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Field-based environmental metabolomics offers a powerful tool for examining how organisms respond to

complex mixtures of chemical and environmental stressors. When coupled with traditional ecotoxicology,

metabolomics can help reveal mechanistic pathways; however, laboratory-based tests cannot fully repli-

cate the dynamic, multifactorial conditions of natural ecosystems. This review synthesises current

advances, challenges, and opportunities in applying metabolomics to ecotoxicology under real-world

field conditions. We highlight the growing use of wild-caught organisms, caged exposures, mesocosms,

and laboratory studies using field-collected samples to detect sub-lethal metabolic disruptions associated

with contaminants such as PFAS, metals, organic pollutants, and wastewater-derived mixtures of com-

pounds. Key themes include the sensitivity of metabolomics to early physiological changes, integration

with complementary chemical and ecological data, the challenges in distinguishing natural variability

from contaminant effects, the importance of establishing baselines and dose–response relationships, and

the need for improved QA/QC and metadata reporting. As the methodological and logistical challenges

are overcome, metabolomic profiles from field-exposed organisms are increasingly demonstrating value

for environmental risk monitoring and forecasting. Environmental metabolomics has been successfully

used for environmental monitoring, supporting regulatory frameworks, and identifying mechanistically

grounded biomarkers of exposure and effects. However, to realise its full potential, coordinated efforts

among current and future metabolomics practitioners are still needed to advance the current

Metabolomics Standards Initiative (MSI) guidance. The MSI should, ideally, be expanded to include

common standardised workflows, strengthen bioinformatics infrastructure, expand case studies, and fully

embed and integrate metabolomics within routine environmental assessment and decision-making pro-

cesses, thereby transitioning these ‘academic’ approaches into practical regulatory tools.

Introduction

Understanding the impacts of climate change and environ-
mental contaminants on wildlife requires approaches that

reflect the complexity of natural ecosystems. Field-based eco-
toxicology can enhance environmental monitoring by captur-
ing the multifaceted, fluctuating, and competing processes
and conditions that organisms experience in the wild—con-
ditions that are difficult, if not impossible, to replicate and
control in a laboratory setting.1,2 In natural environments,
organisms are exposed to mixtures of chemical stressors, vari-
able temperatures, changing trophic dynamics, disease and
other environmental pressures that interact in ways we do not
yet fully understand.1,3,4 Moreover, many ecologically relevant
species cannot be readily maintained under laboratory con-
ditions due to their size, complex life histories, and/or sensi-
tivity to handling. This means that critical biological and
exposure data can only be obtained through field-based
studies. Studying biological responses under environmentally
relevant conditions improves environmental risk assessment.
Metabolomics enables linking mechanistic biochemical
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changes to adverse outcomes and other responses/changes
that are not biochemical, while capturing realistic exposure
scenarios, thereby enhancing ecological relevance and inform-
ing more effective management and conservation strategies.2

Environmental metabolomics is maturing as a powerful
tool for investigating biochemical responses to environmental
stress.1 Metabolomics provides a comprehensive snapshot of
an organism’s physiological state and is highly sensitive to
early changes induced by contaminants and other stressors.1

Because metabolites are downstream products of gene
expression and protein activity, metabolomics can detect
subtle, sub-lethal effects (biomarkers) before traditional end-
points are observed (i.e., reduced growth or impaired reproduc-
tion).5 This sensitivity makes metabolomics particularly valu-
able for assessing contaminants, including per- and polyfluor-
oalkyl substances (PFAS), metals, organic pollutants, and other
complex mixtures in natural environments. It also highlights
its potential role in effects-based monitoring and investigating
cumulative effects on wildlife.1,5–11

Despite this promise, metabolomics is still not widely used
in environmental regulation or risk assessment. Several factors
underpin this gap. Natural variability makes it challenging to
distinguish contaminant-driven effects from background
noise; baseline metabolic ranges are poorly defined for most
species; and consistent frameworks linking metabolic changes
to adverse outcomes or regulatory thresholds remain limited.
In addition, inconsistencies in field sampling, analytical work-
flows, QA/QC, metadata reporting, and bioinformatic interpret-
ation continue to hinder reproducibility and comparability
across studies. As a result, although metabolomics can provide
mechanistic insight, its operational use in routine monitoring
and regulatory decision-making remains constrained.

Laboratory-based and field-based metabolomics each
address different components of the challenge to make meta-
bolomics mainstream. This complementary relationship is
illustrated in Fig. 1, which contrasts the controlled mechanis-

tic resolution of laboratory metabolomics with the natural
environmental exposure conditions and integrative exposure
profiles captured in field-based studies. The figure illustrates
how laboratory studies provide controlled, mechanistic insight
into metabolic disruptions caused by specific contaminants,
while field studies capture ecologically realistic responses
shaped by variable environmental conditions and mixed stres-
sors. Together, these complementary perspectives strengthen
the interpretation of metabolic biomarkers and enhance the
ecological relevance of metabolomics in environmental assess-
ment. When integrated, the two approaches provide a more
complete picture of exposure and effect. Field-based metabolo-
mics cannot replace controlled experiments; rather, it comp-
lements them by capturing ecologically realistic exposure con-
ditions that help generate and prioritise hypotheses for
mechanistic testing. Addressing the practical and interpretive
challenges of field-based metabolomics, along with laboratory
and mesocosm validation, is essential for advancing metabolo-
mics toward regulatory readiness.

To avoid overinterpretation, field-based metabolomics
measurements should, ideally, be embedded within a frame-
work that includes direct environmental chemistry (e.g., water,
sediment, soil), organism contaminant burdens (bioaccumula-
tion), and controlled experiments that constrain dose and
other confounding variables. In this hybrid continuum, field
studies provide exposure realism and relevance, while labora-
tory and mesocosm studies establish causality, mechanism,
and quantitative thresholds. This mirrors the established tra-
jectory of environmental health science, where biological
mechanisms are first resolved under controlled laboratory con-
ditions and are subsequently confirmed and contextualised
through field observations of exposure, bioaccumulation, and
ecological impact. The objective of this review is to synthesise
key developments, challenges, and opportunities for the appli-
cation of metabolomics in field-based ecotoxicology and
environmental assessment. Rather than presenting an exhaus-

Fig. 1 Comparison of laboratory-based and field-based metabolomics approaches.
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tive survey, we focus on major themes emerging from studies
using wild-caught organisms, caged deployments, mesocosms,
field-derived samples, and wildlife-derived cell lines. We high-
light where metabolomics has already demonstrated value in
detecting sub-lethal effects, identifying biomarkers, and
linking exposure to mechanistic pathways. We also consider
where limitations continue to impede adoption. By drawing
together methodological insights and identifying areas where
standardisation, improved data infrastructure, and clearer
interpretative frameworks are needed, we aim to clarify how
field-based metabolomics can contribute effectively to environ-
mental monitoring and risk assessment in future.

Metabolomics in ecotoxicology and
environmental science

One of the advantages of metabolomics is that it enables the
detection of metabolic changes indicative of sub-lethal stress
well before more traditional ecotoxicological endpoints, such
as reduced reproduction or growth, become apparent.1 This
makes metabolomics useful in ecology and environmental
science studies, particularly for examining sub-lethal effects of
contaminants of emerging concern, such as micro/nanoplas-
tics12 and PFAS.13

The sensitivity of metabolomics is, however, somewhat of a
double-edged ‘biochemical’ sword. On the one hand, a specific
early warning signal of potential harm to an organism or
population would allow action to be taken before permanent
damage occurs. On the other hand, how do we know that any
observed changes will cause adverse effects, specific and large
enough to warrant action? This is analogous to a metabolo-
mics point-of-departure (POD) concept (i.e., a dose, concen-
tration, or exposure level at which a defined biological
response is first detected and is then used as the starting point
for deriving health- or environment-based guideline values).14

Changes in metabolism occur constantly, including diurnal
fluctuations, circalunar rhythms, seasonal variations in light
and temperature, and fluctuations related to feeding and
normal homeostatic mechanisms. In a human context, it is
possible to detect metabolic changes before and after our
morning coffee, or before and after taking medication, food,
or alcoholic drinks.15 In each case, there might be a detectable
biological change; it might even be a significant change from
the normal functioning, yet remain biologically inconsequen-
tial. How do we separate natural changes from damaging
alterations in metabolism with potentially irreversible down-
stream adverse effects, and, if we could, would such biochemi-
cal data be sufficient for environmental regulators to act?
These challenges, along with suggestions for addressing them,
are discussed in Beale et al.16

The key question for metabolomics is not whether a change
is detectable, but whether the exposure to a stressor causes a
metabolic shift, and how that shift fits within the broader
cause-effect continuum—i.e., contextualised PODs. Addressing
this requires asking several follow-up questions, such as:

1. Is the change outside normal ranges for the metabolites
involved in the species in question? If so, how many metab-
olites are outside normal ranges?

2. How long does any observed change persist? Is it tempor-
ary or lasting?

3. Do the metabolic shifts lead to downstream biological
effects?

4. Do these changes indicate potential harm at the organ-
ism, population, or community level, and can they be linked to
Adverse Outcome Pathways (AOPs) – linking the biological
response following a chemical stressor to adverse outcomes?

