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Abstract
In this study we investigate how climate change will directly in�uence the groundwater resources in Germany
during the 21st century. We apply a machine learning groundwater level prediction framework, based on
convolutional neural networks to 118 sites well distributed over Germany to assess the groundwater level
development under the RCP8.5 scenario, based on six selected climate projections, which represent 80% of the
bandwidth of the possible future climate signal for Germany. We consider only direct meteorological inputs,
while highly uncertain anthropogenic factors such as groundwater extractions are excluded. We detected
signi�cant declining trends of groundwater levels for most of the sites, revealing a spatial pattern of stronger
decreases especially in the northern and eastern part of Germany, emphasizing already existing decreasing
trends in these regions. We can further show an increased variability and longer periods of low groundwater
levels during the annual cycle towards the end of the century.

Introduction
Climate change is increasingly altering water availability even in generally water-rich areas like Germany, where
overall water stress is currently low1. Nevertheless, hot and dry summers in recent years (especially 2018-2020)
led to ongoing exceptional droughts2,3 with severe consequences for agriculture and ecology, such as drought
damages in forests, reduced crop yields and extreme low �ows in rivers. Drought effects accumulated over
years, because winter precipitation did not compensate summer de�cits. This applies not only, but especially to
groundwater resources, which are of major importance since drinking water supply in Germany is strongly
dependent on groundwater and springs (almost 70%)4. Declining groundwater levels due to generally reduced
groundwater recharge and higher water demand in summer, regionally forced water suppliers to exploit their
current maximum capacity during dry periods to meet the demand; locally even water supply shortages
occurred. During future dry periods strong usage con�icts can be expected in areas of low water availability
between water suppliers and industry (process and cooling water), additionally ampli�ed by increasing
agricultural irrigation demand, which currently has only minor signi�cance with less than 2% of the total
withdrawal volume1. Knowledge of future groundwater level development, especially in the long-term, is
therefore crucial to develop sustainable groundwater management plans to meet future demands, solve usage
con�icts and protect ecosystems.

Climate change affects groundwater in several direct and indirect ways5. Major direct drivers are changes in
precipitation, snowmelt and evapotranspiration6. For Germany, climate projections show opposing trends in
terms of water availability, with a slight increase in annual precipitation sums, i.e. more water, but at the same
time a signi�cant temperature increase of several degrees Celsius by 210034,35,i.e. less water. The effect on
groundwater resources is therefore not directly clear and needs to be analyzed. For Europe in general, higher
precipitation is generally expected during winter, which in combination with a generally decreasing amount of
snow, thus increasing direct in�ltration, leads to higher groundwater recharge during winter and less in spring.
Especially for snow dominated regions this might cause changes of seasonality6. Weather extremes are
expected to intensify, therefore longer droughts and more frequent intense rainfall events will occur5. Generally
higher temperatures cause higher atmospheric water demand, thus increasing evapotranspiration, leading to
less in�ltration and therefore less groundwater recharge. Especially uncon�ned, shallow aquifers are most
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likely to be sensitive to direct climate change effects7. Indirect climate change in�uences on groundwater are
mostly related to anthropogenic groundwater withdrawals or associated with land-use changes5. It is known
that the groundwater storage reduction caused by pumping could easily far exceed natural recharge6,8. The
impact of these factors will be exacerbated as water demand increases to meet the needs of regionally
growing population (mainly due to growing urban areas), industry and agricultural irrigation.

