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Abstract

Human health and disease reflects a complex interplay between the genome and the exposome. High-resolution mass spectrometry
(HRMS)-based metabolomics routinely measures thousands of endogenous, dietary and xenobiotic chemicals. However, confident
identification of exposure-related chemicals remains a challenge as a significant portion of chemical signals detected in metabolo-
mics analyses remains uncharacterized. Illuminating the “dark matter” of the exposome cannot be accomplished efficiently if the
prevailing approach depends on the use of purified authentic standards that are not readily accessible for most laboratories. An alter-
native approach involves chemical exposure “contact tracing” analogous to contact tracing used to track the spread of infectious dis-
ease. For transmissible diseases, contact tracing identifies sets of potentially infected individuals that are linked by close contact to a
confirmed positive case. Similarly, chemical exposures can be identified by establishing sets of xenobiotic metabolites that are linked
to the original exposure via enzymatic biotransformation. Here, we provide a commentary on how incorporating enzyme-based
strategies for chemical contact tracing enables -omics scale characterization of chemical exposures to further illuminate the “dark
matter” of the exposome.
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Introduction
We live in a chemical world, and chemicals live within us. Over

the course of our lives, humans are intentionally or unintention-

ally exposed to chemical compounds in the spaces we inhabit, air

we breathe, liquids we drink, foods we eat, drugs and supple-

ments we take, and the products we use. Currently, over 350 000

compounds are documented within the chemical space of poten-

tial human exposures,1 with approximately 40 000 compounds

having been previously reported in human blood.2 Following

exposure, these chemicals can distribute throughout our bodies

and be converted into different chemicals via enzymatic

biotransformation, light or metal-catalyzed reactions or other

spontaneous mechanisms, with both precursors and products

potentially impacting cellular functions with implications for

human health. Because the accumulation of complex, low-level

environmental exposures over the lifespan contributes to human

disease risk,3 there is a need for analytical methods capable of

delivering “-omics” scale information on environmental expo-

sures.4-6

High-resolution mass spectrometry (HRMS)-based metabolo-

mics, perhaps the most widely used platform for exposomics,

offers the potential to measure tens of thousands of endogenous,

microbial, and xenobiotic chemicals from single samples.7-10

Routine HRMS analyses from human plasma capture over 20 000

detected chemical features, providing information on a scale

comparable to the 20 000þ genes analyzed by genomics.11

Individual chemical features may represent multiple ions corre-

sponding to a single chemical.12,13 However, workflows that auto-

matically group features (isotopes and adducts) together may

miss physiologically important information since sample-specific
differences in alkali metal ion concentrations can affect metabo-
lite adduct formation14 and differences in carbon and/or nitrogen
assimilation pathways can affect expected natural isotope distri-
butions.15 Despite the continual growth of computational tools
and chemical databases to aid chemical annotation, the majority
of detected chemical features are not confidently identified.8

Current standard practice for chemical identification require
multiple orthogonal properties (e.g. accurate mass m/z, retention
time [RT], ion fragmentation spectra, and collisional cross section
[CCS]) of an experimental peak of interest to match properties
obtained from analysis of an authentic reference material,
usually in the form of a purified chemical standard.16,17 However,
the limited availability of authentic standards and the inability to
collect orthogonal information on low-level chemical exposures
in real samples poses a real challenge for exposome epidemiol-
ogy. For metabolomics to provide useful information on the “dark
matter” of the exposome, alternative strategies for identifying
low abundance chemical exposures are needed.