The first question is the most challenging because the
normal ranges for most metabolites are not well-defined, even
in humans. There are some exceptions; the normal range of
blood glucose concentrations is well defined, for example, to
enable the diagnosis of diabetes. There are also reference
ranges for many hormones and enzymes, although these are
proteins rather than metabolites. In addition, metabolomics is
a static technique that cannot directly capture data on
dynamic processes; however, this limitation can be addressed
with appropriate experimental designs that incorporate
sufficient longitudinal sample collection. In wild populations,
such temporal inference is typically derived from repeated
cross-sectional sampling rather than true longitudinal tracking
of individuals, as repeated sampling of the same organism is
often infeasible.

Although the remaining questions are central to interpret-
ing metabolomic perturbations, they are not explored further
in this introductory section. Our aim here is to outline the con-
ceptual challenges that arise when attempting to disentangle
natural variability from contaminant-driven effects in field-
based metabolomics. Detailed consideration of persistence,
biological consequences, and links to AOP frameworks
requires study-specific evidence—including longitudinal data-
sets, matched contaminant burdens, mechanistic assays, and
ecological context—which are addressed later in the review
through dedicated case studies and methodological discus-
sions. The distinction is important because, at this stage,
these questions are intended to underscore the inherent com-
plexity of interpreting field-based metabolomics. At the same
time, their resolution relies on the acquired data and applied
frameworks, which will be addressed in later sections of this
review.

To bridge these exposure-driven considerations with
analytical interpretation, the following section outlines how
different metabolomics acquisition and quantification modal-
ities are selected to address specific biological questions
arising from field, caged, and mesocosm study designs.

Targeted vs. non-targeted vs. widely
targeted methods

Metabolomics relies primarily on nuclear magnetic resonance
(NMR) spectroscopy and mass spectrometry (MS)-based tech-
niques to measure small-molecule metabolites in biological
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and environmental samples. NMR offers highly reproducible,
quantitative measurements with minimal sample preparation.
In contrast, MS-based approaches (commonly liquid chromato-
graphy-mass spectrometry (LC-MS) and gas chromatography-
mass spectrometry (GC-MS)) provide substantially higher sen-
sitivity and broader metabolite coverage, which is critical for
field-based studies where sample mass is limited.1,17,18 High-
resolution MS instruments (e.g. QToF and Orbitrap platforms)
now underpin most environmental metabolomics workflows,
enabling both untargeted discovery and targeted quantifi-
cation, as well as retrospective data mining and integration
with contaminant screening from the same samples.19,20

There are two broad approaches to metabolomics, namely
non-targeted and targeted. In a non-targeted approach, the
analyst attempts to detect, identify and at least semi-quantify
as many endogenous metabolites as possible, then looks for
any differences between groups, usually via some form of
multivariate statistical analysis.1 In a targeted approach, only
specific metabolites or biochemical pathways are assessed,
allowing precise quantification of known metabolites linked to
defined mechanisms.5,21 There is a third approach, widely tar-
geted metabolomics, which is less commonly used and com-
bines elements of the first two. Here, untargeted metabolo-
mics is used for initial metabolite screening for a particular
factor; targeted metabolomics is then used for validation and
to explore and identify metabolite classes from step one in
more depth.22 Extremely beneficial to environmental field-
based metabolomics are methods that simultaneously perform
quantification and discovery (SQUAD) from the same biologi-
cal extract within a single analytical run.23 Modern hyphenated
or hybrid mass-spectrometry workflows, particularly those
using QToF (Quadrupole Time-of-Flight) instruments, now
enable acquisition modes that capture both untargeted and
targeted metabolite data simultaneously (e.g., Mass
Spectrometry with Elevated Energy (MSE), Data-Independent
Acquisition (DIA), Sequential Window Acquisition of All
Theoretical Mass Spectra (SWATH)). These approaches effec-
tively bridge the gap between traditional methods by broaden-
ing metabolite coverage while retaining the sensitivity and
quantification accuracy of targeted analysis. It also makes it
possible to include non-target contaminant/suspect screening
in a metabolomics workflow, helping to characterise the full
profile of exposure stressors under study. This framework is
illustrated in Fig. 2 (Panels A and B).

Targeted metabolomics is helpful if one knows the specific
metabolic pathways that might be affected by a pollutant(s) of
interest. Some have argued that targeted metabolomics is not
true metabolomics, but rather metabolic profiling, since, by
definition, metabolomics (and any omics science) seeks to
identify as many things as possible. However, if there are
specific metabolites and/or metabolic pathways that are chan-
ging, and some that are not, it makes sense to focus on the
former and not ‘dilute the signal’ (so to speak) with non-rele-
vant data. This focus becomes especially valuable when those
metabolites clearly map onto known Molecular Initiating
Events (MIEs) or Key Events (KEs) within AOPs,24 allowing tar-

Fig. 2 Acquisition strategy linking metabolomics to contaminant
insight. (A) A three-level ladder clarifies good–better–best acquisition
choices that are aligned to regulatory needs. As a minimum standard,
pair targeted metabolomics with a targeted environmental screen.
Semi-targeted/widely-targeted and untargeted approaches (including
SQUAD and hybrid HRMS modes) provide broader feature coverage,
enable suspect/non-target contaminant discovery from the same
extracts, and strengthen the linkage between exposure and biological
effect. (B) Proposed workflow showing parallel extraction and analytics
producing both metabolite and contaminant information, bridged by
SQUAD to support retrospective mining and quantitation.
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geted metabolomics to directly quantify AOP-relevant bio-
chemical changes. Noting that MIEs are the first measurable bio-
logical interactions at the molecular level within a biological
system and initiate a pathway leading to an adverse effect, KEs
represent the necessary biological change along the pathway, and
an AOP links a MIE to an adverse outcome through a series of cau-
sally connected KEs. By measuring metabolites already associ-
ated with toxicity pathways, which are cellular response path-
ways that can lead to adverse biological effects when perturbed
by chemical stressors, and validated under controlled labora-
tory conditions, targeted metabolomics applied to a field-
based setting strengthens mechanistic interpretation and
enhances the ability to link pollutant exposure to potential
adverse outcomes. The practical implementation of these
analytical strategies in environmental settings introduces
additional constraints that influence study design, data
quality, and interpretability.

Experimental challenges

Environmental metabolomics presents its own specific chal-
lenges in both the laboratory and the field. Concentrations of
pollutants are generally present at ng L−1 to low µg L−1 levels
and typically exist as part of complex mixtures in the environ-
ment. In contrast, laboratory exposures frequently use more
well-characterised µg L−1 to mg L−1 concentrations. Slight
differences in experimental setup can affect the results.
Sinclair et al.25 found that using different substrates did not
affect survival but did elicit different metabolic responses to
the same toxicants in adult and juvenile amphipods
(Austrochiltonia subtenuis), for example. Insects fed different
plastic substrates (e.g., polylactic acid, polypropylene, poly-
ethylene etc.) have shown similar results.26 This raises an
important question: when metabolic shifts are observed, does
the toxicant itself truly drive them, or are they partly, or even
primarily, shaped by the experimental set-up and its inter-
action(s) with the organism? In other words, does the sub-
strate, or other experimental factors, modulate how the toxi-
cant is experienced and processed, thereby ultimately shaping
the organism’s metabolomic response? This distinction is
crucial because it determines whether observed metabolic
changes should be interpreted as biomarkers of contaminant
exposure or as artefacts of experimental design. It therefore
cannot be ignored.

Correlating metabolite changes with pollutant concen-
trations is also not straightforward. Most environmental
omics-based studies attempt to assess impact after it has
occurred, but applying this knowledge outside the lab requires
knowing the state of the environment in its ‘unaffected’ state.
Shah et al.27 addressed this challenge by applying both tar-
geted and untargeted metabolomics to surface sediments (n =
50) from four pristine estuaries along the Western Cape York
Peninsula in Far North Queensland, Australia. Their analysis
revealed clear taxa–function relationships that predicted
microbial community metabolic potential, with pathways such
as carbon metabolism and amino acid biosynthesis showing
strong positive correlations with community-level metabolic

outputs—including 2-oxisocaproate, tryptophan, histidine,
citrulline, and succinic acid. These findings establish a valu-
able baseline microbial metabolic blueprint against which
future ecosurveillance efforts can assess environmental
change. They also provide a necessary foundation for emerging
effects-based and weight-of-evidence approaches in ecological
risk assessment, although routine regulatory adoption remains
in its early stages.

