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Abstract

Interactions between stressors, including climate change and nutrient enrichment, are
expected to be wide spread in firewater ecosystems, although the extent to which
these effects are locally moderated is not well understood. Our understanding of the
forms and frequency of occurrence of such interactions is limited; assessments using
field data have been constrained as a result of varying data forms and quality. To
address this, we demonstrate a statistical approach capable of assessing multiple
stressor interactions using contrasting data forms in three European catchments (Loch
Leven Catchment, UK: assessment of phytoplankton response in a single lake with
time series data, Pinios Catchment, Greece: macroinvertebrate response across
multiple rivers using spatio-temporal data; and Lepsamanjoki Catchment, Finland:
phytoplankton response across multiple rivers using spatio-temporal data). Statistical
models were developed to predict the relative and interaction effects of climate change
and nutrient enrichment sensitive indicators (stressors) on indicators of ecological
quality (ecological responses), within the framework of linear mixed effects models
(LMESs). In all catchments, indicators of nutrient enrichment were identified as the
primary stressor with climate change sensitive indicators causing secondary effects
(Loch Leven: additive, total phosphorus x precipitation; Pinios: additive, nitrate x
dissolved oxygen; Lepsamanjoki: synergistic, TP x summer water temperature), the
intensity of which varied between catchments and along the nutrient stressor gradient.
Simple, stressor change scenarios were constructed for each catchment and used, in
combination with mechanistic evidence support the models, to explore potential

management responses.
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1. Introduction
Fresh waters provide vital services to society including the provision of clean drinking

water, recreation and tourism, pollutant processing, biodiversity, food provision, and
energy (Reynard and Lanzanova, 2017). These services generally rely on good water
quality, underpinned by stable ecological processes, which are threatened globally by
multiple and potentially interacting stressors (Dodds et al., 2013), including nutrients,
hydrological modification, toxic chemicals, and non-native invasive species (Birk et al.,
2019). Amongst these, climate change and nutrient stressors are expected to act
across large scales, although it has been proposed that management of nutrients may
be achievable at local scales to relieve effects of both in fresh water ecosystems (Moss

et al., 2010).

It is clear that some stressors (e.g. nutrient enrichment) can be more easily
manipulated at the local scale than others (Friberg et al., 2016). For example,
catchment or ecosystem scale nutrient reduction has been demonstrated as an
effective approach in lake restoration (Jeppesen et al., 2005; Spears et al., 2016). In
contrast, other stressors acting on ecosystems but manifested from large-scale
drivers, such as climate change, may be impossible for catchment managers to
control. Stressors driven by anthropogenic activities operating at different scales can
also interact, for example, changes in temperature and flushing rate can alter
ecological responses to nutrient loading in rivers (Bowes et al., 2016) and lakes
(Carvalho et al., 2012). In fact, it is widely acknowledged that many mechanisms exist
through which the effects of climate change may be moderated in lakes and rivers
including geographically distinct projections in weather patterns, in the influence of
ecosystem morphology, and in the influence of other stressors, including nutrient

enrichment (Adrian et al., 2009). As a result, some authors have suggested that
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disentangling these effects may be ‘challenging, if not infeasible’ (Benateau et al.,

2019).

Weyhenmeyer et al. (2007) provide empirical evidence on increasing rates of nitrate
depletion in European shallow lakes, suggesting that this phenomenon is driven by a
combination of decreased catchment and atmospheric nitrate loading as well as
increased denitrification related to warming between 1988 and 2003. Further, Moss et
al. (2011) propose that such interactions will be wide spread, with local modifications
(e.g. in intensity of nutrient stress), resulting, generally, in exacerbation of
eutrophication effects including more severe and frequent algal blooms. It is, therefore,
important that such interactions be confirmed at a relevant scale of interest to support

the development of novel multiple-stressor management strategies.

We currently lack robust statistical frameworks to detect and predict the effects of
multiple stressor mitigation options at catchment scales. Such a framework would
enable comparisons of frequency of occurrence and interaction forms across
ecosystems, scales, and data types (e.g. experimental, spatial, temporal,
spatiotemporal) common across routine monitoring programmes. Such a framework
would enable comparisons of frequency of occurrence and interaction forms across
ecosystems, scales, and data types (e.g. experimental, spatial, temporal,
spatiotemporal) common across routine monitoring programmes. One important
consideration is that data forms and frequency vary significantly between ecosystems.
Feld et al. (2016) presented a synthesis of approaches for determining the presence
of interactions between multiple stressors in freshwater ecosystems in this context,
including the use of generalised linear mixed effects modelling (GLMM) and Birk et al.
(2020) demonstrate that this approach is applicable to all forms of data to identify
interaction forms (Table 1) across scales in fresh waters. Here we extend this

4
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approach to assess the probability of exceedance of water quality stressors when
applied to future stressor change scenarios (e.g. Figure 1). This approach addresses
two important statistical conditions necessary to underpin practical guidance to water
managers: (1) that models should be constructed to determine interactions,
specifically, and (2) that a standardized approach for model construction (i.e. stressor
selection) is necessary. These conditions minimize bias in the model construct to
improve representativeness and deliver the best ‘model fit’, statistically, whilst
acknowledging the importance of scale and data quality as limiting factors in their

application.

We demonstrate this approach for three contrasting (i.e. data forms, frequency, and
scale) European catchments to test the hypothesis that significant interaction effects
would be detectable between nutrient and climate sensitive stressors on ecological
guality indicators, known locally to be sensitive to nutrients. The catchments were
selected to represent contrasting but realistic data forms: Loch Leven Catchment, UK:
assessment of phytoplankton responses in a single lake with time series data; Pinios
Catchment, Greece: macroinvertebrate community response across multiple rivers
using spatial data; and Lepsamanjoki Catchment, Finland: phytoplankton response
across multiple rivers using spatio-temporal data. The resultant best fit paired stressor
GLMMs were applied to estimate the expected mean effect of stressor change on
ecological indicators relative to critical values. We discuss the strength of the
mechanistic evidence to support the model outputs and the implications of the
analyses with respect to informing local scale multiple stressor management

responses.
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2. Methods

Our approach was to utilise local mechanistic understanding to select indicators
sensitive to climate change and nutrient enrichment as well as ecological quality
indicators being utilised to inform environmental management at the local scale. As
such, we do not produce comparable or balanced data sets with which to compare
statistically the model outputs between catchments and we acknowledge that other
stressors may produce higher order interactions not captured here. We acknowledge
that data availability on such indicators will vary between sites and across scales (Birk
et al., 2020) and also that their biophysical behaviour will be moderated depending on
the ecosystem morphology and geographical locations (Adrian et al., 2009). As such,
the model outputs do not offer general explanation of wider scale ecological
responses. For each catchment, we used a ‘dredge’ analysis to produce a range of
models including combinations of pairwise stressor effects against ecological quality
indicators, the latter calculated as per requirements of site specific ecological quality
assessment procedures. From this analysis, we selected the best fit models using
model Akaike Information Criterion (AIC) values to explore catchment specific future
stressor change scenarios, informed by local climate change projections. The
indicators included from each site and the model selection criteria are described in

detail in the following sections.

