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ABSTRACT

Animal behaviour is remarkably sensitive to disruption by chemical pollution, with widespread implications for ecolog-
ical and evolutionary processes in contaminated wildlife populations. However, conventional approaches applied to
study the impacts of chemical pollutants on wildlife behaviour seldom address the complexity of natural environments
in which contamination occurs. The aim of this review is to guide the rapidly developing field of behavioural ecotoxicol-
ogy towards increased environmental realism, ecological complexity, and mechanistic understanding. We identify
research areas in ecology that to date have been largely overlooked within behavioural ecotoxicology but which promise
to yield valuable insights, including within- and among-individual variation, social networks and collective behaviour,
and multi-stressor interactions. Further, we feature methodological and technological innovations that enable the collec-
tion of data on pollutant-induced behavioural changes at an unprecedented resolution and scale in the laboratory and the
field. In an era of rapid environmental change, there is an urgent need to advance our understanding of the real-world
impacts of chemical pollution on wildlife behaviour. This review therefore provides a roadmap of the major outstanding
questions in behavioural ecotoxicology and highlights the need for increased cross-talk with other disciplines in order to
find the answers.
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I INTRODUCTION

Chemical pollution represents a leading threat to human
health, wildlife, and ecosystems around the world (Landrigan
et al., 2018). In fact, increases in the diversity and volume of
novel synthetic chemicals released into the environment now
far outpace other key drivers of global change (e.g. rising atmo-
spheric CO2, habitat loss; Bernhardt, Rosi & Gessner, 2017).
This trend is the result of rapidly increasing chemical use, with
the global chemicals industry, currently valued at >US$5 tril-
lion, projected to double in size between 2017 and 2030
(UNEP, 2019). The spread of novel environmental contami-
nants is concerning given that many ecosystems are already
inundated with myriad organic and inorganic chemicals
released by human activities, including metals, pesticides,
pharmaceuticals, and per- and polyfluoroalkyl substances
(PFAS) (Bertram et al., 2022). Moreover, chemical pollution
continues to accelerate large-scale wildlife losses (Groh et al.,
2022), including dramatic declines in the abundance and
biodiversity of insects (S�anchez-Bayo & Wyckhuys, 2019), avi-
fauna (Rosenberg et al., 2019), and aquatic species (Tickner
et al., 2020).

Adverse impacts of chemical pollution onwildlife are not lim-
ited tomortality at acutely toxic levels. Indeed, exposure to envi-
ronmental pollutants at sublethal concentrations acts as an
often-cryptic driver of wildlife declines by disrupting a wide
range of fundamental biological processes [e.g. development
(Gore et al., 2015); reproduction (Aulsebrook et al., 2020)]. In this
regard, a growing body of research has demonstrated that
chemical pollutants can have both direct and indirect impacts
at multiple levels of organisation by altering animal behaviour
(reviewed in Saaristo et al., 2018). In fact, behaviour can be
remarkably sensitive to perturbation by even low pollutant con-
centrations, and is often disturbed at much lower exposure
levels than more conventional endpoints in ecotoxicology, such
as development, reproduction, andmortality, which is routinely

estimated using LC50 (i.e. the concentration at which 50% of
the animals in an exposed population are expected to die)
(Melvin &Wilson, 2013). This is alarming given that behaviour
represents the link between an organism and its environment,
meaning that an inability to appropriately produce and main-
tain behaviour can have dire consequences for individual- and
population-level fitness (Wong & Candolin, 2015).

Clearly, there is an urgent need to better establish the
causes and consequences of pollutant-induced behavioural
changes in wildlife (discussed in Peterson et al., 2017). How-
ever, conventional approaches applied in behavioural eco-
toxicology are often insufficient to address the complexity
of real-world exposure scenarios (Pyle & Ford, 2017), that is
exposing individuals of a single species to a single contami-
nant and measuring movement in a confined arena. This
limits our ability to achieve meaningful biological interpreta-
tions of pollutant impacts at the individual level. Moreover,
such approaches hamper the accurate extrapolation of find-
ings to predict effects on populations and communities,
which is vital to environmental protection efforts (Ford
et al., 2021).

At the same time, significant methodological and techno-
logical innovations promise to transform the study of wildlife
behavioural responses to pollutants, originating from within
behavioural ecotoxicology and related disciplines such as
analytical, environmental, and computational chemistry,
comparative toxicology, behavioural ecology, collective
behaviour, movement ecology, automated sensing, and com-
puter vision. These advances open the door to the collection
of data of high environmental and ecological relevance at an
unprecedented resolution and scale in both the laboratory
and the field. Crucially, this is enabling behavioural ecotoxi-
cologists to confront the formidable complexity that often
characterises real-world exposure scenarios (e.g. chemical
interactions, chemical and non-chemical stressor interactions,
complex and/or large-scale behaviours). Indeed, recent work
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embracing these innovations has revealed effects of pollutants
on behavioural processes that were previously not possible to
capture using conventional approaches. These range from
neurotoxic insecticide-induced migration delays in songbirds
(Eng, Stutchbury & Morrissey, 2019) to the breakdown of
behavioural diversity in fish populations exposed to pharma-
ceutical pollution (Polverino et al., 2021).