Subsequent research incorporated targeted screening for
both organic contaminants (e.g., pesticides) and inorganic pol-
lutants (e.g., metals) to determine how perturbed systems
diverge from this baseline across similar geographical
regions.28–31 This integrative approach enables researchers to
link shifts in community metabolism not only to natural
environmental variation but also to specific contaminant
pressures, strengthening the diagnostic power of ecosurveil-
lance frameworks.3

Bioaccumulation is another important factor to consider.
This occurs when an organism absorbs pollutants from the
environment at a rate greater than it can excrete and/or metab-
olise them, resulting in a concentration in the body much
higher than in the surrounding media.32–35 Beale et al.36,37

demonstrated a significant bioaccumulation of perfluoroalkyl
sulfonic acids (PFSAs), a 100-fold increase in serum relative to
surrounding water concentrations, and that these elevated
body burdens were associated with a range of adverse biologi-
cal effects on freshwater turtles (Emydura macquarii macquarii).
The effects included altered egg composition (particularly in
magnesium to calcium ratios, potentially affecting eggshell
strength); altered biochemical profiles and hatchling deform-
ities (due to adult females offloading PFAS into eggs). Similar
observations have been made in snakes, toads and
frogs.11,38,39 These findings highlight the critical need to over-
come such experimental challenges by measuring contami-
nants directly within the surrounding environment—such as
water, sediment, soil, and local flora and fauna—because
exposure concentrations, exposure routes (e.g., waterborne
uptake, dietary intake, dermal adsorption) and the rates at
which organisms take up and eliminate contaminants all vary
substantially across species, habitats, and environmental con-
ditions. Without such context, it is difficult to determine
whether observed metabolic or developmental effects stem
from direct rapid/recent toxicant exposure or long-term,
trophic transfer, or cumulative environmental loading.

Field applications

Environmental pollutants may vary in concentration over time.
For example, Singh et al.40 showed that the concentrations of
PFAS in three estuaries varied by as much as 7 times in
response to the tide. Furthermore, Melvin et al.41 found
different concentrations of metals corresponding with the ‘wet’
and ‘dry’ seasons in a metal(oid)-contaminated wetland, and
this influenced the metabolic response of mosquitofish
(Gambusia holbrooki) inhabiting the studied ponds. These
studies imply that sampling at different points in the tidal

Analyst Critical Review

This journal is © The Royal Society of Chemistry 2026 Analyst

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

6 
A

pr
il 

20
26

. D
ow

nl
oa

de
d 

on
 4

/1
7/

20
26

 1
2:

34
:0

1 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6an00140h


cycle and season may result in an overestimation or underesti-
mation of the actual concentration of contaminants present in
the system being studied.

Matrices, such as soils or sediments, must often be finely
crushed under liquid nitrogen and extensively sonicated to
ensure that all microbial metabolites are released from the
matrix;42 samples from marine systems may contain high con-
centrations of salts that need to be removed.43 Some biofluids
may need to be treated with β-glucuronidase enzymes to
convert hydroxylated and carboxylated metabolites back to the
parent form.44 Samples from complex matrices, such as
plants, may require fractionation or the use of QuEChERS
(Quick, Easy, Cheap, Effective, Rugged, and Safe) sample
preparation to separate out pigments and other large mole-
cules.44 This type of work is particularly challenging in remote
locations, where logistical constraints can limit sampling fre-
quency, accessibility, and the ability to comprehensively
characterise exposure sources. In addition, collected samples
must be kept cold to prevent post-collection metabolic
changes during transport, making strict cold-chain mainten-
ance essential to preserve sample integrity and ensure reliable
metabolomic and contaminant analyses. Several studies have
directly compared field-compatible preservation methods (e.g.
RNAlater™ and chemical quenching) with conventional
−80 °C storage, showing that some approaches can yield com-
parable metabolomic profiles for specific tissues and metab-
olite classes.45,46 These findings support their use in field-
based metabolomics where immediate ultra-cold storage is

impractical, while also highlighting the need for method-
specific validation.

Field-based environmental
metabolomic approaches

Field-based metabolomics provides a useful framework for
understanding how organisms respond to real-world environ-
mental stressors across a gradient of natural systems. This
approach encompasses wild-caught organisms, which inte-
grate authentic, long-term exposure histories; caged organ-
isms, which offer controlled exposure windows within natural
habitats; and mesocosms, which emulate complex ecosystems
under semi-controlled conditions. Complementing these are
laboratory exposure experiments using field-collected samples,
which allow researchers to isolate specific stressors while still
retaining environmental relevance, as well as wildlife-derived
cell lines, which extend metabolomics into mechanistic, reduc-
tionist systems anchored in the biology of wild species. These
complementary exposure platforms create an integrated conti-
nuum for interpreting metabolic responses to environmental
change, as conceptualised in Fig. 3, and discussed in more
detail below. The diagram in Fig. 3 illustrates how diverse
exposure platforms—field-based environmental metabolomics
approaches (including wild-caught organisms, caged organ-
isms, mesocosm systems, laboratory exposures using field-col-
lected samples, and wildlife-derived cell lines)—capture meta-

Fig. 3 Conceptual framework for field-based metabolomics approaches and its application to ecological assessment and regulatory decision-
making.

Critical Review Analyst

Analyst This journal is © The Royal Society of Chemistry 2026

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

6 
A

pr
il 

20
26

. D
ow

nl
oa

de
d 

on
 4

/1
7/

20
26

 1
2:

34
:0

1 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6an00140h


bolic responses to complex mixtures of chemical, climate-
related, and other anthropogenic stressors. Environmental and
biological context (abiotic conditions, biotic interactions,
habitat variability) shape sampling strategies, analytical work-
flows, and interpretation of metabolic endpoints. These com-
ponents collectively feed into evidence-of-harm assessments
and regulatory processes, establishing a feedback loop that
strengthens environmental monitoring frameworks and sup-
ports the development of new ecologically grounded regulatory
guidelines.

Wild caught samples

Wild-caught samples represent studies that have collected
organisms/specimens (including tissue, organ and blood
samples) from the environment and analysed their metabolo-
mic profiles within the laboratory. Across wildlife studies,
metabolomics has emerged as a powerful tool for assessing
sub-lethal effects of environmental contaminants. A consistent
finding is the disruption of lipid metabolism, particularly
involving phospholipids and fatty acids, in response to
exposure to PFAS, polychlorinated biphenyls (PCBs), and
short-chain chlorinated paraffins (SCCPs), and other persistent
pollutants. This was evident in polar bears and ringed seals,47

belugas,48 and Arctic charr,49 suggesting that lipid-related
pathways may serve as sensitive indicators of exposure to lipo-
philic, bioaccumulative contaminants across taxa.

Species-specific metabolic responses have also been
observed, with differences in contaminant sensitivity and bio-
transformation capacity influencing metabolomic outcomes.
For example, ringed seals showed stronger metabolic
responses to PFAS than polar bears despite lower contaminant
concentrations, highlighting the importance of physiological
traits in interpreting exposure effects.47 This cross-species ana-
lysis of exposure and metabolome across regions allows for the
identification of correlations across broader contamination
gradients/profiles and species.

Several studies have proposed oxidative stress and disrup-
tions to energy metabolism as common pathways affected by
metals, organohalogens and many other contaminants,49,50

with some metabolites identified as potential biomarkers of
exposure. Gago-Tinoco et al.50 reported that while certain
metabolites showed promise as biomarkers of exposure, some
of these were tissue-specific, though some were found to be
common across all sample types within a given site. Despite
discussing metals and metabolites in parallel, the study did
not analyse correlations between contaminant concentrations
and metabolic profiles, limiting the strength of mechanistic
inference. In contrast, Gauthier et al.49 highlighted that PCB
concentrations in Arctic charr (Salvelinus alpinus) muscle were
29 ng g−1, within ranges known to induce reproductive toxicity
in other fish species, and linked the metabolic differences
observed between populations in two lakes to these elevated
PCB levels. Melvin et al.41 demonstrated, using mosquitofish
(Gambusia holbrooki) from a metal(loid)-contaminated
wetland, that suites of metabolites, owing to their integrative
roles within biochemical pathways, are sensitive indicators of

metal stress. Nevertheless, their application as environmental
biomarkers depend on rigorous validation and quantitative
assessment to confirm reliability and ecological relevance in
monitoring programmes.

In another example, metabolomics was applied as part of a
regulatory investigation into PFAS contamination in freshwater
turtles (Emydura macquarii macquarii) in Queensland
(Australia), providing sensitive biochemical evidence of sub-
lethal impacts linked to pollutant exposure.32,36 Turtles
sampled from PFAS-impacted catchments showed extreme
PFAS bioaccumulation, with serum PFOS concentrations reach-
ing up to 235-fold higher than surrounding water.51

Metabolomic analyses revealed consistent alterations in purine
metabolism, glycerophosphocholine and lipid metabolism,
immune-related pathways, and central carbon metabolism, all
of which correlated with elevated PFAS burdens.52 Integrated
microbiome–metabolome studies further showed disruptions
to amino acid, butanoate, and nucleotide metabolism, demon-
strating combined host–microbiome responses to PFAS
exposure.53,54 Additional sampling identified hormone disrup-
tion, increased gout risk in adult turtles (which is deadly for
reptiles), altered mineral ratios in eggs, and hatchling deform-
ities, with population modelling predicting long-term decline
at highly contaminated sites.36 Collectively, these findings
demonstrate that metabolomics, embedded within a regulat-
ory assessment framework, can provide mechanistic evidence
linking PFAS exposure to biological impairment and support
improved ecological risk assessments for contaminated wild-
life. Other studies have examined reptiles and amphibians in
similar regulatory settings,11,38,39 but unlike the freshwater
turtle study, they did not focus on establishing proof of
environmental harm.