2.1Study site description, data sources, and stressor change scenarios

2.1.1 Loch Leven

Loch Leven, a shallow lake in the UK, offers a time series from a single sample site
with roughly fortnightly sampling frequency between 1967 and 2017. Data were
obtained from the Loch Leven long term monitoring dataset (May & Spears, 2012)

across multiple years (1968-2013) with 39 years of data used in the final analysis as

6
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a result of missing values. In this study we consider the ecological response as
chlorophyll a concentration in the water column, a proxy for phytoplankton
concentration, as well as potential stressor indicators for nutrient enrichment (i.e. total
phosphorus (TP) concentrations) and climate change (i.e. water temperature and
precipitation) (Table 2). Water temperature, chlorophyll a, TP concentrations were
determined roughly fortnightly during the monitoring period and processed to provide
mean values as indicated in Table 2. Stressor data were averaged across growing
season (May through September) and autumn/winter (October through April) with
chlorophyll a averaged annually to be more in line with WFD methodology (Poikane et
al., 2010). Methods for the determination of the Loch Leven indicators are described
by Dudley et al. (2013), with the exception of precipitation data which were retrieved
from the British Atmospheric Data Centre and processed from daily values
representing local conditions as described by Carvalho et al. (2012). These indicators
have been shown previously to play an important role in ecological community

structure in Loch Leven (Ferguson et al., 2007).

Target values for chlorophyll a concentration ‘good-moderate’ boundary were selected
from the site-specific targets defined by the EU Water Framework Directive (WFD) for
annual mean concentrations at 11 ug L* (Carvalho et al., 2009). A review of target
setting for Loch Leven and as conducted by the WFD generally is offered by Carvalho

et al. (2012) and Hering et al. (2010), respectively.

As a result of climate change, by 2050 the east of Scotland is expected to experience
a 1-2°C rise in annual and summer average daily temperature, at the 10% probability
level and assuming a medium emissions scenario (UKCP09 SRES AlB;
Naki¢enovic et al., 2000). Under the same scenario, summer and winter precipitation
is predicted to decrease by 20-30% and increase by 0-10%, respectively. More

7
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frequent and intense rainfall events are also predicted. O’Reilly et al. (2015) report an

observed warming rate of about 0.7°C per decade in Loch Leven surface waters.

Pinios Catchment, Greece

The Pinios Catchment represents multiple river monitoring data across 76 river
monitoring sites collected during autumn (i.e. between September, October,
November) 2002. The ecological response indicator used was Average Score Per
Taxon (ASPT) calculated using macroinvertebrate taxon data from each site (Armitage
et al., 1983). Climate change sensitive indicators included water temperature,
discharge and dissolved oxygen concentration and indicators of nutrient enrichment
included PO4-P and NOs-N concentrations. Other authors have confirmed the
sensitivity of dissolved oxygen to climate change in fresh waters (Adrian et al., 2009;
Benateau et al., 2019) where hypoxic events have been confirmed to coincide with
droughts and low-flow conditions in the Pinios catchment. Target values for ASPT
scores were set according to Lazaridou et al. (2016) and represent the ‘good-
moderate’ boundary as defined by the EU WFD at 4.81. A description of the methods

used for these determinands in the Pinios Catchment are available from Panagopoulos

et al. (2014).

Climate change projections according to the most pessimistic scenario (RCP 8.5 rising
emissions) predict an approximately 2 °C rise in mean annual air temperature and a
10% decrease in annual precipitation for the Pinios catchment by 2060 (Stefanidis et
al., 2018). Assuming that projected increases in surface water temperatures are often
50 % to 70 % of the projected increases in air temperature (EEA, 2008), a 2 °C rise in

mean annual air temperature could mean a 1.4 °C rise in water temperature. We
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assume here that these changes will result in a decrease in dissolved oxygen

concentration as discussed in detail by Stefanidis et al. (2018).

2.1.2 Lepsamanjoki Catchment, Finland

The Lepsamanjoki Catchment (214 km?) is a sub-basin of the Vantaanjoki River Basin
in Southern Finland. It belongs to the Long-Term Ecosystem Research Network

(http://www.lter-europe.net/lter-europe/about/organisation/facility-types/ltser-

platforms) and is one of the best studied catchments in the drainage basins of the Gulf
of Finland and the Archipelago Sea in the Baltic Sea. In contrast to other large
catchments, these drainage basins consist of several small river catchments draining
directly to the sea. Thus, the data set for the Lepsédménjoki Catchment was
supplemented by measurements from the neighbouring catchments with similar soil
and agricultural production types. The resulting data set represents 10 river sample
sites which were sampled 7 to 25 times a year during the period 1985-2014. The
ecological response indicator chosen for this catchment was summer mean
chlorophyll a concentration. Climate change sensitive indicators included estimates of
modelled catchment run-off and water temperature and nutrient enrichment indicators
included TP concentration. The methods used for each of these determinands are
described by Niemi et al. (2001). The target for summer mean chlorophyll a

concentration was set at 14.5 ug L using expert judgement.

The mean annual precipitation in the area is 650 mm, and the mean annual
temperature is +4°C. In winter, temperature drops below 0°C. Climate change
projections, according to the most pessimistic scenario (RCP 8.5 rising emissions),

predict an increase of approximately 2.5 °C in mean annual air temperature and less
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than 10% increase in annual precipitation by 2060. The increase is most highlighted

in spring and autumn.

2.2 Data processing and model construction

2.2.1 Two-way interaction models

For each dataset (Table 2), statistical models were developed to predict the ecological
guality indicators as a function of two main stressor effects and their interaction, within
the framework of linear mixed effects models (LMESs). All response variables were
modelled with Gaussian errors. The exact form of the model fixed and random effects
varied depending on the dataset structure as described below. However, the full LME

specification was,

y=b0+b1x1+b2x2+b3x1x2+S+Y+E

in which y is the response variable, x1 and xz are two stressor covariates, the b terms
are the model fixed effect coefficients and € is the residual error. For the multi-site and
multi-year study at Lepsamanjoki, it was necessary to include normally distributed
random effects for site S (to account for repeated measures at the same site) and year
Y (to account for repeated measures over time). For simplicity, we only included these
random effects as random intercepts and not slopes. However, our approach could be
extended to specific applications where sufficient data can accommodate more
complex mixed effects models. No random effects were needed for the purely
temporal (Leven) or spatial (Pinios) studies. As such S and Y were dropped from their

model specification, simplifying the model to a standard linear model (LM).