In recent years, arti�cial neural network (ANN) approaches have proven their usefulness in predicting
groundwater levels9–14, even using a highly transferable approach with purely climatic input parameters (e.g.
ref15). In a previous study15 we showed that 1D-Convolution Neural Networks (CNNs) are a good choice for
groundwater level simulation, as they can provide high accuracy and furthermore are fast and reliable. Unlike
physically-based models, which usually require a very good knowledge of local conditions and need to be time-
consumingly built and calibrated, data-driven models such as ANNs are able to predict a target variable using
only relevant driving forces. This makes studies on larger areas easier and is therefore the method of choice for
this study. To the authors' knowledge, no comprehensive direct evaluation of groundwater level development
until 2100 exists for Germany yet. Besides a rather old small-scale study16 also a regional- scale study for the
Danube basin has been conducted to date17. The latter uses several dynamically-coupled, process-based
model components and the authors found strongly declining groundwater levels with declines of up to 10 m
close to the Alps in southernmost Germany for their scenario period (2036–2060). Further, several studies
investigated future groundwater recharge in different contexts for subregions of Germany using mainly water
balance models or process-based models17–22. Furthermore, the application of ANNs to study groundwater
level development in the long-term and in the context of climate change for a larger area like Germany has not
been performed yet. Related studies with applications of ANNs either used a very small number of wells23–25

and limited time horizons23,24 or use ANNs without directly presenting future climate signals to the ANN25. In
case of stream�ow runoff simulation, however, ANNs have been successfully applied to analyze the future
development under climate change in�uences in several catchments all over California26 as well as two
catchments in China27,28.

In this study we use a 1D-CNN approach29 to build 118 site-speci�c models, well distributed all over Germany
in the respective uppermost uncon�ned aquifer, which are able to predict weekly groundwater levels with high
accuracy using only precipitation and temperature as inputs in the past. We visually check the model output
plausibility under an arti�cial extreme climate scenario26 and investigate how the model has learned input-
output relationships using an explainable AI approach (SHAP30). We then use the trained CNN models to
investigate the future groundwater level development for the selected sites, using precipitation and temperature
derived from the RCP8.5 scenario31 of bias-corrected and downscaled (5 x 5 km²) climate projection data32

from six climate models as inputs. These six climate models were preselected by the German Meteorological
Service to represent 80% of the possible future climate signal (“core-ensemble”)33 for Germany. Table 1 lists
these projections, which are part of the EURO-CORDEX Ensemble and assigns them an abbreviation that will be
used as a synonym in the remaining part of the paper. As we use purely climatic input parameters we can only
project the in�uence of direct climate change effects, while secondary, most certainly stronger indirect effects,
such as increased groundwater pumping, are not included in this study. However, due to high prediction
accuracy in the past, the selected sites are unlikely to be under the in�uence of strong groundwater
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withdrawals or comparable effects, and are therefore suitable for predicting that part of the future groundwater
level trend that results from direct climatic in�uences, as long as the basic input-output relationships remain
unchanged.

Table 1: Climate projections used in this study and according abbreviations used throughout the text. For more
information on the models please visit https://www.euro-cordex.net/ .

Generally, climate projections show a slight increase in precipitation sums and a signi�cant temperature
increase of several degrees Celsius for Germany by 210034,35, exact values depending on the scenario
considered35. Figure 1 shows the change of total annual precipitation (A1-A3) and annual average temperature
(B1-B3) for each of the climate projections used in this study in 2100, compared to the start of our
investigation in 2014. The change is derived from a linear trend analyses at the 118 sites, that are subject to
further investigations in this study. Boxplots (A2, B2) show only signi�cant (p < 0.05) changes, according
numbers are shown in subplots A3 and B3, further, the order within subplots A1 and B1 does not correspond to
the numbering of the projections but to the strength and direction of the trend. We see that many projections of
total annual precipitation do not show any signi�cant trend and are therefore marked in grey (especially p2, p4
and p5, s.a. Figure 1-A3). However, for almost all sites we observe signi�cant declines of up to -450 mm per
year for p1, but at the same time increases of up to 296 mm per year for p3 and especially p6. Some
projections are therefore diverging until 2100 in terms of precipitation sums, which shows that we cover a large
range of a possible climate signal under the RCP8.5 scenario. Despite many non-signi�cant trends, a spatial
pattern of signi�cant changes with a decreasing tendency in northwestern Germany and less clear increasing
tendency in eastern Germany is visible. Strongest decreases are projected to occur in southernmost Germany;
however, especially in southern but also in eastern areas two opposing trends usually occur at one site, so the
development is not unambiguous. Compared to precipitation sums, the development of the annual average
temperature is more consistent for all projections. Overall, temperature increases between 2.4°C and 5.8°C
occur. On average, p1 shows the strongest increases, followed by p4. Together with the decreasing
precipitation sums, p1 therefore shows the probably most challenging development in terms of water
availability compared to the other projections used in this study. Spatially, we observe lighter temperature
increases in north-western Germany, which most certainly is linked to a buffer effect near the coast.