Despite these insights, several important limitations persist
across studies. Many did not establish direct correlations
between contaminant concentrations and metabolite
responses50,55 or the correlations were not strong,11,38,39 limiting
mechanistic interpretations.56,57 For example, Nzabanita et al.55

measured differences in metabolites between Pacific black ducks
(Anas superciliosa) based on site location, but observed metabolite
patterns did not correlate with feather metal concentrations.
Importantly, this study did not measure non-metal contaminants
and therefore could not assess whether unmeasured chemical
exposures contributed to the observed metabolomic variation.
This finding raises concerns about the development of bio-
markers, as the metabolic impacts of all stressors/variables
present in an environment must be understood to infer the
drivers of metabolomic responses.

In the study by Nzabanita et al.,55 tissue mismatch intro-
duces additional limitations, with the authors measuring the
accumulation of metals in one tissue and the metabolome in
another, potentially obscuring relationships due to differential
accumulation and metabolic activity. Additionally, small
sample sizes, sex bias, and limited geographic coverage
reduced statistical power and generalizability.

Analytical constraints can impact data quality. For instance,
suboptimal sample storage temperatures reaching higher than
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the recommended −80 °C for long-term biobanking47 and
semi-quantitative metabolomics approaches55 may affect
metabolite stability and detection. In some cases, contaminant
concentrations were not reported directly but referenced from
prior studies,49 complicating exposure assessment. However, a
further methodological challenge lies in the fundamental mis-
match between metabolomics workflows, which aim to
capture all measurable metabolic changes, and traditional
contaminant analyses, which typically rely on targeted
methods that measure only a predefined list of chemicals.
This discrepancy creates an inherent imbalance in data-acqui-
sition breadth, making it difficult to align wide-scope meta-
bolic responses with narrow contaminant panels. Yet this gap
is surmountable: modern high-resolution mass spectrometry
within metabolomics pipelines now enables both targeted and
untargeted acquisition modes, supporting broad suspect-
screening and non-targeted contaminant discovery in the
same biological sample. Integrating these complementary
datasets, together with improved annotation and mapping of
metabolomic pathways, will expand the network of potential
biochemical interactions and strengthen our ability to link bio-
logical changes directly to environmental stressors, improving
correlation and, ultimately, mechanistic inference from wild-
caught organisms.

Caged field metabolomics

The use of caged (field-deployed) organisms, particularly
bivalves (such as mussels) and insect nymphs, has proven
effective for detecting subtle biochemical responses to environ-
mental stressors in situ. Field-deployed exposures allow for
real-time monitoring of pollution impacts under realistic con-
ditions, offering insights into both contaminant bioavailability
and organismal responses. For example, metabolomic profil-
ing of caged mussels (Dreissena sp.) deployed along pollution
gradients in the Great Lakes (east-central North America)
revealed site-specific alterations in energy and amino acid
metabolism that were not detectable with traditional bio-
markers alone, uncovering early stress under realistic exposure
conditions.58 Despite challenges in standardisation, quantifi-
cation, and model integration, metabolomic data from caged
exposures can enhance ecological management by enabling
early detection of stress, guiding conservation efforts, and
improving understanding of ecological and evolutionary
responses.1

Mussels are particularly well-suited for such studies due to
their sedentary lifestyle, filter-feeding behaviour, contaminant
bioaccumulation capacity, and ease of deployment. Studies
using Mytilus galloprovincialis in Italy demonstrated that 1H
NMR metabolomics, combined with histology and immuno-
histochemistry, can sensitively detect petrochemical pollutants
such as mercury and PAHs.59–61 Disruptions in osmoregula-
tion, energy metabolism, and neurotransmission were
observed across gill, muscle, and digestive gland tissues, with
carbonic anhydrase proposed as a biomarker. However, regu-
latory relevance was limited by single-site exposures, narrow
chemical profiling, and a lack of dose–response data.

Similar findings were reported using a clam species
(Ruditapes decussatus) transplanted to contaminated agricul-
tural and urban runoff sites in Spain. Digestive gland metabo-
lomics using LC-MS revealed elevated levels of amino acids,
osmotic protectants, and nucleotides after 7 d of exposure,
likely reflecting disturbances in osmoregulation and energy
metabolism. Metabolite levels dropped below those of control
clams following 22 d, suggesting a two-phase metabolic
response: initial compensation followed by metabolic exhaus-
tion.62 Taurine emerged as a potential biomarker for complex
contaminant mixtures, though the authors emphasized that
metabolomic responses in field studies should be interpreted
by considering environmental parameters such as trophic con-
ditions and potential time-dependent patterns.

Caged zebra mussels (Dreissena polymorpha) were used to
demonstrate that combining metabolomics with classical bio-
markers is beneficial.63 The study suggested that site-specific
metabolic profiles revealed impacts on osmoregulation and
anaerobic metabolism, while traditional energy biomarkers
were less consistent, lactate was identified as a promising
health indicator.

In the Great Lakes, mussel metabolomes correspond closely
with local chemical pollution profiles, underscoring the utility
of combining chemical and metabolic data64 to provide a hol-
istic view of stressor impacts, though seasonal metabolic
cycles and stressor interactions must be carefully considered.

Recent multi-omics studies using Sinanodonta woodiana,
commonly known as Chinese pond mussel, revealed pro-
nounced tissue-specific adaptive responses to environmental
contamination. These studies identified key metabolites,
including alanine, glutamate, and 7-oxocholesterol as consist-
ent biomarkers of exposure across multiple tissues and
sampling times, effectively discriminating streams with
differing pollution loads.65,66 The inclusion of antioxidant
enzymes and metallothionein responses strengthened causal
inference, though biomarker validation remains ongoing.

Studies using other caged macroinvertebrates further high-
light the value of field deployable metabolomics frameworks.
Notably, work involving Brua and co-authors has advanced the
application of caged invertebrates, particularly aquatic insect
nymphs and crayfish, in real-world contaminant
assessment.67–69 Izral et al.69,70 demonstrated that caged cray-
fish exhibit clear, energy-related metabolic shifts in response
to food limitation and dissolved oxygen stress, identifying
metabolites in tail muscle as sensitive indicators of sublethal
physiological disruption. In a complementary in situ study in
the Athabasca River, transplanted dragonfly nymphs
(Ophiogomphus colubrinus) housed in baskets were used to
assess the combined effects of municipal sewage effluent, poly-
cyclic aromatic hydrocarbons (PAHs) from oil-sands extraction
activities, and naturally eroded bitumen-derived contaminants
(Fig. 4 illustrates field-deployable cages used to house dragon-
fly nymphs), for a region characterised by some of the world’s
largest oil deposits (northeastern Alberta, Canada). Despite
exposure to complex mixtures of heavy metals and PAHs,
nymph survival remained high and their metabolomes did not
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differ significantly among sites after one week. This may
reflect both species-specific tolerance to these contaminants
and the potential need for longer or more sensitive exposure
designs in multi-stressor environments.68 Together, these
studies emphasise the promise of caged macroinvertebrates as
field-ready sentinels and demonstrate how metabolomics can
deepen ecological interpretation in systems influenced by
interacting anthropogenic and natural stressors.

Field-based metabolomics with fish species like fathead
minnows (Pimephales promelas) and yellow perch (Perca flaves-
cens) has also shown promise for identifying contaminant-
driven biological responses. In the Great Lakes Basin, liver
metabolite shifts were linked to contaminants such as DEET
(N,N-diethyl-meta-toluamide) and bisphenol A, though many
acted as markers of wastewater effluent rather than direct toxi-
cants.71 Despite the constraints of single-tissue analysis and
the lack of temporal resolution, the integration of metabolo-
mics with chemical analyses offered valuable evidence for
prioritising contaminants of emerging concern and empha-
sised the need for replication, multi-tissue analyses, and con-
sideration of confounding stressors such as temperature.

Ekman et al.72 demonstrated that targeted and untargeted
metabolomics could detect both estrogenic and oxidative stress
responses in P. promelas exposed to wastewater treatment plant
(WWTP) effluents. Dose–response relationships were observed
for estrone and several pesticides (thiabendazole, malathion, and
1,4-dichlorobenzene), reinforcing the value of untargeted meta-
bolomics in characterising complex mixtures. The authors
emphasised that such tools are critical for assessing the diverse
effects of anthropogenic contaminants.

Finally, Defo et al.73 highlighted the complexity of interpret-
ing metabolomic data in caged P. flavescens exposed to urban
WWTP effluent. Differences between caged and lab-reared fish
suggested a caging effect, while limited metabolomic separ-
ation between effluent-exposed and reference fish raised ques-
tions about adaptive responses and biomarker sensitivity.
Differences in profiles of liver metabolites emerged by week
six, but the authors noted that larger sample sizes were
needed to confirm these patterns. These findings underscore
that contaminant exposure does not always result in immedi-
ate or measurable metabolomic disruption, raising critical
questions about the timescales of adaptive responses and the
sensitivity of current biomarker approaches in complex field
environments.

While field-deployable caged metabolomics has clear value
for detecting sublethal stress under realistic field conditions,
major challenges remain in disentangling metabolomic
signals from natural variability, seasonal cycles, and multi-
stressor interactions. These limitations highlight the need for
more standardised designs, longer exposures, and multi-
tissue, multi-omics integration. Even so, the approach offers
substantial opportunity; by coupling metabolomics with
chemical analyses and complementary biomarkers of effect
and exposure, caged organisms can become a powerful field-
ready tool for diagnosing early ecological stress and strength-
ening environmental assessments within a regulatory
framework.

