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blages to chemical exposure. Here we explore the potential consequences of future

assemblages to chemical stressors using the UK as a case study. Macroinvertebrate
assemblages under end of century (2080-2100) and baseline (1980-2000) climate
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toxicity data were collated for 19 chemicals and the hierarchical species sensitiv-
ity distribution model was used to predict the sensitivity of untested taxa using
relatedness within a Bayesian approach. All four future climate scenarios shifted
assemblage compositions, increasing the prevalence of Mollusca, Crustacea and
Oligochaeta species, and the insect taxa of Odonata, Chironomidae, and Baetidae
species. Contrastingly, decreases were projected for Plecoptera, Ephemeroptera
(except for Baetidae) and Coleoptera species. Shifts in taxonomic composition
were associated with changes in the percentage of species at risk from chemical
exposure. For the 3.78°C climate scenario, 76% of all assemblages became more
sensitive to chemicals and for 18 of the 19 chemicals, the percentage of species at
risk increased. Climate warming-induced increases in sensitivity were greatest for
assemblages exposed to metals and were dependent on baseline assemblage com-
position, which varied spatially. Climate warming is predicted to result in changes
in the use, environmental exposure and toxicity of chemicals. Here we show that,
even in the absence of these climate-chemical interactions, shifts in species com-
position due to climate warming will increase chemical risk and that the impact
of chemical pollution on freshwater macroinvertebrate biodiversity may double or
quadruple by the end of the 21st century.
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1 | INTRODUCTION

Freshwaters are disproportionately diverse ecosystems represent-
ing 0.8% of the planet's surface but around 6% of described species
(Dudgeon et al., 2006). However, freshwater biodiversity is reducing
with vertebrate populations declining by an average of 83% since
1970 (WWEF, 2016) and a third of freshwater insects being threat-
ened with extinction (Sanchez-Bayo & Wyckhuys, 2019). Freshwater
ecosystems are subject to multiple anthropogenic stressors, includ-
ing chemical pollution and climate change (Birk et al., 2020), which
are predicted to become more severe over the 21st century (Persson
et al,, 2022; Reid et al., 2019). For instance, average global tempera-
tures are predicted to rise by 1.7 to 4.8°C in 2100 (IPCC, 2022) and
are set to become one of the largest stressors to freshwater eco-
systems independently and through interacting with other stressors
such as chemical pollutants (Maxwell et al., 2016).

Although the impacts of chemical-temperature interactions
on aquatic organisms have been studied for over 50years (Cairns
et al., 1972) and there has been a recent increased interest in
the effect of global warming on the toxicity of chemicals (Arnell
etal., 2021; Kibria et al., 2021), the literature is dominated by studies
investigating effects on individual organisms, generally under lab-
oratory conditions, with some mesocosm experiments performed
(Cabral et al., 2019; Pinheiro et al., 2021). Consequently, there is
proportionally less known about the interaction between climate
change and sensitivity above the individual organism level.

Chemical sensitivity is species specific (Vaal et al., 2000) and
therefore factors that change species distributions and alter the
composition of freshwater assemblages, have the potential to alter
their chemical sensitivity. Global warming has been associated
with changes in macroinvertebrate community structure (Baranov
etal., 2020) is predicted to affect the distribution of over one third of
fish species (Barbarossa et al., 2021) and contribute to the decline of
almost half of current freshwater fish species (Manjarrés et al., 2021).
However, the potential consequences of climate-induced changes in
community composition on the future sensitivity of freshwater as-
semblages to chemical stressors has not been investigated.

Here, we address this knowledge gap using macroinvertebrate com-
munities in UK rivers as a case study. Freshwater macroinvertebrates
are taxonomically diverse and exhibit a wide range of sensitivities to
chemical stressors, leading to their use as indicators of freshwater qual-
ity (Berger et al., 2017; Grizzetti et al., 2019). However, understand-
ing of how species composition translates into chemical sensitivity
of ecosystems is severely limited (Gessner & Tlili, 2016). The overall
sensitivity of an assemblage to a chemical can be calculated from the
sensitivity profile of the constituent species using methods such as
species sensitivity distributions (SSDs). SSDs are statistical models that
describe the profile of sensitivity for a collection of species based on
single-species toxicity data (Posthuma et al., 2001). However, the appli-
cation of SSDs to naturally occurring species assemblages is limited by
data availability; chemical-specific toxicity data are only available for a
limited number of species and therefore the sensitivity of most species
in ecosystems is unknown (Peters et al., 2014).

