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A B S T R A C T

Climate warming threatens short-term environmental forecast skill, yet its effect on water quality predictability is 
largely unquantified. Here, we demonstrate a new approach for assessing climate change effects on lake fore
casts. Random forest (RF) and gated recurrent unit network models were trained on data from the Inter-Sectoral 
Impact Model Intercomparison Project (ISIMIP) Local Lakes Sector (five central-European lakes, four hydrody
namic models) and then used to forecast daily lake surface temperature 14 days ahead for 2060 - 2100 under four 
climate scenarios. We then varied (i) sensor-sampling interval (3, 7, 14 days) and (ii) training-set length (1 - 30 
years). Under the strongest forcing (SSP585), the summer mean absolute error (MAE) of worst-affected lake, 
Esthwaite, rose by 0.14 ◦C (from 1.75 to 1.89 ◦C), driven by higher day-to-day temperature volatility (R² = 0.78). 
For this lake, extending the training set from 5 to 20 years or shortening sampling from 14 to 3 days reduced 
summer MAE by 0.11 and 0.17 ◦C, effectively offsetting the volatility caused by climate change. In winter, 
forecast error declined for four lakes because warmer, more stratified conditions simplified surface-layer dy
namics. Thus, modest investments in monitoring cadence or historical record length can preserve forecast skill, 
even under extreme climate change. More broadly, this highlights a largely unexplored potential use for climate 
scenario projections: informing the design of climate resilient lake monitoring systems.

1. Introduction

Climate change is altering freshwater ecosystems globally (Capon 
et al., 2021). Rising lake surface temperatures affect metabolic rates, 
species survival, and biogeography (Dokulil et al., 2021), while shifts in 
stratification and mixing influence light, carbon, and oxygen dynamics 
(Woolway et al., 2021). Increased frequency and severity of droughts 
and extreme precipitation events are also projected to increase (Dai, 
2013; Tabari, 2020), heightening the risk of harmful algal blooms in 
many lakes (Paerl et al., 2020). Simultaneously, water quality moni
toring is advancing, with automated sensors complementing manual 
sampling and generating high-frequency, high-volume datasets (Marcé 
et al., 2016). Machine learning (ML) is increasingly applied to manage 
this complexity - both for real-time monitoring and short-term fore
casting of variables such as water temperature (Di Nunno et al., 2023; 
Yousefi and Toffolon, 2022), dissolved oxygen (Ziyad Sami et al., 2022), 
and algal abundance (Schaeffer et al., 2024). By generating daily to 

weekly forecasts, ML can support real-time management, allowing for 
timely execution of interventions such as water supply switching, 
aeration system activation, or issue of public health advisories (Stroom 
and Kardinaal, 2016).

As water quality forecasting capabilities increase, it is likely that 
some water managers will become increasingly reliant on such ap
proaches to ensure consistent and safe provision of many of the 
ecosystem services provided by freshwater bodies, such as water supply, 
recreation, food, and carbon sequestration (Carey et al., 2025; Inácio 
et al., 2022). However, in the context of a rapidly changing climate, it is 
possible that short-term water quality forecasting will become more 
inaccurate for several reasons. Firstly, under climate change, water 
bodies should be considered non-stationary systems, and will therefore 
become inherently less predictable than they would be given a more 
stable climate (Milly et al., 2008; Rollinson et al., 2021). Secondly, 
data-driven forecasting approaches such as ML rely on representative 
training datasets, typically historical monitoring data, to make future 
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forecasts. With a sufficiently large training dataset, performance im
provements tend to show diminishing returns as the length of the 
training data is increased (Atton Beckmann et al., 2025; Last, 2007). 
Importantly, this effect may be stronger for non-stationary problems as 
older training data may be less representative of the present system, and 
therefore less useful for informing predictions, particularly if the system 
is changing rapidly (Valavi et al., 2022). Lastly, the forecast uncertainty 
associated with certain meteorological variables such as precipitation is 
expected to increase and this might in turn affect water quality forecast 
ability (Xu et al., 2020).

Lake surface water temperature is a fundamental variable in aquatic 
systems because it strongly influences numerous physical, chemical, and 
biological processes. These include dissolved oxygen dynamics 
(Hutchings et al., 2024), algal bloom development (Glibert and Bur
kholder, 2018), fish habitat suitability (Fang and Stefan, 2012), and the 
spread of pathogens (van der Wielen et al., 2023). Consequently, accu
rate forecasting of lake surface water temperature is central to effective 
lake and water resource management, particularly under changing cli
matic conditions (Piccolroaz et al., 2024).

In recent years, there has been growing interest in applying ML 
techniques to model and forecast lake surface water temperature across 
a range of spatial and temporal scales. Many studies have focused on 
short-term prediction or nowcasting, often comparing the performance of 
different ML algorithms (Heddam et al., 2020; Liu and Chen, 2012; Quan 
et al., 2022; Yousefi and Toffolon, 2022). Others have developed hybrid 
approaches that integrate ML with process-based models to improve 
temperature simulations (Jia et al., 2021; Read et al., 2019). Additional 
work has explored ML-based approaches for both short- and long-term 
forecasting (Saber et al., 2020; Zhu et al., 2020). However, the vast 
majority of these studies have assessed model performance only under 
present-day or historical conditions. A few have considered limited 
cross-condition testing - for instance, Read et al. (2019) examined 
models trained on relatively cold years and tested on warmer ones - but 
systematic evaluation of ML model performance under projected future 
climate scenarios remains largely unexplored.