All models were fitted in R by maximum likelihood using the stats or ImerTest packages
(Kuznetsova et al., 2017) for LM and LME models, respectively (R Core Team, 2020).

Prior to model fitting the response variables and covariates were transformed to

10
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normal distributions using Box-Cox transformations, offset by a small value to ensure
all values of the variable were greater than 0. This ensured the models met

assumptions of normality of residuals, checked by examining model residual plots.

For each dataset, a set of candidate stressor variables was identified as described
above (Table 2). To identify the best combinations of stressor variables to use we
conducted a ‘dredge’ analysis in which all possible model combinations with up to two
main fixed effects and their interaction were fitted. For simplicity we did not consider
models with more fixed effects, though the analysis described below can
straightforwardly accommodate more complex models. Random effects were not
varied in model selection, as we considered them imposed by the data structure. For
the purposes of the analysis described below, the most parsimonious model was
selected for each catchment based on the lowest Akaike Information Criteria (AlCc);
although the output of the dredge analyses is provided displaying all model
combinations returned. We opted not to utilize model averaging approaches as they

may obscure the detection of interactions.

2.2.2 Risk of threshold exceedance

The probability of the response variables exceeding the site-specific threshold values
were evaluated across both stressor gradients and visualized as a heat map, using
the two strongest explanatory variables. Depending on the variable, exceedance can
mean the response variable being below or above a threshold, but always indicates
deterioration in ecological condition. When interpreting these heat maps, it should be
noted that the direction of the independent and interaction effects patterns within the

gradient of data, only, were used to construct the model.
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The heat maps were constructed by calculating exceedance probabilities from the
model for a range of stressor combinations. For any values of the two stressors, the
model states that observed values of the response variable are normally distributed
with a mean of b, + byx; + byx, + b;x;x, and variance of o + o + o2, where oZ is
the site-level random effect variance, o7 is the year-level random effect variance and
o2 is the residual variance. Note that for the datasets for which LM was used, this
variance simplifies to ¢2. The cumulative distribution function of the Gaussian
distribution was used to calculate the probability that an observed response value

drawn from this distribution exceeded the chosen threshold.

As well as heat maps, stressor scenario plots were produced showing the effects on
ecological indicators relative to critical thresholds of predicted changes in climate
change sensitive stressor indicators in the context of nutrient stressor indicators.
Scenarios were selected to allow visualization around the climate change projections
outlined above for the stressors included in the model outputs for each catchment. The
assessment of climate change effects for the Pinios Catchment is based on the
assumption that oxygen concentration will decrease as a result of prolonged drought
periods and higher water temperatures (Stefanidis et al., 2018). The scenario ranges
were, for Loch Leven: 0.0; -0.5; -1.0; and -1.5 mmday* change in growing season
mean precipitation (0-60% decrease relative to mean value across data); Pinios
Catchment: 0.0; -0.5; -1.5; and -2.5 mgL*? change in autumn dissolved oxygen
concentration (0-30% decrease); Lepsamanjoki Catchment: 0.0; +1.0; +2.0, and +3.0
°C change in mean growing season water temperature (0-17% increase). As above,

responses were quantified in terms of probability of threshold exceedance.

3. Results

3.1 Loch Leven Catchment

12
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According to AIC values, the most parsimonious LM model for Loch Leven (Supp 1a)
indicated that annual mean chlorophyll a concentration was significantly related to
winter mean TP and growing season mean precipitation with no significant interaction
between them (Table 3). Although this was the best fitting model, there was also
substantial support for a model based on growing season and winter TP (AAIC. =

0.420, Supp 1la).

The heat maps created with the best fit model are shown in Figure 2. For the best fit
Loch Leven model, it is apparent that the highest effect and, therefore probability of
exceeding the critical value, occurs when growing season mean precipitation is lowest

and winter mean TP is highest.

We explored the effects of predicted changes in growing season mean precipitation,
linked to climate change, in the context of the model produced for Loch Leven (Figure
3). It is apparent that the greatest relative effect of decreasing growing season mean
precipitation on the probability of exceeding critical values of annual mean chlorophyll
a concentration occurs at the lowest winter mean TP concentrations. The projected
decrease of up to 20% (annual mean precipitation) in this region would equate to about
- 0.5 mm d1. Assuming this translates into a decrease during growing season mean
precipitation of the same value would result in an increased likelihood of failing the
critical value of about 10%; relative to no change; up to about 60 pg L™, after which
the scenario lines converge. The growing season mean chlorophyll a concentration

during the monitoring period was 42.09 ug L (Table 2).

3.2Pinios Catchment

The most parsimonious LM for ASPT in the Pinios Catchment (Supp 1b) supported

effects of nitrate and dissolved oxygen concentrations, without interactions. Nitrate
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concentration varied negatively and dissolved oxygen positively with ASPT. The model
comparison also provided support for alternative models based on nitrate alone (AAIC.

= 0.331) and nitrate, pH and their interaction (AAIC: = 1.962).

The best fit model included a significant negative effect of nitrate and a significant
positive effect of dissolved oxygen (Table 3). The heat maps created with the best fit
model are shown (Figure 2) indicating that the probability of passing the critical value
remains high at dissolved oxygen concentrations above about 8 mg L™ regardless of
the NOs-N concentration and that at low NOz-N concentrations (i.e. near 0 mg L?) the

effect of DO is diminished.

The effects of predicted changes on the ASPT, linked with potential future changes in
dissolved oxygen, assumed here to reflect future climate change effects (Stefanidis et
al. 2018), are shown (Figure 3). A decrease in autumn mean dissolved oxygen
concentration of up to 2.5 mg L* would result in about 20% increased likelihood of
failing the critical value for ASPT, relative to the no change scenario. This effect
appears to be consistent above about 2 mg L' NOs-N. The mean NOs-N concentration

over the monitoring period was 2.21 mg L.
3.3 Lepsamanjoki Catchment

The dredge analysis of LME models for summer mean chlorophyll a concentration in
the Lepsamanjoki Catchment (Supp 1c) indicated that the best fitting model had
effects of mean summer TP, mean summer water temperature and their interaction.
Four other model specifications had comparable support (AAIC.: < 2), and all of these
included effects of summer water temperature and one other non-interacting stressor

(Supp lo).
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The best fit model indicated that chlorophyll a concentration increased with increasing
mean summer TP and water temperature and that these interacted synergistically
(Table 3, Figure 2). The probability of exceedance of the critical value was low below
about 16 °C regardless of summer mean water TP and the effect of temperature

diminished below about 100 pg Lt summer TP.

