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1  |  INTRODUC TION

Biodiversity is increasingly subject to the cumulative effects of mul-
tiple stressors (Sánchez- Bayo & Wyckhuys, 2019; Vitousek, 1994). 
There is widespread recognition that understanding interactions 
among multiple stressors is key to identifying and managing their cu-
mulative impacts on biodiversity (Halpern et al., 2015; Vörösmarty 
et al., 2010), particularly as climate change is adding additional stress 
to ecosystems (Brook et al., 2008; Mantyka- Pringle et al., 2012, 
2014, 2015; Mora et al., 2007; Pounds et al., 2006). Understanding 
stressor interactions is key because it could help identify how often 
and under what circumstances to expect ‘ecological surprises’ 

(Brook et al., 2008; Côté et al., 2016; Orr et al., 2020): situations 
where the combined effect of stressors differs from the sum of their 
individual or additive effects. For example, if stressors interact syn-
ergistically, their combined effects are amplified or magnified when 
they act together (Bliss, 1939; Breitburg et al., 1999; Folt et al., 1999; 
Hyslop, 1976; Orr et al., 2020; Wedemeyer, 1970), potentially accel-
erating biodiversity loss. Alternatively, stressors can interact antag-
onistically, meaning their combined effect is less than expected from 
their individual effects. In the extreme, antagonistic interactions can 
manifest as dominance (the singular effect of one stressor accounts 
for the cumulative effect of multiple stressors) or reversal (the cu-
mulative effect is less than the singular effect of all stressors).
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Abstract
Understanding the cumulative effects of multiple stressors on biodiversity is key to 
managing their impacts. Stressor interactions are often studied using an additive/
antagonistic/synergistic typology, aimed at identifying situations where individual 
stressor effects are reduced or amplified when they act in combination. Here, we 
analysed variation in the family richness of stream macroinvertebrates in the groups 
Ephemeroptera, Plecoptera and Trichoptera (EPT) at 4658 sites spanning a 32° lati-
tudinal range in eastern Australia in relation to two largely human- induced stressors, 
salinity and turbidity, and two environmental gradients, temperature and slope. The 
cumulative and interactive effect of salinity and turbidity on EPT family richness var-
ied across the landscape and by habitat (edge or riffle) such that we observed addi-
tive, antagonistic and synergistic outcomes depending on the environmental context. 
Our findings highlight the importance of understanding the consistency of multi-
ple stressor impacts, which will involve higher- order interactions between multiple 
stressors and environmental factors.
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As interactions between multiple stressors determine if their 
effects on biodiversity are amplified or dampened, much attention 
has focused on classifying stressor interactions, especially using the 
additive/synergistic/antagonistic typology (Birk et al., 2020), eval-
uating the frequency of these interaction types (Côté et al., 2016; 
Crain et al., 2008; Heugens et al., 2001; Jackson et al., 2016; 
Piggott et al., 2015b), and trying to identify mechanisms that 
might explain how stressors interact in these different ways (De 
Laender, 2018; Franklin & Hoppeler, 2021; Hodgson et al., 2017; 
Jackson et al., 2021; Schäfer & Piggott, 2018; Verberk et al., 2020; 
Vinebrooke et al., 2004). Much research into multiple stressor im-
pacts has used this typology, but less widely explored is the con-
sistency of the interactions among multiple stressors. Simmons 
et al. (2021) introduce the idea of stressor consistency, which is the 
extent to which a stressor interaction stays the same under differ-
ent circumstances. Simmons et al. (2021) consider ‘consistency by 
scale’: the extent to which the type and magnitude of the stressor 
interaction depends on the scale or level of biological organization 
at which the effects on biodiversity are measured, for example at 
the individual, population or community level. Equally, if not more 
relevant, is the extent to which a stressor interaction is consistent 
across space and time at any given scale. Specifically, if we deter-
mine the nature of two stressors' cumulative effect on a measure 
of biodiversity at one location and time, will we observe the same 
outcome at other locations and/or times? Clearly, consistency across 
space and time would assist in generalizing the findings from individ-
ual studies, allowing results obtained at one location and time to be 
applied elsewhere.