Results
Individual projection results

For each of the examined 118 test sites, we simulated the future weekly groundwater level development based
on six climate projections (s.a. Table 1). Since these climate projections differ considerably in detail for
individual future time periods, we also obtained six different future groundwater level simulations, which
should only be interpreted on the basis of longer time periods (at least 30 years)36. Figure 2 depicts the trend

https://www.euro-cordex.net/
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as the relative development in percent of the annual mean for each of the six projections (A) as well as the
annual upper extreme (97.5%) quantile (B) and the annual lower extreme (2.5%) quantile (D) for all test sites in
2100, compared to the start of the simulation (2014) and normalized on the individual historic range as
explained in the methods section. For each site, all relative developments are shown ordered by the strength of
the change, the order does therefore not correspond to the numbering of the projections. The given boxplots in
Figure 2C provide more detailed information for the three maps as well as on the development of the 25% and
the 75% quantiles, relative and absolute values of the presented changes are given in Table 2. The values of
the non-signi�cant trends are not shown in the boxplots, which has to be kept in mind for interpretation,
especially for quantiles with many non-signi�cant trends (compare Table 2).

In case of the mean, approximately 54% of all simulations (387 of 708, i.e. six projections for each of the 118
sites) show a signi�cant trend until 2100. At least one of the projected developments is always considered
signi�cant (p<0.05) for each site, which, however, also means that there are several sites with mainly non-
signi�cant trends (grey). The large majority of the signi�cant trends is negative with a median ranging between
-23% in case of p1 and -6.6% in case of p6 (Table 2). In Figure 2C we observe that p1 systematically shows the
strongest declines until 2100, being signi�cant for 117 of the 118 wells. The overall maximum decline is -46%,
clearly indicating the different character of p1 compared to the other projections. Especially projections p3-p5
show more moderate changes of the mean (median ranges from -8% to -13%), with many non-signi�cant
trends (35%-54%). Simulations based on p2 and p6 only �nd signi�cant trends for around 30% of all sites and
additionally are moderate in their signi�cant results. Three projections (p2, p3, but mainly p6, compare Table 2)
even show some positive developments until 2100, however overall, such developments are rare and occur at
sites, where other projections simultaneously show at least non-signi�cant or even negative trends. In absolute
numbers the mentioned median changes are in the order of -0.1 m to -0.4 m, which is highly dependent on the
individual groundwater level range at each site. Despite many non-signi�cant and some positive trends, there is
a clear tendency of declining mean groundwater levels until 2100. Additionally, we can observe a slight spatial
tendency with more and stronger signi�cant negative trends in some areas of northern and eastern Germany,
where we also �nd the strongest overall relative declines. In southern Germany many wells show several non-
signi�cant trends and also most positive changes can be found scattered in this region, however, some of the
southernmost wells show very strong declines for single simulations, comparably to the strong declines in
eastern Germany.  