We explored the effects of predicted changes in summer mean water temperature,
linked to climate change (Figure 3). An increase of 1 °C in the mean summer
temperature would increase the probability of the critical threshold being exceeded by
about 10% at the mean annual TP concentration of 120 ug L (Table 2), relative to
the no change scenario. An increase of 2 °C would increase the likelihood of failure
by about 30% at the same TP concentration. The relative effects of the warming

scenarios increase, generally, with TP concentrations.
4. Discussion

The modelling approach reported provides a means of visualising and quantifying the
effects of paired stressors and their interactions on indicators of ecological responses.
We acknowledge that inclusion of a greater number of stressors would potentially
result in improved model fit and the discovery of higher order interactions.
Nevertheless, we have focussed our analysis to identify paired stressor interactions in
an attempt to provide relevant outputs for practical management considerations, which
require a level of simplification, focussing on nutrient enrichment and climate sensitive
stressor indicators. We have demonstrated that the approach can be used on a range
of data types, including temporal, spatiotemporal and spatial data across single or
multiple ecosystems. There is potential for the approach to be used across all

ecosystem types and all data types, including experimental data (Birk et al. 2020). We
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outline the specific models, evidence from the literature to support their underlying
processes, and the relevance of the future stressor change analyses for future

management in each case study in the following sections.

4.1 Effects of multiple and interacting stressors on each demonstration site

Our model indicated that summer precipitation and winter TP acted additively on
growing season chlorophyll a concentration in Loch Leven, and that TP was the
dominant stressor. The model results agree generally with other studies in which the
drivers of water quality and chlorophyll a have been reported for Loch Leven. Carvalho
et al. (2012) associated a significant increase in spring Daphnia densities in recent
years to increases in water temperature that coincided with reductions in chlorophyll
a concentration and increases in water clarity in spring and early summer, indicating
higher order trophic interactions not explored here (Rigosi et al., 2014). At the same
time, high rainfall was associated with low chlorophyll a concentration, probably as a
result of increased flushing rate (Carvalho et al., 2012). However, May et al. (2017)
indicated that intense periods of rainfall also resulted in an increase of P load to Loch
Leven, although the ecological effects of this observation were not dominant in our
models. The winter TP concentration in Loch Leven is expected to reflect catchment
P loading to the lake, with summer conditions reflecting internal cycling of P between
bed sediments and the overlying water column (Sharpley et al., 2013). Spears et al.
(2006) explored the potential for hydrological regulation of Loch Leven to increase the
flushing rate in summer months to relinquish P associated with internal loading which
is manifest within the lake as a summer peak in TP. The model presented here
suggests that this would also be a sensible option for controlling phytoplankton
biomass which is not unsurprising given the strong correlation between TP and

chlorophyll a concentration in this lake. The model demonstrates well the capacity for
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P control to be used to, at least in part, reduce the impact of future drier summers
although a reduction in the annual mean TP concentration even to 30 ug L, would
still carry a 50% risk of failure of the WFD chlorophyll a target if summer precipitation

falls by only 1 mm day.

For the Pinios catchment, nitrate and dissolved oxygen concentrations acted additively
on ASPT, and nitrate was the dominant stressor. These results are in agreement with
the findings from previous studies (Stefanidis et al., 2016a; 2018) where ASPT was
associated with nutrients and dissolved oxygen reflecting the ability of ASPT to capture
changes in the abiotic environment related to nutrient and organic pollution (e.g.
anoxic conditions). The role of nutrients, mainly nitrogen, on the occurrence of benthic
invertebrate taxa has been documented in numerous studies performed elsewhere in
Europe and the rest of the world (Johnson and Hering 2009; Villeneuve et al. 2015).
For instance, several studies have reported important relationships between nitrogen
species (TN, NH4-N) and macroinvertebrate communities (Wang et al. 2007; Ashton
et al. 2014, Stefanidis et al. 2016a), confirming that nitrogen is a key predictor of the
ASPT metric. However, these relationships indicate an indirect effect of eutrophication
on macroinvertebrate communities although direct toxic effects of nitrate on specific
invertebrates are possible given high enough concentrations or exposure time
(Camargo et al., 2005). Laboratory studies have shown that nitrate concentrations of
10 mg L, which is within the range observed in the study catchment, can have
adverse effects on sensitive aquatic animals (Camargo and Alonso 2006).
Furthermore, experimental studies have indicated that nutrient effects on stream
macroinvertebrates are indirect, affecting the food supply (e.g. periphyton) and thus
altering community composition (Elbrecht et al. 2016). In addition, under conditions of

nutrient surplus, excessive algal and microbial growth will lead to oxygen depletion
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(Johnson and Hering 2009; Dahm et al. 2013). Lack of oxygen will have a direct effect
on aquatic animals, and a range of indicator species are especially sensitive to low
oxygen levels (e.g stonefly and mayfly taxa; Calapez et al. 2018). Since dissolved
oxygen concentration is inversely related to water temperature, warming is expected
to affect dissolved oxygen saturation (Cox and Whitehead 2009). Additionally, hypoxia
in running waters may occur not only because of organic pollution and eutrophication
but also due to drought and extreme low flow events, conditions that are becoming
more common in Southern Europe (Gudmundsson et al. 2017; Panagopoulos et al.
2019). We acknowledge that such complexities will be difficult to resolve in our
modelling approach, not least because of the potential for covariance between
stressors. In these circumstances, model outputs must be considered in the context
of comprehensive mechanistic understanding of the system of interest; and we use
our outputs, cautiously, to explore potential management implications below. We
highlight the need for targeted experimental studies to confirm cause and effect of

dominant stressors in such cases.

Prolonged periods of low flow or stagnation and high temperatures increase
productivity which in turn leads to the decomposition of the excessive organic material
and the depletion of oxygen levels (Marcarelli et al. 2010; Bernhardt et al. 2018). In
the Pinios Catchment, water overexploitation for irrigation combined with a dry climate
during summer maintains low river flows (Stefanidis et al. 2016b) while future climate
scenarios predict more frequent low flow and drought events (Stefanidis et al. 2018).
Thus, future climate change is expected to impact dissolved oxygen indirectly through
changes in the hydrologic regime and increased nutrient pollution but also directly due
to warming. These effects have been discussed by Stefanidis et al. (2016a; 2018) who

examined the impact of hydrologic alteration and nutrient enrichment on oxygen and
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nitrate levels, confirming that these stressors are key predictors of benthic invertebrate
indices, including ASPT, in the Pinios Catchment. However, the form of the effect may
be expected to vary along the stressor gradient. For example, where dissolved oxygen
concentrations are reduced to very low levels then greater rates of denitrification may
occur, as demonstrated for shallow European lakes by Weyhenmeyer et al. (2019),
potentially increasing stress of low dissolved oxygen on macroinvertebrates whilst
relieving stress through NOs-N. Nevertheless, no significant interaction term was
returned in our model; perhaps indicating that important interactions may lurk outside

of our data range.