These field observations highlight both the interpretive
power of metabolomics and the considerations required when
translating biological signals into regulatory or monitoring
contexts.

Lab reared organisms exposed to field samples (mesocosms)

Metabolomics has been applied to studies using laboratory-
reared or laboratory-maintained organisms exposed to field-
derived materials, most commonly through mesocosm experi-
ments. The original focus of this review was on field-deployed
mesocosms, where environmental realism is maximised by
conducting exposures directly within natural ecosystems. Like
the large-scale transcriptomics ExStream System mesocosm
experiments74–77 (Fig. 5).

However, because few such studies currently exist using
metabolomics, this section also includes mesocosm-like
experiments conducted in greenhouses and aquaria, where
environmental factors such as temperature and photoperiod
were not fully controlled but still incorporated field-relevant
matrices or stressors. It is important to note that field-
deployed mesocosm studies remain rare for several reasons,
including the substantial logistical effort required to transport
materials and maintain experimental systems in remote or
uncontrolled environments; the need for strict regulatory and
permitting approvals to deploy organisms or experimental
infrastructure in natural habitats; and the challenge of preser-
ving metabolite integrity through reliable onsite cold-chain
procedures. Moreover, in situ mesocosms are vulnerable to
unpredictable environmental variability (e.g., storms, heat-

Fig. 4 Example of a field-deployable cage used in an environmental
metabolomics study. Each cage is used to house two dragonfly nymphs
(Ophiogomphus colubrinus). The photographs show the 1 mm mesh
basket fully zipped for deployment (left) and open prior to closure
(right). Reprinted from Applied Environmental Metabolomics, R. Brua, J.
Culp, S. Pomfert, D. Halliwell, Chapter 19 – NMR-based metabolomics
of dragonfly nymphs exposed to multiple stressors: An approach for
field assessments to diagnose effects, Pages 273–289, Copyright (2022),
with permission from Elsevier.
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waves, hydrological shifts) and disturbance by wildlife or
humans, complicating experimental control, replication, and
sample recovery. These combined constraints, along with the
high analytical demands of metabolomics, mean that many
researchers opt for semi-controlled mesocosm systems as a
practical compromise between environmental realism and
experimental feasibility.

Across these reported studies, metabolomics was used to
characterise organismal responses to a range of environmental
stressors. These included rhizosphere microbial communities
and plants subjected to nutrient and moisture-limited soil,78,79

insects exposed to a range of copper concentrations80 and
mussels exposed to oily wastewater discharges before and after
biofilm membrane reactor treatment.81

The only true field-deployed mesocosm study to date was
conducted by Jeppe et al.,80 who spiked reference-site sedi-
ments with copper, placed them into tub-based mesocosms,
and deployed them back into a wetland to assess impacts on
aquatic macroinvertebrates. Laboratory-bred snails
(Potamopyrgus antipodarum and Physa acuta) and the chirono-
mid, Chironomus tepperi, were introduced at different time
points, enabling assessment of responses across multiple bio-
logical levels. Metabolites from C. tepperi were quantified
using a targeted LC-MS method.80,82 Importantly, metabolite
shifts were detected at 60 mg kg−1 copper concentrations,
lower than the concentration that was reported to affect larvae
dry weight with an EC50 of 238 mg kg−1 for copper, demon-
strating the higher sensitivity of metabolomics for early detec-
tion of sediment toxicity.

Other mesocosm studies, though not field-deployed,
further highlight the utility of metabolomics for disentangling
organism–environment interactions. Baker et al.78 profiled

metabolites from rhizosphere soil under nutrient-limited, and
moisture-limited conditions over 18 weeks in a greenhouse,
revealing distinct shifts in nitrogen-containing metabolites
and metabolites associated with moisture stress. Cai et al.79

used a plant-wastewater mesocosm to evaluate how nitrogen
speciation (NH4

+–N vs. NO3
−–N) influences plant metabolic

responses in constructed wetlands, showing clear differences
in root exudate metabolite profiles that reflected nitrogen
uptake, energy metabolism, and growth. Gornati et al.81 exam-
ined mussels (Mytilus galloprovincialis) exposed to untreated
and treated oily wastewater within aquaria-based mesocosms,
finding tissue-specific metabolite alterations consistent with
differing levels of wastewater treatment efficacy. Gyawali
et al.83 performed a similar experiment with mussels exposed
to human wastewater and used metabolomics to identify
potential biomarkers of exposure related to Norovirus contami-
nation in shellfish, and Nguyen et al.84 to identify acute heat
stress responses in Abalone.

Collectively, these studies demonstrate that metabolomics
provides sensitive and diagnostically powerful endpoints in
mesocosm-based ecotoxicology, even when environmental
realism differs across systems. Although relatively few true
field-deployed mesocosm studies have incorporated metabolo-
mics, transcriptomic analyses have already been successfully
applied in such settings,77 indicating that the logistical and
methodological barriers are not prohibitive. This gap high-
lights a clear opportunity to expand metabolomics into field-
deployable mesocosm experiments that would allow research-
ers to verify whether biomarker patterns and mechanistic
stress responses observed under controlled conditions persist
in natural environments. Broadening this work is essential for
advancing environmental metabolomics toward routine use in
biomonitoring and regulatory assessment frameworks.

Field samples collected and used for experiments in a
laboratory

Laboratory experiments using field-collected animals or media
offer a middle ground between the ecological realism of
natural exposures and the mechanistic control of laboratory
toxicology. These organisms/media carry authentic environ-
mental histories, including prior contaminant exposure,
natural dietary patterns, and seasonal metabolic states, allow-
ing researchers to probe how real-world conditions shape
metabolic responses. When transferred into controlled labora-
tory settings, field-collected animals can be exposed to defined
stressors or environmental media can be used as the induced
stressor platform, enabling the establishment of causal links
between environmental variables and metabolomic shifts
while reducing confounding noise. Furthermore, field-col-
lected organisms are commonly used for laboratory-based
exposure studies, particularly when the objective is to investi-
gate toxicity in non-model or locally relevant species for which
cultured cell lines may not exist. However, field-collected fauna
can be costly to source, transport, and maintain under con-
trolled conditions, and these operational demands, plus
ethical requirements, for endangered species or populations

Fig. 5 The ExStream mesocosm system consists of circular flow-
through units containing three compartments (streambed substratum,
litter bag and drift net) to capture benthic, detrital and drift responses.
Panel A illustrates variation between control mesocosms (above the
dashed line) contrasted with those receiving stressors (below the line).
The full setup includes 64 replicated units (panel B). Reprinted from
Science of the Total environment, vol. 610, A. Beermann, V. Elbrecht,
S. Karnatz, L. Ma, C. Matthaei, J. Piggot, F. Leese, Multiple-stressor
effects on stream macroinvertebrate communities: A mesocosm experi-
ment manipulating salinity, fine sediment and flow velocity, Pages
961–971, Copyright (2018), with permission from Elsevier.
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with low abundance can lead researchers to use taxa obtained
from commercial suppliers for laboratory exposure
experiments.

Acclimation to laboratory conditions prior to experimen-
tation is standard practice with wild caught organisms (and
for commercially sourced taxa), to ensure the animals are
unstressed and healthy, and to increase both statistical power
and the reliability of results by reducing intraspecific variation
of the test population. The acclimation process involves transi-
tioning animals to laboratory housing (including water for
aquatic species), lighting, feeding and handling. On the one
hand, such acclimation may be particularly important for
metabolomics research since an abrupt change to environ-
mental conditions or the animals’ experience will likely have a
physiological toll. On the other hand, little attention has been
paid to how the acclimation process, or the use of long-stand-
ing laboratory-cultured lineages, might reduce the ecological
relevance of metabolomic responses due to the ‘de-wilding’ of
wild-collected organisms. Depending on the goal of the study
(i.e., unravelling mechanistic information vs. predicting
environmental risk), approaches for acclimating field collected
organisms prior to laboratory testing may differ.

Timeframes for acclimating field-collected organisms to
laboratory conditions vary widely, spanning anywhere from a
few days to several months, and although lab conditions likely
differ considerably from the collection site, these are often
undisclosed. In a study in the USA, wild oysters (Crassostrea
virginica) were acclimated for 30 d to constant temperature, sal-
inity, photoperiod, and a commercial food, in filtered UV-steri-
lised artificial sea water.85 A similar metabolomics study with
pearl oysters (Pinctada martensii) collected from Lingshui
harbour, China, acclimated animals to laboratory conditions
for just 3 d, and used filtered natural sea water.86 Neither
study reported the environmental parameters present at the
collection site, limiting interpretation of pre-exposure influ-
ences. Wild-caught adult topsmelt (Atherinops affinis) collected
by beach seine in the USA were acclimated for 3 m to labora-
tory conditions prior to exposure to crude and dispersed oil,
and responses were compared to unacclimated topsmelt
embryos obtained from a commercial supplier.87 The authors
attributed disparities in metabolomic responses to life-stage
differences but did not consider how organism origin or
acclimation history may have contributed to the observed
variation.