Nevertheless, there are good reasons to anticipate inconsisten-
cies in stressor interactions across space and/or time. Inconsistencies 
could arise if the nature of the interaction depends on other factors 
that vary spatially or temporally, for example along environmental 
gradients. Such inconsistency would imply higher- order interac-
tion(s), whereby the form of a two- way stressor interaction changes 
in response to changes in other variables. Consequently, a stressor 
interaction classified as one type (e.g., additive, synergistic or antag-
onistic) at one location and time could plausibly switch to another 
type at a different location and/or time. Such inconsistency might 
limit the scope for understanding and predicting multiple stressor 
impacts by focusing on the additive/synergistic/antagonistic ty-
pology. Instead, it suggests a need to expand focus to evaluate the 
consistency of outcomes across space and time, which means con-
sidering higher- order interactions. Moreover, stressor interactions 
in statistical models can be non- linear (Duncan & Kefford, 2021), 
which may elude classification under the additive/synergistic/antag-
onistic typology. Hence, not only might the interaction between two 
stressors vary spatially and/or temporally, but interactions could 
take a wider range of forms than usually considered. Few multiple 
stressor studies have examined these issues because most are of 
limited spatial and/or temporal extent, and most consider two- way 
and linear interactions among multiple stressors.

Here we aim to use a large dataset spanning a wide range of envi-
ronments (4658 sites across eastern Australia) to examine the nature 

of the interaction between two globally important stressors in fresh-
water ecosystems (levels of suspended sediment measured as tur-
bidity [Waters, 1995] and salinity [Cañedo- Argüelles et al., 2016]) 
on an invertebrate biodiversity index (the richness of families in the 
orders Ephemeroptera, Plecoptera and Trichoptera [EPT; Barbour 
et al., 1996, Eriksen et al., 2021]), and to quantify how interactions, 
and hence the cumulative effects of the two stressors, vary across 
two major environmental gradients in the region, mean temperature 
and terrain slope, and in two common habitats of flowing waters, 
riffle and edge. We accounted for statistical issues associated with 
estimating interactions, including the possibility that interactions are 
non- linear (Duncan & Kefford, 2021). We thus evaluate whether the 
form of the interaction between the two stressors is consistent such 
that the cumulative impact identified at one location is sufficient to 
understand the cumulative impact of the two stressors on freshwa-
ter biodiversity across the wider landscape.

2  |  METHODS

2.1  |  Field data collection

We analysed stream macroinvertebrate data and associated 
environmental variables collected at 4658 sites located throughout 
the Australian jurisdictions of Tasmania, Victoria, New South Wales 
and Queensland (Figure 1a). The sites spanned a wide latitudinal 
gradient from tropical to temperate (S11°– S43° or 3600 km) and 
elevation range 0– 2020 m a.s.l. Each site comprised a section of 
stream in which one or both of two habitats (edge and riffle) were 
sampled for macroinvertebrates using standard methods (see 
Supplementary Text 1). For each habitat sampled at each site, we 
extracted data on the family richness of stream macroinvertebrates 
in the orders EPT.

We examined how the cumulative impacts of electrical conduc-
tivity (EC, μS/cm @ 25°C) and turbidity (NTU) on EPT family richness 
varied in relation to mean water temperature and terrain slope, fac-
tors that varied across the study region and potentially affect EPT 
family richness. EC is a proxy for salinity. In Australia, increased sa-
linity in freshwater systems typically results in a consistent propor-
tion of ions similar to that found in sea water (NLWRA, 2001; Sauer 
et al., 2016). Turbidity measures the clarity of water and, while high 
turbidity can be caused by dissolved organic matter and algae blooms, 
the major cause of high turbidity in Australian streams is suspended 
sediments (Harrison et al., 2011), with a typically moderate positive 
correlation between turbidity and suspended sediment concentration 
(Gippel, 1995). Levels of both salinity and suspended sediments can 
vary naturally with geology, climate and deposition of oceanic aero-
sols, but in eastern Australia the dominant driver of salinity and tur-
bidity variation is human land- use modification often associated with 
agriculture (NLWRA, 2001, Sauer et al., 2016). More highly disturbed 
catchments tend to have elevated levels of EC and turbidity. We focus 
on the effects of salinity and suspended sediments (as measured by 
EC and turbidity, respectively) on EPT family richness because these 
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two stressors have major impacts in Australian, and other, freshwater 
systems driven primarily by human activities.

Water temperature varied among sites primarily due to the wide 
latitude and elevation range across the study region. Temperature 
could be regarded as a stressor affecting EPT taxa because tempera-
ture directly affects many physiological processes (Schulte, 2015), 
including the uptake of major ions (Orr & Buchwalter, 2020) and 
individual performance (Colinet et al., 2015; Dowd et al., 2015). 
Across our study region, however, change in temperature will be cor-
related with changes in other factors including, for example, thermal 
(Janzen, 1967) and rainfall seasonality moving from tropical to tem-
perate regions. While temperature per se could directly affect EPT 
family richness, we treat temperature as a surrogate for a range of 
factors that vary along latitude and elevation gradients in the study 
region. Little is known about how EPT family richness varies over 
these gradients at large spatial scales.