The extrapolation of toxicity data to untested species is an area
of active research (Van den Berg et al., 2021) and three main types
of approaches can be identified: trait-based (lppolito et al., 2012;
Rubach et al., 2010; Van den Berg et al., 2019), relatedness-based
(Craig, 2013; Guenard et al., 2014; Malaj et al., 2016) and genomics-
based (LalLone et al., 2013). Trait-based approaches have been
used to investigate spatial variation in the sensitivity of fresh-
water invertebrates to chemical stressors, although the analysis
was restricted to narcotic and acetylcholine-inhibiting toxicants
due to the limited availability of relevant trait data (Van den Berg
et al., 2020). Relatedness-based approaches are less constrained by
data availability as they can use readily available information from
global taxonomy databases (e.g., National Center for Biotechnology
Information [NCBI] Taxonomy database [https://www.ncbi.nlm.
nih.gov], Integrated Taxonomic Information System [https://www.
itis.gov/]) and can therefore be applied, in principle, to all chemical
stressors (Van den Berg et al., 2021). Here, we use a hierarchical
SSD (hSSD) model based on taxonomic relatedness to predict tox-
icity data for untested species and generate assemblage-specific
sensitivity profiles (Craig, 2013). This novel approach allows us to
calculate the sensitivity of specific assemblages to toxic chemicals
and to explore how the chemical sensitivity of freshwater macroin-
vertebrate assemblages may change in a warming world.

To investigate the impact of climate-induced changes in commu-
nity composition on the future sensitivity of freshwater assemblages
to chemical stressors, it is necessary to predict the future compo-
sition of macroinvertebrate assemblages. Several regional multi-
variate models have been developed to predict the composition of
macroinvertebrate assemblages based on a subset of environmental
data (Davy-Bowker et al., 2006; Johnson & Sandin, 2001; Poquet
etal., 2009; Simpson & Norris, 2000). These models are based on the
River Invertebrate Prediction and Classification System (RIVPACS),
which predicts the macroinvertebrate species expected to occur at
a UK river site if it was minimally impacted (Clarke et al., 2003). The
latest version of the RIVPACS model (RIVPACS IV) is incorporated
into the River Invertebrate Classification Tool (RICT; Environment
Agency et al., 2021). As temperature is one of the environmental
variables used to predict macroinvertebrate assemblages, RICT
could potentially be used to predict assemblages under future
climates.

Previous research into the combined effects of temperature and
chemical exposure has focused on effects at the organism scale.
However, the need for more research into how change in biodiver-
sity from temperature will affect the future risk chemicals pose to
the environment is recognised. By the end of the 21st century, aver-
age UK temperatures are projected to rise between 1.28 and 3.78°C
depending on the climate scenario. Climate warming is expected to
change the use, environmental exposure and toxicity of chemicals
(Biswas et al., 2018; Martinez-Megias et al., 2023; Op de Beeck
et al., 2018). However, here we address the hypothesis that climate-
induced changes in the species composition of assemblages will alter
the risk of chemical pollution to biodiversity even in the absence
of changes in chemical use, exposure or toxicity. We use spatially
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explicit climate predictions coupled with novel applications of the
RICT and hSSD models to predict the composition and sensitivity
of UK freshwater macroinvertebrate assemblages to toxic chemicals
predicted under end of 21st century climates. We demonstrate how
these changing assemblages will shift their sensitivity to toxic chem-
icals on a chemical-by-chemical basis, highlighting the need to ac-
count for multiple effects of temperature beyond the individual level

when considering the future risk of chemicals to the environment.

2 | METHODOLOGY

2.1 | Effect of temperature change on the
composition of macroinvertebrate assemblages

The case study comprised 608 minimally impacted sites across main-
land Great Britain and Northern Ireland (Figure 1) and focused on two
time periods: 1981-2000 (baseline) and 2080-2099 (future). Four
climate scenarios were investigated, corresponding to the emissions
scenarios of the IPCC's representative concentration pathways: RCP
2.6, RCP 4.5, RCP 6.0 and RCP 8.5 (IPCC, 2022). RICT (available at:
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FIGURE 1 Location of the 608 reference sites across
mainland Great Britain and Northern Ireland used for predicting
macroinvertebrate assemblages.
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https://www.fba.org.uk/rivpacs-and-rict/river-invertebrate-class
ification-tool) was used to predict baseline and four future macroin-
vertebrate assemblages for each of the study sites, giving a total of
3040 assemblages.

