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the assessment of potential joint
effects of complex mixtures of contaminants in the
environment

Yu Cheng,a Jue Ding,b Catherine Estefany Davila Arenas,c Markus Brinkmann *cdef

and Xiaowen Ji deg

Organisms and humans are exposed to a “cocktail” of contaminants in the environment, but methods for

mixture assessment, untargeted analysis, and source identification (fingerprinting) are still lagging, which is

critically reviewed in this article. Firstly, this paper briefly summarized both the direct and indirect effects of

chemical contaminants at multiple levels on the biological responses of wild organisms. Secondly, the

choice of a predictive model for chemical mixture assessment can greatly influence the outcome.

Therefore, this review emphasizes the limitation of the main methodologies of risk assessments for

chemical mixtures. Thirdly, since current environmental toxicology approaches face barriers to realizing

the true potential of advances in analytical chemistry for human health or ecology risk assessment,

bioanalytical methods, to screen toxic chemicals or identify unknown chemicals at environmentally

relevant levels are reviewed. Lastly, Recently developed machine learning models, incorporating non-

targeted screening analysis for the suspect and unknown chemicals and machine learning methods,

can be trained on complex datasets to better predict interactions among identified chemicals with

random combinations, quantification of similar structural chemicals without the presence of analytical

standards, and transfer of chemicals based on their physicochemical properties in human tissues. To

perform risk assessments for a variety of chemicals, we propose employing a framework that makes

use of a range of methods from the toolbox summarized in this review.
Environmental signicance

Anthropogenic contaminants are ubiquitous and are normally present in the environment as complex mixtures, where wildlife and humans can be exposed to
these chemicals. Many contaminants may have long-term effects with chronic exposures of organisms at low concentrations. However, current approaches for
evaluating the toxicity of chemical mixtures can be questionable and fail to adequately consider synergistic or interactive effects. New approaches for identifying
the effects of chemical mixture samples have been developed, e.g., nontarget screening analysis using high-resolution mass spectrometry and machine learning
models for predicting the toxicity of chemicals using previous toxicity data. Developing these new methods can help quickly identify the potential toxicity of
highly complex mixtures without the initial consideration of known chemicals.
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1. Introduction

Chemical pollution is a serious global problem that poses a threat
to organisms and human health. There are currently over 350 000
registered chemicals being produced and used worldwide.1 The
extensive use and production of these chemicals result in contin-
uous exposure to chemical pollutants for wildlife, humans, and
ecological systems. As a result, these chemicals can enter the
bodies of wildlife and humans through various routes of exposure,
such as ingestion or inhalation, leading to harmful effects on both
wildlife and human health.2,3 Despite the occurrence of obvious
events, such as widespread wildlife mortality, which may indicate
the consequences of chemical spills, chemical pollutants can also
have more subtle yet signicant adverse effects on ecosystems.2

Additionally, most environmental pollutants have long-term
Environ. Sci.: Adv., 2024, 3, 661–675 | 661
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effects when organisms are exposed to low concentrations over an
extended period, which can be just as harmful as acute effects of
short-term exposures.4 However, conventional methods used to
assess the toxicity of chemical contaminants typically involve
laboratory experiments that focus on the effects of a single
pollutant on a single species under controlled conditions.5,6

Although it is important to understand the effects of a single
pollutant on individual organisms, it is crucial to recognize that
communities of organisms in real environments are typically
exposed to multiple pollutants. For instance, when examining
water, soil, air, and precipitation in aquatic and terrestrial envi-
ronments, researchers have discovered complex mixtures of
pesticides, such as atrazine, diazinon, and metolachlor, oen at
relatively low concentrations (<1 mg L−1).7–9 However, chemical
analysis provides only limited insight into the complexity of these
mixtures, which are expected to contain over 1000 compounds.10

Due to their negative impact on the environment and human
health, regulatory authorities have established maximum concen-
tration levels (MCLs) for various contaminants. For example, MCLs
of ∼3534 pesticides in drinking water have been regulated by 130
international jurisdictions11 and the World Health Organization.12

Furthermore, the Nationwide Urban Runoff Program (U.S. Envi-
ronmental Protection Agency) released MCLs of numerous
contaminants in soils and groundwater.13 While these concentra-
tion limitsmay be effective and safe for individual contaminants at
very low levels, the accumulation of multiple pollutants in the
environment poses a major problem, particularly in ecosystems
that contain human consumers. A previous study revealed that
mixtures of different contaminants were discovered in ground-
water used for public supply, and at worryingly high concentra-
tions.14 However, there is currently limited knowledge regarding
the effects of more diverse mixtures of contaminants on
individuals15–17 or communities in many environmental
situations.18,19

Two methodologies have been widely used for assessing the
combined effects of chemical mixtures. The rst is whether
toxic chemicals act via common pathways such as cells oxidized
and oxidative stress.20 The second approach uses the toxicity of
chemical mixtures with the side effects resulting from chemical
and biochemical interactions that can lead to diverse toxic
effects on tissues and cells.21 Although these methodologies are
being developed and applied in some cases and for specic
users, such as the WHO/IPCS framework,22 there is currently no
systematic and integrated method for hazard evaluation.