Terrain slope varied across the study region from flat coastal 
and inland plains to steep mountainous areas. Terrain slope is not a 

stressor per se but is a surrogate for factors that could directly affect 
EPT taxa. For example, stream power increases with slope steepness, 
affecting flow characteristics such as the instantaneous water veloc-
ity near the streambed, turbulence and sheer stress, which, in turn, 
influence the nature of stream bed substrates (Gordon et al., 2004; 
Knighton, 2014) and dissolved oxygen concentration (O'Connor & 
Dobbins, 1958). Because many EPT taxa favour fast- flowing water, 
we used an index of terrain slope to capture variation in these and 
related factors.

2.2  |  Data analysis

2.2.1  |  Organizing the data

Sixty percent of sites were sampled more than once (up to 38 oc-
casions) over the period of data collection (1990– 2016). For each 
habitat (edge or riffle) at each site sampled more than once, we used 

F I G U R E  1  Ephemeroptera, Plecoptera 
and Trichoptera (EPT) family richness  
(a) map of sites sampled in eastern 
Australia for macroinvertebrates by 
habitat with each site coloured by 
observed EPT family richness and  
(b) distribution of EPT family richness at 
sample sites by habitat.
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the means of EPT family richness, EC and turbidity, averaged over 
sampling occasions, in our analysis.

We used two methods to derive a comparative measure of tem-
perature at each site. First, water temperature (°C) was measured di-
rectly at each site on each sampling occasion. To correct for seasonal 
variations in water temperature, we fitted a linear mixed- effect 
model with water temperature as the response variable, habitat 
(riffle or edge) as a fixed effect, and month of the year and site as 
random effects. The coefficients for the site random effects in this 
model estimate the degree to which sites deviate from an overall 
mean temperature (set to zero) having accounted statistically for 
habitat differences and monthly variation. We termed these rela-
tive temperature deviations ‘scaled temperature’. Second, we used 
the WorldClim grid of global climate data (Fick & Hijmans, 2017) 
to extract the mean annual air temperature (°C) at all sites. Within 
habitats, our measure of scaled temperature was strongly positively 
correlated with WorldClim mean annual temperature (riffle: r = .91, 
edge: r = .84, Figure S1). We used scaled temperature in our anal-
yses because this measure was derived from direct measurements 
at each site and hence captures temperature differences associated 
with variation in local site conditions, for example, shading by vege-
tation (Rutherford et al., 2004).

We calculated an index of terrain slope at each site using ele-
vation data from the SRTM 90 m digital elevation database using 
the getData function in the R package raster (Hijmans et al., 2021). 
We used the terrain function in raster to calculate the slope at each 
site (radians). We then calculated a slope index as: log(1/tan[slope]), 
that is, the logarithm of the ratio of horizontal distance travelled to 
vertical distance of terrain drop. Smaller values of this index imply 
steeper slopes. Scaled temperature and the slope index were mod-
erately correlated (r = .44), in part because the flat sites of the inland 
plains tend to be warmer. Nevertheless, this moderate correlation 
implies that the two measures will capture some independent as-
pects of environmental variation that could influence EPT family 
richness. We log transformed values of EC and turbidity and then 
scaled all four explanatory variables to mean zero and standard de-
viation one for use in the analyses below.

2.2.2  |  Fitting generalized additive models

We first examined univariate relationships between EPT family 
richness and each of the four explanatory variables within each 
habitat. We did this in part to assess the degree of non- linearity 
in these relationships, as failure to identify and model non- linear 
relationships can result in spurious or misleading interaction terms 
(Duncan & Kefford, 2021). To assess non- linearity, we fitted two 
generalized additive models (GAMs) to the data: one that specified 
a linear relationship and one that specified a smoothed term that 
allowed for a non- linear relationship. We then compared the fit of 
each model to the data using Akaike's information criterion (AIC), 
with smaller values indicating a better fitting model given the 
number of parameters estimated.

EPT family richness can take only zero or positive values. To 
accommodate this, we treated EPT richness as count data, round-
ing to the nearest whole number when richness was averaged over 
sampling occasions at a site. We then modelled variation in EPT 
richness as drawn from a negative binomial distribution to allow for 
overdispersion in the counts, specifying a log link function. To ac-
count for spatial dependence in the observations (nearby sites may 
not be independent if they have similar EPT family richness because 
of correlated but unmeasured geographically structured variables), 
we included smoothed terms for latitude and longitude in the model. 
GAM models were fitted using maximum likelihood as implemented 
in the R package mgcv (Wood, 2011).