In case of the upper extreme value quantile (97.5%) this spatial pattern is partly con�rmed. In Figure 2B we
clearly observe many signi�cant declines in eastern Germany, while the large majority (>70%) of the trends in
whole Germany is considered to be non-signi�cant. Increasing trends are found comparably often for the
97.5% quantiles, with increases up to 20%. Comparing the projections with each other (Figure 2C), we �nd a
similar behavior as before: p1 shows the strongest signi�cant decreases (down to -47%), p3, p4 and p5 tend to
move in the moderate negative range (medians around -12%), while p2 and p6 more often show positive trends
(positive medians of the signi�cant trends). We therefore observe partly a contradictory development of the
upper extreme values compared to the mean. The absolute numbers of the mentioned changes again are in the
order of few tens of centimeters upwards and downwards. The strongest simulated absolute increase (max. of
p6) is almost 5 meters, however, in a karstic well in southern Germany, which has a high variability anyway.
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The tendency of declining groundwater levels we observed for the mean, gets clearer for the lower extreme
values (2.5% quantile) shown in Figure 2D. We still observe 36% non-signi�cant trends, however the remaining
65% show almost exclusively negative changes with a maximum decline of -81% (Table 2). The median
change of the 2.5% quantile of all projections ranges between -38% for p1, which again shows the strongest
declines, followed by p4 (-21%), as well as p2, p3, p5 and p6 with a median change around -10% each. The
latter four, and especially of them p6, contain the majority of non-signi�cant trends, the changes shown in the
boxplots therefore tend to be overestimated. There are only few sites where only one result is considered
signi�cant. These occur mainly near the Baltic Sea coast, the central and eastern part of northern Germany,
and the central area of southern Germany. In the latter, however, there are at the same time quite strong relative
decreases, just as we also �nd them in eastern Germany and in the western part of northern Germany. This
pattern is largely consistent with the spatial pattern of the mean mentioned above. Most median decreases
(p2-p6) are in the order of -0.1 to -0.4 m, for p1 the median decrease reaches even -0.7 m for the annual lower
extreme value quantile. All projections except p6 agree that of all signi�cant changes, at least a decrease of
-0.1 m will be observed (max. values for 2.5% quantile in Table 2).

Considering all results, we see a clear tendency toward declining groundwater levels overall, with stronger
declines for lower quantiles, i.e. groundwater level lows will occur more frequently and will be more severe in
the future. At the same time, mostly no or even increasing trends are found for upper extreme values, which
means that the overall variability will increase signi�cantly by the end of the century.

Table 2: Detailed numbers for each projection on relative changes (left), already shown as boxplots (Figure 2C). Right
tables show associated absolute changes in meters.

Figure 3 shows the detailed development at four selected sites (black boxes in Figure 2). For each site we plot
the six projected groundwater level time series for the far future (2070-2100) (A1-D1), as well as the complete
simulations, separately as heatmaps with years as row and weeks as columns (A2-D2). The time series plots
show the diverging development of some projections in the far future, however, there is no strict sequence of
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projections in terms of absolute groundwater height, the order can change throughout the years. Most
heatmaps show the development described above by displaying generally declining groundwater levels (more
and darker red, as well as lighter or constant blue shadings towards 2100 in the lower part of the heatmaps).
What we additionally see now is that the length of low groundwater levels increases (red shadings get wider)
for all sites. The time of higher groundwater levels throughout the year shows two possible developments of
either getting shorter (blue shadings get narrower, e.g. B2-p1 or even change to red, e.g. D2-p4) or staying
constant in length (width of blue shadings does not change, e.g. A2-p2 and A2-p6), with optionally even
increasing peak height (darker blue, e.g. A2-p6). In both plot types we can also recognize sequences of several
more extreme years, such as several dry years around 2090 in B1-p4, which also re�ects in a dark-red stripe in
the corresponding heatmap (B2-p4). Such sequences are especially critical because effects accumulate and
dependent ecosystem are not able to recover but are instead particularly vulnerable to further damage in
subsequent years due to reduced resilience.