Evaluating the harmful effects of chemical mixtures on the
ecosystem and human health, for example in relation to food, is
a major concern for policymakers and regulators.23–27 Previous
efforts have aimed to link specic harmful impacts, such as
mortality and pathology, to the toxicity of individual components
within mixtures.28 However, these attempts have been only some-
what successful, and the hypothesis that the toxicity of a complex
mixture is simply the sum of the toxicity of its constituents is now
seen as questionable, especially when considering potential
synergistic or interactive impacts.29,30 For instance, numerous
mixtures of medicines used for treatments have shown signicant
synergistic interactions.25,31 Additionally, there is evidence of
emergent effects in the estrogen-like activity of mixed
662 | Environ. Sci.: Adv., 2024, 3, 661–675
contaminants,32,33 and in the synergistic interactive effects of
sucrose polyester (a harmless food additive) and anthracene,
a polycyclic aromatic hydrocarbon (PAH).34 In complex mixtures,
where confounding factors are present and contaminants are oen
associated with particle surfaces or lipid-rich coatings, catalytic
reactions can occur, leading to the formation of new compounds.35

This is particularly true in a two-dimensional environment, such as
on surfaces, where highly concentrated compounds are located
and reactions, such as oxidation, can easily take place. For
instance, debris such as microplastics can encounter a wide range
of different pollutants with varying degrees of toxicity. To further
complicate matters, the surface properties of plastics can be
signicantly altered by interactions with co-contaminants, which
can in turn be exposed to organisms.36,37 Several additives used in
plastic manufacturing processes have been found to produce
synergistic,38–40 antagonistic,41 or additive effects when combined
with other environmental pollutants, such as pesticides, pharma-
ceuticals, and PAHs.

There are thousands of chemical substances that may have
a toxic effect on human in the environment. Current advances
in high-resolution mass spectrometry (HRMS)-based non-target
screening have the potential to identify hundreds of chemicals
in a single batch of experiments.42 This means that the eld of
analytical chemistry is shiing from targeted individual chem-
ical analysis to non-targeted exposome-wide analysis. Where
there is still limited information on the toxicity of most chem-
ical contaminants, a new strategy for toxicity screening using
biological receptors has been developed.43,44 Additionally,
machine learning techniques have been utilized to predict the
interactions and assess the risks associated with mixture
exposure and chemical ngerprinting. This review summarizes
studies on the adverse effects of exposure to contaminant
mixtures and current methodologies for risk assessment of
chemical mixtures. It also focuses on non-target screening and
machine learning methods to screen hazardous contaminants
and predict the fate and toxicity of environmental mixtures.
2. Review method

The electronic databases, e.g., Web of Knowledge, ScienceDir-
ect, and ACS Publications, were searched from 2000 to 2023,
using the search terms: emerging contaminants, non-targeted
analysis, NTA, chemical mixtures, toxicity, assessment, and
machine learning. We only chose the recently relevant refer-
ences concerning the effects/toxicity of mixture chemicals,
assessment models of mixture chemicals, non-targeted
screening analysis, and machine learning of emerging
contaminants. We classied the chapters according to different
research areas of the current assessment of known and
unknown chemical mixtures in the environment.
3. Toxicity of mixture of
contaminants to organisms

The proliferation of new chemicals in recent years has surged,
evidenced by a staggering 37 million increase in the Chemical
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Abstract Service Registry within the past three years alone.45 Yet,
our capacity to evaluate the associated risks remains con-
strained. Table 1 provides a broad overview of mixture
contaminants' toxicity to organisms. For instance, only 11% of
single chemicals registered in Europe and the United States
have available empirical data on their toxicity to aquatic
biota.46–48 Moreover, the dynamic environmental landscape,
characterized by diverse pollutants like contaminated water,
sediment, and soil, poses substantial threats to local ora and
fauna. In light of these challenges, concerted efforts are needed
to enhance our understanding and management of chemical
risks in ecosystems.