The aim of this review is to guide the field of behavioural
ecotoxicology towards increased environmental realism, eco-
logical complexity, and mechanistic understanding by
highlighting major research opportunities and experimental
innovations. First, we examine how recent advances in ana-
lytical and environmental chemistry can increase environ-
mental realism and experimental quality in behavioural
ecotoxicology, and discuss underused approaches to priori-
tising contaminants of concern for behavioural testing. We
then argue for targeting behavioural endpoints of high eco-
logical significance, and outline concepts in ecology that have
been broadly overlooked in behavioural ecotoxicology to
date but which have the potential to provide key insights.
We go on to present a suite of cutting-edge tools and technol-
ogies that can be incorporated into behavioural ecotoxicol-
ogy studies during design, implementation, and analysis.
Further, we consider developments in statistical sophistica-
tion necessary to evaluate behavioural impacts of pollutants
occurring in complex systems. Finally, we provide open-
access and freely available tools and resources, wherever pos-
sible, in order to increase the accessibility of behavioural eco-
toxicology research.

II INCREASING ENVIRONMENTAL REALISM

Here, we outline how recent advances in analytical and envi-
ronmental chemistry can be harnessed to enhance environ-
mental realism and experimental quality in behavioural
ecotoxicology, and discuss underused approaches for priori-
tising contaminants and mixtures of concern for behavioural
testing.

(1) Confronting real-world exposure scenarios

Given the sheer number of chemicals in commerce, one of
the challenges we face is how to identify what potentially
behaviour-modifying chemicals and mixtures are present in
the environment and at what levels. There are at least
350,000 chemicals and chemical combinations registered
for use around the world (Wang et al., 2020), several thousand
of which have been detected in the environment (Hollender
et al., 2017). However, regulatory monitoring is still limited
to a small selection of well-known contaminants, representing
only a fraction of overall chemical and mixture risk (discussed
in Brack et al., 2019a). For example, the United States Clean
Water Act regulates 126 priority pollutants (EPA, 2021a),
while the European Water Framework Directive is based
on the analysis of 45 priority substances, as well as pollutants

(�300 total) defined nationally by the different European
Union member states (European Union, 2013). This limita-
tion is partly a consequence of traditional environmental
surveillance methodologies relying on targeted analyses
of contaminants (discussed in Brack et al., 2019b), which
requires that compounds are already ‘known’ and that
chemical analytical standards are available to support their
measurement. Fortunately, rapid advances in analytical
and environmental chemistry, such as non-targeted screen-
ing using high-resolution mass spectrometry coupled to chro-
matography, now allow for near-simultaneous identification
of thousands of contaminants that are not preselected for
study across a range of environmental compartments
(e.g. water, air, dust, soil) and biological matrices (e.g. tissue,
blood, plasma) (Hollender et al., 2017; McCord, Groff II &
Sobus, 2022). The sensitivity of analytical instrumentation
for both targeted and non-targeted analyses has also
increased markedly, allowing for the detection of even
trace concentrations (e.g. pg/l or kg, ng/l or kg) of chemicals
that could cause sub-lethal changes to animal behaviour
(Jiang & Li, 2020). However, equipment and analysis costs
are still a limiting factor in the widespread application of
these approaches (see Fernandez, André & Cardeal, 2020).
Thankfully, data on complex exposure scenarios in the wild
are also increasingly accessible due to the availability of
large-scale, open-access databases documenting the occur-
rence of environmental contaminants, for example the EPA
NCOD Database (EPA, 2021b), the NORMAN EMPO-
DAT Database (NORMAN, 2022), the UBA Pharmaceuti-
cals in the Environment Database (UBA, 2021), and the
Global Monitoring of Pharmaceuticals Project (Wilkinson
et al. 2022). Taken together, these developments increasingly
allow behavioural ecotoxicologists to place their work in a
real-world context when targeting contaminants and mix-
tures of concern (e.g. based on environmental prevalence,
persistence, co-occurrence, and/or relevance to particular
species or research questions). This targeted approach is
especially important given that testing all relevant chemicals
and combinations of chemicals for potential behavioural
effects would be prohibitively costly, inefficient, and ethically
problematic. Moreover, these advances facilitate extreme pre-
cision, accuracy, and breadth in characterising and validating
exposure scenarios (e.g. confirming contaminants and transfor-
mation products in exposure media and/or experimental ani-
mal tissues).

(2) Prioritising contaminants of concern

The next major challenge is identifying and prioritising con-
taminants and mixtures that are likely to have deleterious
effects on wildlife behaviour. To this end, we must look
beyond traditional laboratory exposure experiments alone,
again adopting a targeted approach given that more chemi-
cals exist than can be adequately examined in a timely man-
ner. It is therefore crucial to predict how chemicals interact
with biological systems, which requires developing predictive
approaches to identify and prioritise contaminants and
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mixtures that are likely (or not) to alter behaviour. In addition
to facilitating the analytical chemistry advances discussed previ-
ously, computational chemistry can help to identify inherent
chemical attributes and properties that are likely to interact with
specific biomolecules and elicit downstream biological and
behavioural responses in organisms. For example, an explosion
of molecular genetic information across phyla is facilitating in