In principle, a “contact tracing” strategy for chemical expo-
sures analogous to contact tracing strategies implemented for
infectious disease could improve identification of low abundance
unidentified chemical exposures for metabolomics. In the con-
text of infectious disease, contact tracing establishes a network
of potentially infected individuals that are linked by close contact
to a confirmed positive case.18 By establishing a point of origin
(confirmed positive case) and potential points of transmission
(close contacts), higher risk “sets” of individuals can be identified
for mitigation purposes. Similarly, exposure contact tracing for
metabolomics would rely on metabolism to define the network of
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internal exposures (i.e. the set of downstream metabolites)
that are linked to chemicals present in the original exposure
(Figure 1A). Enzymes drive metabolic reactions and link external
exposures to the internal environment. Over 130 human
enzymes facilitate metabolism and biotransformation of xenobi-
otics.19-22 These enzymes generally catalyze Phase I oxidation,
reduction, hydrolysis, or Phase II conjugation reactions for bioac-
tivation or detoxification. A literature review of the biotransfor-
mation of 1171 xenobiotic compounds concluded that xenobiotic
metabolizing enzymes generate, on average, six metabolites per
compound.23 Recent studies of xenobiotic metabolism show that
additional uncharacterized metabolites can be identified with
HRMS, with some chemicals generating more than 25 metabo-
lites.24-27 Enzymatic biotransformation generates secondary,
tertiary, and additional uncharacterized derivative internal
exposures with different pharmacodynamic/toxicodynamic and
pharmacokinetic/toxicokinetic properties compared with the
original exposure (Figure 1B). Therefore, a sampling of the inter-
nal environment following a chemical exposure should reveal a
subset of multiple co-occurring metabolites (arising from bio-
transformation, adducts, or other chemical transformations)
that can be directly linked to the original xenobiotic exposure.
Some chemicals and/or their metabolites may even persist in
the body for weeks, months, or even years.28 This is an impor-
tant consideration for cross-sectional studies, where the timing
of sample collection following acute or chronic exposures will
determine the subset of co-occurring metabolites that can iden-
tify a chemical exposure. Including experimentally generated
low abundance metabolites (which may only be characterized
by its m/z and RT) in xenobiotic metabolite sets would allow
corresponding low abundance and otherwise unidentified
metabolites that co-occur with other known xenobiotic meta-
bolites to be “contact traced” back to a particular chemical
exposure (Figure 1C). It is important to note here that the goal

of chemical contact tracing is not to identify every single xeno-
biotic metabolite in the sample, but rather to identify exposures
based on co-detection of related metabolites characteristic of
a particular exposure.

Our group recently introduced a framework for enzyme-based
compound identification (EBI) for chemical exposure contact
tracing.29 EBI complements existing chemical identification
workflows by incorporating precursor–product relationships in-
herent to metabolism as a criterion for metabolite identification.
EBI is based on the curation of xenobiotic metabolite sets, which
are defined by a xenobiotic precursor and their product metabo-
lites, each with associated m/z and RT at a minimum, and ion
fragmentation spectra and/or CCS values, if available. To some
extent, xenobiotic metabolism by host and microbial enzymes
can be predicted,30 allowing hypothetical xenobiotic metabolite
sets to be generated computationally, with each metabolite
potentially having in silico predicted ion fragmentation spec-
tra,1,31,32 RTs,33-35 and/or CCS values.36,37 These computational
methods facilitate the process of metabolite annotation, with
annotations essentially serving as a “testable hypothesis” about
the identity of a detected metabolite. Curating an experimentally
validated xenobiotic metabolite set then would involve empirical
evaluation of precursor xenobiotic compounds (defined as refer-
ence materials) and their enzymatically synthesized metabolites
(biological derivatives of a reference material) to obtain accurate
mass m/z, RTs, ion fragmentation spectra (if possible), or CCS val-
ues (if possible) for xenobiotics and their associated metabolites.
Incorporating these criteria into MS-based chemical identifica-
tion workflows have been discussed previously38 and implemen-
tation will require large-scale curation of experimentally
validated xenobiotic metabolism pathways39,40 and assembly of
this information into publicly accessible data formats.

To accomplish this on a large-scale, we developed a practical
method to curate experimentally validated sets of xenobiotic
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Figure 1. A theoretical basis for contact tracing chemical exposures. (A) Metabolism defines the internal exposure following exposure to environmental
chemicals. A chemical that enters the body can be subjected to biotransformation by Phase I or II enzymes, as well as non-enzymatic reactions that
may be catalyzed by light or metals. Thus, chemical contact tracing relies on identifying biotransformation products (or other non-enzymatic
metabolites) that define the internal exposure to identify the original external environmental exposure. (B) Metabolism defines the sets of metabolites
that can be detected at different time-points following exposure. Biotransformation enzymes catalyze Phase I and II metabolism to determine the
internal exposure. (C) Reference xenobiotic metabolite sets can be used to identify relevant exposures in humans even if they are low abundance and
cannot be identified by existing criteria. A xenobiotic metabolite set consists of precursor compounds (closed dots) that are linked to metabolites (open
dots). For most chemical exposures, more than two related metabolites should co-occur in the same sample. Additional colors represent additional
exposures and associated biotransformation products.