This study addresses this gap by leveraging lake-specific surface 
water temperature projections available through the Lakes Sector of the 
Inter-Sectoral Impact Model Intercomparison Project (ISIMIP; Golub 
et al., 2022) to investigate how climate change may affect ML short-term 
forecasting skill. Understanding this relationship is crucial, as some 
variables and lakes are likely to become increasingly difficult to forecast 
under future climatic conditions (Milly et al., 2008). Beyond quantifying 
this effect, it is also essential to assess whether modifications to the 
monitoring or forecasting approach can compensate for potential per
formance degradation. Because ML approaches tend to benefit from 
longer training datasets (Atton Beckmann et al., 2025; Mahmood et al., 
2022), it is important to understand monitoring requirements for 
climate-resilient forecasting as soon as possible to give sufficient time for 
data collection.

Therefore, this study presents an approach for informing the design 
of water quality monitoring systems that can provide sufficient data for 
training data-driven short-term forecast models, even in extreme climate 
change scenarios. To demonstrate this, we investigate how the perfor
mance of short-term ML forecasts of surface water temperature is 
affected under different climate change scenarios for five moderately- 
sized northern temperate lakes. While the lakes in this study are 
geographically specific, this serves as a proof of concept for the approach 
and offers valuable insights relevant to many northern temperate lakes. 
Additionally, by comparing performance across different sampling fre
quencies and training dataset durations, we also test how climate-driven 
performance degradation can be mitigated by adjusting the monitoring 
strategy. Therefore, the key research questions of this study are: 

1. Does the performance of ML forecasts of surface water temperature 
reduce in more extreme climate change scenarios?

2. Are the benefits of increased training dataset duration lessened in 
more extreme climate change scenarios?

3. Can management strategies such as increasing sampling frequency 
compensate for the effects of more extreme climate change scenarios 
on forecast performance?

4. Which variables can be considered drivers of any link between 
forecast performance and climate scenario?

Ultimately, by addressing these questions, we aim to demonstrate the 
value of using climate projections and modelled lake data to inform the 
design of water quality monitoring and forecasting systems in the 
context of a rapidly changing climate.

2. Materials and methods

2.1. Dataset and study sites

The ISIMIP framework provides both historical and projected climate 
and socioeconomic forcing data over a range of different policy relevant 
climate scenarios. The ISIMIP Lake Sector has used these data to force 
physical lake models both for ‘general’ lakes across the globe, and ‘local’ 
lakes which have been calibrated to a smaller number of specific lakes 
(Golub et al., 2022). This study uses ISIMIP Local Lakes data from five 
lakes located in England, Ireland, and Germany (Table S1, Figure S1, 
Figure S2). These lakes were chosen as they are all located in the 
northern temperate region, and are moderately sized (~1–15 km2) and 
therefore can be considered representative of a large number of lakes in 
this part of the world given the high prevalence of lakes this size (Cael 
and Seekell, 2016). Daily surface water temperature projections from 
the ISIMIP3b simulation round for each of these lakes from 2015–2100 
were downloaded under four different scenarios, including a 
pre-industrial control (PIC) and three of the shared socioeconomic 
pathways (SSP) described by O’Neill et al. (2016) (Table 1).

For each scenario, projections were obtained from four different 
physics-driven, one-dimensional lake models: Flake (Mironov et al., 
2010), General Lake Model (GLM) (Hipsey et al., 2019), General Ocean 
Turbulence Model (GOTM) (Umlauf et al., 2005), and Simstrat (Gaudard 
et al., 2019); and five different ensemble climate models: GFDL Earth 
System Model Version 4.1 (GFDL-ESM 4.1) (Dunne et al., 2020), 
IPSL-CM6A-LR (Boucher et al., 2020), Max Planck Institute Earth System 
Model (MPI-ESM1.2) (Gutjahr et al., 2019), Meteorological Research 
Institute Earth System Model Version 2.0 (MRI-ESM2.0) (Yukimoto 
et al., 2019), and the UK Earth System Model (UKESM) (Sellar et al., 
2019).

Alongside surface water temperature data, daily meteorological data 
were also downloaded from the ISIMIP repository for the same five 
climate models. Specifically, these variables were: near-surface relative 
humidity, near-surface specific humidity, precipitation, snowfall flux, 
surface air pressure, surface downwelling longwave radiation, surface 
downwelling shortwave radiation, near-surface wind speed, near- 
surface air temperature, daily-maximum near-surface air temperature 

Table 1 
Climate change scenarios used for experiments.

Scenario Description Anthropogenic Radiative 
Forcing in 2100 (Wm-2)

PIC Model driven by invariant solar, 
greenhouse gases, ozone, tropospheric 
aerosol and land-use forcings from the 
year 1850.

0

SSP126 ‘Sustainable and green’ pathway where 
substantial climate change mitigation 
actions are taken.