silico advances in predictive toxicology and pharmacology dur-
ing drug development (Raies & Bajic, 2016). Such approaches
are translatable from human to environmental protection
efforts when the structural alerts for specific chemicals alignwith
predictions of evolutionarily conserved molecular initiating
events (MIEs, i.e. a molecular interaction between a chemical
and a specific biomolecule; LaLone et al., 2016). These MIEs
may then lead to a sequential series of higher-order effects
(e.g. gene activation, changed cell signalling, disturbed homeo-
stasis, altered tissue development and/or function) across bio-
logical scales (e.g. molecular, cellular, tissue, and/or organ
levels). This may produce adverse outcomes – for instance, on
behaviour – of relevance to individuals and populations [sum-
marised in the ‘Adverse Outcome Pathway’ (AOP) concept;
Ankley et al., 2010]. Adding a layer of complexity, AOPs can
also be used to predict mixture effects (reviewed in Escher
et al., 2017), which may be produced by combinations of chemi-
cals that act via the same or different MIEs, and could include
additive, antagonistic, or synergistic interactive effects on animal
behaviour. Supporting this approach, large-scale computa-
tional toxicology initiatives are examining thousands of chemi-
cals with hundreds of targets in in vitro models to identify MIEs
that may cause adverse outcomes in the environment
(e.g. Tox21, 2020; ToxCast, 2020; ToxPi, 2021). Although very
little integration of computational chemistry, comparative toxi-
cology, and behavioural ecotoxicology has occurred to date, this
approach could be extremely valuable in facilitating effective
prioritisation of contaminants of concern for behavioural test-
ing, and promises to improve mechanistic understanding.
Moreover, because groups of chemicals within contaminant
classes often act on the same or similar physiological pathways
and molecular mechanisms (e.g. serotonin re-uptake inhibiting
pharmaceuticals; Gunnarsson et al., 2019), this targeted
approach promises to reduce substantially the number of candi-
date chemicals and mixtures for behavioural testing.

III ADDRESSING ECOLOGICAL COMPLEXITY

A common critique of behavioural ecotoxicology research is
the perception that such studies lack sufficient ecological rel-
evance to be applied to real-world scenarios (discussed in
Ågerstrand et al., 2020). This is true even though, when
assessed correctly, behavioural responses can be invaluable
in predicting higher-order population- and community-level
outcomes (Saaristo et al., 2018). Here, we outline practices to
improve ecological realism in behavioural ecotoxicology
research and highlight seldom-studied but significant new
research avenues in this field.

(1) Key experimental design considerations

When designing studies testing the potential behavioural
impacts of contaminants, how do we decide which behav-
iours we should test and how to test them most appropri-
ately? Most importantly, behaviours need to be ecologically
relevant to the focal species and must be biologically targeted
by the contaminant(s) in question via some direct or indirect
mechanism(s) of action, and/or predicted to impact an
organism’s spatial pollution attraction/avoidance (discussed
in Araújo et al., 2020). Contaminants that are expected to
affect fundamental behaviours for a species’ ecology and fit-
ness should be prioritised, as these will likely have more
immediate and adverse impacts. For instance, contaminants
that target social-cue mechanisms may disproportionately
affect organisms that rely on social information and/or the
ability to form cohesive groups (e.g. schools, flocks) that are
essential to their antipredator behaviour, feeding and forag-
ing, and mating biology (e.g. Ward et al., 2008; Martin
et al., 2019; Mason et al., 2021). Similarly, certain pollutants
might interfere with a species’ ability to avoid predators by
targeting neural pathways involved in predator recognition
(e.g. Polo-Cavia, Burraco & Gomez-Mestre, 2016) or that
support locomotion for escape (e.g. Sievers et al., 2018). Fur-
ther, behavioural experiments should ideally be tailored to
mimic the species’ natural social environment and habitat
(or be conducted in the wild; see Section IV.2). Social spe-
cies, for instance, should be tested in the presence of conspe-
cifics (see Martin & McCallum, 2021), both to increase
ecological relevance and because of the known impacts of
social isolation on animal physiology and behaviour
(e.g. Shams, Chatterjee & Gerlai, 2015; Tunbak
et al., 2020; Munson, Michelangeli & Sih, 2021). Likewise,
species that rely on specific environmental resources as part
of their behavioural repertoire should be tested with those
resources (e.g. refuge structures, substrate, perches), and if
movement-related behaviours are being measured then
adequately sized experimental environments should be
provided for natural space use and avoidance behaviours
to occur. These details will vary from species to species
but their absence may lead to unnatural behaviours and
erroneous biological interpretations.

(2) Novel research directions in behavioural
ecotoxicology: what are the knowns and the
unknowns?