The model for the Lepsamaéanjoki Catchment showed that TP and water temperature
were the key factors controlling chlorophyll a concentration, indicating a significant
synergistic interaction effect (Rankinen et al. 2019). It is possible that light, here
measured as solar radiation, was not a limiting factor during the summer months due
to longer daylight hours at the higher latitudes (Lat 60 °N). Previous analyses have
indicated that agricultural water protection measures have reduced nutrient loads by
3% to 43% compared to mid-1980s (Rankinen et al., 2016). In this context, reductions
in nutrient concentrations may partly be attributed to a positive effect of warming on
forest growth, as longer and warmer growing seasons have improved nutrient uptake
in vegetation (Henttonen et al., 2017). However, a longer growing season may
increase the need to mitigate P, because rising temperatures may increase yields and
thus add pressures to intensify agriculture. This in turn, would increase the nutrient

load to rivers in this area (Rankinen et al., 2013).

According to the current Finnish agri-environmental programme, vegetation should be
removed from buffer zones at least once during growing season to remove excess
nutrients and to reduce dissolved P load (Aakkula et al. 2012). If the focus is also on
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improving the ecological status of the river, our analysis suggests that other measures
around the river itself may also be necessary to achieve ecological quality targets
where nutrient enrichment is projected to increase. For example, the rise in water
temperature may be controlled through shading by allowing the growth of taller riparian
vegetation in buffer zones. It has been shown that shading by vegetation can decrease
water temperature by up to 3 °C (Garner et al. 2017; Loicq et al. 2018; Turunen et al.
2019). The benefits of riparian shading for maintaining low stream water temperatures
have been documented by several studies (e.g. Kristensen et al 2015; Dugdale et al
2018), although the technical details regarding the implementation of riparian shading
as a management measure are still vague (e.g. extent of cover, width of riparian strip,
etc.). Conversely, the reduction of water abstraction during the summer months could
act as a more feasible management option that may compensate for a decrease in
oxygen levels by ensuring higher flows and averting the risk of hypoxic events. Any

such measures require site scale assessment of effectiveness.

4.2Relevance for informing management of multiple stressors

Our aim was to demonstrate a simple empirical modeling approach to allow the
detection of interactions between dominant paired (i.e. climate x nutrient) stressors in
three contrasting catchments. We confirm that in only one catchment was such an
interaction returned. In the sections above, we have presented mechanistic
understanding to aid with interpretation of the model outputs and in some cases we
identify that interactions may be expected to occur outside of our data ranges,
complicating management responses. Nevertheless, our model outputs offer scope
for future assessment of climate change related management; especially where
nutrient reduction measures are viewed as being achievable at the local scale.

Indicators of nutrient enrichment and climate change stress were important predictors
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of ecological quality in the models for all catchments. However, we stress the need to
better understand the effects of projected climate change on relevant stressor
indicators at the catchment scale (Adrian et al., 2009). Two important sources of
uncertainty are relevant here. Firstly, the climate change projections, themselves,
carry significant uncertainty. Secondly, the effects of projected changes in local or
regional weather on stressors of ecological indicators can be difficult to constrain, as

discussed for the Pinios Catchment above.

Our analysis suggests, generally, that the projected decrease in precipitation in the
Loch Leven catchment could be, at least partly, addressed by a reduction in winter TP
concentrations. The greatest increase in probability of exceeding critical thresholds for
Loch Leven occurred at lower nutrient levels. In contrast, in the Lepsamé&njoki
Catchment the effect of an increase in summer water temperature was most prominent
at higher nutrient levels. So the potential for nutrient reduction to address climate
change effects appears to be greatest at lower nutrient levels in the Loch Leven

Catchment but higher nutrient levels in the Lepsamanjoki Catchment.

Historically, management of water bodies has focussed on the control of single
stressors (Verdonschott et al., 2011) which are assumed to be dominant. This
approach is attractive in that it meets the practical needs of water managers, offering
a simple conceptual model; ‘reduce the primary pressure and the ecosystem will
recover’. However, our results indicate that at the catchment scale secondary and
potentially interacting stressors may cause ecosystems to behave in a manner that is
unexpected when considering the single stressor management approach. Our models
derived from compulsory monitoring programmes (e.g. Munné et al., 2015) feature
relatively poor relationships with a lot of noise remaining unexplained. Thus, this
approach should be considered to offer initial conceptual understanding of ecosystem
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behaviour allowing managers to systematically go beyond the primary stressor
approach to consider adaptive responses to future climate change and nutrient

enrichment (Pullin and Knight, 2009; Ryder et al., 2010).

22



525

526
527
528
529

530
531
532

533
534
535

536
537
538

539
540
541

542
543
544

545
546
547
548

549
550
551
552

553
554
555

556
557
558
559

560
561

References

Aakkula J, Kuussaari M. Rankinen K. Ekholm P. Helidla J. Hyvonen T. Kitti T. Salo, T.
2012. Follow-Up Study On The Impacts Of Agri-Environmental Measures In
Finland. Evaluation of Agri-Environmental Policies Selected Methodological
Issues and Case Studies. OECD, OECD publishing: 111-127.

Adrian R, O'Reilly CM, Zagarese H, Baines SB, Hessen DO, Keller W, Livingstone DM,
Sommaruga R, Straile D, Van Donk E, Weyhenmeyer GA, Winder M. 2009. Lakes
as sentinels of climate change, Limnol Oceanogr. 54,2283-2297

Armitage PD, Moss D, Wright JF, Furse MT.,1983. The performance of a new water
quality score system based on macroinvertebrates over a wide range of unpolluted
running-water sites. Water Res. 17:333—-347

Ashton MJ, Morgan Il RP, Stranko S. 2014. Relations between macroinvertebrates,
nutrients and water quality criteria in wadeable streams of Maryland, USA. Environ
Monit Assess. 186:1167-1182

Benateau S, Gaudard A, Stamm C, Altermatt F. 2019. Climate change and freshwater
ecosystems: impacts on water quality and ecological status. Zirich: Federal Office
for the Environment (FOEN) Eawag.

Bernhardt ES, Heffernan JB, Grimm NB, Stanley EH, Harvey JW, Arroita M, Appling
AP, Cohen MJ, McDowell WH, Hall RO, et al. 2018. The metabolic regimes of
flowing waters. Limnol Oceanogr. 63:5S99-S118.

Bowes MJ, Loewenthal M, Read D, Hutchins MG, Prudhomme C, Armstrong LK, et al.
2016. Identifying multiple stressor controls on phytoplankton dynamics in the River
Thames (UK) using high-frequency water quality data. Sci Total Environ. 569—
570:1489-1499.

Birk S. 2019. Detecting and quantifying the impact of multiple stress on river
ecosystems. In: Sabater S, Ludwig R, Elosegi A. (Eds.). Multiple Stress in River
Ecosystems. Status, Impacts and Prospects for the Future. Academic Press,
Oxford. pp. 235-253.