2.6

SSP370 ‘Regional rivalry’ pathway where climate 
change action is not prioritised.

7.0

SSP585 ‘Fossil-fuelled development’. Most 
extreme climate change scenario.

8.5
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and daily minimum near-surface air temperature.

2.2. Forecasting model and approach

This study used entirely modelled data from ISIMIP3b lake simula
tions both for training and evaluation. This enabled systematic analysis 
of the effects of climate change on forecast skill under well-controlled 
conditions, independent of observational gaps or other inconsistencies. 
The effect of climate change was explored through a comparison of 
forecast performance in more extreme scenarios with the PIC scenario 
used as a baseline. Therefore, the 2100 anthropogenic radiative forcing 
associated with each scenario (Table 1) is used as the independent 
variable associated with climate change for the experimental procedure.

To ensure that the day-to-day variation of the ISIMIP-driven lake 
model outputs was sufficiently realistic to be a good test of forecast skill, 
surface water temperature measurements provided by the United 
Kingdom Centre for Ecology and Hydrology from Windermere (hourly 
data from 2016–18) and Esthwaite (fortnightly data from 2015–18), 
were compared with simulation outputs (Feuchtmayr et al., 2021b, 
2021a). First-order time series differencing was used to assess the daily 
variability for Windermere and fortnightly variability for Esthwaite. 
Differencing involves calculating the change in temperature between 
successive time steps (e.g., day-to-day or fortnight-to-fortnight), 
providing a measure of short-term variability. The mean of the abso
lute differenced values and the standard deviation of the raw differenced 
time series were calculated for the in situ data and the corresponding 
simulated data from all four lake models, providing a comparison of the 
magnitude and variability of short-term temperature changes. These 
variability metrics for the observed and simulated time series matched 
closely for both lakes, indicating that the simulated data were suffi
ciently realistic for testing forecasting skill (Figure S3, Table S2). 
Additionally, the mean absolute error (MAE) between the in situ and 
simulated time series was sufficiently low (average = 1.75 ◦C) to indi
cate that this data captured well the seasonal lake variation. However, it 
is important to note that a very close match between the simulated and 
in situ records is not expected, as the simulated time series represents a 
climate-scenario projection rather than a hindcast of observed 
conditions.

Two ML forecasting models were used for the core experiments of the 
study. Firstly, as an example of a widely used classical ML approach, a 
Random Forest (RF) model implemented using Scikit Learn was used 
(Breiman, 2001; Pedregosa et al., 2011). Specifically, the RF was chosen 
because it has been shown to be effective for similar short-term fore
casting tasks even with a training dataset of relatively short duration 
(Atton Beckmann et al., 2025; Bhogal et al., 2023; Giamalaki et al., 
2022). In addition to the RF, a Gated Recurrent Unit (GRU) network 
implemented in Tensorflow was used (Martín Abadi et al., 2015). GRUs 
are a type of recurrent neural network which are generally very effective 
for time series forecasting tasks as they explicitly account for temporal 
dependencies in sequential data. Compared to Long Short-Term Memory 
(LSTM) networks, which are widely used for similar forecasting tasks, 
GRUs provide similar predictive capability whilst generally requiring 
smaller training datasets due to their streamlined architecture (Chung 
et al., 2014; Waqas and Humphries, 2024).

Prior to running forecasting experiments, input data were down- 
sampled by keeping every Tth observation and discarding the others 
for three different sampling periods, T = 3, 7, 14 days. All forecasts were 
made 2 weeks ahead, using data from the most recent 28 days as input. 
Therefore, for 14-day data, the model would have access to data from 
the two most recent observations to make a prediction, whereas for 3- 
day data, the model would have access to the nine most recent obser
vations. Each observation consisted of measurements of all eleven 
meteorological variables, as well as the surface water temperature es
timate from that day.

The RF and GRU hyperparameters were tuned using modelled data 
from all lakes, lake models climate models, and scenarios for the period 

from 2015–2060 using 100 iterations of a randomised search with five- 
fold cross validation. The resulting tuned parameters are detailed in 
Table S3.

2.3. Statistical analysis

Forecast runs were carried out for the test years 2061–2100 at the 
three different sampling frequencies for all four climate scenarios and 
each of the lake/climate model combinations. For each test year, the 
model was trained using the N years directly prior to the test year for a 
range of different training dataset durations, N = 1, 5, 10, 15, 20, 30 
years. As surface water temperatures were expected to be, on average, 
higher in the more extreme climate change scenarios, for statistical 
analysis it was necessary to use a relative error metric which does not 
scale with the magnitude of the predicted variable. Therefore, mean 
absolute percentage error (MAPE) was used to evaluate performance as 
this is a widely used relative error metric (Koutsandreas et al., 2022). 
Alongside MAPE, MAE was also calculated as this is a widely used 
non-normalised average error metric (Willmott and Matsuura, 2005).

A linear mixed model (LMM) was used to test the following: 

1) is forecast performance reduced in more extreme climate change 
scenarios?

2) do the benefits of training dataset duration lessen in more extreme 
climate change scenarios?

3) can increasing sampling frequency or training dataset duration 
compensate for performance reductions in more extreme climate 
change scenarios?

