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Abstract. Deep Learning (DL) models, particularly Long Short-Term Memory (LSTM) networks, have shown similar or even 

superior performance to process-based models in estimating streamflow particularly at ungauged locations. However, their 

ability to extrapolate groundwater levels across time and space is less understood, as the number of studies addressing this 10 

issue is so far relatively limited. Here, we exploit the unique availability of a large-sample dataset of groundwater level 

observations across England to contribute to filling this gap. We configured two LSTM model variants: one using static 

environmental attributes (LSTM_ENV) and one using random integers as unique identifiers of places (LSTM_RND). Both 

models were trained using data from 636 stations over the period 1971-2014 and tested over 2015-2019 at both the training 

stations (in-sample test) and at 341 unseen stations (out-of-sample). Our results indicate that the two configurations achieved 15 

comparable performance in in-sample test, but their performances significantly diverge at unseen stations. To put the LSTM 

models’ performance into context, we also compared them to the performance of a process-based surface-groundwater model 

at 124 unseen stations. We found that both models effectively capture temporal fluctuations but struggle to accurately 

reproduce the mean and variability of the water table depth. This systematic bias frequently resulted in negative NSE values 

despite high temporal correlation, suggesting that evaluating LSTM performance using NSE solely can be misleading. We also 20 

found that the LSTM_ENV model performs better at stations characterised by higher specific yield and transmissivity, and 

that it mostly uses meteorological input features (e.g. precipitation) and topographic features (e.g. elevation and height above 

nearest drainage) to make predictions at unseen stations. These findings highlight the potential of LSTMs for regional 

groundwater level predictions and the value of interpretability tools for understanding how such models achieve their 

performance and whether the environmental features used are informative. 25 

Short Summary. It is unclear whether deep learning models can predict groundwater level at places without measurements 

using attributes of the places. Our deep learning model captured temporal variation well, especially in more responsive aquifers, 

similarly to a process-based model. Interpretation tools showed that meteorological and environmental information at places 

helped predictions at unseen wells. We highlight the potential of deep learning models for regional groundwater level 

predictions. 30 

1 Introduction 

Groundwater accounts for 99% of the world’s liquid freshwater resource, serving as the primary source for nearly half of 

irrigated agricultural water use and the drinking water supply for billions of people (Siebert et al., 2010; Margat and van der 

Gun, 2013). Satellite data indicate that groundwater depletion has been occurring in several regions globally (Rodell et al., 

2018; Rodell et al., 2009; Liu et al., 2022) and observation-based analyses show that groundwater levels declined rapidly, 35 

exceeding 0.5 m year-1, in many parts of the world during the first two decades of the 21st century (Jasechko et al., 2024). 

Climate change may further intensify groundwater stress by increasing the frequency and severity of hydroclimatic extremes, 

while also increasing the human water demand in many regions (Green et al., 2011). These pressures highlight the critical 

https://doi.org/10.5194/egusphere-2026-3267
Preprint. Discussion started: 19 June 2026
c© Author(s) 2026. CC BY 4.0 License.



2 
 

importance of effective groundwater management across scales, for which reliable groundwater level or depth prediction 

models serve as indispensable tools (Condon et al., 2021). 40 

Historically, the simulation of groundwater dynamics generally falls into two categories. The first focuses on temporal 

reconstruction at gauged locations, where models aim to simulate fluctuations during periods not covered by monitoring 

records. This is typically addressed by developing single-station models (build one model for an individual station), such as 

conceptual (Rushton, 2004; Mackay et al., 2014) or empirical models (Rajaee et al., 2019; Tao et al., 2022; Wunsch et al., 

2022). While these models can effectively capture local temporal variability, they cannot be generalised to ungauged areas. 45 

The second aims to simulate groundwater level fluctuations at locations where measurements are not available, traditionally 

the domain of distributed physically-based models (de Graaf et al., 2015; de Graaf et al., 2017; Yang et al., 2023; Bianchi et 

al., 2024). Nevertheless, developing large-scale physically-based models is still challenging: 1) hydrogeological data required 

for parameterisation and evaluation rarely cover the entire domain (Gleeson et al., 2021); 2) the computational cost of large-

scale groundwater models can be prohibitively high (Reinecke et al., 2019). 50 

In response to these limitations, multi-station Deep Learning (DL) models have emerged as a promising alternative. The 

underlying premise is that a multi-station DL model can learn transferable relationships from observations collected across 

multiple locations, thereby enabling generalisation across both temporal and spatial domains. Such a model was first introduced 

to hydrology by the work of Kratzert et al. (2018, 2019a, 2019b) for streamflow predictions. They trained multi-basin Long 

Short-Term Memory (LSTM) neural networks using dynamic meteorological forcings together with static catchment attributes 55 

from 531 catchments across the US. They found that the multi-basin LSTM models outperformed individually calibrated 

hydrological models in predicting streamflow at both gauged and ungauged basins (Kratzert et al., 2018, 2019a, 2019b).  