Birk S, Chapman D, Carvalho L. et al. 2020. Impacts of multiple stressors on
freshwater biota across spatial scales and ecosystems. Nat Ecol Evol.
https://doi.org/10.1038/s41559-020-1216-4

Calapez AR, Serra, SRQ, Santos JM., Branco P, Ferreira T, Hein T, Brito,AG, Feio MJ.
2018. The effect of hypoxia and flow decrease in macroinvertebrate functional
responses: A trait-based approach to multiple-stressors in mesocosms. Sci Total
Environ. 637-638: 647—656.

Camargo JA, Alonso A, Salamanca A. 2005. Nitrate toxicity to aquatic animals: a
review with new data for freshwater invertebrates. Chemosphere. 58:1255-1267.

23



562
563
564

565
566
567

568
569
570
571

572
573

574
575
576
577

578
579

580
581
582
583

584
585
586

587
588
589

590
591
592
593

594
595
596

597
598

Camargo JA, Alonso A. 2006. Ecological and toxicological effects of inorganic nitrogen
pollution in aquatic ecosystems: A global assessment. Environment International.
32: 831-849

Carvalho L, Miller C, Spears BM, Gunn IDM, Bennion H, Kirika A, May L. 2012. Water
quality of Loch Leven: responses to enrichment, restoration and climate change.
Hydrobiologia. 681:35-47.

Carvalho L, Solimini AG, Phillips G, Pietilainen O-P, Moe J, Cardosa AC, Solheim AL,
Ott O, Sondergaard M, Tartari G, Rekolainen S. 2009. Site-specific chlorophyll
reference conditions for lakes in Northern and Western Europe. Hydrobiologia.
633:59-66.

Cox BA, Whitehead PG. 2009. Impacts of climate change scenarios on dissolved
oxygen in the river thames, UK. Hydrol Res. 40:138-152.

Dahm V, Hering D, Nemitz D, Graf W, Schmidt-Kloiber A, Leitner P, Melcher A, Feld
CK. 2013. Effects of physico-chemistry, land use and hydromorphology on three
riverine organism groups: a comparative analysis with monitoring data from
Germany and Austria. Hydrobiologia. 704:389-415

Dodds W, Perkin JR, Gerken JE. 2013. Human impact on freshwater ecosystem
services: a global perspective. Environ Sci Technol. 47:9061-9068.

Dudley BJ, May L, Spears BM, Kirika A. 2013. Loch Leven long-term monitoring data:
phosphorus, silica and chlorophyll concentrations, water clarity and temperature,
1985-2007. NERC Environmental Information Data Centre.
(Dataset).https://doi.org/10.5285/2969776d-0b59-4435-a746-da50b8fd62a3

Dugdale SJ, Malcolm IA, Kantola K, Hannah DM 2018. Stream temperature under
contrasting riparian forest cover. Understanding thermal dynamics and heat
exchange processes. Sci Total Environ. 610—-611:1375-1389.

EEA (European Environment Agency), 2008, Impacts of Europe’ s changing climate —
2008 indicator-based assessment. EEA Report No 4/2008. Copenhagen,
Denmark.

Elbrecht V, Beermann AJ, Goessler G, Neumann J,Tollrian R, Wagner R, Wlecklik A,
Piggott JJ, Matthaei CD, Leese F. 2016. Multiple-stressor effects on stream
invertebrates: A mesocosm experiment manipulating nutrients, fine sediment and
flow velocity. Freshw Biol. 61:362—-375.

Feld CK, Segurado P, Gutiérrez-Canovas C. 2016. Analysing the impact of multiple
stressors in aquatic biomonitoring data: A ‘cookbook’ with applications in R. Sci
Total Environ. 573:1320-1339.

Ferguson CA, Bowman AW, Scott AM, Carvalho L. 2007. Model comparison for a
complex ecological system. J Royal Statistic Soc. 3:691-711.

24



599
600
601

602
603
604

605
606
607

608
609
610

611
612
613
614

615
616
617
618

619
620

621
622
623

624
625

626
627
628
629
630
631

632
633
634

635
636
637

Friberg N, Buijse T, Carter C, Hering D, Spears BM, Verdonschot P, Moe TF. 2016.
Effective restoration of aquatic ecosystems: scaling the barriers. WIREs Water. 4,
e1190.

Garner G, Malcolm 1A, Sadler JP, Hannah DM. 2017. The role of riparian vegetation
density, channel orientation and water velocity in determining river temperature
dynamics. J Hydrol. 553:471-485.

Gudmundsson L, Seneviratne Sl, Zhang X. 2017. Anthropogenic climate change
detected in European renewable freshwater resources. Nat Clim Change. 7:813-
816

Henttonen HM, N6jd P, Makinen H. 2017. Environment-induced growth changes in the
Finnish forests during 1971-2010 — An analysis based on National Forest
Inventory. Forest Ecology Manage. 386:22-36.

Hering D, Borja A, Carstensen J, Carvalho L, Elliott M, Feld CK, Heiskanen A-S,
Johnson RK, Moe J, Pont D, Solheim AL, van de Bund W. 2010. The European
Water Framework Directive at the age of 10: A critical review of the achievements
with recommendations for the future. Sci Tot Environ 408(19): 4007-4019.

Jeppesen E, Sgndergaard M, Jensen JP, Havens K, Anneville O, Carvalho L, Coveney
MF, Deneke R, Dokulil MT, Foy B, et al. 2005. Lake responses to reduced nutrient
loading — an analysis of contemporary long-term data from 35 case studies.
Freshwater Biol. 50:1747-1771.

Johnson RK, Hering D. 2009. Response of taxonomic groups in streams to gradients
in resource and habitat characteristics. J Appl Ecol. 46:175-186

Kristensen PB, Kristensen EA, Riis T, Alnoee AB., Larsen SE, Verdonschot PFM,
Baattrup-Pedersen A. 2015. Riparian forest as a management tool for moderating
future thermal conditions of lowland temperate streams. Inl Waters 5: 27—-38.

Kuznetsova A., P.B. Brockhoff, R.H.B. Christensen. 2017. ImerTest Package: Tests in
Linear Mixed Effects Models. Journal of Statistical Software, 82(13), 1-26.

Lazaridou M, Ntislidou C, Karaouzas I, Skoulikidis N. 2016. Development of a national
assessment method for the ecological status of rivers in Greece, using the
biological quality element “benthic macroinvertebrates”, the Hellenic Evaluation
System-2 (HESY-2), and harmonisation with the results of the completed
intercalibration of the MED GIG (RM1, RM2; RM4, RM5). BQE: Benthic
Invertebrates. June 2016.

Loicqg P, Moatar F, Jullian Y, Dugdale SJ, Hannah DM. 2018. Improving representation
of riparian vegetation shading in a regional stream temperature model using
LiDAR data. Sci Total Environ. 624:480-490.

Marcarelli AM, Van Kirk RW, Baxter CV. 2010. Predicting effects of hydrologic
alteration and climate change on ecosystem metabolism in a western U.S. river.
Ecol Appl. 20:2081-2088.