Average projection results

We consolidated the separate projection results for each site into one by calculating the mean of the signi�cant
trends shown in Figure 2. Only sites with at least 4 (thus the majority) signi�cant results are included, the rest is
depicted as not signi�cant on average. Results are shown in Figure 4. The development of the mean is
depicted in the upper left map and we �nd, that according to the aforementioned de�nition, 41% of the wells
(49 of 118) are considered signi�cant on average and on median show a change of -13%. We do not �nd any
wells with increasing mean trends and observe a similar spatial pattern as before with strongest decreases in
eastern Germany. For wells in southern Germany we observe noticeably many non-signi�cant changes. All in
all, we simulated signi�cant average decreases between -0.2 m to -2.4 m for about 25 wells, and at least a
decrease of -10 cm for all 49 wells in Figure 4A (max. abs. value of the mean in Figure 4D). In case of the upper
extreme value quantile (97.5%) we can summarize that the consolidated results show mainly no trends,
especially for southern Germany, they will therefore probably remain at their current level. Few sites (5), all of
them in northern Germany, are expected to show increased upper extreme values up to a maximum of 15% or
1.5 m, however, we still observe a spatial pattern of decreasing upper extreme values in eastern Germany up to
-30% or -0.7 m. Hence, in this area the groundwater levels probably will decrease in every part of the annual
cycle and with comparably high certainty (many consistent signi�cant simulations). This applies also to the
lower extreme values (2.5% quantile) that show on average signi�cant decreases for more than half of the
examined sites all over Germany with median decreases of -19% (equivalent to -0.3 m, comp. Figure 4C, D). On
this map, no clear spatial pattern is recognizable any longer.

Annual maximum and minimum timing aspects

Besides the relative and absolute developments of the groundwater height, we also investigated timing aspects
of the groundwater dynamics. For a possible shift of the annual minimum (Figure 5) we found signi�cant
(p<0.05) results for p1 (41 of 118) and also p4 (33 of 118), with median shifts of 3.4 and 3.1 weeks (positive,
i.e. later. A spatial pattern exists, showing signi�cant and stronger shifts with increasing proximity to the coast
in the north and no or even negative (i.e. earlier) shifts in the south. However, please note that most results are
not signi�cant and the shown pattern may only serve as an indication for further interpretation.
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Even fewer signi�cant shift were found in case of the annual maximum timing (not shown). Especially for
snow dominated regions a shift of the peak timing from spring towards the winter is expected in the context of
climate change, however, Germany as a whole cannot be considered snow-dominated. This is in accordance
with our �ndings, because we found mainly non-signi�cant shifts (< 10 per projection). Only in case of p4 we
detected a slightly larger number of signi�cant shifts (29 of 118). Here, the maximum even occurs on median 4
weeks later during the annual cycle, in contrary to the expected shift for snow-dominated regions.

Model input analysis

From the combined analysis of our groundwater level simulations and the model inputs shown in the
introduction, we can conclude, that temperature is mainly the driving factor for declining groundwater levels,
rather than precipitation. This applies because mostly no signi�cant or even increasing precipitation is
projected, our models, however, still frequently show declining groundwater level tendencies, which therefore
most likely are caused by the signi�cantly increased temperature until the end of the century. Therefore, our
results are consistent with other studies, which indicate that the reduction in water availability in the future is
driven primarily by changes in temperature34.

This re�ects also in the model interpretability approach (SHAP values) we used to check the plausibility of our
model outputs. The minimum SHAP value for T is mostly lower than the minimum SHAP value observed for P
(except for eight sites); i.e. the models have learned that high temperatures can cause stronger decreasing
groundwater levels than low precipitation. This is, however, only an interpretation of what was learned, which
agrees with our conception. A causality cannot be derived from this.