LMM statistical significance was calculated using Satterthwaite’s 
method to estimate degrees of freedom in order to obtain p-values 
(Kuznetsova et al., 2017). MAPE was used as the dependent variable in 
the LMM, with a natural logarithm transform used to approximate 
normality. Climate scenario was included as a fixed effect to understand 
how this affects forecast performance. In addition, training dataset 
duration and its interaction with climate scenario were included as fixed 
effects to understand if the benefits of long training datasets diminish in 
more extreme climate scenarios. Prior to analysis, the training dataset 
duration variable was inverse transformed to obtain an approximately 
linear relationship with the error. Further, sampling frequency and its 
interaction with training dataset duration were included as fixed effects 
to understand if increasing sampling frequency could compensate for 
any negative effects on performance due to more extreme climate 
change scenarios. Additionally, season and its interaction with climate 
scenario were included as fixed effects as this was flagged in preliminary 
data exploration as an important interaction. Test year was also included 
as a fixed effect to understand if forecast performance could be expected 
to continually degrade further into the future. Finally, climate model, 
lake model and lake were all included as random effects to understand 
their contribution to the variance of forecast performance. This resulted 
in the following model specification: 

y = β0 + β1N + β2S + β3R + β4T + β5Y+
γ1NS + γ2SR + γ3TN+

uC + uLM + uL + ε
(1) 

Where y is the dependent variable, log(MAPE); N the inverse of the 
number of training years; S the climate scenario; R the season; T the 
sampling period; Y the test year; β0–5 the fixed effect coefficients; γ1–3 the 
interaction effect coefficients; uC, uLM, uL the random effects associated 
with climate model, lake model and lake respectively, and ε the residual 
error. To make meaningful comparisons between the effect sizes of each 
of the fixed effects, all variables used in the LMM were first standardised 
to have a mean of zero and standard deviation of one. Following 
standardisation, two LMMs were fitted – one for the outputs from the 
GRU model, and one for the RF, allowing cross-model comparison of 
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effect sizes.
As an additional demonstration of the practical effect of climate 

scenario on performance, the maximum summer forecast error was 
compared between scenarios for each model. Maximum error was 
defined as the largest absolute difference between simulated and 
observed surface water temperature within each summer season. This 
metric was selected because in summer months extreme warm events 
can, for example, exceed thermal limits for freshwater fish or trigger 
other heat-related impacts and are therefore of significant management 
concern (Till et al., 2019). Maximum summer error therefore provides a 
conservative measure of model reliability under conditions critical for 
decision-making (Duan et al., 2024; Woolway et al., 2022).

Finally, additional linear regression analyses were used to explore 
the relationships between the suspected drivers of forecast error and 
climate change scenario. Firstly, to understand which variables to focus 
on, a feature importance analysis was carried out using a permutation 
importance approach using MAE as the error metric (Breiman, 2001; 
Ernst, 2004). The highest ranking features accounting for the vast ma
jority (> 90 %) of the total increase in MAE found in the permutation 
importance analysis were selected for further analysis. These variables 
were then aggregated in two ways: 1) using monthly averages, and 2) 
using monthly averages of the absolute values of the differenced time 
series of each variable. This second aggregation approach was used as it 
is effectively a measure of volatility, which for some variables, such as 
temperature, may increase under climate change (Guo et al., 2021). 
Therefore, this enabled testing if increased predictor volatility associ
ated with more extreme climate change scenarios was also associated 
with increased forecast error. To do this, firstly the aggregated variables 
were regressed against climate change scenario. Following this, MAPE 
was regressed against each of the aggregations. This was investigated for 
a medium/high data availability scenario with a training dataset dura
tion of 20 years, and a sampling period of seven days.

3. Results

3.1. Effect of climate scenario on forecast performance

In the more extreme climate change scenarios, forecast error was on 
average higher, particularly in the summer months (Fig. 1a). However, 
for all lakes except Müggelsee, the reverse effect was observed in the 
winter months: forecast error was on average lowest in the most severe 
climate change scenarios (Fig. 1c). These effects were statistically sig
nificant for both models (p < 0.001, Table 2).

Fig. 1. MAPE against 2100 anthropogenic radiative forcing separated by season and lake (Esthwaite – blue, Feeagh – orange, Müggelsee – green, Stechlin – red, 
Windermere - purple).

Table 2 
Summary of fixed effects from standardised LMM regression with log(MAPE) as 
the dependent variable. Statistical significance is indicated using asterisk nota
tion: *** - p < 0.001, ** - p < 0.01, * - p < 0.05, n.s. – not significant (p ≥ 0.05).

Estimate (± Standard Error) Significance

Fixed Effect RF GRU RF GRU

β0 (Intercept) − 0.073 ± 0.163 0.031 ± 0.161 n. 
s.

n.s.