RICT uses environmental data to predict the macroinverte-
brate species expected at a site if it was minimally impacted (Clarke
et al., 2003) and is the standard tool used to assess water quality in
the UK. By adjusting site-specific temperatures to those expected
by the end of the century under climate change, it was possible to
use the tool to predict future species compositions (Armitage, 2000).
Except for temperature, all site-specific environmental predictors
(i.e., latitude, longitude, distance from source, stream width, stream
depth, discharge category, alkalinity, slope at site and mean substra-
tum composition) were kept constant between baseline and future
predictions.

RICT predictions are based on mean daily air temperature and
air temperature range (UKTAG, WFD, 2008). Baseline predictions of
macroinvertebrate assemblages used temperature data collected by
the Met Office over a 30-year period based on a 50km grid across
the UK (Cox et al., 1997; Wright et al., 1989). Future predictions of
macroinvertebrate assemblages for each of the four climate scenar-
ios used temperature data for 2080-2099 derived from the 2019
update of the UKCP18 projections (Met Office, 2019). The spatial
resolution of UKCP18 temperature projections for the four cli-
mate scenarios is 25km, and the predicted values were an increase
in temperature compared to the baseline period of 1981-2000.
Temperature predictions based either on a 25km or 50km scale
were strongly correlated (Table S1). The mean daily air temperature
and air temperature range averaged across the year, were extracted
from the 25 km grid square corresponding to each of the study sites
for each year from 2080 to 2099. These annual values were then av-
eraged to give a site-specific 20-year mean annual average increase
in daily air temperature and a 20-year mean annual change to air
temperature range for each climate scenario. After adding the fu-
ture changes to temperature and range, the four climate scenarios
corresponded to a mean temperature change across the study sites
between 1981-2000 and 2080-2099 of 1.28°C (RCP 2.6), 2.32°C
(RCP 4.5), 2.70°C (RCP 6.0), and 3.78°C (RCP 8.5).

Taxonomic level 4 of RICT predicted the probability of oc-
currence at a site of 229 macroinvertebrate taxa (Davy-Bowker
et al., 2008). A minimum probability of occurrence of 0.4 (in line with
endgroup selection for RIVPACS lIl) was used to compile predicted
macroinvertebrate assemblages under baseline and the four future
climate scenarios for each of the study sites. For each taxon in the
predicted assemblages, a full taxonomy (kingdom, phylum, class,
order, family, genus, species) was constructed using the package
taxize and the NCBI database (Chamberlain & Szdcs, 2013; Schoch
et al., 2020, available at: https://www.ncbi.nlm.nih.gov/taxonomy).
The taxonomic similarity between each of the predicted future as-
semblages and its corresponding baseline assemblage was measured
using the Jaccard index (J(A, B)=|AnB|/|AuB|) and non-metric mul-
tidimensional scaling (NMDS) was used to visualise the Jaccard sim-
ilarity index between the 3040 assemblages. Minimum stress from
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the NMDS was 0.045 indicating suitable structuring. For each future
climate scenario, a permutational multivariate analysis of variance
(PERMANOVA) was used to assess whether the composition of as-
semblages across the five groups differed statistically from baseline.
All analyses were undertaken in R using the vegan package (Oksanen
etal., 2013).

The net gain of different taxonomic groups across the 608 sites
was calculated for each climate scenario. All unique taxa in a site
were listed for the baseline and four future scenarios. Where a taxon
was present in a future scenario but not in the baseline was consid-
ered a gain and where a taxon was present in the baseline but not
in the future scenario was considered a loss. Gains and losses were
then pooled by taxonomic rank, ensuring that there were at least
three different families or genera present in the group across the 608
sites. Taxonomy grouping was at the phylum level for Mollusca, class
level for Malacostraca, Oligochaeta and Clitellata and order level for
Insecta. The dominant families within the Diptera (i.e., Chironomidae)
and Ephemeroptera (i.e., Baetidae) were analysed separately due to
non-uniform responses to warming. The taxa gains and losses for
each of the 12 taxonomic groups (Baetidae, Chironomidae, Clitellata,
Coleoptera, Malacostraca, Mollusca, Odonata, Oligochaeta, Other
Diptera, Other Ephemeroptera, Plecoptera and Trichoptera) were
summed across the 608 sites for every future scenario to give a net
change value.