Keeping the above experimental considerations in mind, we
next feature a range of future research avenues that, despite
being of high ecological significance, have received relatively
little attention in behavioural ecotoxicology (Fig. 1; see also
Table 1 for examples of studies that have been carried out
in each of these research areas to date). We by no means
see this as an exhaustive list or as mutually exclusive group-
ings. In fact, integrating across these groupings will only help
to address the complexities of how pollutant exposure affects
animals in the wild.
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At the individual level, behavioural ecotoxicology research
to date has largely focused on how exposure to chemicals
alters the average level of ecologically relevant behaviours
(e.g. activity, aggression, boldness). Such observations have
been pragmatic from a laboratory experimental design per-
spective but often ignore behavioural variation. This is con-
cerning because phenotypic plasticity, that is an individual’s
capacity for phenotypic variation under different environ-
ments, is a key determinant of performance under fluctuating
conditions within their lifetime (often called ‘acclimation’;
see Donelson et al., 2019). Moreover, phenotypic variation
among individuals is fundamental for adaptation (and evolu-
tion) to occur, meaning that the extent of variation within a
population is an important indicator of how buffered that
population will be to environmental change, including chem-
ical pollution (Sih, Ferrari & Harris, 2011). Accordingly, the
field of behavioural ecology has seen a shift towards quantify-
ing and understanding consistent within- and among-
individual behavioural variation (i.e. animal personality;
Sih, Bell & Johnson, 2004). This includes both phenotypic
plasticity and other sources of behavioural variation such as
circadian/circannual rhythms (e.g. Melvin, 2017; Thoré,
Brendonck & Pinceel, 2021a), and life-history events
(e.g. Thoré et al., 2019). This has produced new insights into
how consistent individual behavioural differences are corre-
lated with key traits related to behaviour, such as cognitive
ability (Sih & Del Giudice, 2012; Griffin, Guillette &
Healy, 2015), metabolic rate (Careau et al., 2008; Biro &
Stamps, 2010), and space-use patterns (Spiegel et al., 2017;

Michelangeli et al., 2021). Furthermore, individual beha-
vioural variation is heritable (Dochtermann, Schwab &
Sih, 2015) but can also be shaped by experience via transge-
nerational and developmental phenotypic plasticity
(Groothuis & Taborsky, 2015), including exposure to chem-
ical pollutants (Tüzün et al., 2017). Importantly, differences
in behaviour among individuals may also lead to variation
in sensitivity and exposure to chemical pollutants. For exam-
ple, recent research has demonstrated that social status mod-
ulates the extent of uptake of the pharmaceutical pollutant
oxazepam by juvenile brown trout (Salmo trutta), with subordi-
nate fish absorbing more of the drug than dominant ones,
likely due to higher ventilation and respiration rates
(McCallum et al., 2021). Given that only a relatively small
number of recent studies have examined how chemical
stressors alter aspects of behavioural variation (e.g. Tüzün
et al., 2017; Polverino et al., 2021), or how consistent individ-
ual differences affect behavioural responses to chemical
stressors (Nanninga, Scott & Manica, 2020), the integration
of behavioural ecotoxicology and consistent individual varia-
tion is clearly an important direction for future study (see
Montiglio & Royauté, 2014).
Scaling up to the group and population levels, we know

that animals display a range of social phenotypes (Gartland
et al., 2021) and that interactions among conspecifics can
underlie many aspects of animal fitness (e.g. territory
defence, reproduction, parental care). Yet very little atten-
tion has been given to understanding how contaminants
might affect animal groups and intraspecific interactions

Fig. 1. Important future avenues for research investigating behavioural impacts of chemical pollution on wildlife, which have
received relatively little attention in behavioural ecotoxicology, especially when compared with more conventional ecotoxicological
endpoints (e.g. development, reproduction, and LC50). Examples of studies that have been conducted in each of these research
areas to date are provided in Table 1.
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(beyond simple dyads). As such, another significant future
direction will be to measure the impact of chemical pollut-
ants in natural social settings on endpoints like: (i) social net-
work structure, including the formation and consequences of
dominance hierarchies; (ii) collective behaviours such as
group shoaling, flocking, foraging, or collective decision-
making; (iii) how individual traits (e.g. personality variation)
affect group or collective behaviour; (iv) animal contests over
valued resources (e.g. territory, mates); and (v) classic repro-
ductive behaviours like courtship, mating and alternative
strategies, and parental care. This work can also operate
beyond a single generation because an individual’s behav-
iour can be shaped by both past and current exposure, as well
as past conspecific experiences via indirect maternal/paternal
effects (Bell & Hellmann, 2019; Donelan et al., 2020).
We also need to look beyond any single species to answer

questions concerning multi-species interactions and how
behaviour is affected by other ecological processes across
environmental gradients. These types of questions will allow
us to better approximate the complexities of natural environ-
ments and might include, for example, uncovering whether
and how contaminants could decouple or change host–
parasite or host–pathogen relationships (Blanken, van Lan-
gevelde & van Dooremalen, 2015; Rumschlag et al., 2019),
alter interspecific information transfer or eavesdropping
(Gil et al., 2018), and affect predator–prey interactions
(Weis & Candelmo, 2012; Hayden et al., 2015). Moreover,
considering that various pollutants (e.g. psychoactive phar-
maceuticals) have been shown to alter predator avoidance
and escape behaviours in prey species (e.g. Polo-Cavia, Bur-
raco & Gomez-Mestre, 2016; Martin et al., 2017), key ques-
tions that have received surprisingly little attention to date
are whether exposure of predators and/or prey to (the same
or different) contaminants might shift the ‘landscape of fear’
(Gaynor et al., 2019), or shape animal communities and tro-
phic cascades through altered patterns of competition
and/or consumption (e.g. Rohr, Kerby & Sih, 2006; Weis
et al., 2011).
Finally, to reveal patterns of effects of chemicals on indi-