2 | Exposome, , Vol. 1, No. 1



metabolites for EBI purposes.29 Because liver metabolic activity is
a major determinant of the set of xenobiotic biotransformation
products generated in vivo following exposures, we incubated xe-
nobiotic compounds with pooled human liver S9 enzymes to gen-
erate xenobiotic metabolites in vitro for HRMS characterization.
Pooled human liver S9 fractions contain cytochrome P450 (P450),
flavin monooxygenase (FMO), aldehyde oxidase, xanthine oxi-
dase, uridine glucuronosyltransferase (UGT), sulfotransferase
(SULT), N-acetyltransferase (NAT), methyltransferase, and gluta-
thione transferase (GST) enzymes, providing Phase I and II bio-
transformation activities similar to human hepatocytes.41 By
transforming a single xenobiotic compound into a set of enzy-
matically generated xenobiotic metabolites, the analysis of a sin-
gle chemical standard is elevated into a mixtures analysis of
compounds representative of the internal exposure. HRMS analy-
sis of S9 reaction extracts showed that S9 enzymes produced
expected and also previously uncharacterized metabolites from
diverse xenobiotics. Accurate mass m/z, RTs, and ion fragmenta-
tion spectra (for higher abundance metabolites) for each set of
xenobiotic metabolites (includes m/z and RT for low abundance
metabolites) were used to identify corresponding undocumented
diet, drug, and environmental chemical exposures from human
samples. For example, we detected unique patterns of chemical
exposures in people, with multiple co-occurring Phase I or II xe-
nobiotic metabolites corresponding to drug use, naphthalene ex-
posure, diet-derived piperine (from black pepper), or other
xenobiotics found in human plasma and urine samples. Some
exposures, like piperine, were detected in more than 80% of sam-
ples, and others, like naphthalene, were detected in less than
10% of samples. These metabolites were detected in human sam-
ples at their characteristic accurate mass m/z and RT values as
generated from analysis of S9-enzyme generated xenobiotic
metabolites. Additionally, at least one xenobiotic or xenobiotic
metabolite from each detected xenobiotic metabolite set was
confirmed from matching ion fragmentation spectra and RTs
from experimental samples to those obtained from analysis of S9
reaction mixtures. In principle, our work shows that an EBI work-
flow can be used to contact trace chemical exposures for mass-
spectrometry-based exposomics. However, statistical models to
establish identification probabilities (for exposures) will need to
be evaluated using real world data. Because the complete set of
downstream metabolites arising from an exposure may not be
detectable in a given experimental sample, an empirical probabil-
ity for the expected number of co-occurring metabolites within
each xenobiotic metabolite set could be employed. This could be
accomplished by establishing population means (6standard devi-
ation) for the number of biotransformation products detected per
confirmed xenobiotic exposure in large-scale human metabolo-
mics studies.

Unannotated chemical features that are likely to be identifi-
able should be biochemically related (linked by a one or two step
reaction) away from a known compound. Therefore, curating ex-
perimentally validated xenobiotic metabolite sets not only
increases the number of metabolites that can be validated from a
single starting compound (accelerating coverage of chemical
space), but also allows for identification of low abundance expo-
sures that cannot be otherwise identified using widely adopted
chemical identification criteria. For example, our S9 incubations
with caffeine showed production of a metabolite with accurate
mass 213.0981 m/z (C8H12N4O3) which corresponds to an unex-
pected hydration product of caffeine. Although the structure
could not be fully elucidated using mass spectrometry alone, we
saw that 213.0981 m/z was detected in mice following oral gavage

of caffeine, and that 213.0981 m/z was correlated with caffeine in
human plasma, establishing multiple lines of evidence to identify
213.0981 m/z as a caffeine-related metabolite in humans. While
earlier research on caffeine metabolism42 shows that
213.0981 m/z could be 6-amino-5-(formyl-N-methylamino)-1,3-
dimethyluracil, this was not a predicted metabolite of caffeine
using Biotransformer,30 and also not present in common metabo-
lite databases as a caffeine-associated metabolite. There are
likely many more unexpected (unpredicted or metabolites that
are not present in chemical databases) or otherwise uncharacter-
ized metabolites that can be identified by this contact-tracing ap-
proach, since biotransformation studies of thousands of
xenobiotics will likely yield additionally thousands of unexpected
and/or uncharacterized metabolites that may be detectable in
the human exposome.