2.2 | Toxicity data and model fit

Acute toxicity data were extracted from the US EPA ECOTOXicology
Knowledgebase (Olker et al., 2022, available at http://www.epa.
gov/ecotox/) and from Maltby et al., 2005. EC,, (immobility) or LC,
(mortality) values for aqueous exposure durations of 1-7day were
extracted for macroinvertebrates exposed to 19 chemicals includ-
ing heavy metals and insecticides. Toxicity data based on meas-
ured concentrations were prioritised and formulation toxicity data
were excluded. Data reported as > or <were collated but not used
in the subsequent analyses. The lowest toxicity value reported was
used for each study, and the geometric mean was calculated when
multiple studies reported data for the same species and endpoint.
Outliers were checked by consulting original references. The cri-
teria for chemical selection were: (1) toxicity data available for at
least 15 different taxa including representatives of the major inver-
tebrate phyla found in UK freshwater ecosystems (i.e., Annelida,
Arthropoda, Mollusca); (2) fit to the hSSD model (full model descrip-
tion in Supporting Information S2) assessed using leave-one-out

analyses (Table S2).
2.3 | Predicting the effect of climate change on
assemblage sensitivity

The hSSD model (version 122b) was used for each of the 19 study
chemicals to predict toxicity values for all macroinvertebrate taxa in

the baseline or future climate scenario assemblages at the 608 study
sites (i.e., total species pool). The hSSD model is a Bayesian based
model that uses Markov chain Monte Carlo (MCMC) to sample from
a distribution representing uncertainty about the sensitivity of the
taxa in the total species pool, taking into account the available toxic-
ity data for the chemical and taxonomy (Craig, 2013).

To address the research questions, the outputs of the hSSD
need to be used to quantify the sensitivity of each assemblage, ac-
knowledging that assemblages will exhibit variation in both taxo-
nomic composition and the number of species present. Therefore,
the measure used for an assemblage must represent the taxonomic
composition while being neutral to assemblage size. Additionally,
as regulation of chemical effects on the environment can provide
an applied context to results, ideally a methodology of relevance to
regulatory frameworks should be used. An approach adapting how
SSDs are currently used in regulation to address assemblage sensi-
tivity is pragmatic and accounts for any number of species exhibiting
different chemical sensitivities (EFSA, 2013).

Use of a conventional SSD approach requires a single sensitivity
value for each taxon to be calculated. The hSSD model was there-
fore used to generate EC, values for all untested species in the total
species pool and the average predicted EC;, value for each taxon
was calculated from a geometric mean of 10,000 model runs. For
each model run, the EC, value (y) of species j to chemical i was cal-
culated using Equation 1, where ¢; is the ‘true’ sensitivity of species
j, which is derived from the available toxicity data. The tendency of
species j to be on average more or less sensitive to chemicals is given
by b and ¢, J; describes the interaction between chemical i and spe-
cies j, including scaling for the variation of sensitivity for chemical i.
The factor €k accounts for inter-test variation for toxicity testing.

Yik = a; + B + ;0 + €. (1)

Taxonomy is incorporated into the EC, predictions through the
sensitivity tendency of species (ﬂj) and the chemical-species inter-
action (60) by calculating individual values for these parameters for
each taxonomic rank incorporated into the hSSD model. These ranks
are species, genus, family, class, superclass, sub-phylum, phylum,

kingdom and are numbered 1 to 9 in Equations 2a and 2b.

Bi=PB1g tBag+ - + B, (2a)

6§ =61 + ooy + oo F Do (2b)

Model version 122b uses all taxonomic ranks except for sub-
phylum and superclass. A detailed description of the hSSD model
is described in Supporting Information S2. When running the hSSD
model, the MCMC run had a burn in of 2500 MCMC time-steps per
chemical and the predicted sensitivity values were calculated from
10,000 steps post-burn.

The predicted toxicity values were allocated to the 3040 study
assemblages based on their taxonomic composition, resulting in five
and four SSD
assemblage, the mean and standard deviation of the log-toxicities

empirical SSDs per site (i.e., SSD ). For each

baseline future:

were determined and used to calculate a summary measure of the
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sensitivity of the assemblage. This choice of summary measure cor-
responds numerically to estimating the concentration hazardous to
5% of species (HC;) based on fitting a log-normal SSD to toxicity
data without enumerating the species to be protected or considering
their taxonomy as in Wagner and Lgkke (1991). Further information
on how HC; and PAF are defined in the context of this paper is pro-
vided in the Supporting Information (54).