Exposure to pollutants triggers a cascade of effects that affect
various reactions controlled by specic mechanisms. In addi-
tion to direct effects on growth, survival, and reproduction,
exposure to chemicals can also alter the behavior of organisms.
In the real world, organisms encounter combinations of
chemicals rather than individual compounds. For instance,
a study conducted in Lombardy waters, Italy, examined the
potential synergistic effects of mixtures of herbicides and
insecticides that exceeded the legal limit in surface water.49 This
study used the alga Chlamydomonas reinhardtii and found that
the presence of palmelloids (phenotypic plasticity in algae as
a response to environmental stress through the generation of
reversible colonies) induced stress in the algae.49 Other exam-
ples for round gobies (Neogobius melanostomus) sampled from
intensely polluted industrial sites50 and lab-exposed to munic-
ipal sewage effluent51 revealed the same reduction of aggression
behavior despite the pollutant mixtures being signicantly
different.

Combined endocrine disruptors can have signicant effects,
particularly causing reproductive issues, even at low doses that
do not individually produce observable effects.52 This
phenomenon also applies to other environmental contami-
nants. For instance, the simultaneous application of insecti-
cides and herbicides led to a staggering 99 percent mortality
rate among amphibian larvae.7 Additionally, estrogen
compounds present in discharged wastewater can disrupt the
induction of vitellogenin protein in sh, consequently exerting
varying degrees of inuence on their reproductive behavior.53 To
study some of the underlying mixture phenomena, the effects of
binary mixtures of estrogenic compounds on juvenile rainbow
trout (Oncorhynchus mykiss) were studied by Thorpe, et al.54 The
same holds for mutagenicity, where mixture tests conducted in
surface water revealed a strong synergism between aromatic
amines, not only with norharman but also with carboline and 5-
carboline, strongly suggesting that surface water mutagenicity
is highly complex and driven by synergistic mechanisms of
a complex compound mixture.55 In 2014, the United States
Geological Survey conducted a study in South Carolina Pied-
mont and found 475 unique organic compounds, indicating
widespread instream exposure to extensive contaminant
mixtures and providing multiple lines of evidence for adverse
effects on aquatic communities, including estrogenicity and
mutagenicity.56 These examples underscore the profound
impact of integrated environmental contaminants on aquatic
ecosystems and emphasize the importance of considering
664 | Environ. Sci.: Adv., 2024, 3, 661–675
mixed effects for effective environmental management and
protection.

These ndings are similar to the results of toxicity experi-
ments conducted in the laboratory using neat chemicals. For
example, the epibenthic amphipod Hyalella azteca was exposed
to multiple stressors (i.e., water temperature and salinity) in the
presence of mixed contaminants. This exposure resulted in
negative synergistic effects on invertebrate survival, behavior,
and gene response aer 96 hours.57 The effects of a binary
mixture of estradiol and 4-nonylphenol varied based on
concentration levels. Additionally, a combination of estradiol
and 17a-ethinylestradiol also had concentration additive
effects.54 Furthermore, a larger group of chemicals (estradiol,
17a-ethinylestradiol, bisphenol A, 4-nonylphenol, and 4-tert-
octyphenol) were studied to determine the concentration–
response relationships of vitellogenin induction in fathead
minnows (Pimephales promelas). The data collected from these
studies were then used to predict the responses to a mixture of
all ve chemicals, and the results showed that the observed
effects were consistent with the expected increase in
concentrations.58

Different tests have been used to determine the toxic effects
of chemical mixtures on plants and primary producers. In one
study, a relative root elongation (RRE) test was conducted to
examine the individual and combined effects of ciprooxacin,
noroxacin, and tetracycline on pakchoi. The analysis of toxic
units (TU) and synergistic ratios (SR) indicated that lower EC50

values were observed in combinations with lower antibiotic
concentrations, and greater EC50 values in combinations with
greater antibiotic concentrations, suggesting a low-dose syner-
gistic effect and a high-dose antagonistic effect.59 In another
experiment, the combined toxicity of spiramycin and amoxi-
cillin was tested on Microcystis aeruginosa. The EC50 values
expressed in TU values were 1.25 and 1.83 for spiramycin and
amoxicillin, respectively, whenmixed in rations of 1 : 7 and 1 : 1.
These results suggest an antagonistic interaction at the median
effect level.60 Furthermore, it was found that a mixture of the
two target antibiotics with a low proportion of spiramycin
(<50%) would increase the harm that M. aeruginosa itself can
cause to aquatic environments by stimulating its growth and
production and release of the algal biotoxin microcystin-LR at
environmentally-relevant contamination levels.60 In another
study, the expression of estrogen target genes in the brain of
developing zebrash embryos demonstrated that the over-
expression of B-subtype aromatase was induced by the
combined presence of bisphenol A and triclocarban.61