Depending on the organism, it may be unlikely or unfeasi-
ble for metabolomics studies to use organisms that have not
been fully acclimated to laboratory conditions. For example,
Cladocerans and Chironomids are commonly cultured in eco-
toxicology labs and reared for multiple generations to obtain
enough healthy individuals for exposures,88,89 sometimes for
as long as a decade.90 While this may contribute towards
enhanced comparability between studies over time, the use of
such populations raises uncertainty about how well the metab-
olism of these organisms reflects that of natural populations.

Failure to disclose the age of cultures from wild-caught
populations is also common. For example, Dumas et al.91

described the exposure of a laboratory culture of
Mediterranean mussels (Mytilus galloprovincialis) to sewage
effluent but did not provide any information about when the
culture was established, its origin, or its rearing conditions.
Similarly, Santos et al.92 investigated metabolomic effects in
stickleback (Gasterosteus aculeatus) exposed to copper, but
while the authors indicate the test population originated from
a pristine field site in England, they do not describe the con-
ditions of the collection site or details surrounding the acclim-
ation timeframe and simply state that the fish were main-
tained until sexually mature. Other studies fail to disclose the
source of experimental animals altogether. Tang et al.,93 for
instance, reported acclimation conditions for earthworms
(Eisenia fetida) to environmental chambers, but did not specify
if the worms were wild-caught or laboratory-cultured. Beyond
the potential for differences in water quality and environ-
mental parameters between field and laboratory to influence
the metabolome and its susceptibility to chemical insult,
failure to fully characterise the environment where animals are
collected could overlook pre-exposure to relevant physical or
chemical stressors.

Despite these challenges, the integration of field-collected
organisms, tissues and fluids into laboratory-controlled meta-
bolomics experiments remains a promising and rapidly
growing area of ecotoxicology. By combining ecological
realism with mechanistic clarity, these studies help validate
biomarkers, improve causal inference, and strengthen the
interpretation of field-based metabolomic datasets. Overall,
such studies demonstrate the value of metabolomics in ecotox-
icology but highlight the need for standardised reporting of
organism origin, acclimation conditions, and environmental
context, along with matched tissue analyses and robust statisti-
cal frameworks to enhance reproducibility and support bio-
marker development.

Wildlife-derived cell lines

While metabolomics has yet to see widespread application in
wildlife-derived cell lines, it offers a robust approach for inves-
tigating the responses of non-model species to environmental
stressors, pollutants, and diseases. Moreover, this method-
ology aligns with the three Rs principles—Replacement,
Reduction, and Refinement—by minimizing reliance on whole
animal testing. Because many wildlife species possess unique
physiological adaptations, metabolomic profiling helps reveal
both conserved and species-specific biochemical pathways.94

This overall workflow is illustrated in Fig. 6, which outlines the
process of establishing wildlife cell cultures to assess their
metabolic responses to contaminants.

Applications include assessing the cellular effects of pollu-
tants, identifying metabolic signatures linked to ecological
stress, and comparing metabolic phenotypes across related
species. Studies in primates (Rhesus macaques),95 for example,
show that metabolomics can distinguish species-specific meta-
bolic traits, while environmental toxicology research demon-
strates its value for detecting biochemical disruptions caused
by contaminants. Standardised metabolomics workflows devel-
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oped for mammalian cell culture also provide a methodologi-
cal foundation for applying these techniques to wildlife-
derived cells.96 Research groups are establishing wildlife-
derived cell culture biobanks dedicated to toxicity testing,97,98

such as the Australian ARI-Tox Marine Wildlife Cell Bank99

(https://aritox.com/mwcb/). While many global wildlife bio-
banks mainly focus on conservation,100–104 their wildlife cell
lines are available to be used in ecotoxicology, especially
mechanistic toxicology and chemical mode-of-action work.

Strengths and limitations of field-
based environmental metabolomics
Sensitivity

Field-based studies capture the biological variation that results
from organisms’ exposure to the dynamic and ever-changing
environment. While some environmental variables are easily
replicated in vivo, the sheer number of such variables makes
total simulations challenging and expensive. There are count-
less attributes of environmental metabolomics studies that
exert an effect on the metabolome through, for example,
stress,105,106 energy expenditure, homeostatic effort107 and
cyclic biological rhythms (circadian, circannual, circatidal,
etc.).108 Herein lies the major strength of environmental field-
based metabolomics.109 As highlighted throughout the pre-
vious section, environmental toxicology studies use metabolo-
mics to measure sublethal effects of chemicals-of-concern
through comparison of the same species in polluted test sites
and less polluted or unpolluted reference sites. Here, a toxico-
logical effect can be apparent in the metabolome without any
overt signs of behavioural change, sickness or lethality.
Similarly, biomonitoring is becoming a strong use case for
metabolomics owing to its sensitivity.67

Known unknowns and unknown unknowns

The utility of metabolomics for measuring biochemical
impacts due to often small changes in external factors can
become a limitation. In field research, each organism and
sampling location has different attributes, and these attributes
change day-to-day and hour-to-hour.110 Consequently, it is
near impossible to find sites that are identical in all ways
besides the variables of interest, meaning field metabolomics
studies are potentially subject to more residual error than a
well-controlled laboratory study. To aid in elucidating field
effects and understanding residual error, field metabolomics
researchers can capture data on the attributes of their sample
sites. Data includes physicochemical measurements of water
and soil, broad screening for organic pollutants, pharmaceuti-
cals, and metals, and weather records.111 The Metabolomics
Standards Initiative (MSI) asks researchers to report these attri-
butes along with things like the detailed location, altitude,
moon phase and sampling time.112

Free-ranging organisms are likely to be exposed to complex
mixtures of hazardous and non-hazardous chemicals, includ-
ing natural products, breakdown products, nutrients and pol-
lutants.113 Such mixtures can cause interactive, additive and
non-monotonic effects that complicate analyses and obscure
comprehension of field metabolomics findings. Complex mix-
tures vary between sites, seasons and samples, and are chal-
lenging to characterise, leading to further between-site and
sample variance and Type II statistical errors (false negatives).

Timing

Circadian rhythms are set and regulated by factors that change
throughout the day, such as light quantity and quality, temp-
erature, food consumption, socialisation and oxygen
availability.114–116 Circadian effects on metabolism are pro-
found and easily measured with metabolomics.117 Circadian

Fig. 6 Workflow for establishing wildlife-derived cell cultures and assessing their metabolic responses to environmental contaminants. Wildlife
cells are first established and then exposed to contaminants of interest. Following quenching, intracellular and extracellular metabolites are extracted
for hydrophilic and lipophilic profiling or analyzed using whole-cell mass spectrometry imaging. Resulting metabolomic measurements are used to
evaluate cellular responses to contaminant exposure.
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metabolic drift is relatively easily controlled for in laboratory
studies, as it is generally quite straightforward to sample all
experimental organisms over a short time frame and under the
same conditions. In contrast, sampling is rarely so straight-
forward in the field. In field-based studies, such temporal resolu-
tion typically reflects repeated cross-sectional sampling of popu-
lations rather than true longitudinal tracking of individuals, as
repeated sampling of the same organism is often infeasible and
many metabolomic analyses are inherently destructive.
Furthermore, field sites are often far apart, forcing researchers to
travel between them and sample at different times of day or on
different days altogether. This may induce Type I (false positive)
errors, where a study measures metabolomic change due to time-
of-day rather than site-specific attributes. Similarly, if sampling at
any site extends over many hours the within-group variance may
increase and lead to Type II (false negative) statistical error.
Other biological rhythms (e.g. circatidal, circalunar, circasemilu-
nar) may also modulate hormones, behaviour and, through
logical extension, the metabolome, although characterisation is
limited in the literature.108

Weather

The weather at any given time is unlikely to be exactly like the
weather at another time, which can reduce repeatability and
increase residual error in field metabolomics studies. Weather
causes changes to temperature, humidity, evaporation rates,
light quantity and quality, UV exposure, and water quality and
availability. For example, rainfall can have profound effects on
shallow aquatic ecosystems through dilution, alteration of
physicochemical traits like oxygenation or pH,118 or the intro-
duction of pollutants and sediment via runoff.119 A previous
study measured significant metabolomic changes spurred by
rainfall events in two populations of Gambusia holbrooki
(Eastern mosquitofish).41 Changing temperature also modu-
lates metabolism, through enzyme activity rates in ectotherms
and poikilotherms, and movement (e.g. shivering) and thermo-
genesis in endotherms.120

Addressing these strengths and limitations in practice
depends not only on study design, but also on transparent
reporting and rigorous analytical quality control.

Reporting in field-based
environmental metabolomics

Environmental regulators and regulatory-science frameworks
require a far higher degree of analytical performance than is
typically seen in academic metabolomics, because policy
decisions must be based on evidence that is demonstrably
reliable, reproducible, and robust enough to stand up in
court.121 These decisions often draw on multiple lines of evi-
dence, and the consequences of error can be substantial,
affecting ecological integrity, human health, and imposing sig-
nificant financial or legal penalties.122

Despite major advances in analytical instrumentation,
field-based environmental metabolomics continues to suffer

from inconsistent reporting of essential metadata. Compliance
with the MSI remains low, with many studies omitting details
necessary for assessing analytical rigour and reproducibility.123

This inconsistency is common amongst metabolomics studies
but is particularly consequential for field-based environmental
studies, where environmental variability amplifies the need for
transparent and comprehensive method reporting.

