargeted HRMS, sacrificing sensitiv-
ity for wider coverage (Rappaport et al. 2014). The pull-down
format of AP-MS is equivalent to enriching the samples—keep-
ing potentially interesting ligands while removing the nonbind-
ing species—thereby increasing the signal-to-noise ratio and
sensitivity of the measurement (Chung et al. 2014; Florentinus-
Mefailoski et al. 2014).

Another benefit of AP-MS is the optional use of liquid chro-
matography (LC) to separate complex components. Unlike many

Figure 2. Using a biology-basedmeasurement approach to characterize the functional exposome. The assay can be implemented in the form of affinity purification–
mass spectrometry in six steps. (1) A group of individuals (n) is sampled. (2) Biofluids, such as plasma, are isolated from blood and (3) loaded to themicroplate (each
well is coated with one type of receptor) to capture circulating ligands. (4) After incubation, ligands are extracted and (5) characterized by mass spectrometry. (6)
Data can be presented in three different matrices (n by feature, n by receptor, and receptor by feature) with signals integrating across features or receptors for down-
stream analyses. A key advantage of this approach is that functional analysis of the exposome is possible without upfront feature identification because molecular
exposures are biophysically linked to receptors with known functions. Certain icons in the figure weremade by Freepik (www.flaticon.com).

Table 1. Expected opportunities and limitations of using a biology-based measurement approach in exposomics studies.

Opportunities Limitations and uncertainties

The functional exposome is mapped to the genome by biophysical interac-
tions in the data generation step, providing mechanistic insights for stat-
istically associated relationships.

Not all receptors can be directly used without further assay development
(e.g., transmembrane receptors).

The workflow is modular and capable of switching to different types of
functional biomolecules (e.g., DNA, RNA, protein) and different omics
platforms to measure the ligands (e.g., proteomics for peptide ligands).

Compared with the gold standard of measurement (LC-MS/MS), detection
rate in the general population is still an unknown.

The approach leverages existing biochemical and MS technologies.
Minimal development is needed.

Exact biofluid volume requirement per person is uncertain but, based on
experience, is likely in the range of 300–600 lL.

Approach is tailored to discovery study in exposomics; data is used to
drive EWASs for finding new exposures associating with diseases.

Although upfront compound confirmation of the unknown is not required,
ultimately, structural characterization is still needed to link sources and
additional information from the literature.

Environmental samples, such as dust extracts and water samples, can com-
plement biological samples to provide a bigger picture of the functional
exposome.

Non-host compounds are expected to be dominating in the biofluid mea-
surement but this awaits characterization and confirmation.

Note: LC, liquid chromatography.
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optical detection systems capable of massive parallel measure-
ment, LC-HRMS operates in a serial fashion, and a chromatogra-
phy gradient profile typically takes 30–60 min per sample to
produce (De Vos et al. 2007; Yuan et al. 2012). Enriched samples
have a clear matrix and therefore can be analyzed directly by
novel commercialized high-throughput HRMS, taking only 10–
60 s per sample (Kempa et al. 2019).

Annotating the dark matter. The Metabolomics Standards
Initiative has set identification standards of features from MS that
have four levels of confidence (Sumner et al. 2007): a) unknown
compounds that are differentiable and quantified; b) putative char-
acterization by compound class; c) putative identification by
matching either or both of the accurate mass and spectrum to the
records in libraries; and d) compound confirmation by comparing
properties with those of an authentic reference standard.
Untargeted HRMS can detect 10,000–20,000 features in blood
samples, but even though there are accurate mass measures and
retention times, up to 80% cannot be identified (Uppal et al.
2016), and of those putatively identified, only a small fraction
can be reported with higher confidence (Go et al. 2015b; Walker
et al. 2016a, 2016b). Further, sources and biological effects of
the identified compounds may not be available in the literature,
making meaningful inference of their potential roles in disease
development difficult. This is an important drawback for using
conventional untargeted HRMS to investigate the biological
plausibility of potential health effects arising from thousands of
features.

In contrast, each feature detected by BBM is a molecular en-
tity that is physically bound to a receptor modulating a known bi-
ological function and is, therefore, intrinsically interesting and
functionally interpretable without a priori feature identification.
To accelerate the pace of discovery, functional annotation com-
plements existing approaches to eventually identify unknown

features. For example, binding information could enhance the
interpretability of correlation-based network analysis of features
(Quinn et al. 2017; Uppal et al. 2016).