β1 (Inverse no of train years) 0.131 ± 0.000 0.252 ± 0.000 *** ***
β2 (Scenario) 0.023 ± 0.000 0.026 ± 0.000 *** ***
β3 (Season – spring) 0.047 ± 0.001 0.048 ± 0.001 *** ***
β3 (Season – summer) 0.614 ± 0.001 0.562 ± 0.001 *** ***
β3 (Season – winter) − 0.601 ± 0.001 − 0.501 ± 0.001 *** ***
β4 (Sample period) 0.021 ± 0.000 0.013 ± 0.000 *** ***
β5 (Year) 0.003 ± 0.000 0.004 ± 0.000 *** ***
γ1 (Inverse no of train years: 

Scenario)
0.003 ± 0.000 − 0.002 ± 0.000 *** ***

γ2 (Scenario: Season – 
spring)

− 0.001 ± 0.001 − 0.014 ± 0.001 n. 
s.

***

γ2 (Scenario: Season – 
summer)

0.028 ± 0.001 0.018 ± 0.001 *** ***

γ2 (Scenario: Season – 
winter)

− 0.072 ± 0.001 − 0.076 ± 0.001 *** ***

γ3 (Sample period: No. of 
train years)

− 0.030 ± 0.000 0.002 ± 0.000 *** ***
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The standardised regression coefficient for the year variable was 
positive and statistically significant (p < 0.001) for both forecast 
models, but much smaller in magnitude than most other predictor co
efficients. This indicates that forecast error increased further into the 
future, but that this effect was small in comparison to the effects of 
training dataset duration, sampling period, and climate change scenario.

The variance associated with lake (RF = 0.12, GRU = 0.12) and the 
unexplained residual variance (RF = 0.68, GRU = 0.70) were of a similar 
order of magnitude to the largest of the fixed effect coefficients: season 
and training dataset duration (Table 2, Table S4). The random effects 
associated with climate model and lake model were much smaller sug
gesting approximate agreement between models.

With 30 years of weekly training data, averaged across all model runs 
and years, the GRU model’s maximum summer forecast error was 0.16 
◦C higher under SSP585 compared to SSP126, while the RF model’s 
maximum summer error increased by 0.30 ◦C (Table S5).

3.2. Interaction between training dataset duration and climate scenario

Across all climate change scenarios, training dataset duration scaled 
with error according to an approximate inverse power law (Fig. 2). This 
has the consequence that the majority of the performance benefit was 
obtained with the first ten years of training data, with diminishing 
returns beyond this point. The effect of training dataset duration was 
stronger for the GRU (= 0.252) than the RF (= 0.131) model. As such, in 
low data-availability scenarios, the RF consistently out-performed the 
GRU, but with the maximum training dataset size and sampling fre
quency, the performance of the two models was approximately equal 
(Fig. 2). The interaction between the number of training years and 
climate change scenario was statistically significant (p < 0.001) for both 
forecast models, but with standardised regression coefficients over 40 
times smaller than that of training dataset duration this effect is effec
tively negligible (Table 2).

3.3. Analysis of relative effect sizes

Asides from the seasonal effects, training dataset duration had the 
largest effect on performance. However, this was most prevalent for low 
numbers of training years. Whilst the difference in performance between 
low and high training dataset duration scenarios was smaller at higher 
sampling frequencies, the overall effect of increasing sampling fre
quency was that this improved performance. Standardised regression 
coefficients for sampling frequency (RF = 0.021, GRU = 0.013) and 
climate change scenario (RF = 0.023, GRU = 0.026) were of similar 
magnitudes indicating that increasing sampling frequency has a similar 
effect size on performance as more extreme climate scenarios (Table 2, 
Fig. 3). For the RF model, reducing the sampling period by 1 day would 
have comparable impact on average forecast performance as a 1.0 Wm-2 

reduction in radiative forcing by 2100.
For all lakes, various interventions such as increasing sampling fre

quency, or training dataset duration were sufficient to compensate for 
the forecast performance difference between SSP126 and SSP585, even 
in the summer months where this effect was strongest (Fig. 4). Notably, 
the German lakes required much smaller interventions than the English 
and Irish lakes. For example, if using the RF model to make forecasts for 
Stechlin, increasing the sampling frequency from fortnightly to weekly 
sampling was sufficient to compensate for the effect of climate change 
scenario, whereas with Windermere, the equivalent compensation 
required a sampling frequency increase from fortnightly to 3-day sam
pling (Fig. 4). Additionally, GRU forecasts generally required smaller 
interventions to compensate for the effects of climate change than the 
RF. For example, for Windermere, increasing the sampling from fort
nightly to weekly was sufficient compensation for the GRU, whereas for 
the RF this required an increasing from fortnightly to 3-day sampling 
(Fig. 4).

3.4. Drivers of performance differences

On average across the two forecast models, the three most important 
variables were shortwave downwelling radiation, water surface 

Fig. 2. Forecast model MAE (top row) and MAPE (bottom row) plotted against number of training years for different sampling periods (14 days – left, 7 days – centre, 
3 days – right). Blue solid lines show errors for the GRU model, and dashed orange lines the RF.
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Fig. 3. Forecast model MAE (a) and MAPE (b), plotted against the 2100 anthropogenic radiative forcing associated with each of the four climate scenarios for 
different sampling periods for higher data availability scenarios (number of training years ≥ 10). Sampling period is indicated by line style (14 days – solid, 7 days – 
dashed, 3 days – dotted), with blue lines showing errors for the GRU model and orange lines the RF.