25



638
639
640

641
642
643

644
645
646

647
648
649

650
651
652

653
654
655
656

657
658
659
660

661
662

663
664
665
666

667
668
669

670
671
672

673
674

May L, Spears BM. 2012. Loch Leven: 40 years of scientific research. Understanding
the links between pollution, climate change and ecological response.
Developments in Hydrobiology. 218, 130pp.

May L, Moore A, Woods H, Bowes M, Watt, P. Taylor, A. Pickard. 2017. Loch Leven
nutrient load and source apportionment study. Scottish Natural Heritage
Commissioned Report No. 962. 65 pp.

Moss B, Kosten S, Meerhof M, Battarbee R, Jeppesen E, Mazzeo N, Havens K,
Lacerot G, Liu Z, de Meester L, Paerl H, Scheffer M. 2011. Allied attack: climate
change and eutrophication. Inl Waters. 1:101-105.

Munné A, Ginebreda A, Prat N. 2015. Water Status Assessment in the Catalan River
Basin District: Experience Gathered After 15 Years with the Water Framework
Directive (WFD). The Handbook of Environmental Chemistry 42. 1-35.

Nakicenovic N, Alcamo J, Davis G, de Vries B, Fenhann J, Gaffin S, Gregory K, Gribler
A, Yong Jung T, Kram T, La Rovere EL et al. 2000. IPCC Special Report on
Emission Scenarios. Cambridge University Press, UK.

Niemi J, Heinonen P, Mitikka S, Vuoristo H, Pietilainen O-P, Puupponen M, Rénka E.
2001. The Finnish Eurowaternet with information about Finnish water resources
and monitoring strategies. Finnish Environment Institute. The Finnish
Environment, Environmental Protection 445:62.

O’Reilly CM, Sharma S, Gray DK, Hampton SE, Read JS, Rowley RJ, Schneider P,
Lenters JD, Mcintyre PB, Kraemer BM, et al. 2015. Rapid and highly variable
warming of lake surface waters around the globe. Geophys Res Lett. 42:10773-
10781.

Panagopoulos Y, Stefanidis K, Mimikou M. 2014. Description of an environmental database
for the catchment of river Pinios, Thessaly in Greece. Freshwat Metadata J. 3: 1-7.

Panagopoulos Y, Stefanidis K, Faneca Sanchez M, Sperna Weiland F, Van Beek R,
Venohr M, Globevnik L, Mimikou M, Birk S. 2019. Pan-European Calculation of
Hydrologic Stress Metrics in Rivers: A First Assessment with Potential
Connections to Ecological Status. Water. 11:703.

Peltonen-Sainio P, Jauhiainen L, Trnka M, Olesen JE, Calanca P, Eckersten H,
Eitzinger J, Gobin A, Kersebaum KC, Kozyra J, et al. 2010. Coincidence of
variation in yield and climate in Europe. Agri Ecosys Environ. 139(4):483-489.

Poikane S, Alves MH, Argillier C, van den Berg M, Buzzi F, Hoehn E, De Hoyos C,
Karottki I, Laplace-Treyture C, Solheim AL, et al. 2010. Defining chlorophyll-a
reference conditions in European lakes. Environ Manage. 45:1286-1298.

Pullin AS, Knight TM. 2009. Doing more good than harm - Building an evidence-base
for conservation and environmental management. Biol Conserv. 142:931-934.

26



675
676
677

678
679
680

681
682
683
684

685
686

687
688
689

690
691
692

693
694
695

696
697

698
699
700

701
702
703

704
705
706

707
708
709

710
711
712

R Core Team (2020). R: A language and environment for statistical computing. R
Foundation for Statistical Computing, Vienna, Austria. URL https://www.R-
project.org/.

Rankinen K, Cano Bernal JE, Holmberg M, Vuorio K, Granlund K. 2019. Identifying
multiple stressors that influence eutrophication in a Finnish agricultural river. Sci
Total Environ. 658: 1278-1292.

Rankinen K, Peltonen-Sainio P, Granlund K, Ojanen H, Laapas M, Hakala K, Sippel
K, Helenius J, Forsius M. 2013. Climate change adaptation in arable land use, and
impact on nitrogen load at catchment scale in northern agriculture. Agri Food Sci.
22:342-355.

Reynard A, Lanzanova L. 2017. A global meta-analysis of the value of ecosystem
service provided by lakes. Ecol Econom. 137:184-194.

Rigosi A, Carey CC, Ibelings BW, Brookes JD. 2014. The interaction between climate
warming and eutrophication to promote cyanobacteria is dependent on trophic
state and varies among taxa. Limnol Oceanogr. 59: 99-114.

Ryder DS, Tomlinson M, Gawne B, Likens GE. 2010. Defining and using best available
science: A policy conundrum for the management of aquatic ecosystems. Mar
Fresh Res. 61:821-828.

Sharpley A, Jarvie HP, Buda A, May L, Spears BM, Kleinman P. 2013. Phosphorus
Legacy: Overcoming the Effects of Past Management Practices to Mitigate Future
Water Quality Impairment. J Environ Qual. 42:1308-1326.

Spears BM, Carvalho L, Paterson D. 2006. Phosphorus partitoining in a shallow lake:
implicatoins for water quality management. Wat Environ J. 21:47-53.

Stefanidis K, Panagopoulos Y, Mimikou M, 2016a. Impact assessment of agricultural
driven stressors on benthic macroinvertebrates using simulated data. Sci Total
Environ. 540:32—-42.

Stefanidis K, Panagopoulos Y, Psomas A, Mimikou M. 2016b. Assessment of the
natural flow regime in a Mediterranean river impacted from irrigated agriculture.
Sci Total Environ. 573:1492-1502.

Stefanidis K, Panagopoulos Y, Mimikou M. 2018. Response of a multi-stressed
Mediterranean river to future climate and socio-economic scenarios. Sci Total
Environ. 627:756-769.

Turunen J, Markkula J, Rajakallio M, Aroviita J. 2019. Riparian forests mitigate harmful
ecological effects of agricultural diffuse pollution in medium-sized streams. Sci
Total Environ. 649:495-503.

Verdonschot PFM, Spears BM, Feld CK, Brucet S, Keizer-Viek H, Borja A, Elliott M,
Kernan M, Johnson RK. 2013. A Comparative Review of Recovery Processes in
Rivers, Lakes, Estuarine and Coastal Waters. Hydrobiologia. 704:453-474.

27


https://www.r-project.org/
https://www.r-project.org/

713 Villeneuve B, Souchon Y, Ussegio-Polatera P, Ferréol M, Valette L. 2015. Can we pre-

714 dict biological condition of stream ecosystems? A multi-stressors approach linking
715 three biological indices to physico-chemistry, hydromorphology and land use. Ecol
716 Indic. 48:88-98.