For each habitat (riffle and edge), we examined how EPT family 
richness varied as a function of all four explanatory variables. We 
fitted models specifying smoothed terms for all main effects, two- , 
three-  and four- way interactions, and latitude and longitude. We 
used a variable selection procedure via the option select = TRUE 
in the gam function in mgcv, which shrinks a variable's smoothing 
function towards zero when that variable is weakly related to the 
outcome (Marra & Wood, 2011). This meant we retained all main 
effect and interaction terms in the model, but terms for unimportant 
variables were shrunk towards zero and hence had little influence 
on the model predictions. As above, we modelled variation in EPT 
richness as drawn from a negative binomial distribution to allow for 
overdispersion in the counts and specified a log link function. All 
models were fit using maximum likelihood.

Having fitted models to the data, we explored the outcomes by 
plotting predicted EPT family richness and its uncertainty for var-
ious combinations of values of the explanatory variables. For each 
explanatory variable, we specified low, intermediate and high values 
as having values of −1.6, 0 and 1.6, respectively, recalling that all 
explanatory variables were scaled to mean zero and standard de-
viation one. This range of low to high values encompassed the data 
region for which we had reasonable sample sizes (Figure S2) so that 
model predictions would be reliable. For the fitted univariate mod-
els, we quantified the marginal impact of each explanatory variable 
by calculating the proportional reduction in EPT family richness as-
sociated with shifting from a low to a high value of a variable, with 
the proportional reduction calculated as: 1 − predicted EPT family 
richness at the high stressor value/predicted EPT family richness at 
the low stressor value.

2.2.3  |  Interpreting the GAMs

For each of the nine combinations of low, intermediate and high val-
ues for temperature and slope, we plotted the relationship between 
EPT family richness and turbidity for each of low, intermediate and 
high values of EC. This allowed us to examine how the combined ef-
fect of turbidity and EC on EPT family richness varied across the dif-
ferent combinations of low to high values of temperature and slope. 
Specifically, we were interested in the consistency of the relation-
ship between the two stressors (turbidity and EC) and EPT family 
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richness. We assessed the consistency of the relationship by exam-
ining the interaction terms in the fitted GAMs. If the relationship 
was consistent, we would expect no strong three-  or four- way in-
teraction terms in the models— these higher- order interaction terms 
should be unimportant and hence shrunk towards zero.

If there were strong higher- order interactions, we could visualize 
the nature of the interactions using the plots described above. To 
guide this, and to frame our findings in terms of the additive/syn-
ergistic/antagonistic typology, we used a rough heuristic to classify 
the cumulative effects of turbidity and EC on EPT family richness 
as additive, synergistic or antagonistic for each combination of low 
to high temperature and slope values. If the cumulative effect of 
turbidity and EC was additive, we would expect lines plotting the 
relationship between EPT family richness and turbidity for different 
values of EC to parallel each other, even if the relationship between 
EPT family richness and turbidity was non- linear. To assess depar-
ture from additivity, we calculated the difference in predicted EPT 
family richness when EC was high and when EC was low, for each 
of a range of turbidity values from low to high. If the lines for high 
and low EC were parallel, this difference would be constant across 
the range of turbidity values. We then calculated the ratio of the 
maximum to minimum difference, with larger values (>1) implying 
greater departure from parallel and hence greater departure from 
additivity of effects. We arbitrarily chose a ratio cut- off value of two 
to identify relationships that clearly departed from additivity (i.e., 
ratio > 2), a value that aligned with our visual impression of when 
relationships appeared non- additive. Interactions identified as non- 
additive were then classified as synergistic or antagonistic from the 
form of the interaction.

The above approach allows us to evaluate the consistency of the 
interaction between turbidity and EC in relation to temperature and 
slope. We evaluated a second way in which the cumulative effect 
of the two stressors on biodiversity could be regarded as consis-
tent by calculating the proportional reduction in EPT family richness 
associated with shifting from sites where both stressors had a low 
value to sites where both stressors had a high value. The propor-
tional reduction was calculated as: 1 − predicted EPT family richness 
when both stressors had high values/predicted EPT family richness 
when both stressors had low values. If this proportion varies under 
different circumstances, it implies that the cumulative impact of 
the two stressors varies: combined, the magnitude of their impact 
is greater under some conditions relative to others. The cumulative 
impact of two stressors could be additive under all circumstances 
but the magnitude of their combined impact could vary considerably 
as stressor levels increase. This type of inconsistency could also be 
regarded as generating ‘ecological surprises’ that arise from higher- 
order interactions because the same two stressors could have rela-
tively little cumulative impact on biodiversity at some locations, but 
substantial impact at others. We used this approach to quantify the 
cumulative effects of EC and turbidity given different combinations 
of temperature and slope. To understand what drives variation in 
these cumulative effects, we also calculated the marginal effect of 
both EC and turbidity at each temperature and slope combination as 

the predicted proportional reduction in EPT family richness in going 
from low to high values of EC (turbidity) averaged across the range 
of low to high turbidity (EC) values.