Analyzing mixtures. Humans are exposed to complex chemi-
cal mixtures from endogenous and exogenous sources that are
common to everyday life (Rappaport and Smith 2010). Past epi-
demiological studies have tended to analyze only one or a few
exposures and confounders at a time. This practice can inflate
false positives and lead to publication bias because the effects of
multiple comparisons are typically not considered (Ioannidis
2005, 2008) or may be confounded by variables not assayed in
the study. In addition, it eliminates the opportunity to study how
multiple exposures can interact in disease processes. In its 2018–
2023 strategic plan, the National Institute of Environmental
Health Sciences highlighted this problem as a focus area for
future research (Birnbaum 2017).

To address this problem, we can analyze multiple exposures
together with statistical methods that are robust to model assump-
tions or account for the correlation among predictors. These
methods generally involve data reduction to enhance interpreta-
tion—methods such as (sparse) partial least squares regression,
elastic net, and Bayesian kernel machine regression (Agier et al.
2016; Lazarevic et al. 2019; Taylor et al. 2016)—and have been
compared in terms of computational performance and strength
and weakness—such as bias-variance tradeoff and in epidemio-
logical settings (James et al. 2017; Patel 2017)—to understand
the best-use scenarios.

In toxicology, the mixture problem is addressed with an
effect-based approach. Exposures with structural similarity (e.g.,
polychlorinated biphenyls and dioxins; polycyclic aromatic
hydrocarbons; xenoestrogens) generally act together because
they share the same mode of action (i.e., acting on the same re-
ceptor). The joint effects can reasonably be assumed to be

Figure 3. Key advantages of using a biology-based measurement approach to study the functional exposome (FE), where nature meets nurture. (A) Enrichment
is not required as an extra step but, rather, intrinsically provided by the pull-down assay format. (B) Each detected feature is functionally annotated by the cor-
responding binding receptors. (C) Health impacts can be assessed in two ways: coexposure correlation or shared mode of action. (D) Each feature can be
assigned to a unique reference FE identifier (Ref. FE ID), which is characterized by an accurate mass, the functional molecules (e.g., binding receptors), and
other attributes (e.g., mass spectra, detection frequency in the population). The mapping, cataloging, and sharing of exposure information allow unambiguous
communication of knowns and unknowns across studies. Certain icons in the figure were made by Freepik (www.flaticon.com). Note: RT, retention time.
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additive, and hence their effects can be expressed in a relative
scale as toxic equivalency factors (TEFs). The total toxicity of a
mixture, called the toxic equivalent, is the weighted sum of the
individual TEFs by concentration (Nisbet and LaGoy 1992; Van
den Berg M et al. 1998).

BBM presents mixture exposure data in two ways (Figure 2).
For features as input variables (i.e., integrating intensity across
receptors), we can apply off-the-shelf regression approaches to
identify associations and coexposure patterns. On the other hand, a
complex mixture contains thousands of compounds and those with
the samemode of action mostly have additive effects (Kortenkamp
2014). The rest of the compounds act independently because syn-
ergy generally does not occur at low doses (Escher et al. 2020).
Assuming receptor activation is proportional to ligand binding af-
finity, the overall effect of a mixture on a receptor can be estimated
by integrating the intensity across features.

Envisioning the Next-Generation Exposomics
From another perspective, BBM is essentially an approach to map
the exposome to biological function. This mapping strengthens the
functional analysis of exposures because biological inference is
both statistical and mechanistic—in this case, involving biophysi-
cal interactionswith receptors of known biological function.

HRMS generates accurate mass for library matching. Even
so, multiple compound matches for a single feature is common
and the ambiguity makes sharing the masses of features hardly
useful (Uppal et al. 2016). Because binding is structurally spe-
cific to each receptor, in addition to mass and spectrum, BBM
can use mapping to receptors as an orthogonal parameter suitable
for assigning unique functional exposome identifiers (similar to
reference single nucleotide polymorphism identifiers in GWASs).
We claim that creating a catalog of distinct and nonredundant
entries of known chemicals and unknown features in a central
sharing platform opens new ways to interpret the exposures and
to permit systematic comparisons across studies (Figure 3D).