Mixture effects were also described in considerable detail
using sh cellular and early-life stage models. For example,
Atlantic salmon primary hepatocytes were used to examine the
interaction effects of a broad variety of contaminants. In this
study, the results showed that pesticides caused the strongest
responses, although they had less impact on cell viability
compared to PAHs. PAH-exposed hepatocytes, on the other
hand, only exhibited weak molecular responses. The ndings
indicated that the interaction effects between the contaminants
could mostly be explained as an additive effect. However, at
high concentrations, the contaminants acted synergistically.62
© 2024 The Author(s). Published by the Royal Society of Chemistry
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In other in vitro toxicity tests, signicant emergent syner-
gistic interactions were observed in the lysosomal membrane
stability of hemocytes from marine mussels when exposed to
environmentally relevant chemicals (i.e., polycyclic aromatic
hydrocarbons, pesticides, biocides, and a surfactant).10 Syner-
gistic interactions among components were observed in
mixtures compared to the response of human cells to exposure
to individual chemicals. The authors speculated that this was
mainly due to the simultaneous induction of oxidative DNA
damage and a decrease in repair capacity, contributing to the
synergistic toxic effect of these chemical mixtures.63 Mixture of
organic contaminants, e.g., hexachlorobenzene, biphenyl, three
polychlorinated biphenyls, and PAHs, can decrease relative
abundance of sensitive taxa such as Paraplectonema and
increase the abundance of resistant nematodes.64 Furthermore,
other studies also showed that mixtures of these contaminants
could have signicant effects on microbenthic organisms,65

alkaline phosphatase activation,66 gene expressions, and
cellular activities.67 All these studies indicate that the additive or
synergistic mechanisms of combined contaminants posed
disturbances to multiple organelles.
4. Current toxicity evaluation system
of chemicals
4.1 Current individual chemical toxicity testing strategies

Currently, the most recognized approach for estimating the
toxicity of chemicals is through whole-organism in vivo bioas-
says. However, this approach has limitations in terms of low
throughput and high costs, which makes it impractical for
testing a large number of chemicals. As a solution, in vitro, high-
throughput screening (HTS) assays (Fig. 1a) have been recom-
mended as a relatively low-cost method compared to in vivo
bioassays. This allows for the screening of a large number of
compounds for their potential toxicity.68 HTS assays can be
Fig. 1 Illustration of processes for (a) in vitro high-throughput screening
the APNA approach. This figure is modified from Gong, et al.102

© 2024 The Author(s). Published by the Royal Society of Chemistry
conducted using 96-, 384-, or 1536-well plates, which allow for
the screening of numerous samples in one batch.69 Over the
years, various in vitro bioassays, such as those involving nuclear
receptors (NRs) including the aryl hydrocarbon receptor (AhR),
as well as nuclear factor-erythroid 2 related factor 2 (Nrf2), have
been developed and deployed.43,69–71

Although these assays have been used in many studies, there
are still three main disadvantages to this “bottom-up”
approach, where each chemical is individually tested. Speci-
cally, (1) no single bioassay can test all toxicity mechanisms.
Despite there being over 700 bioassays used in the US Envi-
ronmental Protection Agency's Toxicity Forecaster (ToxCast
program),72 it can only cover a small fraction of the toxicity
routes mediated by around 20 000 human proteins. (2) This
approach is also very time-consuming and expensive. With
a large number of chemicals (>350 000) and bioassays (>700),
conducting over 245 million tests would be necessary for each
chemical and endpoint. However, as of 2014, only around 4500
chemicals have been tested by the ToxCast program (https://
www.epa.gov/chemical-research/toxcast-chemicals). (3) In
addition, certied reference standards are not available for
most chemicals, especially unknown metabolites that are
formed during various environmental or biological
processes.73 These metabolites might even be more toxic than
their original substances.74,75 In light of these limitations of
the “bottom-up” strategy, it is important to establish
a complementary assay for toxicity screening that considers
the seemingly limitless scale of the exposome.