3  |  RESULTS

3.1  |  Singular effects of the four variables

EPT family richness ranged from zero to 19 families per habitat 
per site with, on average, higher richness in riffle relative to edge 
habitats (Figure 1b). EPT family richness declined with increasing 
values of all four explanatory variables. For slope, richness declined 
linearly, but relationships with the other three explanatory variables 
(temperature, turbidity and EC) were non- linear as indicated by AIC 
values (Figure 2). Each variable alone explained between 0.39 and 
0.46 of the total deviance in each habitat.

3.2  |  Cumulative effects of the four variables

For each habitat, a GAM that included all four explanatory variables 
and their interactions explained about half of the total deviance in 
EPT family richness (riffle deviance explained = 0.51, edge deviance 
explained = 0.49), and plots of observed versus predicted values 
indicated a reasonable fit of the models to the data with no clear 
bias (Figure S3). Parameter estimates for the fitted models indicated 
there were statistically significant three- way interactions in both 
habitats that involved all four explanatory variables (Table 1). These 
interactions imply that the form of the relationship between turbidity 
and EC was inconsistent and varied depending on temperature and 
slope. For the models fitted to each habitat, the chi- square and p- 
values indicate the strength of evidence against the null hypothesis 
of no effect for each variable. On this basis, while there was evidence 
for significant three- way interactions, EPT family richness in both 
habitats was most strongly associated with the main effects of the 
four explanatory variables and with the interaction between EC and 
temperature (Table 1).

In a GAM, the effective degrees of freedom (EDF) associated with 
each parameter measures the degree of non- linearity in a relationship, 
with values of one indicating a linear relationship. As a rule of thumb, 
EDF values >1 but ≤2 indicate a weakly non- linear relationship and 
values >2 a highly non- linear relationship (Hunsicker et al., 2016; note 
that some parameters had EDF values <1 caused by the variable selec-
tion procedure we used: parameters with EDF <1 had been shrunk to-
wards zero). The variables most strongly linked to EPT family richness 
(the four main effects and the EC- temperature interaction) had, except 
for slope, highly non- linear relationships (Table 1). Several significant 
three- way interactions were also highly non- linear.

In the univariate models, a shift from low to high values was asso-
ciated with a similar proportional reduction in predicted EPT family 
richness for each explanatory variable (mean = 0.45, range: 0.39– 0.49, 
Figure 2). The cumulative effect of a shift in both EC and turbidity 
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from low to high values tended to generate a greater proportional re-
duction in richness (ranging from 0.45 to 0.7) although this varied by 
habitat, temperature and slope (Figures 3 and 4). The cumulative ef-
fect varied strongly with temperature: a shift in both EC and turbidity 
from low to high values was associated with a greater reduction in EPT 
family richness at cool relative to warm sites in both riffle and edge 
habitat (Figures 3 and 4). This outcome was due primarily to the strong 
EC– temperature interaction (Table 1): the marginal effect of a shift 

from low to high values of EC was associated with a proportionally 
larger richness reduction (0.46– 0.57) at cool sites, relative to a smaller 
reduction (0.04– 0.31) at warm sites (Figures 3 and 4). In contrast, the 
marginal effect of a shift from low to high values of turbidity was sim-
ilar across the temperature gradient (proportional richness reduction 
at cool and warm sites 0.2– 0.46 and 0.23– 0.44, respectively). Overall, 
turbidity had a larger marginal effect in edge (mean = 0.42) relative to 
riffle habitat (mean = 0.28).

F I G U R E  2  Univariate relationships between Ephemeroptera, Plecoptera and Trichoptera (EPT) family richness and the four variables, 
(a, b) scale temperature (derived from water temperature °C), (c, d) slope, (e, f) turbidity (NTU) and (g, h) electrical conductivity (EC, μS/
cm @ 25°C), for each habitat type, (a, c, e, g) riffle and (b, d, f, h) edge, with fitted generalized additive models (GAMs). Grey circles are the 
raw data, red circles are the mean value for EPT family richness for equal- sized bins of the variable shown on the x- axis. Solid blue lines 
are the fitted GAM (mean estimate) and dotted blue lines are 95% confidence intervals around the mean estimate. In each panel, AIC dif. is 
the difference in AIC between a model specifying a linear relationship and one allowing a smooth non- linear relationship. A value of zero 
indicates no difference in AIC between the two models, values greater than zero indicate that the non- linear model provides a better fit to 
the data. Deviance expl. is the proportion of the total deviance explained by the fitted non- linear model.