Discussion
The results of our simulations show a nation-wide decrease in groundwater levels by the end of the century.
The absolute changes may seem small, but the fact that we investigated almost exclusively shallow aquifers
and sites with very small depths to groundwater, reinforces the importance of the results, predominantly in
terms of water availability for vegetation and agriculture. A decline of several tens of centimeters (depending
on the projection and the area) can be vital for plants during hot and dry periods, if, as a result, the groundwater
is no longer accessible. Furthermore, a related study showed, that for large parts of northern Germany, a decline
of the groundwater levels by 10 cm can be considered critical in terms of altered stream�ow discharge due to
reduced base�ow from groundwater8. This has already been visible during the last two years, when
simultaneously to low groundwater levels also extremely low water levels in surface waters (even until running
dry) have been observed3. Our results show a clearer tendency of declining groundwater levels in the North and
East compared to the South (Figure 4A), which emphasizes the already existing trends and patterns. However,
in the southernmost part of Germany, for some individual projections, we �nd also some of the strongest
declines (Figure 2). It is very important to note that the assessed results are only long-term averages of a future
development. As recent developments showed, the succession of several dry years is much more critical than
the overall trend. In such periods, the projected effects accumulate over consecutive years to extremely low
groundwater levels, and thus more severe consequences are to be expected. Such longer dry periods are most
likely to be averaged out, in a linear trend analysis, as performed in this study, but their existence can be seen in
the examples shown in Figure 3. Future research should pay attention to this aspect more intensively. It is also
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important to recall that we model simply direct climate effects on groundwater levels, thus the change is based
on the development of temperature and precipitation until the end of the century only, and we assume that the
basic input-output relationship or system behavior does not change. However, it can be expected that in many
cases, the system behavior will be in�uenced by future changes in groundwater extractions, changes in
vegetation and land use, as well as surface sealing and other related factors. Groundwater withdrawals in
particular, are expected to increase due to regionally growing population especially in metropolitan areas
(drinking water demand) and increasing demand for industry, energy and especially irrigated agriculture. As a
result, the groundwater level will inevitably drop further if no active measures, such as limitation of
withdrawals, avoidance of irrigated agriculture by changing crop types or even arti�cial recharge by in�ltration,
are applied. Despite all these limitations, the results give a good impression of the magnitude of changes to be
expected purely due to direct climatic in�uences.

Methods
Data

We used weekly groundwater level data from 118 different sites, well distributed all over Germany (Figure 6A).
All wells are located in the uncon�ned, uppermost (thus mostly shallow) aquifers, which are most likely to be
subject to direct climate change effects. Greater depths to groundwater are predominantly found in fractured
and karstic aquifers. For additional details on the sites please refer to our supplementary material.
Groundwater level records of all sites show very different lengths (Figure 6B), from 15 to 67 years, with a
median length of 36 years. Data gaps were closed using information of several related groundwater level time
series with highly correlated dynamics37. Information on interpolated values are included into the dataset (see
section data availability).

Input parameters for our models are purely climatic: precipitation (P) and temperature (T). They are widely
available and easy to measure in the past and present, and also well evaluated in terms of climate projection
output. Precipitation serves as proxy for groundwater recharge, temperature for evapotranspiration.
Additionally, temperature usually shows a distinct annual cycle, which also provides the models with valuable
information on seasonality. Since we speci�cally selected wells with high forecast accuracy in the past (see
Model Calibration and Evaluation), we can assume that groundwater dynamic at these wells is mainly
dominated by climate forcings. As long as no fundamental change of the system relations occurs (e.g. newly
installed groundwater pumping or severe changes in land use nearby), we can expect reasonable results for our
simulations.

Besides the groundwater level data itself, we based our analysis on several datasets. The models were trained
using data from the HYRAS dataset38,39, which is a gridded (5x5 km²) meteorological dataset based on
observed data from meteorological stations ranging from 1951 to 2015. To evaluate the in�uence of climate
change we used RCP8.5 scenario data from six selected climate projections that form the so called core-
ensemble de�ned by DWD33. The core-ensemble is speci�cally selected for Germany and derived from a larger
set of 21 climate projections (‘reference-ensemble’)33 to represent 80% of the bandwidth of the possible future
climate signal. Further, we received the projection data bias adjusted onto the HYRAS dataset and regionalized
on a 5x5 km² grid by ref32.
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Convolutional neural networks (CNNs)