Another toxicity-driven approach to screen and identify
chemicals in mixtures is effect-directed analysis (EDA) (Fig. 1b).
EDA combines toxicity tests, fractionation of multi-component
samples, and chemical analysis. It is considered a powerful
tool for screening toxic chemicals in complex environmental
samples.76,77 However, the process of iterative fractionation in
EDA is highly time-consuming and labor-intensive. This can
(HTS) assays, (b) effect-directed analysis (EDA), and basic workflow of

Environ. Sci.: Adv., 2024, 3, 661–675 | 665
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potentially introduce artifacts or cause the loss of important
toxic components. Additionally, the co-elution of numerous
chemicals in the same fraction can lead to high false positive
rates. As a result, the successful application of the EDA
approach for identifying new toxic chemicals in environmental
samples is limited to a small number of highly qualied labo-
ratories.78,79 A recent example of a new chemical being identied
using EDA approaches is N-(1,3-dimethyl butyl)-N0-phenyl-p-
phenylenediamine-quinone (6PPD-quinone), an oxidation
product of the tire antioxidant 6PPD, which was found to acute
mortality to coho salmon (Oncorhynchus kisutch) at threshold
concentrations of ∼1 mg L−1.78
4.2 Current assessment models of mixture chemicals

4.2.1 Functions of assessment models. Some mathemat-
ical models are employed to evaluate the toxicological impacts
of chemicals. These models are based on either the individual
chemical behavior through different modes of action (inde-
pendent action, IA) or through a similar mode of action
(concentration addition, CA).80–82 Considering real-world envi-
ronmental conditions, Escher, et al.83 utilized a combined CA/IA
model to evaluate the low-effect concentration and response
curves for over 200 mixtures of water samples, consisting of 17
chemicals. They found that 86% of the samples fell within the
effective ranges calculated by the CA/IA model, which supports
the CA hypothesis that toxic effects can be aggregated. However,
these joint models can only be applied to samples with low
effect levels and cannot fully explain the effects of complex
mixtures with chemical interactions. However, when interac-
tions occur within a mixture, synergistic and antagonistic
effects may only be observed with a few specic compounds at
high concentrations, among thousands of compounds present
at low concentrations in an environmental sample.23

Other models were also utilized to determine if and when
a combined risk assessment is necessary. These tools can help
identify the individual contribution of chemicals among the
total toxicity of known chemicals in the mixture. Although these
tools were not specically designed to predict the risk of
a mixture, they offer an approach for investigating data on the
cumulative risk assessment of mixture chemicals to human or
ecological receptors. One example is the maximum cumulative
ratio (MCR), which is the ratio between the toxicity of a mixture
and the toxicity of the most signicant contributing chemical in
the mixture. The MCR can determine whether the toxicity to
a receptor is due to a single chemical or multiple chemicals in
combined exposure.84 Before calculating MCR, it may be
necessary to establish a screening level for mixture risk
assessment to predict the combined effects that may be asso-
ciated with adverse effects caused by the most contributing
compounds. To address this concern, the MCR method has
been proven to be a valuable tool as part of a tiered approach to
prioritize and identify acute toxicity from a small subset of
mixtures.85 This is particularly useful when the potentially
adverse effect may be overlooked through individual chemical
assessments. Similarly, the threshold of toxicological concern
(TTC) approach can be used as a ranking assessment tool for
666 | Environ. Sci.: Adv., 2024, 3, 661–675
chemical exposures, especially when there is a lack of available
chemical data. For instance, Meek, et al.22 conducted a risk
assessment by applying the TTC approach to ten chemicals
detected in water. This was done for chemicals that did not have
any existing health-based guidance or chronic health standards.

Current assessment models require toxicological data for
each known chemical in a mixture. The toxicity of environ-
mental mixtures is typically determined by using one of two
methods: (1) testing the entire mixture using a simple in vivo or
in vitro system, or (2) using toxicological data for individual
chemicals along with their analytical concentrations. The
second method can be used to create a mathematical model
that predicts the overall toxicity of the mixture. The whole
mixture test is oen used for environmental mixtures, allowing
for the prediction of the toxicity of unknown compositions in
the mixture, even if the specic toxicity of the compounds is
unknown. The component-based method is more commonly
used, but it requires more information on compound identi-
cation, concentration, and toxicity for the individual chemicals.

4.2.2 Issues of assessment models. Some methodological
issues frequently arise during the process of risk assessment for
chemical mixtures. The data sources used for risk assessment
can be diverse and somewhat incomplete, which directly
impacts the accuracy and associated uncertainties of the
assessments. Furthermore, there is a signicant limitation in
data availability to validate the estimated results. Cumulative
risk assessments oen fail to account for the combined adverse
effects of multiple stressors, including chemical or biological
agents, and environmental conditions, as the simplifying
assumptions made by these risk assessment tools are not
applicable in such cases. Exposure data are typically derived
from biomonitoring or published data from exposure experi-
ments. The reliability of exposure data depends on the bio-
monitoring procedure used.86,87 However, assessing exposure to
lipophilic and bioaccumulating compounds poses additional
challenges. This is because it requires considering the kinetics
of these compounds and accounting for the body burden as
a starting point for risk assessment, instead of relying solely on
daily intake and exposure history. This is necessary because
exposure patterns can vary over time. Similarly, toxicological
data are largely obtained from published databases, with
missing data sometimes being lled in using a variety of
methods. The gaps in data relating to exposure and toxicity for
various chemicals, such as pesticides and
pharmaceuticals,80,88–90 can be quite signicant. This means that
there is a high level of uncertainty when it comes to assessing
risks using extrapolation methods. To illustrate this point,
models have been developed to assess the cumulative exposure
of consumers to personal care products.91 However, there is still
a lack of detailed data regarding the frequency of use of those
products,92 which hampers the accuracy of risk assessment.