viduals, animal groups, and whole community/ecosystem
outcomes, a crucial need is to understand the relative impact
of chemical stressors and other abiotic and biotic stressors
that can have unexpected and complex effects on animal
behaviour, that is we need a multi-stressor approach (Orr
et al., 2020). Numerous studies show that even very low levels
of chemical stressors can severely reduce fitness if combined
with low food levels (e.g. Rohr et al., 2004), predation risk
(Relyea, 2003), high parasite load (e.g. Rumschlag
et al., 2019), or variable temperature (e.g. Brown
et al., 2015; Delnat et al., 2019). Yet relatively few studies have
examined how behaviour might mediate these multi-stressor
outcomes via animal dispersal or avoidance, seasonal or diur-
nal shifts in behaviour, or increasing/decreasing behaviours
to compensate for changing metabolic demands (e.g. a
foraging–detoxification trade-off ). Among species, some of
the variation in negative impacts of chemical stressors will
be due to differences in physiology that underlie inherentT
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differences in vulnerability to exposure. However, differences
in behavioural responses will likely play a major role in
explaining dissimilar exposure to chemicals, and in the ability
of animals to compensate behaviourally, for example by
increasing energy intake or via social buffering. Thus, more
accurate behavioural assessments of chemical pollutants will
often require a multi-stressor approach in order to assess
the simultaneous or sequential effects of chemicals with other
key environmental factors within ecologically relevant
conditions.

IV TOOLS AND TECHNOLOGIES FOR
ADVANCING BEHAVIOURAL ECOTOXICOLOGY

Here, we provide an overview of recent methodological and
technological innovations that allow for the possible effects of
contaminant exposure on organismal behaviour to be inves-
tigated at a greater resolution and scale than ever before

(Fig. 2). See the online Supporting Information for a compre-
hensive overview of suppliers and resources for laboratory
software and hardware (Tables S1 and S2, respectively),
and field software and hardware (Tables S3 and S4).

(1) Laboratory-based experimental innovations

There is now a tremendous variety of laboratory software
and hardware options available to ecotoxicologists for cap-
turing potential behavioural responses to contaminant expo-
sure. For instance, cameras with high frame rates offer the
temporal resolution to track behaviours that were previously
not possible to capture. This includes recording high-speed
locomotion on land (e.g. walking parameters of insects; Pfef-
fer et al., 2019), in water (e.g. propulsion in swimming fish;
Johansen et al., 2017), and in the air (e.g. honeybee flight
paths; Guiraud, Roper & Chittka, 2018), as well as feeding
performance of predators (Rossoni & Niven, 2020), and
escape performance of prey (e.g. Jonsson et al., 2019).
Similarly, cameras with wide spectral- or thermal-sensing

Fig. 2. A wide variety of tools and technologies are now available to study potential impacts of contaminants on animal behaviour.
Automated systems allow for (A) simultaneous tracking of large numbers of individuals (TRex; Walter & Couzin, 2021), and
quantification of traits beyond movement, including (B) 2D visual fields (TRex; Walter & Couzin, 2021) and (C) posture analysis
(DeepPoseKit; Graving et al., 2019). New technologies are also increasing mechanistic understanding in behavioural ecotoxicology,
such as (D) functional neuroimaging with genetically encoded calcium sensors, used to quantify whole-brain drug activity in larval
fish (Winter et al., 2017). Further, innovative approaches enable tracking individuals in semi-field and field settings: (E) automated
barcode systems (Alarc�on-Nieto et al., 2018); (F) radio-frequency identification (RFID) tagging, employed to reveal lifetime
reductions in neonicotinoid-exposed honey bee foraging (Colin et al., 2019); (G) Global Location Sensors (GLS), deployed to study
spatial and seasonal mercury contamination of migratory little auks (Alle alle; Renedo et al., 2020); and (H) high-resolution acoustic
telemetry, used in a whole-lake experiment to demonstrate reduced anxiety in prey fish exposed to pharmaceutical pollution
(Klaminder et al., 2016). Image credits: A and B, T. Walter; C, J.M. Graving; D, M.J. Winter; E, G. Alarc�on-Nieto (left) and
D. Farine (right); F, T. Colin; G, J. Fort; and H, J. Klaminder.
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capabilities enable researchers to record behaviours in the
dark (e.g. Mitchell & Clarke, 2019), while multi-camera sys-
tems track animal movement in three-dimensional space
(Macrì et al., 2017). Regarding high-throughput approaches,
lab-on-a-chip devices, which make use of the changes in lam-
inar flow within a chamber, have been developed for an
array of aquatic organisms (Campana & Wlodkowic, 2018).
These small chips are versatile to a variety of sensors and
can measure behaviour following or during chemical expo-
sure, in binary conditions as well as complex chemical gradi-
ents (Campana & Wlodkowic, 2018).