(a) (b)

(c) (d)

(e) (f)

(g) (h)
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3.3  |  Classifying cumulative effects in the additive/
antagonistic/synergistic typology

Other significant two-  and three- way interactions in both the riffle 
and edge habitat models (Table 1) implied that the form of the two- 
way interaction between turbidity and EC varied by temperature 
and slope. In riffle habitats, about half (5 of 9) of the relationships 
between EC and turbidity were additive. Of the remainder, sites with 
shallow slopes interactions were synergistic regardless of tempera-
ture, while interactions at warm and steep sites were antagonistic 
(Figure 3). In edge habitats, the interactions were mostly (7 of 9) 
antagonistic, although cool and steep to intermediate slopes were 
additive (Figure 4).

4  |  DISCUSSION

Our key finding is that the nature of the cumulative effects of the 
two stressors, EC and turbidity, differed between habitats (riffle 
and edge) and varied across the landscape as a function of differ-
ences in temperature and, to a lesser extent, slope. While all four 
explanatory variables were strongly and independently associated 
with variation in EPT family richness (Figure 2), the cumulative ef-
fects of EC and turbidity varied as a function of habitat, temperature 
and slope because of (1) a strong two- way interaction between EC 
and temperature (Table 1), which resulted in high EC being linked to 
a greater reduction in EPT family richness at cool relative to warm 
sites (Figures 3 and 4); (2) a stronger effect of turbidity in edge rela-
tive to riffle habitats and (3) significant, though weaker, two-  and 
three- way interactions in both habitats that resulted in additive, an-
tagonistic and synergistic effects of EC and turbidity depending on 
the temperature and slope combination.

Overall, higher levels of the two anthropogenic stressors, EC and 
turbidity, were associated with large reductions in EPT family rich-
ness (Figure 2), an outcome in broad agreement with other research 
on EPT in our study region (Kefford et al., 2011; Pettigrove, 1990) 
and elsewhere (Akamagwuna et al., 2019; Conroy et al., 2016). While 
our findings are correlative, they are consistent with outcomes ob-
tained from experimental studies on EPT responses to altered salin-
ity (Bray et al., 2019; Clements & Kotalik, 2016; Johnson et al., 2015) 
and turbidity/sedimentation (Piggott et al., 2012, 2015a).

Our finding of higher EPT family richness in riffle relative to edge 
habitats also agrees with previous work (Gerth & Herlihy, 2006; 
Hewlett, 2000; Metzeling et al., 2006), although the different ef-
fects of stressors in these habitats are less well understood. The 
stronger effect of turbidity on EPT family richness in edge relative to 
riffle habitats is potentially the result of slower water velocity and a 
higher rate of sediment settlement in edge habitats, which could re-
sult in greater impacts on stream invertebrates where sediment can 
bury habitat (Waters, 1995) and eggs (Kefford et al., 2010), relative 
to faster flowing riffle habitat.

We are unsure why elevated EC was associated with a greater 
reduction in EPT family richness at cool relative to warm sites. This 
outcome runs counter to single- species short- term laboratory exper-
iments (Cañedo Argüelles et al., 2013; Dunlop et al., 2008; Jackson 
& Funk, 2019; Moulding et al., 2022), although outcomes may differ 
over the long term (Moulding et al., 2022; Orr & Buchwalter, 2020; 
Verberk et al., 2020). Much of the variation in scaled water tem-
perature among sites was associated with changes in latitude 
(Figure S4). Consequently, the EC by temperature interaction could 
be associated with other latitudinal trends such as seasonal variabil-
ity (Janzen, 1967). In eastern Australia, for example, greater rainfall 
seasonality in the warmer north could result in greater natural sea-
sonality in stream salinity and thus a greater evolved ability to resist 

Term

Riffle Edge

EDF Chi sq p EDF Chi sq p

s(temperature) 3.5 31.4 <.001 2.5 52.1 <0.001

s(slope) 1 34.5 <.001 1 38 <0.001

s(turbidity) 2.7 40.6 <.001 3.4 197.7 <0.001

s(EC) 3.6 153.3 <.001 5.4 146.5 <0.001

ti(temperature, slope) 0.7 1.2 .14 2.4 12.8 <0.001

ti(temperature, turbidity) 0.2 0.2 0.262 0 0 0.883

ti(temperature, EC) 2.9 26.7 <0.001 4 24.9 <0.001

ti(slope, turbidity) 0.5 1.2 0.11 2.8 5.6 0.041

ti(slope, EC) 0.8 4.5 0.014 3 6.1 0.05

ti(turbidity, EC) 1.2 2.9 0.051 1.9 9.4 0.002

ti(temperature, slope, turbidity) 5.2 9.2 0.035 0 0 0.427

ti(temperature, turbidity, EC) 3.8 5.8 0.089 4.6 9.5 0.018

ti(slope, turbidity, EC) 0.7 2.3 0.048 1.4 4.8 0.011

ti(temperature, slope, turbidity, 
EC)