Except for the required exposure and toxicological data, the
risk assessment of chemical mixtures also relies heavily on
assumptions, which greatly impact the outcome.89,93 This
pattern is similar to that of a single chemical assessment, but it
becomes particularly important in the assessment of chemical
mixtures because the uncertainties from individual chemical
© 2024 The Author(s). Published by the Royal Society of Chemistry
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assessments accumulate when assessing combined risks. It is
important to exercise caution when interpreting the results in
cases where different models are combined and applied to the
same risk assessment, such as the differences between dietary
and non-dietary exposure models. Furthermore, when assessing
the combined effects of chemicals, it is necessary to consider
reference values for the specic effect on common effects or
common modes of action. However, toxicity values oen
dominate the assessment of single chemicals, which means
that using the lowest reference values in the risk estimationmay
lead to an overestimation of the combined effects. In the case of
a mixture sample containing unknown chemicals with domi-
nant toxicity, the assessment models become ineffective
without existing toxicology data and knowledge of the
compound structure.
5. New approaches to assess
environmental mixtures
5.1 Non-target screening analysis

With the development of HRMS, screening analysis has been
applied for expected suspect chemicals based on the database
or for the determination of unknown chemicals using the
examination of HRMS.94,95 For example, non-target screening
with LC/GC quadrupole time-of-ight (Q/TOF) conrmed 271
chemicals, 163 of which can be conducted for unambiguous
identication by in silico fragmentation from 38 dust samples.96

This study found that a large number of emerging contami-
nants (e.g., organouorine/polyuorinated compounds) have
been underestimated in the dust that can potentially affect
humans. To avoid extensive machine-running time for non-
target screening, some interesting studies conducted a pool-
ing samples strategy to run a minimal number of samples for
a wide range of chemicals. In a recent study, sixteen pooled
human serum samples were randomly selected from 25 indi-
vidual samples for GC-Q/TOF suspect screening analysis, where
5444 unique compounds were tentatively identied with data-
based spectral matching. A similar study was conducted for
prenatal exposure by non-target screening analysis of maternal
and cord blood samples, which annotated 98 compounds as
endogenous and exogenous sources, e.g., endogenous fatty
acids (interaction between PFAS and fatty acids) in both
maternal and cord samples. These non-target screening works
can help with the demonstration of the presence of exposure
sources among different chemicals relevant to human health.

In environmental samples, Peng, et al.97 developed
a screening method using HRMS to identify unknown natural
and synthetic organo-bromine compounds (NSOBCs) in lake
sediment samples. This method resulted in the identication of
1593 new NSOBCs. Additionally, NSOBC peak abundances in
sediment core samples can be analyzed using hierarchical
cluster analysis, revealing temporal trends in peak abundance
that are inuenced by anthropogenic activities.98 Similar
untargeted methods can also be used to compare characteristic
fragments between different samples. For instance, iodinated
organic compounds can be identied in both freshwater and
© 2024 The Author(s). Published by the Royal Society of Chemistry
marine sediments.99 Furthermore, an enhanced nontarget
screening algorithm using the Toxic Substance Control Act
(TSCA) database has been employed to screen indoor pollut-
ants, leading to the annotation of 18 previously unrecognized
chlorinated azo dyes as chlorinated analogs derived from
Diperse Violet 93 and Diperse Blue 373.100 However, caution
should be exercised when using large databases in non-targeted
methods, as they might decrease sensitivity, considering
different chemical responses in mass spectrum with several
orders of magnitude for very similar compounds.