The potentially affected fraction (PAF) of the baseline assem-
blage at the HC
5% for future assemblages (PAF,

is 5%, therefore deviations from a PAF of
) exposed to the HC
a measure of site-specific change in assemblage sensitivity under

5,baseline

future: 5,baseline IS

future climate scenarios. The PAF, for an assemblage and fu-

future
ture climate scenario therefore measures the decrease (<5%) or in-
crease (>5%) in sensitivity for the future climate scenario relative
to baseline. Aggregating across the assemblages for each chemical,
the mean ratio was calculated for each future climate scenario and
the percentage of chemicals with an average increase or decrease
in assemblage sensitivity was compared for the different climate

scenarios.

3 | RESULTS
3.1 | Community composition

A total of 229 macroinvertebrate taxa were predicted to occur
across the 608 study sites; 75% of which were arthropods, 12%
molluscs, 11% annelids and 2% platyhelminthes. The Jaccard simi-
larity for individual sites ranged from 7% to 100% between base-
line (1981-2000) and future (2080-2099) scenarios, but on average
decreased with increasing temperature change. By the end of the
21st century, assemblages at sites experiencing a 1.28°C tempera-
ture increase (i.e., RCP 2.6) had an average Jaccard similarity to their
baseline assemblage of 65% (SE=0.6%). Corresponding Jaccard sim-
ilarity values for the other warming scenarios were 53% (SE=0.7%)
for RCP 4.5 (2.32°C increase), 49% (SE=0.7%) for RCP 6.0 (2.70°C
increase) and 40% (SE=0.7%) for RCP 8.5 (i.e., 3.78°C increase).

The similarity in assemblage composition across all sites and
scenarios is visualised in Figure 2. By the end of the century there
was a significant difference in the composition of assemblages com-
pared to their baseline for all four scenarios (PERMANOVA; p <.01).
Mollusca and Malacostraca (Crustacea) and Oligochaeta had a large
positive effect on the separation of assemblages along NMDS1, but
Insecta orders had a range of responses including differences within
the same order (Figure 2b).

Future warming drives a greater number of sites to have increas-
ingly positive NMDS1 scores (Figure 2a), an effect that strengthens
under increasing warming. Consequently, there is a broad gain of
Mollusca, Malacostraca and Oligochaeta (Figure 3). In addition, some
Insecta, namely Odonata, Chironomidae (Diptera) and Baetidae
(Ephemeroptera) also become more common under warming.

Warming also causes a decrease in the number of sites with pos-
itive NMDS2 values (Figure 2a). Plecoptera, Ephemeroptera (except

50f 13
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for Baetidae) and Coleoptera were predominantly associated with
positive NMDS2 scores and there was a net decrease in these taxa,

compared to baseline, with increasing warming (Figure 3).

3.2 | Effects on sensitivity

Predicted changes in the composition of invertebrate assemblages
under climate change were associated with changes in the sensitiv-
ity of assemblages to chemical toxicants. For 15 of the 19 chemi-
cals, the average sensitivity of assemblages to chemical exposure

increased (i.e., PAF >5%) by the end of the century for all four

future
climate scenarios. For a further three chemicals, average sensitivity
increased under all climate scenarios except RCP2.6. For 1 of the 19
chemicals studied (carbaryl), assemblages on average became less
sensitive under all four climate scenarios (Table 1). A full breakdown
of the PAF e
presented in Table S4.

PAF

values for each chemical-scenario combination is

future TOr assemblages exposed to their corresponding

HCs aseline 7€ presented in Figure 4 for all chemicals. As the tem-
perature of the scenario increased, the variation in PAF, ,
creased (CV: 55.7 for PAF, ;o repa.s t0 62.0 for PAF, .\ ccpg.s) but
in all cases, the dominant effect was an increase in sensitivity. The
PAF(, e increased from 5% (HC; . .ine) to @ maximum of between
32.0% (PAF; rorrcp2e) and 44.7% at (PAFfuture,RCP&S) by the end of

the century (i.e., 6.4- to 8.9-fold increase). For RCP2.6, warming re-

also in-

sulted in 6.5% of assemblages (i.e., 749) doubling the percentage of
>10%). Whereas for RCP8.5, warming re-
sulted in 17.1% of assemblages (i.e., 1972) doubling the percentage

species at risk (PAF .
of species at risk and 3.7% of assemblages (i.e., 437) quadrupling the
>20%).

Figure 5 shows a clear split in the change to sensitivity along the

percentage of species at risk (PAF,, .
cumulative frequency plots between the insecticides and the other
chemicals. Although most assemblages exposed to insecticides be-
come more sensitive under future conditions, they retain the steep
cumulative frequency curve. In contrast the other chemicals, of
which metals represent five of the six chemicals, have a much shal-
lower cumulative frequency curve that is additionally associated with
a greater increase in future assemblage sensitivity. Consequently,
the non-insecticide chemicals investigated exhibit both a higher pro-
portion of sensitive chemicals under future conditions and a greater

number of assemblages experiencing high PAF, values such as

future
a doubling or quadrupling compared to the baseline. Furthermore,
higher temperature increases were associated with increasing pro-

portions of assemblages exhibiting these increases to PAF, ...