Data processing and pre-analytical steps

Most field studies employ untargeted metabolomics work-
flows, leveraging chemometric tools designed for large,
complex datasets. Most reviewed studies explicitly reported
normalization and scaling steps, commonly total or median
intensity normalization, followed by log transformation and
auto- or Pareto-scaling.50,64 However, only a quarter used
internal standards, limiting correction for extraction efficiency
or ion-suppression artefacts. Blank and QC filtering—critical
steps to remove technical noise—were reported by just over
half of the papers reviewed, typically via exclusion thresholds
for blank features48 or removing variables with poor precision
in pooled QC samples.64 These steps are fundamental to dis-
tinguishing true biological signals from analytical artefacts.

Multivariate statistics and model interpretation

Multivariate statistical analysis (MVA) remains the backbone of
field-based metabolomics. Principal Component Analysis
(PCA) is the dominant exploratory tool, enabling visualization
of sample clustering and identification of outliers.63,71 Partial
Least-Squares Discriminant Analysis (PLS-DA) is widely
applied for supervised classification, with model validity com-
monly assessed using permutation tests and predictive Q2

values, however, it is repeatedly prone to overfitting and misin-
terpretation when applied without rigorous validation, particu-
larly in high dimensional, low sample size datasets.124

Variable Importance in Projection (VIP) scores frequently
guide the identification of discriminant metabolites. For
multi-stressor ecosystems, Partial Least-Squares Regression
(PLSR) is increasingly used to correlate metabolite profiles
with contaminant concentrations or environmental gradi-
ents.71 While effective, this approach is limited by the fact that
neither chemical nor metabolomic datasets comprehensively
capture all environmental stressors. Just over half of the review
papers complemented multivariate findings with univariate
statistics (e.g., ANOVA, ANOVA Simultaneous Component
Analysis (ASCA), t-tests), and a third incorporated pathway or
network analysis. The limited uptake reflects challenges
inherent to environmental metabolomics, such as ambiguous
metabolite annotation and pathway redundancy. Pathway ana-
lysis in metabolomics is problematic because metabolite
identification is often ambiguous and pathway databases are
incomplete or poorly aligned with real metabolic network com-
plexity. These issues can contribute to misleading or biologi-
cally implausible pathway enrichment results.125

About a third of the papers considered in this review used
machine learning/predictive modelling such as defining pre-
dictive accuracy (Q2) beyond validation or using methods like
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concentration-response modelling to determine Benchmark
Doses (BMD). These approaches require large independent
data sets to build and test models, which is a limitation in
many field-based metabolomics studies. Consequently, while
AI- and machine-learning-driven predictive modelling rep-
resents a promising future direction for the field, its wide-
spread and reliable application in environmental monitoring
is likely to remain aspirational in the near term.

Machine learning, predictive modelling and networking

The machine learning methods or predictive models used in
the reviewed literature included concentration–response mod-
elling or BMD analysis to quantify metabolite–exposure
relationships. These computational approaches are increas-
ingly used to identify sensitive metabolic signals, prioritise
biomarkers, and interpret complex multi-stressor exposure pat-
terns. However, their broader adoption remains constrained by
the scarcity of sufficiently large, independent training datasets
needed to build and validate reproducible predictive models, a
challenge made more acute in field-based metabolomics
where true replication may be limited. For instance, concen-
tration–response and BMD models typically require many
quantified exposure levels that aren’t skewed, such as those
obtained by sampling repeatedly along a river pollution gradi-
ent. In comparison, sampling from discrete ecosystems (e.g.,
separate lakes or wetlands) often yields only a few distinct
exposure conditions, limiting the number of training points
available to machine-learning models and reducing predictive
power in multi-stressor environments.

The DRomics framework (which uses BMD analysis)
streamlines dose-response modelling for omics datasets, like
metabolomics.126 It allows users to import and process omics
data, identify responsive metabolites, fit various concen-
tration–response models, and calculate BMD values. Tailored
for ecotoxicology and environmental risk assessment,
DRomics manages non-replicated datasets collected from field
studies and supports comparisons across transcriptomics, pro-
teomics, and metabolomics within a unified model. Tools
such as DRomics-Interpreter offer biological annotation and
pathway visualization.127 Lettoof et al.11 investigated dose–
response relationships between contaminant concentrations
(PFAS and metal(loid)s) and metabolomic alterations, in the
livers and tissues of Ranoidea moorei (motorbike frogs) col-
lected across contamination gradients in urban wetlands.
Wild-caught frogs were used, and their chemical burden
linked to whole-organism health metrics derived from metabo-
lomics datasets. Such case studies show DRomics helps ident-
ify dose-responsive metabolic pathways, distinguish early
versus late molecular effects, compare omics sensitivities, and
establish quantitative thresholds for AOPs and ecological risk
assessments.

As computational power is increasing, untargeted metabo-
lomics analysis has looked toward networking, such as GNPS
(Global Natural Products Social Molecular Networking) to
address the challenges of identifying unknown metabolites.
These networks organise fragmentation spectra into molecular

networks that reflect structural similarity, supporting annota-
tion propagation and comparative analyses across datasets.128

This approach is powerful for exploring chemical space
without prior knowledge, but it is constrained by incomplete
spectral libraries, leaving a ‘dark metabolome’ of unannotated
features. The dark metabolome, as well as the spectral
libraries, can be confounded by in-source fragments and other
artefactual features that form clusters unrelated to true metab-
olites.129 Careful feature curation, fragmentation-aware work-
flows, and orthogonal validation are therefore essential to
avoid overinterpretation if these approaches are to be
considered.

Deficiencies in quality control (QC) reporting

Quality control reporting remains the weakest area of field-
based metabolomics. The analytical QA/QC requirements for
metabolomics are broadly similar across laboratory and field
studies; however, field-based metabolomics must additionally
manage uncertainty associated with uncontrolled exposure
conditions, environmental variability, and sampling logistics.
These factors necessitate more rigorous documentation of
sampling context, biological covariates, preservation methods,
and metadata to ensure interpretability and regulatory
relevance.

Only a quarter of studies reported using internal standards,
half of that reported including pooled QC samples, and only
5% documented system suitability testing, despite MSI and
Chemical Analysis Working Group (CAWG) guidance empha-
sising their importance.123 Reporting of sample handling—col-
lection conditions, storage regime, freeze–thaw cycles—was
similarly low (16%), even though storage conditions signifi-
cantly affect metabolite stability.64,123 No reviewed studies
explicitly stated that sample preparation or analysis order was
randomised, a key requirement for avoiding batch or drift
related artefacts.130 Data deposition in public repositories
such as the Metabolomics Workbench,131 MetaboLights132 or
Dryad Digital Repository80 was recorded in only 20% of
papers, mirroring broader concerns that MSI guidelines are
difficult to interpret and inconsistently enforced.133 The depo-
sition requirement, defined by MSI,134 aims to make raw data
and metadata available for re-analysis, but the submission
process remains cumbersome.130

Opportunities for improvement

Improving field-based environmental metabolomics requires
much greater emphasis on transparent, standardised report-
ing, particularly regarding quality control procedures and
metadata. Mandatory documentation of sample handling, ran-
domisation, internal standards, pooled QC samples, and
instrument performance checks is essential for ensuring high
data quality, reproducibility and enabling cross-study compari-
sons. This need is underscored by persistently low compliance
with MSI and CAWG guidelines123 and the high degree of
analytical variability observed in field-based studies.130

Importantly, these improvements are not only methodologi-
cal but also critical for regulatory relevance. Regulatory
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decisions often carry significant ecological, societal, and finan-
cial consequences, including impacts on biodiversity, ecosys-
tem services, human health, and economic penalties associ-
ated with environmental noncompliance. For most free-
ranging wildlife, particularly large-bodied, long-lived, or dis-
turbance-sensitive species, regulators lack laboratory-derived
effects or risk data, meaning that evidence of exposure and
biological impacts must necessarily be derived from organisms
exposed in the field.

The use of metabolomics data that lack adequate QC con-
trols, transparent reporting, or robust validation therefore
poses a risk of misinforming management actions or misattri-
buting environmental harm.

To meet regulatory expectations, field-based metabolomics
must adhere to the same data integrity standards historically
required in environmental chemistry and toxicology.
Strengthening documentation of internal standards and pooled
QC samples, improving transparency in storage and sample
handling conditions,135–137 and implementing routine systems
suitability testing would markedly improve analytical defensibil-
ity. Likewise, wider adoption of streamlined metadata templates
and checklists—such as those proposed for lipidomics130 could
reduce reporting burdens and improve compliance.

Increased editorial oversight is needed to ensure compliance
with standards for internal protocols and quality controls.
Thorough documentation supports reliable assessment of metab-
olite data, while guiding researchers toward best practices in
interpreting pathways and biological processes connecting
metabolite changes to significant outcomes. While online data
repositories are valuable, the community must address the ‘incon-
venience’ of metadata recording.133 Streamlined tables or check-
lists, such as those from McDonald et al.138 for lipidomics, can
simplify metadata reporting, improve compliance, and encourage
the reuse of high-quality environmental datasets. By enhancing
methodological consistency, data robustness, and biological
interpretability, environmental metabolomics will be better posi-
tioned to contribute to regulatory decision making, risk assess-
ment, and the development of mechanistically grounded bio-
markers in multi stressor ecological contexts.