Recently, a new method called “Affinity Purication with
Non-target screening (APNA)” has been developed for the “top-
down” screening of toxic substances from environmental
complexes.101,102 This method follows the principles of
biochemistry, using a tagged protein (e.g., NR) as a bait to
isolate bioactive pollutants directly from extracts of environ-
mental samples containing thousands of compounds. Fig. 1c
outlines the general APNA workow. In summary, environ-
mental cocktail samples are extracted using a suitable method
(Procedure I), and then the extracts are incubated with Escher-
ichia coli lysates that overexpress a polyhistidine-tagged protein
of interest. Bioactive ligands bound to the polyhistidine-tagged
protein are then isolated using a two-step approach: affinity
purication (Procedure II) and nondenaturing elution (Proce-
dure III). Finally, the structures of the isolated ligands are
identied using HRMS-based non-target screening, combined
with nuclear magnetic resonance (NMR) spectroscopy and X-ray
crystallography for identication of the general structure, and
ion mobility spectrometry for positional isomers and cis–trans
isomers if needed (Procedure IV).

The APNA method has been used to screen for major contrib-
utors to peroxisome proliferator-activated receptor g (PPARg)
activity in oil sands process-affected water (OSPW). Although the
toxic effects of OSPW exposure have been reported,103 little was
known about the specic toxic chemicals causing adverse effects
due to the complexity of OSPW.104 By applying the APNA method,
hydroxylated carboxylic and sulfonic acids were identied asmajor
drivers of the PPARg-mediated effects of OSPW (Fig. 2a).101 In
aqueous lm-forming foam (AFFF) products and AFFF-
contaminated surface waters, 31 unknown polyuoroalkyl
ligands of human liver fatty acid binding protein (hL-FABP) were
identied (Fig. 2b).105 While most of these ligands do not have
standard substances, tentative identities were determined based
on extract mass, secondary mass spectra, and retention time. The
APNA method could explain the unknown toxicity of known
contaminants. For instance, the liver X receptor a (LXRa) antago-
nist activity of triphenyl phosphate (TPHP) (Fig. 2c) was found in
vivo by promoting the development of atherosclerotic lesions in
ApoE-/- model mice, independently validating the APNA method.
This method was also applied to other chemicals.106,107 Another
example is the potent antibacterial compound 6-OH-BDE-47 (6-
hydroxy-2,20,4,40-tetrabromodiphenyl ether), which acts by inhib-
iting enoyl-acyl carrier protein reductase (FabI) (Fig. 2d) as deter-
mined by APNA combined with chemical proteomics.
Furthermore, 6-OH-BDE-47 was found to function as a chemical
defense molecule in marine sponges by selectively killing the
sponge microbiome carrying FabI.108
Environ. Sci.: Adv., 2024, 3, 661–675 | 667
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Fig. 2 Examples of the application of the APNA method: (a) unknown hydroxylated carboxylic and sulfonic acids were identified as the major
drivers for the PPARg activity from complex OSPW samples; (b) identification of hL-FABP ligands in AFFF with the absence of standard
substances; (c) toxicological mechanism of TPHP in LXRa antagonism; (d) 6-OH-BDE47 was found to be an inhibitor of FabI. This graph is
modified from previous publications.101,102,105,107,108
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5.2 Machine-learning approaches

Nowadays, machine learning has been used in spheres of
prediction of the risk of chemical mixture, qualication of
suspect compounds in the absence of analytical standards, and
chemical behavior for human health (Fig. 3).

The small molecules, e.g., emerging contaminants and their
metabolites, have been largely elucidated by HRMS-based suspect
and non-targeted screening analysis, whereas the condence
depended on the HRMS identication may not always be possible
for different substances, which causes a not accurate semi-
quantication for these suspects. Traditionally, analytical
668 | Environ. Sci.: Adv., 2024, 3, 661–675
standards are used to quantify different chemicals in LC-HRMS as
compensation for a broad range of ionization efficiency (IE). IE can
be quite variable among the similar structures of chemicals such
as polychlorinated biphenyls.109 Therefore, even if some
compounds can be quantied based on their homologs, the signal
of the homolog can be signicantly higher than the estimated
compound under the same conditions of themachine.109Recently,
machine learning models combining molecular and eluent
descriptors showed the potential to predict IE.110 Lauria, et al.110

used a gradient-boosted tree-based model to train the absolute
response factors in negative mode for prediction of IE with the
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 The general workflow of machine learning approaches for the toxicity assessment of.