4 | DISCUSSION

Climate change and pollution are major drivers of biodiversity loss
(IPBES et al., 2019), but they are not independent. Climate warming
is known to increase the toxicity of chemical pollutants to individual
species (Moe et al., 2013; Verheyen et al., 2022). However, less is
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FIGURE 2 (a) Non-metric
multidimensional scaling (NMDS) plot
for the 3040 assemblages predicted

for baseline and four future scenarios
(each 608 assemblages). Each scenario
is represented by a colour shape
combination, with baseline being an
inverted blue triangle, representative
concentration pathway (RCP) 2.6

being a yellow diamond, RCP 4.5 an
orange square, RCP 6.0 a red triangle
and RCP 8.5 a dark red circle. (b) Plot

v displaying the average NMDS scores for
macroinvertebrate taxonomic groups

at the order level for arthropoda;
Coleoptera (1, orange), Diptera (2, red),
Ephemeroptera (3, purple), Malacostraca
(4, light blue, i.e., Crustacea), Plecoptera
(5, pink), Trichoptera (6, yellow), Other

0
NMDS1

(b)

NMDS2

-2

Arthropoda orders (7, light green) or
phylum level for Annelida (8, dark green)
and Mollusca (9, dark blue).

0
NMDS1

known about how climate-induced changes in biodiversity may alter
the sensitivity of assemblages to chemical stress. By applying end
of 21st century climate projections, we have demonstrated that the
shift in the composition of river macroinvertebrate assemblages
caused by climate warming across all scenarios resulted in over
70% of future assemblages becoming more sensitive to chemical
toxicants. Almost 10% of assemblages exhibited a doubling in the
number of species at risk from chemical exposure and 1% of assem-
blages exhibited a four-fold increase in risk to invertebrate biodi-
versity. Warming of 22.32°C was associated with an increase in the
average sensitivity of assemblages to all bar one of the 19 chemicals
investigated.

The four climate scenarios investigated represented a range of
credible future pathways, with a projected temperature increase of
1.28°C (RCP 2.6) to 3.78°C (RCP 8.5), between 1981-2000 (base-
line) and 2080-2100 (end of the century) (Lowe et al., 2018). The
608 study assemblages were distributed across the UK and were

all minimally impacted by environmental stressors (Davy-Bowker
et al., 2006). Predicted changes in the composition of macroin-
vertebrate assemblages became more pronounced with increased
warming. At 3.78°C warming, the predicted similarity in species
composition of baseline and end of the century assemblages was
40%. There is evidence that European riverine macroinvertebrate
assemblages are already responding to decades of climate warm-
ing. Increases in insect species richness and decreases in macroin-
vertebrate abundances have been reported for streams exposed
to around a 2°C rise in temperature over between 25 and 42years
(Baranov et al., 2020; Durance & Ormerod, 2007). Climate effects
may not be observed at all sites due to confounding factors such
as changes in land-use and water quality (Vaughan & Gotelli, 2019;
Vaughan & Ormerod, 2014). However, as water quality improves
(Pharaoh et al., 2023; Whelan et al., 2022), the effects of climate
change on biodiversity may become more pronounced. Bioclimatic
envelope modelling, for example, has demonstrated that >4.4°C
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FIGURE 3 Netchange in number of taxa present across 608 sites under each future warming scenario when compared to the taxa
present within the baseline scenario. The net change in taxa has been separated to the patterns across 12 taxonomic groups. For the Insecta
orders of Diptera and Ephemeroptera, the dominant families of Chironomidae and Baetidae respectively have been separated. This is
because both families have multiple genera and exhibit different patterns under warming to their parent orders. Additionally, Annelida have
been split into Oligochaeta and Clitellata due to the different responses to net change from warming. RCP, representative concentration
pathways.

TABLE 1 Chemicals grouped according to whether, by the end of the century (2080-2100), the average sensitivity of assemblages to a
chemical had increased (PAF .. >0.05) or decreased when (PAF .. <0.05) compared with their baseline (1980-2000). The three groups
were: PAF, . .. <0.05 for all future scenarios (Consistently less sensitive), PAF, >0.05 for most future scenarios (Predominantly more

future
sensitive), PAF >0.05 in all four scenarios (Consistently more sensitive). The exact magnitude of change for each chemical is given in
Table S4.