In addition to monitoring behaviours of pre-exposed
organisms or those exposed in real time, many new technol-
ogies have the ability to stimulate behaviours using light,
vibration/noise, or electrical signals (discussed in Ågerstrand
et al., 2020). This allows for the measurement of behavioural
traits such as reaction time and speed, turning angles, space
use, and predator avoidance. More sophisticated technolo-
gies are also being adapted to stimulate social, cognitive,
and learning behaviours. For instance, state-of-the-art robots
can now be used to interact with fish in real time to study the
underpinnings of social and anxiety-related behaviours
(e.g. Polverino et al., 2019), and even reveal the long-lasting
consequences of brief behavioural alterations on the life-his-
tory, reproduction, and ecological success of targeted ani-
mals (Polverino et al., 2022). Indeed, despite being
underexploited in behavioural ecotoxicology to date, bioin-
spired robots offer an autonomous, customisable, and repeat-
able approach that overcomes challenges associated with
more traditional methods, in which live stimuli are an extra
source of variation, although at the cost of some degree of
biological and ecological realism. In addition to visual stim-
uli, new approaches also allow for increasingly sophisticated
analysis of behavioural responses to chemical signals. For
example, wind-tunnel assays are allowing researchers to
determine the preference of pollinating insects for non-
altered versus ozone-contaminated floral blends (Cook
et al., 2020), while two-current choice flumes are increasingly
used to examine chemosensory function in aquatic species
(see Jutfelt et al., 2017), including attraction towards or avoid-
ance of contaminants (Horký et al., 2021).

In parallel, automated visual tracking is fast becoming an
indispensable tool for quantifying animal behaviour
(reviewed in Henry & Wlodkowic, 2020; Panadeiro
et al., 2021). There is now a wide variety of programs avail-
able for tracking animal movement, including a number of
recently developed open-source systems, such as TRex
(Fig. 2A, Walter & Couzin, 2021) and ToxTrac (Rodriguez
et al., 2018). Both of these systems are fast, powerful, user-
friendly, and versatile across a wide range of model species.
Furthermore, these programs represent a major advance
given their capacity to track large groups of animals simulta-
neously, for example ≤1000 individuals using TRex, includ-
ing deep-learning-based visual identification of up to
100 unmarked individuals (Walter & Couzin, 2021). This
provides an unparalleled opportunity to study the potential
effects of contaminants on complex social behaviours in

animal groups, such as dominance hierarchies and collective
motion. Moreover, although distinctly underutilised in eco-
toxicology to date, newly available software packages
[e.g. DeepPoseKit (Graving et al., 2019); TRex (Walter &
Couzin, 2021)] also allow for the quantification of an array
of behavioural measures in addition to positional data, such
as stereotyped movements (e.g. courtship displays), visual
field (Fig. 2B), and posture analysis (e.g. body shape, head/
tail position; Fig. 2C). As alluded to above, the integration
of artificial intelligence and machine learning algorithms into
these systems continues to power a revolution in motion-
tracking technology, including using deep learning to identify
specific animals, determine posture, and even detect behav-
iours that were previously invisible to human observers (dis-
cussed in Graving et al., 2019).
From a mechanistic perspective, an increasing number of

methods in molecular neurotoxicology are now available
for uncovering drivers of pollutant-induced behavioural
changes (reviewed in Bownik & Wlodkowic, 2021). These
methods range from transcriptomics (i.e. gene transcript
analysis) to proteomics (i.e. analysis of proteins) and enzy-
matic assays, metabolomics (i.e. analysis of chemical pro-
cesses involving metabolites in cells and tissues), and
examination of sub-cellular processes such as programmed
cell death (Bownik &Wlodkowic, 2021). An important recent
advance that promises to increase mechanistic understanding
in behavioural ecotoxicology is large-scale neurotransmitter
profiling, enabled by the above-mentioned rapid develop-
ments in analytical chemistry (see Section II.1). Here, an
array of neurotransmitters can be monitored, as well as their
precursors and degradation products, across different brain
regions, providing a direct mechanistic link between
pollutant-induced behavioural changes and altered neuronal
transmission (Mayol-Cabré et al., 2020). For example, pio-
neering research harnessing neurotransmitter profiling
recently demonstrated direct effects of the pervasive herbi-
cide glyphosate on fish monoaminergic systems, with result-
ing effects on oxidative stress and anxiety-related
behaviours (Faria et al., 2021). Furthermore, significant
recent breakthroughs mean that we can now dissect neural
mechanisms for chemically induced brain activation and dis-
ruption using genetically encoded (bio)sensor systems
coupled with high-speed fluorescence light-sheet microscopy
(LSM; Winter et al., 2017; Fig. 2D). Illustrating this, trans-
genic zebrafish (Danio rerio) with pan-neuronal expression of
the calcium indicator GcaMP6, coupled with LSM, allow
for functional imaging with sub-cellular resolution across
the whole brain, which has been applied to uncover mecha-
nisms associated with behavioural responses to drug treat-
ments (Winter et al., 2021).