Fig. 4. Absolute difference in summer MAE for (a) RF and (b) GRU resulting from increasing sampling frequency from 14 to 7 to 3 days (blue and light blue bars) and 
increasing training dataset duration from 5 to 10 to 20 years (green and olive bars) under climate scenario SSP585. Red bars show the absolute difference in summer 
MAE between SSP126 and SSP585.
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temperature, and specific humidity. Together, these accounted for 90.2 
% of the total increase in MAE found in the permutation importance 
analysis (Figure S4), and thus were selected for further investigation in 
relation to climate scenario and forecast error.

In summer months, it was found that climate change scenario was 
significantly (p < 0.05) correlated with both surface temperature and 
specific humidity, as well as the absolute values of these following dif
ferencing (Fig. 5a, b, c, d). Conversely, shortwave downwelling radia
tion was not found to be associated with climate change scenario 
(Fig. 5e, f).

Similarly, both mean and differenced versions of surface temperature 
and specific humidity were associated with MAPE (Fig. 6a, b, c, d), 

whereas shortwave downwelling radiation was not found to be signifi
cantly correlated with forecast error (Fig. 6e, f). The variable with the 
strongest relationship with forecast error was absolute differenced sur
face temperature (R2 = 0.78).

Similar, but mostly weaker patterns were observed in the other 
seasons. For example, absolute differenced surface temperature was 
significantly correlated with MAPE in all seasons (Table S7), but only 
significantly correlated with climate change scenario in autumn and 
summer (Table S6). Generally, the associations between aggregated 
variables and MAPE were strongest in the spring and summer months.

Fig. 5. Linear regression analyses from summer months between climate change scenarios and key feature means (left column) and absolute values of the differenced 
time series of key features (right column). Each scatter point represents the average from a single climate/lake model combination. Note that specific humidity (c, d) 
and shortwave radiation (e, f) do not vary with lake model, and so have fewer points than surface temperature (a, b). ‘Jitter’ in the x axis has been added to improve 
readability.
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4. Discussion

4.1. The impact of climate change on water temperature forecasting

It was found that surface water temperature forecasts did suffer from 
reduced performance in more extreme climate change scenarios, 
although this varied between seasons, lakes and forecast models. Whilst 
the size of this effect may appear small, it was found to be comparable to 
the performance benefit gained from quite substantial monitoring 
improvements.

In summer, MAE in the most severely affected lake (Esthwaite) was 
on average 0.14 ◦C higher in SSP585 compared with SSP126. Addi
tionally, across all lakes, using a 30-year weekly training dataset, the 
maximum summer error for the best performing model (RF) was on 
average 0.30 ◦C higher in SSP585 than SSP126. Consequently, if these 
forecasts were used as an early warning system to trigger specific 
management interventions, then these error increases could be 
conceivably large enough to have negative management effects, 
particularly if the common approach of threshold-based decision trig
gers is used (Herman and Giuliani, 2018). Specifically, this could 

Fig. 6. Linear regression analyses from summer months between key feature means (left column), absolute values of the differenced time series of key features (right 
column) and MAPE. Each scatter point represents the average from a single climate/lake model/forecast model combination. Note that specific humidity (c, d) and 
shortwave radiation (e, f) do not vary with lake model, and so have fewer points than surface temperature (a, b).
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potentially determine whether a forecast system correctly triggers a 
response such as reservoir withdrawal for thermal regulation (Feldbauer 
et al., 2020; Rheinheimer et al., 2015; Weber et al., 2017).

With the RF forecast model, one way to compensate for the increased 
error between SSP126 and SSP585 would be to increase the sampling 
frequency approximately fourfold. Although automated in situ sampling 
technology now provides a means for consistent high frequency sam
pling of water quality indicators, this is still costly, particularly when 
considering the maintenance of such systems over long time periods 
(van der Wielen et al., 2023). This highlights a critical design consid
eration for climate-resilient monitoring systems - the trade-off between 
the cost of monitoring infrastructure and forecast performance degra
dation under climate change which, as demonstrated, can be quantified 
using the approach outlined in this study.

4.2. Variation across lakes and seasons

All lakes behaved in a similar way during the summer, that is forecast 
performance generally reduced in more extreme climate change sce
narios (Fig. 1a). However, all lakes except Müggelsee showed the 
opposite pattern in the winter – forecast performance improved in more 
extreme climate change scenarios (Fig. 1c). This contrast can be 
explained by shifts in lake mixing regimes: climate change is expected to 
push some lakes from dimictic toward monomictic behaviour, reducing 
winter mixing events and increasing thermal stability (Shatwell et al., 
2019). Mixed conditions tend to lower surface temperature variability 
due to a deeper, more thermally inert surface layer, making winter 
conditions more predictable. Müggelsee, by contrast, is relatively much 
more shallow and polymictic (Table S1), with a more stable mixing 
regime that does not shift under warming (Shatwell and Köhler, 2019). 
It likely represents the default pattern for lakes that remain polymictic, 
lacking the "reset" effect that makes deeper lakes more predictable in 
winter. As a result, Müggelsee shows a winter forecast pattern more 
similar to its summer behaviour. This underlines the need for 
site-specific monitoring design that is informed by climate projections, 
as no single rule applies uniformly across lakes. This also illustrates the 
importance of seasonality, suggesting that forecasts for lakes located in 
different climate zones, with alternative seasonal patterns, may respond 
differently to climate change. For example, climate change is likely 
increasing over-lake atmospheric instability, which varies by lake size 
and latitude, and may lead to a decoupling of air and surface water 
temperatures, potentially reducing forecast skill more strongly in some 
lakes than others (Woolway et al., 2017). Additionally, shifts in lake 
thermal structure due to climate change have also been shown to be 
altitude dependent, which indicates that lake forecast performance 
degradation due to climate change may also vary across elevation gra
dients (Råman Vinnå et al., 2021). Accordingly, it is evident that the 
results of this study are not globally generalisable but are still relevant 
for the large number of northern temperate lakes with similar latitudes, 
morphologies, and elevations to the five studied lakes.