717 Wang L, Roberston DM, Garrison SF. 2007. Linkages between nutrients and assem-
718 blages of macroinvertebrates and fish in wadeable streams: implications to
719 nutrient criteria development. Environ Manag. 39:194-212.

720 Weyhenmeyer GA, Jeppesen E, Adrian R, Arvola L, Bleckner T, Jankowski T, Jennings

721 E, Noges P, Noges T, Straile D. 2007. Nitrate-depleted conditions on the increase
722 in shallow northern European lakes. Limnology and Oceanography, 52:1346-
723 1353.

724

725

28



726  Table 1. Overview of interaction types and indication from model outputs considering two potentially
727 interacting stressors.

Type of interaction Characterisation
Synergistic Model coefficients for both stressors and their interaction all have the same sign
(i.e. all positive or all negative)
Antagonistic Model coefficients for both stressors have the same sign, but their interaction
has the opposite sign
Opposing Model coefficients for both stressors differ, sign of the interaction term not
important
728
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Tables 2. Summary statistics for data included in the Loch Leven, Pinios, and Lepséamanjoki catchment
analyses. Std. dev — standard deviation of the mean; Min — minimum of the range; Max — maximum of
the range; N — number of computed values used in the analysis (e.g. one value per year for Loch Leven);
EQI — ecological quality indicator; ASPT — average score per taxon value for macroinvertebrate

community.
Variable Season Mean St dev Median Min Max N
Loch Leven Catchment, UK
Total phosphorus (ug L'Y) Growing season 69.38 26.521 66 30.52 141.27 39
Total phosphorus (ug L) Autumn/Winter 60.57 15.679 60.47 29.69 88.2 39
Precipitation (mm day?) Growing season 2.415 0.641 2.352 1.307 4.262 39
Precipitation (mm day) Autumn/Winter 3.022 0.627 2.931 1.705 4.234 39
Water temperature (°C) Growing season 15.05 0.966 15.25 12.1 17.36 39
Water temperature (°C) Autumn/Winter 5.742 0.807 5.769 4.059 7.313 39
Chlorophyll a (ug L) — EQI Annual 42.09 19.461 37.31 18.25 93.22 39
Pinios catchment, Greece
PO.-P (ug L?) Autumn 28.25 27.45 20.71 0.00 109.45 76
NOs-N (mg L) Autumn 2.21 2.91 1.64 0.00 17.17 76
Dissolved oxygen (mg L?) Autumn 8.16 1.64 8.15 3.71 10.93 76
Water Temperature (°C) Autumn 16.85 2.79 17.65 8.30 20.80 76
pH Autumn 8.00 0.46 7.97 6.27 8.64 76
Discharge (m?s™) Autumn 3.79 2.84 2.95 0.00 8.54 76
ASPT —EQI Autumn 4.74 1.33 4.69 1.67 7.44 76
Lepsamanjoki Catchment, Finland
Total phosphorus (pg L) Growing season 120.65 48.07 113.45 41.5 349.33 177
Catchment run-off (mm day?) Growing season 4.17 3.03 3.26 0.48 17.38 177
Water temperature (°C) Growing season 17.92 1.70 17.94 13.77 22.15 177
Chlorophyll a (ug L) — EQI Growing season 18.61 19.67 12.63 1.4 142 177
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Table 3. Summary of fixed effects from models for each study system, explaining different ecological
responses (Leven, Chlorophyll a; Pinios, ASPT; Lepsdamanjoki, Chlorophyll a). For each system, the
optimal combination of two fixed effects from Table 2 and their interaction were selected based on
AIC values. Also given are the adjusted R? calculated based on the likelihood-ratio tests against the
intercept-only model.

Estimate se t P
Loch Leven Catchment, UK (R%qj = 0.616)
Intercept 0.000 0.107 0.000 >0.999
Winter mean total phosphorous 0.610 0.117 5.200 <0.001
Growing season mean precipitation -0.276 0.117 -2.355 0.024
Pinios Catchment, Greece (R%.qj = 0.352)
Intercept 0.000 0.095 0.000 >0.999
Nitrate concentration -0.370 0.151 -2.449 0.017
Dissolved oxygen concentration 0.239 0.151 1.582 0.112
Lepsamainjoki Catchment, Finland (R%q; = 0.301)
Intercept -0.011 0.134 -0.083 0.935
Summer mean total phosphorous 0.075 0.079 0.948 0.346
Summer mean water temperature 0.415 0.079 5.223 <0.001
Interaction (synergistic) 0.140 0.066 2.110 0.036
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753 Figure Legends

754  Figure 1. General analytical framework for approach and description of assessment of risk factors
755 including expected responses in relation to critical threshold and the probability that the critical
756  threshold will be exceeded for a given stressor combination.
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Figure 2. Contour plots (a) and (b), Loch Leven, show the effects of winter total phosphorus (TP)
concentration and growing season mean precipitation on the expected response in annual mean
chlorophyll a concentration (left hand panel) and the probability of exceeding the critical value (right
hand panel; the critical value, back line, is the WFD good/moderate target of 11 pg L'! annual mean
chlorophyll a concentration). Contour plots (c) and (d), Pinios Catchment, showing the effects of
nitrate concentration and dissolved oxygen concentration on the expected response in ASPT (left hand
panel) and the probability of exceeding the critical value (right hand panel; the critical value, the black
line, is the WFD good/moderate target of 4.81). Contour plots (e) and (f), Lepsaménjoki Catchment,
show the effects of summer mean total phosphorus (TP) concentration and summer mean water
temperature on the expected response annual mean chlorophyll a concentration (left hand panel) and
the probability of exceeding the critical value (right hand panel; the critical value, the black line, is the
WEFD good/moderate target of 14.5 pg L' summer mean chlorophyll a concentration).
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Figure 3. Climate change scenario assessments for Loch Leven (a), the Pinios Catchment (b) and the
Lepsdamanjoki Catchment (c). Evidence to support each scenario is provided in the methods section;
they are considered realistic for each catchment. The assessment for Loch Leven assumes four levels
of precipitation change and resultant effects on probability of exceeding the critical value for

chlorophyll a concentration (i.e. the WFD good/moderate target of 11 pg L™ annual mean chlorophyll

a concentration) relative to the winter mean total phosphorus (TP) concentration. The Pinios
Catchment assessment assumes four levels of DO change and resultant effects on probability of
exceeding the critical value of ASPT (i.e. the WFD good/moderate target of 4.81) relative to the
nitrogen concentration. The Lepsamanjoki Catchment assessment assumes four levels of temperature
change and resultant effects on the probability of exceeding the critical value (i.e. the WFD
good/moderate target of 14.5 pug L™ summer mean chlorophyll a concentration) of chlorophyll a
concentration relative to the summer mean total phosphorus (TP) concentration. All scenario levels

are shown in the graph legends above each panel.
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(b) Pinios
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