0 0 0.739 0.8 1.8 0.083

s(longitude, latitude) 23.4 238.3 <0.001 25.5 305 <0.001

TA B L E  1  Results of fitting generalized 
additive models (GAMs) to the data for 
riffle (n = 2533 sites) and edge (n = 4339 
sites) habitats. The response variable 
was Ephemeroptera, Plecoptera and 
Trichoptera (EPT) family richness at 
each site. The column Term shows the 
terms included in the model with s(var1) 
indicating a smoothed relationship was 
fitted for var1, and ti(var1, var2) indicating 
a smoothed interaction was fitted for var1 
and var2. Effective degrees of freedom 
(EDF) is the effective degrees of freedom, 
Chi sq is the chi- square value associated 
with each term and p is an approximate 
p- value indicating the significance of each 
term in the model. s(longitude, latitude) 
is a smoothed term accounting for spatial 
dependence in the response variable.
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anthropogenic salinization, relative to the cooler south, but see 
Dunlop et al. (2008).

Multiple stressor studies have frequently focused on the nature 
of stressor interactions in the context of the additive/antagonistic/
synergistic typology, largely because such interactions are viewed as 
key to identifying the cumulative impacts of stressors on biodiver-
sity and avoiding potential ‘ecological surprises’ (Brook et al., 2008; 
Côté et al., 2016). While the two anthropogenic stressors in this 
study interacted, the nature of their interaction varied across the 

landscape and eluded a simple additive/antagonistic/synergistic 
classification. As, or more, significant was the degree to which the 
impact of individual stressors varied by habitat (turbidity) and in re-
lation to temperature (EC), with the two- way interaction between 
EC and temperature particularly important (Table 1). These interac-
tions arose from stressors having inconsistent impacts across the 
landscape, which appeared capable of generating larger ecological 
surprises than outcomes resulting from synergistic or antagonistic 
interactions between the two focal stressors. Other studies have 

F I G U R E  3  Predicted values of Ephemeroptera, Plecoptera and Trichoptera (EPT) family richness from the generalized additive model 
(GAM) fitted to the riffle data (see Table 1). Each panel shows the relationship between EPT family richness (y- axis) and turbidity (x- axis) 
at three values of electrical conductivity (EC): low (EC = −1.6, coloured green), intermediate (EC = 0, coloured purple) and high (EC = 1.6, 
coloured orange). Shading shows the 95% confidence intervals around the predicted values. Each of the nine panels shows the predicted 
relationship between EPT family richness, turbidity and EC at a different combination of values of temperature and slope. In the top right of 
each panel is shown the form of the interaction between turbidity and EC (either additive, synergistic or antagonistic, see text for details) 
and the proportional reduction in EPT family richness in shifting from low to high values of: both turbidity and EC (C = the cumulative 
effect), EC alone (E) and turbidity alone (T; see text for details).
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shown that the singular effect of stressors can vary across climate 
gradients (Guo et al., 2018; Karp et al., 2018; Lorenzen et al., 2011; 
Peters et al., 2019; Pounds et al., 2006), experimentally imposed 
drought gradients (Stampfli et al., 2013), and in relation to vegeta-
tion cover (Orlinskiy et al., 2015; Schäfer et al., 2012). For example, 
Peters et al. (2019) observed that land- use change tended to have 
less impact on terrestrial biota at higher relative to lower elevation 
sites. Our novelty is in demonstrating that the cumulative effects 
of multiple stressors can also be inconsistent across the landscape.

The findings of our study are consistent with others regard-
ing the overall negative impacts of turbidity and EC on EPT fam-
ily richness, but they differ in other important respects (Beermann 
et al., 2018, 2021; Piggott et al., 2012, 2015a). For example, we 
found little evidence of a strong interaction between turbidity and 
temperature, in contrast to two mesocosm experiments where in-
creased sedimentation and higher temperature had a strong antag-
onistic effect on EPT genus richness (Piggott et al., 2012, 2015a). 
Similarly, the greater effect of EC (salinity) on EPT family richness 