Despite these analytical advances, several methodological
and data-integration gaps continue to limit broader appli-
cation and regulatory uptake of metabolomics data.

Knowledge gaps and future directions

Despite significant progress in the development and appli-
cation of field-based metabolomics, several key knowledge
gaps remain that limit broader implementation, standardis-
ation, and integration into environmental monitoring frame-
works. Addressing these gaps will be essential for advancing
the field toward operational readiness and regulatory uptake.
The Metabolomics Society recently endorsed the creation of an
Environmental Metabolomics Task Group (EcoMet Task
Group; https://metabolomicssociety.org/board-committees/
scientific-task-groups/) to tackle and create such tools, which
will help harmonise practice and reduce barriers for non-
specialist users.

Decision-support tools and workflow guidance

There is a need for clear, accessible decision-support frame-
works to guide practitioners through the complexities of field-
based metabolomics. A visual flow chart or decision-support
tool could assist users in selecting appropriate sampling strat-
egies, analytical platforms, data-processing approaches, and
interpretation pathways based on study design and environ-
mental context.

Centralised bioinformatics infrastructure

Currently, bioinformatics capacity in environmental metabolo-
mics is fragmented across institutions and platforms.
Developing a roadmap toward centralised data infrastructure
—including shared repositories, standardised metadata frame-
works, and harmonised processing pipelines—would enhance
interoperability and long-term data value. Centralisation
would also support reproducibility, facilitate cross-study com-
parisons, and enable large-scale meta-analyses.

Field metabolomics often produces large, multidimen-
sional datasets that require robust computational solutions.
Efficient workflows for handling large datasets in field con-
texts—including mobile computing platforms, automated QC,
and scalable cloud solutions—are still emerging. Research
into lightweight, high-throughput data processing pipelines
would accelerate field adoption.

Further improvement in bioinformatics tools, particularly
those designed to operate efficiently in field contexts, is
needed. Challenges include handling low-resolution or par-
tially annotated datasets, limited internet connectivity, and the
need for near-real-time feedback. Improvements to platforms
such as other machine-learning-based annotation pipelines
could enhance automated identification, reduce uncertainty,
and streamline interpretation.

Standardisation of methods and protocols

The research domain still lacks widely accepted, standardised
protocols for field metabolomics, spanning sample collection,
preservation, extraction, instrumental analysis, QA/QC, and
reporting. Methodological heterogeneity complicates compari-
sons across studies and limits regulatory confidence. The last
iteration of the MSI was published nearly two decades ago,112

and is therefore in urgent need of an update to address chal-
lenges associated with global uptake and to ensure alignment
with current regulatory requirements. Establishing consensus-
driven protocols, including minimum reporting standards, is a
critical next step for advancing field readiness.

Addressing protocols unique to field conditions

Field environments present unique challenges—including
variable temperatures, limited power, contamination risks,
and logistical constraints—that differ from traditional labora-
tory workflows. Protocols specifically designed and validated
for field-adapted metabolomics remain underdeveloped. There
is a need for systematic evaluation of field-based sampling
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kits, portable extraction methods, and on-site stabilisation
technologies.

Field environments inherently introduce variability (e.g.,
temperature shifts, fluctuating exposure mixtures, light varia-
bility, etc.) that cannot (and should not) be fully controlled.
The goal of field-adapted protocols is therefore not to recreate
the laboratory-like control outdoors but to ensure that varia-
bility is transparently documented, analytically defensible, and
interpretable alongside matched environmental chemistry and
validation studies. Standardised field workflows (sampling
kits, preservation and quenching approaches, portable extrac-
tion options, and harmonised metadata capture) should be
framed as tools to strengthen reproducibility and inference,
while retaining the ecological realism that motivates field
metabolomics in the first place.

Metabolomic research benefits from other overlapping
omics field sampling approaches, such as transcriptomics-
based protocols for rapid tissue preservation that can be
readily adopted by metabolomics to improve comparability
and integration across datasets. Tools and technological plat-
forms that can capture onsite field metadata via smart phones
would also be advantageous.

Policy, regulatory, and monitoring applications

Most metabolomics studies remain cross-sectional. There is a
substantial knowledge gap in repeated cross-sectional studies
that track metabolic responses over time. Temporal datasets
are essential for understanding baseline variability, resilience,
recovery trajectories, and early-warning indicators of stress. It
is important to note that, in field-based environmental metabolo-
mics, most temporal datasets necessarily reflect repeated cross-
sectional or population-level designs rather than true longitudi-
nal sampling of individuals, given logistical constraints and the
destructive nature of many analytical workflows. Expanded
efforts in monitoring changes over time would significantly
strengthen ecological interpretation. Integrating metabolomics-
based approaches in current and ongoing monitoring programs
would facilitate the collection of such data. Future advances may
expand the feasibility of individual-level longitudinal metabolo-
mics in select taxa through non-lethal or minimally invasive
sampling; however, repeated cross-sectional designs will remain
the dominant and most broadly applicable approach for tem-
poral field studies. To achieve broader environmental manage-
ment impact, metabolomic biomarkers of exposure must be
translated into actionable policy and regulatory frameworks. This
includes establishing threshold values, determining acceptable
ranges of biological variability, and defining metabolomic end-
points compatible with national monitoring programs.
Engagement with regulators and end-users is critical for co-devel-
oping fit-for-purpose applications.

There remains a limited understanding of dose–response
relationships linking metabolomic changes to measured con-
taminant concentrations. Building stronger mechanistic evi-
dence through controlled exposure studies, combined with
sentinel field sampling, will support causal inference and
improve relevance to risk assessment.

Importantly, field-based metabolomics should not be posi-
tioned as a stand-alone replacement for controlled testing.
Regulatory decision-making will be strengthened when meta-
bolomics is integrated with direct environmental sampling
(i.e., water, sediment, soil chemistry), exposure reconstruction,
and laboratory or mesocosm experiments that validate candi-
date pathways and establish quantitative dose–response
relationships. In practice, field metabolomics is most powerful
for identifying ecologically relevant exposure scenarios and
early biological signals, while controlled experiments are
required to confirm mechanisms, eliminate confounding
drivers, and derive defensible thresholds that can be mapped
to AOPs and monitoring endpoints.

Consistent with historical regulatory practice, field-derived
biological signals gain evidentiary weight only when inter-
preted alongside the consideration of mechanisms and dose–
response relationships established through controlled exper-
imentation, reinforcing the need for paired laboratory, meso-
cosm, and field-based approaches.

Need for additional case studies

While several demonstrations of field-based metabolomics
exist, there is an ongoing need for more diverse, well-docu-
mented case studies. These should span multiple ecosystems,
taxa, contaminants, and environmental conditions to illustrate
robustness, build confidence, and demonstrate broad applica-
bility. Expanded case studies will also help validate standar-
dised methods and bioinformatic workflows.

Conclusions

Field-based metabolomics is rapidly emerging as a transforma-
tive approach within effects-based environmental monitoring,
providing a window into biochemical responses of organisms
directly within their natural ecosystems. This review has
explored how advances in technologies, refined analytical
methods, and integrated ecological study designs are enabling
researchers to capture molecular signatures of stress and
exposure. These capabilities position field metabolomics as a
critical tool for identifying early-warning indicators, support-
ing more nuanced ecological assessments, and enhancing our
ability to manage environmental change.

At the same time, the discipline faces a suite of challenges that
must be addressed before its full regulatory potential can be
realised. Variability in field conditions, limited standardisation
across sampling and analytical workflows, and the complexity of
large metabolomics datasets all present barriers to reproducibility
and uptake. Furthermore, the ecological interpretation of metabo-
lomic signals—particularly in relation to contaminant exposure
and harmful effects, baseline variability, and dose–response
relationships—requires improved bioinformatics capacity and
closer integration with established monitoring frameworks. These
challenges define clear research opportunities and invite co-
ordinated efforts to develop infrastructure, tools, and protocols
that support consistent application in real-world settings.
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Addressing these gaps offers significant potential for
strengthening regulatory and policy decision-making.
Centralised data repositories, validated field-ready protocols,
and interoperable bioinformatics pipelines will enable meta-
bolomic endpoints to be assessed alongside traditional bio-
markers and ecological indicators. As the evidence base grows,
metabolomics could play a vital role in effect-based monitor-
ing programs by providing sensitive measures of sub-lethal
stress, supporting cumulative impact assessment, and inform-
ing adaptive management strategies. Expanding case studies
across diverse species, environments, and contaminant pro-
files will be key to demonstrating robustness, building confi-
dence, and aligning research outputs with regulatory needs.

Taken together, the opportunities, challenges, and regulat-
ory potential outlined in this review highlight a pivotal
moment for the field. Realising the promise of field-based
metabolomics will require sustained investment, cross-disci-
plinary collaboration, and active engagement between
researchers, regulators, industry, and monitoring agencies. We
call for coordinated national and international efforts to stan-
dardise methods, strengthen data infrastructure, and embed
metabolomic indicators into environmental monitoring frame-
works. By acting now, the research community can accelerate
the transition of field-based metabolomics from experimental
innovation to an operational, policy-ready tool for safeguard-
ing ecosystem health.
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