Convolutional Neural Networks (CNNs)40 are commonly used for image recognition and classi�cation tasks
but also work well on sequential data, such as groundwater level time series29. The CNNs used in this study
comprise a 1D-Convolutional layer with �xed kernel size (3) and optimized number of �lters, followed by a
Max-Pooling layer and a Monte-Carlo dropout layer, applying a �xed dropout of 50% to prevent the model from
over�tting. A dense layer with optimized size follows, succeeded by a single output neuron. We used the Adam
optimizer for a maximum of 100 training epochs with an initial learning rate of 0.001 and applied gradient
clipping to prevent exploding gradients. Early stopping algorithm with a patience of 15 epochs was applied as
another regularization technique to prevent the model from over�tting the training data. Several model
hyperparameters (HP) were optimized using Bayesian optimization41: training batch size (16 to 256); input
sequence length (1 to 52 weeks); number of �lters in the 1D-Conv layer (1 to 256); size of the �rst dense layer (1
to 256). All models were implemented using Python 3.842, the deep-learning framework TensorFlow43 and its
Keras44 API. Further, the following libraries were used: Numpy45, Pandas46,47,Scikit-Learn48, BayesOpt41,
Matplotlib49, Unumpy50 and SHAP30.

Model calibration and evaluation

In this study we used weekly groundwater level time series data of varying length (Figure 6B). To �nd the best
model con�guration we split every time series into four parts: training set, validation set, optimization set and
test set. The test set uses always the 4-year period from 2012 to 2016 (Figure 7B, s.a. Figure 8A for an
example), for few sites where the time series ended slightly earlier, we shifted the test set accordingly. The �rst
80% of the remaining time series before 2012 were used for training, the following 20% for early stopping
(validation set) and for testing during HP optimization (optimization set), using 10% of the remaining time
series each (Figure 7B). As acquisition function during HP optimization we chose the sum of Nash-Sutcliffe
e�ciency (NSE) and squared Pearson r (R²) (compare ref15), because in this study we used mainly these two
criteria to judge the accuracy of the �nal optimized model in the test section. For each model we used a
maximum optimization step number of 150 or stopped after 15 steps without improvement once a minimum
of 60 steps was reached. Generally, we scaled the data to [-1,1] and used an ensemble of 10 pseudo-randomly
initialized models to reduce the dependency towards the random number generator seed. For each of the ten
ensemble members, we applied Monte-Carlo dropout during simulation to estimate the model uncertainty from
100 realizations each. We derived the 95% con�dence interval from these 100 realizations by using 1.96 times
the standard deviation of the resulting distribution for each time step. Each uncertainty was propagated while
calculating the overall ensemble median value for �nal evaluation in the test set (2012-2016). We calculated
several metrics to judge the simulation accuracy: Nash-Sutcliffe e�ciency (NSE), squared Pearson r (R²),
absolute and relative root mean squared error (RMSE/rRMSE), as well as absolute and relative Bias
(Bias/rBias). Note that we calculate NSE with a long term mean GWL before the test set. Please see ref29 for
more details on calculation as the same approach was used. We use only wells, at which the models showed a
very high forecast accuracy in the test-set (mostly NSE and R² larger than 0.8, compare Figure 7A). Some
models were included with slightly lower accuracy (at least NSE and R² larger than 0.7) to improve the spatial
coverage resulting in a set of 118 wells from all over Germany. For additional details on the error measures and
hyperparameters for all sites please refer to our supplementary material.
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Model plausibility and interpretability