4.3. Relevance to other water quality metrics

Under the assumption that increased difficulty in forecasting water 
temperature would also be associated with increased difficulty in fore
casting other variables which are driven or affected by it, the results of 
this study may generalise to other variables. This assumption is likely 
most valid for variables which are largely physics-driven, such as 
stratification onset, or hypolimnetic anoxia (Boehrer and Schultze, 
2008; Snortheim et al., 2017). For variables strongly influenced by both 
the physics and ecology of the study site, the picture is more complex. 
For example, in the case of cyanobacterial bloom forecasting, increased 
uncertainty in surface temperature suggests higher uncertainty in 
growth rates (Davis et al., 2009). However for waterbodies where cya
nobacterial blooms transition from being rare events to more 
commonplace phenomena due to climate change, they may inherently 

become more predictable (Feng et al., 2023; Paerl et al., 2020). Given 
that it is possible to simulate processes such as algal growth under 
various climate scenarios (Zwart et al., 2019), it is likely that soon a 
more diverse and complex set of water quality variables will become 
available through projects like ISIMIP (Golub et al., 2022). This there
fore opens the possibility for informing the design of climate-resilient 
monitoring and forecasting systems for more complex water quality 
phenomena such as algal blooms.

Additionally, whilst it was found that there was a significant inter
action (p < 0.001) between training dataset duration and climate sce
nario, the relative size of this effect was small in comparison to other 
factors, such as climate scenario (Table 2). This means that older data 
were approximately equally useful for training models, regardless of 
climate change intensity. A likely explanation for this is that surface 
water temperature is well-understood to be primarily governed by air 
temperature and surface heat exchange, which, from a process 
perspective, can be considered largely stationary. In other words, the 
underlying heat transfer equations which govern it generally do not 
change in structure, except during periods of ice cover (Hipsey et al., 
2019). In contrast, other variables such as algal biomass are influenced 
by a far more complex set of interacting drivers, including nutrients, 
light availability, and grazing, which can exhibit strong 
non-stationarity, particularly under ecological regime shifts (Zingone 
and Oksfeldt Enevoldsen, 2000). These complexities may render older 
data less representative of current or future conditions, underscoring 
that future work applying the approach presented here to additional 
water quality indicators would be valuable for designing 
climate-resilient monitoring and forecasting systems.

4.4. Forecast model choice implications

Whilst the structure of recurrent neural network models such as GRU 
is inherently suited to time series forecasting tasks, they often do not 
outperform other forecasting approaches, particularly in data-limited 
scenarios (Atton Beckmann et al., 2025; Hewamalage et al., 2021; 
Yousefi and Toffolon, 2022). Accordingly, in this study, in all but the 
highest data availability scenario, the RF outperformed the GRU (Fig. 2). 
This is likely due to the higher complexity of the GRU relative to the RF, 
which therefore necessitates a larger volume of training data to achieve 
competitive performance (Atton Beckmann et al., 2025). However, with 
sufficient training data (30 years of 3-day samples), the GRU’s perfor
mance did marginally exceed the RF. Furthermore, given that the GRU’s 
training dataset size / performance gradient (β1) was almost double that 
of the RF (Table 2), it can be inferred that in even higher 
data-availability scenarios, the GRU would be expected to outperform 
the RF by an increasing margin.

Whilst both models’ performance was affected by climate change 
scenario, this effect varied according to season, and in some cases was 
notably different between the two forecast models (Table 2). In autumn, 
both models suffered similar performance degradations in more extreme 
climate scenarios. Likewise, in winter, the forecast performance im
provements due to intensified climate warming were comparable be
tween forecast models. However, in summer, climate scenario decreased 
the RF’s performance (γ2 = 0.028) more than the GRU’s performance (γ2 
= 0.018). Similarly, in spring, the effect of climate scenario on the RF’s 
performance was approximately equivalent to that in autumn (γ2 = n.s.), 
whereas the GRU’s performance was less negatively affected (γ2 =

− 0.014). Therefore, on average, whilst the RF performed better with 
smaller training datasets, it was also more negatively affected by climate 
scenario than the GRU. This suggests that where large volumes of high 
frequency measurement data are available, using recurrent neural 
network models such as GRU may be beneficial for minimising the ef
fects of climate change on forecast performance.
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4.5. Evaluating forecast skill with synthetic data