F I G U R E  4  Predicted values of Ephemeroptera, Plecoptera and Trichoptera (EPT) family richness from the generalized additive model 
(GAM) fitted to the edge data (see Table 1). Each panel shows the relationship between EPT family richness (y- axis) and turbidity (x- axis) 
at three values of electrical conductivity (EC): low (EC = −1.6, coloured green), intermediate (EC = 0, coloured purple) and high (EC = 1.6, 
coloured orange). Shading shows the 95% confidence intervals around the predicted values. Each of the nine panels shows the predicted 
relationship between EPT family richness, turbidity and EC at a different combination of values of temperature and slope. In the top right of 
each panel is shown the form of the interaction between turbidity and EC (either additive, synergistic or antagonistic, see text for details) 
and the proportional reduction in EPT family richness in shifting from low to high values of: both turbidity and EC (C = the cumulative 
effect), EC alone (E) and turbidity alone (T; see text for details).
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we observed at cooler relative to warmer sites is in apparent con-
tradiction to single species short- term laboratory studies that show 
a greater effect of salinity at higher temperatures (Cañedo Argüelles 
et al., 2013; Jackson & Funk, 2019; Moulding et al., 2022). Such in-
consistencies between experiments and our findings reinforce the 
general point that context matters in determining the cumulative ef-
fects of multiple stressors. Laboratory and mesocosm environments 
differ from natural environments (Cairns, 1983; Cairns Jr, 1986; 
Petersen et al., 1999; Quinn & Keough, 1993; Rohr et al., 2006) likely 
altering the nature of interactions between stressors.

Inconsistencies in the effects of EC and turbidity that we ob-
served across the landscape suggest that a focus on using the 
additive/synergistic/antagonistic typology to classify stressor 
interactions could overlook other important aspects of multiple 
stressor impacts. Our results show that the nature of two- way 
stressor interactions need not be fixed, and that the cumulative im-
pact of two stressors can vary greatly depending on environmental 
context (Figures 3 and 4). This latter outcome may be more import-
ant in understanding and predicting stressor impacts than knowing 
the form of the interaction, at least when two or more stressors 
have a common driver. In Australia, sedimentation and saliniza-
tion of streams often result from agriculture activities that include 
clearing of native vegetation, grazing and cultivation (Harrison 
et al., 2011; NLWRA, 2001; Sauer et al., 2016). Consequently, res-
toration practices that aim to mitigate the impacts of one stressor 
can also alleviate other stresses, thereby reducing their cumulative 
impacts. In such circumstances, understanding how the magnitude 
of the cumulative impact varies across the landscape should as-
sist in identifying areas most likely to benefit from restoration. In 
contrast, when different stressors have different drivers, managers 
may have to decide which stressor(s) they prioritize in mitigation. 
Here, understanding both variation in the magnitude of impact and 
the nature of interactions should help in prioritization. Where cu-
mulative effects are synergistic, for example, there will be advan-
tages in reducing all stressors (Simmons et al., 2021).

Recently, various authors have advocated developing a theo-
retical understanding of the mechanisms that underlie stressor ef-
fects and their interactions (De Laender, 2018; Dey & Koops, 2021; 
Franklin & Hoppeler, 2021; Griffen et al., 2016; Jackson et al., 2021; 
Schäfer & Piggott, 2018; Thompson et al., 2018a, 2018b), in par-
ticular to predict whether interactions are likely to be synergistic, 
additive or antagonistic. This approach, and typology, focuses on 
two- way interactions between stressors. However, the presence of 
higher- order and non- linear interactions among stressors and en-
vironmental factors (Table 1) identifies a need for multiple stressor 
studies to expand their focus beyond the current typology and 
two- way interactions. Analysis of large spatial (or temporal) scale 
datasets, as in the current study, may be useful for evaluating the 
consistency of stressor effects by evaluating higher- order inter-
actions, although such studies suffer from an inability to establish 
cause– effect relationships. Experimental studies can isolate cause 
and effect but the increasing size and complexity of experiments 
required to study interactions among three (Beermann et al., 2018;  

Elbrecht et al., 2016; Piggott et al., 2012, 2015a), four (Juvigny- 
Khenafou et al., 2021) or more factors is challenging. An alternative 
is distributed experiments, where the same experiment is repeated 
at different locations, allowing stressor interactions to be explored 
along climatic and other gradients. Despite their challenges (Borer 
et al., 2014; Fraser et al., 2013; Knapp et al., 2017; Yahdjian et al., 2021), 
distributed experiments offer many advantages for understanding the 
cumulative impacts of stressors across the landscape.

Also useful is the identification of metrics to evaluate the consis-
tency of relationships among stressors. Such metrics could quantify 
different aspects by which the cumulative impacts of stressors vary 
across the landscape, as we have done here. These metrics could 
assist in identifying outcomes that result in ecological surprises. In 
our study, we suggest it is variation in the magnitude of cumulative 
impacts, rather than variation in the nature of the interactions, that 
is key to identifying sites most vulnerable to increasing levels of tur-
bidity and EC. For different response variables, locations and stress-
ors, other factors may be more important.
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