To perform groundwater level simulations until 2100 we retrained all models using the de�ned
hyperparameters and all data until 2014. Hence, we split the time series only in two parts: 80% for training and
20% for early stopping (Figure 7B). Afterwards, we assessed the model stability and the plausibility of the
output values in the extrapolated regime accordingly to ref26 by evaluating the model output using arti�cially
altered input data based on historical observed climatology with quadruple precipitation and systematically
5°C higher temperature (Figure 8B). As long as the model output does not “blow up” or produce meaningless
outputs26, we hereby improve con�dence in the model output when investigating the RCP8.5 climate change
scenario. Models showing implausible behavior were not considered for this study. We additionally applied an
explainable AI approach to check, whether the models have learned correctly in terms of our hydrogeological
understanding. We calculated SHAP30 values that explain the in�uence (sign and strength) of every input
feature value on the model output (Figure 8C). Generally, our models showed that the relationship between
input and output was captured plausibly. For example, high precipitation inputs (red) produce high SHAP
values and therefore have a strongly positive in�uence on the model output, which corresponds to our basic
understanding of the in�uence of recharge, leading to increasing groundwater levels. Low or no precipitation
(blue) has a comparably very slight negative in�uence on GWL, whereas high temperature inputs (red) have a
strong negative in�uence on the model output. Again, this corresponds with our basic understanding of the
governing processes, where high temperature usually means high evapotranspiration, which causes less
recharge or even direct groundwater evaporation in some cases. This sounds trivial, however, during
preliminary work for this study we found that not all models capture these relations correctly, which also partly
caused erroneous values in the extrapolated regime. Figure 8 exemplarily summarizes the model evaluation (A)
and plausibility checks (B, C) for one well. Check the supplement for the respective �gures of all other sites.

Evaluation of the groundwater results

For our simulation results until 2100, we examined the relative development of the mean and the following
quantiles over time: 2.5% (lower extreme quantile), 25% (lower quartile), 75% (upper quartile), and 97.5% (upper
extreme quantile). All were site-speci�cally calculated on a yearly basis for each individual projection, followed
by a linear trend analysis. In doing so, we are able to capture both the range and the individual development of
all considered future climate projections. To make comparisons between different sites possible, results are
normalized on the individual range of each historic groundwater level time series between the years 2000 and
2014 (start of simulation). Even though all climate projections are bias-adjusted on the HYRAS training
dataset, they still do not depict the real climate development for individual years (also historically), which can
cause a bias between the end of historic data records and the start of our simulations. We therefore
investigated the trend of the aforementioned quantities between the start of the simulation and the end in 2100
and did not directly consider the end of the historic records. We examined each quantity development using
Mann-Kendall linear trend test51 and derived the relative development in percent from a linear �t using Theil-
Sen slope. We considered a trend signi�cant for p < 0.05.
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Figure 1

Absolute changes of total annual precipitation sums (A) and annual average temperature (B) projected by
climate models for the relevant sites used in this study. Single squares depict results of a single projection,
ordered by the strength and sign of the change. A2 and B2 summarize all signi�cant (p < 0.05) results from A1
and B1, Tables (A3 and B3) give detailed numbers on the boxplots.
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Figure 2

Change of groundwater level [%] in 2100 relative to 2014 (start of sim.) for each site and each climate
projection, based on a linear trend analysis: A) mean, B) 97.5% quantile, D) 2.5% quantile; the order
corresponds to the strength and sign of the change. C) Boxplots showing the signi�cant changes for A, B, D as
well as the 25% and 75% quantiles. Black boxes mark four sites (A-D) shown in detail in Figure 3.
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Figure 3

Detailed results on four sites (marked by black boxes in Figure 2): Time series plots of the far future (2070-
2100) simulation results (A1-D1); Heatmap plots (A2-D2) of the whole simulation for each of the projections
with columns as weeks during the year and rows as the year (up: 2104 – down: 2100).
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Figure 4

Means of the signi�cant trends of the mean (A), the 97.5% (B) and the 2.5% (E) quantiles shown also in Figure
2. Subplot C shows the associated boxplots (also for 25% and 75% quantiles) and the corresponding absolute
changes (lower boxplots). Tables in D show detailed numbers describing the boxplots.
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Figure 5

Shift of the annual minimum in weeks until 2100 compared to the start of the simulation (2014). Negative
means earlier, positive later during the annual cycle.
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Figure 6

Position, type of aquifer and depth to groundwater for each study site, B: time series length of all study sites
North-South ordered.

Figure 7

A) Model performance of all models for the test-set (2012-2016), B) time series splitting scheme for
optimization (upper) and retraining (lower).
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Figure 8

A) Optimized model evaluation in the past for the test set (2012-2016), B) Model output under an arti�cial
extreme climate scenario in the past, C) SHAP Summary plot
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