In principle, use of enzyme-based identification will enhance
interoperability of metabolomics data. Because enzymes catalyze
discrete modifications with characteristic mass shifts, these pre-
cursor–product relationships are preserved across different ana-
lytical platforms. For example, we are able to detect
acetaminophen (C8H9NO2) and its glucuronide (C14H17NO8) using
both HILIC chromatography with positive electrospray ionization
and C18 chromatography with negative electrospray ionization
with each pair of detected ions differing by the mass of a glucuro-
nide (C6H8O6), 176.0321 m/z.29 While the RTs for these two metab-
olites were different from one another on each platform, the RTs
on both columns for acetaminophen and its glucuronide in hu-
man samples matched those observed from analysis of S9 en-
zyme incubations with acetaminophen. Employing RT shifts with
mass defect filtering43 could also be applied to link precursor–
product pairs in HRMS data.

To facilitate community use, open format mass spectrometry
data are available at Metabolomics Workbench44 and curated xe-
nobiotic metabolite sets are published online at metabolomic-
s.cloud.29 Certainly, there remain substantial challenges to
harmonizing exposomics data collected across multiple laborato-
ries across multiple methods. Pre-analytical (sample storage,
processing, and preparation) factors influence metabolite stabil-
ity and recovery (the chemical space that is sampled) prior to in-
strumental analysis. How the data are collected (instrumentation
[mass analyzer, e.g. Time-of-flight, Orbitrap, Fourier Transform
and Quadrupole], separation mechanisms [chromatography and
ion mobility], ion source parameters [mass ranges, ionization
mechanism, polarity and fragmentation energy]) influences sen-
sitivity and selectivity of metabolite detection, as well as metabo-
lite quantification. Furthermore, several post-analytical data
processing workflows for peak extraction, alignment, formula as-
signment, and annotation can be used. In principle, common
analyses of shared samples across different laboratories (using
different methodologies) should identify similar sets of expo-
sures. However, because some exposures generate common
metabolites (e.g. benzoic acid could arise from dietary benzoic
acid or biotransformation of toluene) or isobaric xenobiotics be-
ing converted into common masses (e.g. alpha-naphthoflavone
and beta-naphthoflavone), establishing the prevalence of a par-
ticular exposure and its distribution within a population could
enable probability-based ranking of exposures. Alternatively,
some xenobiotic exposures may require specific targeted
approaches that capture additional information (MSn, appropri-
ate chromatographic conditions, ion mobility) to achieve ade-
quate selectivity to confidently identify an exposure.
Nonetheless, continued curation of xenobiotic sets and integra-
tion of these for broader use with pathway enrichment analysis
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tools45,46 or the GNPS infrastructure47-49 will help to facilitate in-

teroperability between laboratories within a framework for

community-based exposure assessments.
Chemical contact tracing, with each metabolite directing focus

back to a chemical exposure, provides an important step forward

for exposome research. Consequently, adopting enzyme-based

identification concepts as outlined here should enhance capabili-

ties to link cumulative human chemical exposures to health out-

comes. As additional in vitro systems for generating metabolites

from lung, skin, kidney, intestinal, or even microbial enzymes are

developed, tissue-specific metabolite sets can be curated to fur-

ther characterize internal exposures. Furthermore, coupling en-

zymatic biotransformation to large-scale analysis of complex

environmental mixtures would allow curation of sets of chemical

co-exposures and associated metabolites to define metabolic sig-

natures of complex human exposures. In principle, larger quanti-

ties of metabolites derived from any particular exposure can be

generated for isolation and characterization with NMR and bioac-

tivity screens. Ultimately, as the field moves to adopt chemical

contact tracing and bioactivity-guided exposomics,50 potential

causal environmental determinants of the human condition can

be identified, even if they are currently considered “dark matter.”
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