Crowdsourcing the Unknown Exposures in the Catalog
The exposome is a growing entity. Since 1800, new chemical
compounds have been synthesized at a stable 4.4% annual growth
rate (Llanos et al. 2019). Still, it is possible to gain additional
insights on the unknown exposures with an open-access and
crowdsourced catalog. First, unknown exposures could be sys-
tematically analyzed across multiple diseases. Assume exposure
A binds to receptor K. If A was associated with two diseases in
the same category (e.g., both are neurological), then the expo-
sure–receptor pair could be mechanistically related to disease de-
velopment. The exposures with broader biological significance
could be priority exposures, whereas those with high specificity
to a particular disease could play a causal role. Second, it is possi-
ble to glean the spatial patterns and temporal variability of the
exposures from multiple studies and establish a background level
for comparison (Vermeulen et al. 2020). We can ask questions
such as the following: Is it a long term exposure? Is there season-
ality? Does the prevalence of an unknown exposure match that of
a disease? Reproducibility of the association between an
unknown and a disease could also be assessed. Third, the
research community can coordinate their resources to conduct
structural identification of unknown features. Priority and impor-
tance of features can be assigned by voting, and the catalog can
be updated with the latest identification results. In short, the cata-
log could reinforce causal inference (Ioannidis 2016) and coa-
lesce knowledge gained on the roles of known and unknown
exposures from field-specific studies.

Fine Mapping of Exposures to Mixtures
We foresee that in the coming decade, conventional targeted and
untargeted measurement approaches will continue to be har-
nessed in observational studies because they will still be cheaper
than BBM. Nevertheless, conventional studies could, we predict,
indirectly benefit from BBM when the significant signals or tar-
geted interests overlap with the records in the catalog.

Fine mapping of associated or selected exposures to meaning-
ful mixtures may have three implications. First, it may provide
biological interpretation of the statistical associations of EWASs.
For example, are the exposures associated with a disease mostly
the ligands of a particular receptor? Second, the catalog may
guide the design of hypothesis-driven or experimental mixture
study. Conventional targeted studies test a predefined exposure–
disease relationship. By using the predefined exposure as a
marker, the catalog may provide a set of meaningful mixtures for
further investigation. Third, the mapping information may facili-
tate rare exposure analysis. Most of the EWASs include a data fil-
tering step to remove rare exposures prior to statistical analysis.
Assuming the exposures binding to the same receptor or same
category of receptors have similar biological effects, their signals
could be combined and thus increase the statistical power to
detect a potential effect (Chung et al. 2019).

Technology Development
There are many different functional protein targets for BBM, such
as plasma proteins, transport proteins, chemoreceptors, and
enzymes. At present, there are 48 nuclear receptors (Mangelsdorf
et al. 1995) and roughly 750 G protein-coupled receptors
(Vassilatis et al. 2003). A small subset of receptors (e.g., estrogen
and androgen receptors) relevant to some of the ubiquitous syn-
thetic or natural xenoestrogens such as genistein, phthalates, and
bisphenol A could be selected (Lee et al. 2013) (Table 1). In the
future, successful development of a bio-bait microarray will lower
the requirements for large-scale and routine profiling of the func-
tional exposome, such as in the National Health and Nutrition
Examination Survey (Sobus et al. 2015). Although the measure-
ment technologies for BBMcan be borrowed from other fields, sig-
nificant investment and concerted efforts are still needed for
optimizing sensitivity, scaling up capacity, setting up data collec-
tion and sharing standards, and assessing reproducibility.

Conclusions
We acknowledge the monumental advancements made in exposo-
mics in the past 10 years that focused largely on answering the
“how” questions, such as how to get more accurate and convenient
measurements and how amolecular or complex exposures can exert
effects on the development of chronic diseases. In contrast, biology-
driven exposomics focuses on the “what” questions to help scale the
search for causal exposures. In this commentary, we have articu-
late conceptually how AP-MS can address well-known barriers
in data-driven studies. Creating a biophysical map of the expo-
some to guide mixture studies will help to lower the barrier of
entry for exposome research between disciplines in public health
and biomedical sciences.

In the era of next-generation exposomics, we envision that
health researchers will have accessible tools that strike a balance
between answering questions of how and what. In our view,
through tighter integration with the genome and other subcellular
networks, we will have better capability to study the totality of
exposures and decipher the known unknowns and unknown
unknowns in the exposome. We need to invest and embrace a
new technological approach that can bring us closer to identifying
the environmental causes of complex diseases.
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