Critical Review Environmental Science: Advances

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

5 
A

pr
il 

20
24

. D
ow

nl
oa

de
d 

on
 1

0/
16

/2
02

5 
7:

43
:5

6 
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
validation of 33 per- and polyuoroalkyl substances (PFAS). This
method was rst applied to the liver of marine mammals (pilot
whales and white-beaked dolphins) to estimate the concentrations
of unidentied suspect PFAS. Another articial neural network
also used physicochemical descriptors of database-matched
chemicals to predict the transplacental transfer of PFAS as
a function based on their physicochemical properties.111

Furthermore, another machine learning method has
recently been developed for diagnostic purposes in chemical
forensic analyses using non-target chemical data.112–114 The
underlying hypothesis in chemical forensic analysis is that the
chemical composition of a sample, at least to some extent,
contains information about its source or the environmental
conditions it was exposed to.115 This selection process for
a subset of chemical features is oen referred to as “chemical
ngerprints.” However, choosing a subset of diagnostic chem-
ical features from a pool of thousands of potential features can
be challenging. Dávila-Santiago, et al.112 proposed a forensic
workow to overcome this obstacle. The critical thresholds in
this workow are data-dependent and serve the needs of the
investigation. Dávila-Santiago, et al.112 suggested two general
rules: (1) the initial tuning should achieve a balanced accuracy
of >50%.; (2) when using only the diagnostic features, the
balanced accuracy should increase when using the top n
© 2024 The Author(s). Published by the Royal Society of Chemistry
diagnostic features compared to using all the features. This
workow enables the simultaneous quantication of processes
occurring among thousands of organic molecules within
a single sample, such as dissolved organic contaminants in
a water sample. It provides diagnostic chemical signatures for
each process, allowing for better detection of pollution sources
at trace levels in the environment. However, non-targeted
screening methods still rely on the different large chemical
databases and putative structures; and the high-throughput
data from non-targeted screening methods cannot be quanti-
ed by off-the-shelf detectors, wherein the machine learning
may not fully consider their transformation, which might show
a quite different toxicity compared to their parent compounds.

A framework was to create a robust machine learning model
that can accurately predict the risk of algal toxicity caused by
mixtures of contaminants.116 This model examines the
nonlinear relationship between the effect sizes of contaminant
number, temperature, water quality parameters, and land use
metrics on the ecological functions of algae, invertebrates, and
sh. The tests were carried out under various lab conditions and
eld sites, totaling more than 900 locations worldwide. The
results of this study conrmed that machine learning methods
can serve as excellent and exible tools for toxicologists and
policy-makers. A smaller scale of machine learning was
Environ. Sci.: Adv., 2024, 3, 661–675 | 669
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developed to discriminate mixtures of EDCs using capacitance
spectra obtained by a two-dimensional molybdenum disulde
(MoS2)-based impedimetric electronic tongue (e-tongue).117

Threemodels, namely themultilayer perceptron (MLP), random
forest, and extreme gradient boosting (XGBoost), were
employed for multi-targeted regression to predict the levels of
individual compounds and their mixtures. The study found that
XGBoost outperformed random forest and neural networks,
largely due to its basis in Gradient Boosting Machines (GBMs),
which boost weak learners through optimizations and algo-
rithmic enhancements.118 In a similar study, articial neural
networks, and random forest models were used to predict
temporal changes in the bioavailability and toxicity of complex
chemical mixtures in soils contaminated with petroleum
hydrocarbons and metal(loid)s.119 The models were trained
using empirical data such as soil type, bioavailable concentra-
tion, and time. However, it should be noted that this model may
not accurately predict toxicity beyond 180 days due to limita-
tions in the dataset and other input variables. To overcome this
limitation, the use of more contaminant toxicity datasets or
additional empirical data is recommended when applying
machine learning methods to predict toxicity.

6. Conclusion and future directions

Due to the highly complex mixtures of emerging contaminants
in the environment, either individually or through their inter-
actions, make it challenging to establish model specications,
exposure levels, and toxic reference values. The current lack of
analytical standards for different compounds makes the diffi-
cult to determine the chemical groups and sources. Although
the current studies in recent years have been focused on
different methods of non-target screen analysis for identica-
tion, semi-quantication of similar structure chemicals, and
machine learning of chemical behavior, it is still essential to
carefully interpret the results without adequate information on
chemicals. Exposure to toxic chemicals can cause health prob-
lems by interacting with biomolecules, known as molecular
initiating events, which can disrupt various downstream phys-
iological processes.120 Although small molecular chemicals,
such as PAHs121 and aromatic amines,122 attack nucleotides, and
others, e.g., halogenated benzene,123 target cell membranes,
proteins also play a role in mediating adverse effects of
contaminants.124 However, the current non-target screening
method still focuses on PFAS-relevant compounds while the
interactions between emerging chemicals and proteins are still
not clear by the current methods. Besides, current assessment
methods and frameworks for mixture chemicals need to further
consider incorporating unknown or suspect chemicals into
machine learning algorithms for predicting the fate and
behavior in environmental and biological samples.
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