Carbaryl Endosulfan, Lindane, Lead DDT, Carbofuran, Diazinon Fenitrothion, Malathion
Parathion-methyl, Azinphos-methyl, Parathion-ethyl
Methoxychlor, Deltamethrin Pentachlorophenol,
Copper, Zinc, Nickel, Cadmium

future

Abbreviation: PAF, potentially affected fraction.
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warming would reduce the climatically suitable area for >57% of
European stream macroinvertebrates by 2080, although climatically
suitable conditions would persist in Europe for 99% of the species
modelled (Domisch et al., 2013).

Climate warming was predicted to favour specific taxonomic
groups. A projected warming of >1.28°C was associated with
end of the century assemblages that either had: (i) increased oc-
currence of Mollusca, Crustacea and Oligochaeta, but generally
fewer insect groups than baseline; or (ii) increased occurrence of
Odonata, Chironomidae (Diptera) and Baetidae (Ephemeroptera)

30 40

insect species, but fewer Plecoptera and Ephemeroptera (except
for Baetidae) and Coleoptera species than baseline. These shifts
in community composition are explicable, in part, in terms of tax-
onomic differences in thermal tolerances (Macadam et al., 2022).
Plecoptera and Ephemeroptera have lower upper thermal tolerances
than other taxa, especially Mollusca (Stewart et al., 2013). While in
general, Coleoptera have a high mean upper thermal tolerance, but
Elmidae, which are common Coleoptera in well-aerated streams and
rivers, have been identified as being potentially vulnerable to ele-
vated water temperature (Elliott, 2008). Similar shifts in the thermal
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trait profiles of macroinvertebrate assemblages have been associ-
ated with long-term exposure (30-42years) to small temperature
increases (0.9-1.5°C) in European rivers (Chessman, 2012; Floury
etal,, 2017).

This study used a novel approach to predict the chemical sen-
sitivity of macroinvertebrate assemblages. The use of the hSSD
model-enabled chemical-specific toxicity endpoints (EC,, values) to
be generated for untested species and hence the quantification of
assemblage-specific sensitivities, defined as the HC,. By combining
the predictions of future assemblage composition with the hSSD
model, it was possible to quantify the risk that the 19 individual
study chemicals posed to species in each of the 608 assemblages
under the four climate scenarios. Across all chemicals and scenar-
ios, the chemical sensitivity of 70.6% assemblages was predicted
to be higher at the end of the century compared with baseline. For
individual climate scenarios, chemical sensitivity was predicted to
increase for 56.8% of assemblages under the lowest emissions path-
way (RCP 2.6, 1.28°C increase) and for 75.7% of assemblages under
the high emissions scenario (RCP 8.5, 3.78°C increase).

However, the patterns and magnitude of change in sensitiv-
ity varied by chemical and was most pronounced for the metals
copper, zinc, nickel and cadmium. More than half the assemblages
exposed to these metals under a 3.78°C warming would have at
least a doubling of the number of species potentially at risk pos-
ing a significant threat to biodiversity. For individual assemblages,
the increased risk can be more extreme. For instance, a warming
of 3.78°C was predicted to increase the percentage of species at
risk from cadmium from 5% to 45%. Copper, zinc, nickel and cad-
mium are listed in the top 10 chemicals of concern in British rivers
(Johnson et al., 2017) and therefore the combined impact of cli-
mate change and metal pollution may be particularly detrimental
to UK freshwater biodiversity.

While these results highlight metals as being potentially prob-
lematic in a warming world, insecticides and the general biocide
pentachlorophenol also exhibited consistent and large increases
in sensitivity under climate warming. Increasing temperatures
shifted assemblage composition either towards soft bodied taxa
such as Mollusca and Oligochaeta, which are known to be sensi-
tive to metals (Bjerregaard et al., 2015; Brix et al., 2005; Verschoor
et al.,, 2011), or towards specific Arthropoda groups such as
Crustacea, Odonata, Chironomidae and Baetidae (Figure 3).
However, it should be noted that these patterns are not necessar-
ily indicative of a direct mechanism linking temperature and the
sensitivity of species to chemical contaminants. Rather, chemical
sensitivity varies amongst species and the relative sensitivity of
species varies between chemicals (Craig et al., 2012; Raimondo
et al., 2008). Consequently, the favouring of a specific species
under warming could theoretically either increase or decrease as-
semblage sensitivity depending on the shift in assemblage com-
position and hence the species sensitivity profile for the specific
assemblage and chemical.