All the data used in this study were synthetic, and therefore there is 
some uncertainty concerning how the findings would translate to actual 
surface lake temperature forecasting with field-measured data. To some 
extent this was quantified by using a suite of climate and lake models, 
and it was found that the variances associated with the random effects of 
lake model (σ2 = 0.0087) and climate model (σ2 = 0.0018) were both 
small compared with the variance associated with lake (σ2 = 0.12). This 
suggests good agreement between the models used in this study. 
Furthermore, the comparison of simulated data with in situ observations 
demonstrated that the magnitude and variation in daily and fortnightly 
changes were closely matched (Table S2). It was found that GLM tended 
to have slightly higher short-term variations than the corresponding in 
situ observations, whereas Flake tended to vary less. This demonstrates 
that it is certainly possible to systemically under- or over-estimate 
forecast skill when testing this with simulated data. However, by 
using a suite of models, any model-specific biases will likely have been 
reduced. Ultimately, despite the uncertainties inherent with modelled 
data, using these allows exploration of forecast performance across 
multiple climate scenarios and decades, which would be impossible with 
field measurements alone.

4.6. Designing climate-resilient water quality forecasting systems

Unlike weather forecasting, which benefits from decades of meth
odological refinement (Lynch, 2008), water quality forecasting is still 
developing, particularly in the context of ecological complexity and 
climate change (Dietze et al., 2018). Interest in forecasting complex 
ecological phenomena, such as algal blooms, continues to grow (Zahir 
et al., 2024), yet these events often have site-specific drivers that differ 
markedly between lakes (Ding and Qin, 2024). Climate change further 
complicates this challenge by simultaneously increasing the need for 
reliable forecasts (Bartlett and Dedekorkut-Howes, 2022) and, as this 
study demonstrates, potentially making the forecasting task inherently 
more difficult. This illustrates the importance of designing water quality 
monitoring infrastructure with both climate resilience and site-specific 
variability in mind. While ongoing evaluation and adaptation of moni
toring systems is critical, we argue that a purely iterative design 
approach is not efficient - particularly when it may take five or more 
years to determine whether a given sampling approach adequately 
supports the forecasting objective (Atton Beckmann et al., 2025).

Instead, we propose that the design of monitoring and forecasting 
systems should also be informed through simulation, by testing fore
casting models on data generated by physical and biological models 
driven by climate projections. This approach enables systematic testing 
of key design decisions, such as which variables to monitor, how 
frequently to sample, which forecast models to apply, and how much 
training data is needed before reliable forecasts can be generated. As 
demonstrated in this study, climate projections can also be used to 
evaluate how system performance may change under different future 
scenarios, supporting the development of forecasting systems capable of 
maintaining sufficient accuracy even under extreme climate change. 
Whilst this simulation-based approach is constrained by the underlying 
input data - here, physical, one-dimensional lake models and ISIMIP 
climate projections - these models are continually improving (Frieler 
et al., 2024; Golub et al., 2022). Moreover, two-way coupling of climate 
projections with three-dimensional lake models has already been suc
cessfully demonstrated for some regions, which is particularly important 
for resolving hydro-dynamics in larger and more complex lake systems 
(Xue et al., 2022). Therefore, as coupling capabilities expand and lake 
and climate models continue to advance, they will offer increasing po
tential to support the development of effective monitoring and fore
casting strategies for managing freshwater resources in a changing 
climate.

5. Conclusions

This study highlights how climate change can affect the performance 
of short-term lake water temperature forecasts, and how simulation- 
based approaches can be used to design climate-resilient monitoring 
and forecasting systems. The key conclusions are: 

• Forecast skill is sensitive to climate change, especially in summer, 
due to increased surface temperature variability. However, this 
performance degradation can be offset through targeted improve
ments in monitoring.

• Monitoring system design should balance cost and performance, as 
increasing sampling frequency or extending historical records can 
compensate for climate-driven forecast degradation. These trade-offs 
can be quantified using synthetic data.

• Responses vary by lake and season, with deeper lakes often becoming 
more predictable in winter under warming scenarios. This empha
sizes the need for site-specific, simulation-informed monitoring 
strategies.

• Findings likely extend beyond temperature forecasts to other water 
quality indicators influenced by surface physics, such as stratifica
tion or hypoxia. For more complex ecological phenomena, responses 
may differ due to nonlinear regime shifts.

• Simulation-based system design offers a proactive approach to 
developing resilient water quality monitoring infrastructure, com
plementing traditional iterative methods that require years of real- 
world testing.

• As climate and lake models improve, this approach will become 
increasingly powerful in guiding the development of sustainable, 
future-proof forecasting systems for freshwater management.

These findings support a shift towards forward-looking, data- 
informed monitoring strategies that account for the challenges posed by 
a changing climate.
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Dupont, E., Éthé, C., Fairhead, L., Falletti, L., Flavoni, S., Foujols, M.-A., Gardoll, S., 
Gastineau, G., Ghattas, J., Grandpeix, J.-Y., Guenet, B., Guez, E., Lionel, 
Guilyardi, E., Guimberteau, M., Hauglustaine, D., Hourdin, F., Idelkadi, A., 
Joussaume, S., Kageyama, M., Khodri, M., Krinner, G., Lebas, N., Levavasseur, G., 
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