(2) Scaling up: experimental advances in the field

When assessing possible impacts of contaminants on
behaviour, a holistic approach is ideal, that is studies relating
mechanistic explanations to experiments spanning labora-
tory, semi-field, and field contexts. While laboratory assays
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provide valuable insights in a standardised setting and can be
important for validating field observations (both of which are
fundamental to ecotoxicity studies to support various tiers of
chemical risk assessments), semi-field- and field-based eco-
toxicology is crucial for understanding the potential impacts
of contaminants in large-scale, complex, and dynamic natu-
ral systems. Encouragingly, experimental and technological
innovations continue to emerge that allow for effects of
chemical pollution on animal behaviour to be measured in
the field with ever-greater efficiency and accuracy. This
includes advances in remote-sensing technology, which have
revolutionised our capacity to gather high-resolution beha-
vioural and physiological data from animals in the wild
(Smith & Pinter-Wollman, 2021; Nathan et al., 2022). Cheaper,
smaller, and increasingly more capable transmitters and sensors
allow researchers to tag and track animals over large spatial and
temporal scales (Smith & Pinter-Wollman, 2021; Nathan et al.,
2022). For example, automated barcode systems enable whole-
group or even whole-population tracking over months or poten-
tially years (Alarc�on-Nieto et al., 2018; Fig. 2E). Meanwhile,
radio-frequency identification (RFID) tagging has revealed
changes in the lifetime foraging behaviour of free-ranging hon-
eybees exposed to a neonicotinoid pesticide (Colin et al., 2019;
Fig. 2F), and Global Location Sensors (GLS) have been used
to study spatial and seasonal trends of mercury contamination
in seabirds from Arctic breeding colonies (Renedo et al., 2020;
Fig. 2G).

Perhaps the most transformative use of remote-sensing
technology can be found in aquatic environments, where
tools such as acoustic telemetry are leapfrogging our under-
standing of the behaviour and ecology of aquatic organisms
by enabling detailed spatial monitoring of individuals over
whole freshwater systems (e.g. rivers and lakes; Fig. 2H) and
even oceans (reviewed in Hellström et al., 2016b). Data previ-
ously difficult or impossible to obtain from the field, such as
survival, schooling behaviour, home ranges, diel activity pat-
terns, and predator–prey interactions can now be investi-
gated in the wild at a level of detail comparable to that of
laboratory studies (Hellström et al., 2016b). Further, we antic-
ipate that future research pairing acoustic telemetry with
newly developed methods of remote contaminant exposure
(e.g. slow-release implants; McCallum et al., 2019) and/or
spatial contaminant modelling (Fonseca et al., 2020) will pro-
vide valuable insights into the real-world behavioural
impacts of chemical pollution. Parallel to the progress made
in animal tracking technology, the ‘golden age of bio-log-
ging’ is providing an ever-expanding variety of small physio-
logical and behavioural sensors that can record everything
from an animal’s heart rate, body temperature, and acceler-
ation, to detailed data on foraging and spawning behaviour
(reviewed in Whitford & Klimley, 2019). In combination,
these advances in remote-sensing technology provide a pow-
erful, yet largely unexplored, experimental toolkit to study
impacts of pollution on behavioural and ecological processes.
Harnessing these novel approaches will also enable research
attempting to establish a causal chain from pollutant-induced
changes in individual- and group-level behavioural variation

to population responses and ecosystem change. Still, given
the complexity of natural environments, it is important to
note that careful experimental design (including the use of
suitable controls), and appropriate statistical and biological
interpretation of collected data, will be critical to the validity
and reliability of such studies.

V IMPROVING STATISTICAL SOPHISTICATION

Historically, ecotoxicology experiments for use in chemi-
cal risk assessment follow strict regulatory guidelines
(Chapman et al., 1996). These guidelines have generally
employed simple experimental designs and straightfor-
ward statistical analyses to maximise external validity
and ensure protocols are broadly accomplishable by
researchers (Chapman et al., 1996). However, ever-
increasing environmental and ecological complexity is
being incorporated into behavioural ecotoxicology studies
(see Sections II and III, respectively), and new technologies
have changed the nature of the data extracted from these
experiments (see Section IV). As a result, various statistical
techniques conventionally used in ecotoxicology may not
always be appropriate for use in modern behavioural
ecotoxicology.

(1) Embracing mixed modelling to address
biological complexity

Biological data, and particularly behavioural endpoints, are
often inherently variable, unbalanced (i.e. unequal sample
sizes for different classes), non-normally distributed, and
highly structured (i.e. containing groups of non-independent
units). Such data sets require statistical approaches that are
capable of appropriately partitioning and quantifying beha-
vioural variation, while also considering the hierarchical
nature of the data (i.e. to avoid pseudoreplication and/or
to deal with non-independence). One increasingly popular
approach is mixed-effects modelling (i.e. multilevel or hierar-
chical modelling) of either normally distributed response var-
iables (linear mixed model, LMM) or non-normally
distributed response variables, such as count, binary or pro-
portion data (generalised linear mixed models, GLMMs).
Mixed-effects models are a sophisticated statistical tool that
can be applied to analyse data that have both fixed effects
(e.g. experimental treatment, sex) and one or more clustering
(random) factors (e.g. individual ID, treatment replicate)
(Bolker et al., 2009). Mixed models can therefore account
for, and estimate, the variation contributed by hierarchical
structures in the data. A common example of this is the use
of mixed models to account for multiple observations made
on the same individual, where individual IDs are included
in the random structure of the model as random intercepts
to account for, and estimate, the amount of variation within
and among individuals. This capability has meant that mixed
models are now widely used in behavioural ecology and
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evolutionary biology to partition the variance across response
variables both within and across grouping factors, and reveal
effects occurring at each level (Dingemanse &
Dochtermann, 2013). As previously discussed in this review,
inferring the magnitude of variation within and among
groups can be highly informative in the context of under-
standing responses to chemical pollution, which is now made
possible via mixed-modelling approaches, including using
movement data in the wild (Hertel et al. 2020). Mixed models
can also accommodate multiple response variables simulta-
neously (i.e. multivariate mixed models), allowing for the
direct estimation of both within- and between-individual
phenotypic (co)variances. Further, particularly relevant for
complex experimental designs, data-reduction techniques
(e.g. principal component analysis) can be used in combina-
tion with mixed modelling to collapse multiple related vari-
ables into fewer uncorrelated predictors in order to avoid
over-parameterisation. Fortunately, many publications on
mixed models include detailed step-by-step guides on apply-
ing such statistical approaches to answer specific biological
questions (summarised in Table S5).