The 19 chemicals used in this study were selected from an initial
list of 38 chemicals, based on the richness and taxonomic diversity of
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their toxicity data set and their fit to the hSSD model (Table S3). The
selected chemicals included examples of the major specific modes
of toxic action: acetylcholinesterase inhibition (organophosphate
and carbamate mediated), neurotoxicity (diphenyl and pyrethroid
sodium channel modulation, alicyclic GABA antagonism), electron
transport inhibition (uncoupling of oxidative phosphorylation) and
iono/osmoregulatory impairment (Barron et al., 2015). The mode of
toxic action included in the original 38 chemicals but absent from the
final 19 is narcosis (Table S3). This chemical selection highlights the
limited taxonomic richness and diversity of laboratory toxicity data
for many chemicals, especially those with a narcotic toxic mode of
action, an observation which has been made previously (e.g., Barron
et al., 2013).

Climate-induced changes in the composition and hence chem-
ical sensitivity of freshwater assemblages may be exacerbated by
the synergistic effects of temperature on chemical toxicity (Hooper
et al., 2013; Polazzo et al., 2022; Raths et al., 2023) and by the in-
crease in chemical exposure due to changes to precipitation patterns
(Biswas et al., 2018) or chemical use (Martinez-Megias et al., 2023).
Climate change may also influence other factors that determine the
distribution of freshwater species including flow regime and sub-
strate composition (O'Briain, 2019). However, even in the absence
of these additional factors, the impact of chemical stressors on
biodiversity will become more pronounced in a warming world and
current assessments of risks to biodiversity from chemicals may be
underprotective. There is therefore a need for environmental risk
assessment procedures to consider the interactions between cli-
mate change and chemical exposure in order to adequately protect
current and future biodiversity.

The combination of spatially-explicit climate predictions cou-
pled with models to predict changes in species distributions (e.g.,
bioclimatic or RICT-type models) and sensitivity profiles (e.g., hSSD
model) provides a useful and novel approach for predicting chem-
ical risk to natural assemblages, highlighting areas for biodiversity
protection and pre-empting necessary action from future effects of
climate change (Camargo, 1994; Vernier et al., 2017). However, as
with other approaches to predict future assemblages, these models
are not without limitations or uncertainties (Heikkinen et al., 2006).
RICT is a reference-based system that captures the suite of environ-
mental and ecological factors representative of sites across the UK.
This includes a range in average temperatures from 7.93 to 11.45°C.
Warming resulting from climate change will increasingly push the
model beyond its domain, particularly for sites in southern England.
In addition, while some invasive species are considered in RICT they
may not reflect the range of species that might invade the UK over
the 21st century. Reassuringly, the shifts towards more Mollusca,
Malacostraca and Odonata taxa under climate warming projected in
this study are consistent with existing monitoring studies (Durance
& Ormerod, 2007; Vaughan & Ormerod, 2014).

The advantage of the hSSD model over existing SSD approaches
is that it provides the option to move away from a generic assess-
ment of risk (Posthuma et al., 2019; Raimondo et al., 2008) to an as-
sessment that considers the species composition of the community
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being exposed. In common with all SSD approaches, the hSSD
model does not account for species interactions (Brose et al., 2019;
Kidd et al., 2014), which may also be affected by climate change
(Woodward et al., 2010). However, the hSSD method does provide
increased realism compared to the standard SSD approach by con-
sidering the sensitivity of all naturally occurring taxa and reflecting
variation in taxonomic composition between sites.

In summary, the projected thermal effects of climate change on
UK rivers resulted in shifts in macroinvertebrate assemblages either
towards increasing Mollusca, Crustacea and Oligochaetea species or
towards increasing Odonata, Chironomidae and Baetidae species,
with a decrease in Plecoptera, Ephemeroptera and Coleoptera spe-
cies. The sensitivity of most assemblages to toxic chemicals increased
under climate warming and this was particularly marked for metals.
Climate change has the potential to affect the use (Rasche, 2021), fate
and environmental concentration (Biswas et al., 2018) and toxicity
(Macaulay et al., 2021) of chemicals with implications for biodiversity
and freshwater ecosystems (EFSA et al., 2020). However, this study
has demonstrated that, even in the absence of such climate-chemical
interactions, the impact of chemical pollution on freshwater biodiver-
sity may double or quadruple by the end of the 21st century due to

climate warming-induced changes in species composition.
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