(2) Harnessing meta-analytic approaches

We would also like to highlight the scarcity of meta-
analytic studies in the field of behavioural ecotoxicology.
This is surprising given that sufficient data exist addres-
sing behavioural effects of chemical pollutants to answer
targeted meta-analytic hypotheses/questions. Beyond
this general call for meta-analyses, we also suggest that
behavioural ecotoxicologists draw from the recent
advances in meta-analytic methods developed in the fields
of ecology and evolution (Nakagawa et al., 2017). For
example, future meta-analyses could focus on the impacts
of chemical pollution on behavioural variance (i.e. total
phenotypic variance of unexposed versus exposed popula-
tions), in parallel with a more ‘traditional’ mean-focused
meta-analysis (Nakagawa et al., 2015). More specifically,
in addition to comparing the means across different treat-
ment groups of interest using standardised metrics such as
Cohen’s d, Hedges’ g, or the response ratio, the natural
logarithm of the ratio between the coefficients of variation
(lnCVR) can also be extracted, allowing for meta-
analytical comparisons of differences between the vari-
ability in groups (for a detailed description, see Nakagawa
et al., 2015). In addition, for broad research questions in
behavioural ecotoxicology, systematic mapping will be
beneficial to identify areas that require more research
and those that are ready for meta-analytic synthesis (see
James, Randall & Haddaway, 2016), despite being cur-
rently underused in ecotoxicology (Wolffe et al., 2019).
Further, to gain a more nuanced understanding of the
structure of a research topic, a novel meta-analytic tech-
nique called ‘research weaving’ could be used, which
combines systematic mapping and bibliometrics (see
Nakagawa et al., 2019).

VI CONCLUSIONS

(1) Behavioural studies represent a sensitive, powerful,
and ecologically meaningful approach for assessing
the effects of environmental contaminants.

(2) As research in this area continues to grow and increase
in complexity, we emphasise the importance of follow-
ing basic principles of sound ecotoxicology wherever
possible (Harris et al., 2014), for example using appro-
priate exposure route(s), testing a suitable number and
span of exposure treatments, and quantifying exposure
concentrations. Although not all principles apply to all
studies, and certain principles can be challenging or
impossible to implement in some cases (e.g. in large-
scale or long-term studies), they are especially vital if
researchers intend their work to be translationally
applicable to chemicals risk assessment and/or regula-
tion (Ågerstrand et al., 2020).

(3) We encourage researchers working within behavioural
ecotoxicology and related disciplines to explore the
rich toolkit that is now available to propel our under-
standing of how chemical pollution impacts wildlife liv-
ing in a rapidly changing world.
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Araújo, C. V., Laissaoui, A., Silva, D. C., Ramos-Rodrı́guez, E., Gonz�alez-
Orteg�on, E., Espı́ndola, E. L., Bald�o, F., Mena, F., Parra, G., Blasco, J.,
L�opez-Doval, J., Sendra, M., Banni, M., Islam, M. A. & Moreno-

Garrido, I. (2020). Not only toxic but repellent: what can organisms’ responses
tell us about contamination and what are the ecological consequences when they
flee from an environment? Toxics 8, 118.

Arce, A. N., David, T. I., Randall, E. L., Ramos Rodrigues, A., Colgan, T. J.,
Wurm, Y. & Gill, R. J. (2017). Impact of controlled neonicotinoid exposure on
bumblebees in a realistic field setting. Journal of Applied Ecology 54, 1199–1208.

Armstrong, T. S., Khursigara, A. J., Killen, S. S., Fearnley, H.,
Parsons, K. J. & Esbaugh, A. J. (2019). Oil exposure alters social group
cohesion in fish. Scientific Reports 9, 13520.
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Odoux, J.-F., Pissard, A., Rüger, C. & Bretagnolle, V. (2015). Reconciling
laboratory and field assessments of neonicotinoid toxicity to honeybees. Proceedings
of the Royal Society B: Biological Sciences 282, 20152110.

Henry, J. & Wlodkowic, D. (2020). High-throughput animal tracking in
chemobehavioral phenotyping: current limitations and future perspectives.
Behavioural Processes 180, 104226.
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IX. Supporting information

Additional supporting information may be found online in
the Supporting Information section at the end of the article.
Table S1. Software available to be incorporated into beha-
vioural ecotoxicology research in the laboratory.
Table S2. Hardware available to be incorporated into
behavioural ecotoxicology research in the laboratory.
Table S3. Software available to be incorporated into beha-
vioural ecotoxicology research in the field.
Table S4. Hardware available to be incorporated into
behavioural ecotoxicology research in the field.
Table S5. (a) A brief overview of resources available for
implementing mixed modelling approaches in behavioural
ecotoxicology, and (b) examples of specific research questions
and resources for testing potential effects of contaminant
exposure on behavioural variation at the individual level.
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