Motivated by these advances in streamflow modelling, several studies have explored the application of multi-station LSTM 

models for groundwater level modelling, although such studies remain a minority. To the best of the authors’ knowledge, only 

three studies have investigated multi-station LSTM modelling for groundwater applications, covering 76 stations in Northern 60 

France (Chidepudi et al., 2025), 108 stations in Germany (Heudorfer et al., 2024), and 1,800 stations across nine 

countries/regions (Nolte et al., 2025). Chidepudi et al. (2025) reported that LSTM models performed better at stations primarily 

influenced by annual cycles than at stations influenced by multi-annual cycles. Heudorfer et al. (2024) evaluated the 

performance of LSTM models using different static input configurations, including: 1) environmental attributes, such as land 

cover, mean annual average temperature, soil and aquifer types, distance to stream, etc., 2) random integers used as static 65 

features; and 3) without static inputs (using dynamic meteorological forcings only, i.e., precipitation, temperature and relative 

humidity). They found that using static features on top of dynamic ones improved performance, but also that the LSTM model 

using random integers performed similarly to the LSTM model fed with physically meaningful environmental features. Similar 

results were found by Chidepudi et al. (2025) and Nolte et al. (2025). 

Notably, Heudorfer et al. (2024) also investigated spatial generalisation, i.e. the model’s ability to make predictions at stations 70 

unseen during training. Again, they found that LSTM models using random integer features performed comparably to those 

employing meaningful environmental attributes. Furthermore, the models using only dynamic meteorological forcings even 

outperformed all other configurations at unseen stations. These findings imply that the LSTM model utilises static features 

primarily as ‘unique identifiers’ to memorise local station behaviours during training rather than deriving the generalisable 

hydrological insights required for spatial extrapolation. Similar experiments were conducted for streamflow prediction by 75 

Heudorfer et al. (2025), who again found that the predictive skill of LSTM models was dominated by meteorological signatures 

rather than by an effective use of physical catchment characteristics. Overall, these findings suggest that the spatiotemporal 

generalisation ability of multi-station DL models remains insufficiently understood. In particular, it remains unclear to what 

extent such models extract hydrologically meaningful information from environmental attributes that supports spatial 

transferability (Heudorfer et al. 2024, 2025; Baste et al., 2025).  80 

https://doi.org/10.5194/egusphere-2026-3267
Preprint. Discussion started: 19 June 2026
c© Author(s) 2026. CC BY 4.0 License.



3 
 

Beyond their predictive capabilities, recent advances in post-hoc explainable AI (XAI) techniques have enabled improved 

interpretation of deep learning “black-box” models (Jiang et al., 2024; Slater et al., 2025). In hydrology, XAI techniques 

provide opportunities to better understand how deep learning models relate hydrometeorological and environmental inputs to 

simulated system responses (Jiang et al., 2024). Broadly, these techniques can address two questions. First, they can be used 

to examine how changes in feature values affect the direction and magnitude of model predictions (Molnar et al., 2022). This 85 

question can be addressed using methods such as Individual Conditional Expectation (ICE, Goldstein et al., 2015), local 

interpretable model-agnostic explanations (LIME, Ribeiro et al., 2016), and SHapley Additive exPlanations (SHAP, Lundberg 

and Lee, 2017).  For example, Jung et al. (2024) used aggregated ICE analyses to identify an exponential increase in 

groundwater recharge rates with increasing long-term precipitation. Second, XAI techniques can be used to examine how 

features contribute to model performance (Molnar et al., 2022). This question can be addressed using methods such as 90 

Permutation Feature Importance analysis (PFI, Breiman, 2001; Fisher et al., 2019). By comparing features importance rankings, 

we can assess whether specific features used are informative. For example, in groundwater modelling, a low importance 

ranking for a hydrogeological attribute such as transmissivity may indicate that the available transmissivity data provide limited 

additional predictive information to the model. However, this does not necessarily imply that transmissivity is physically 

unimportant for groundwater dynamics (Freeze and Cherry, 1979; Rahman et al., 2023). Instead, it may suggest that the 95 

available representation of transmissivity is too coarse or uncertain. This can motivate further investigation into whether finer-

resolution datasets, alternative spatial aggregation schemes, or different feature representations improve model performance 

(Tarasova et al., 2024). 

In England, groundwater provides roughly a third of public water supplies, and over 75% in the densely populated and water-

stressed Thames and Southern regions (BGS, 2024). A newly released large-sample groundwater dataset by the Environment 100 

Agency of England, comprising more than 200,000 daily and 200 million sub-daily sampling observations for over 3,400 

wells, offers a unique opportunity to evaluate the generalisation ability of multi-station LSTM models in time and space. In 

this study, we want to investigate the following questions: 

1. How well can a multi-station LSTM model simulate the groundwater variability across England? 

2. Does the LSTM model perform better in certain locations, and if so, why? 105 

3. Does the LSTM model actually learn from environmental features to extrapolate to unseen locations, and if so, which 

feature does the model use to make the prediction? 

To address these questions, we first trained an LSTM model using dynamic meteorological forcings together with static 

environmental attributes. We also repeated the experiment designed by Heudorfer et al. (2024) of replacing the environmental 

features with the same number of random integers, to test whether LSTM models actually extract useful insights from the 110 

environmental features. Besides Nash-Sutcliffe Efficiency (NSE) and Kling-Gupta efficiency (KGE), which are the 

performance metrics used in other studies (Heudorfer et al., 2024; Chidepudi et al., 2025; Nolte et al., 2025), we also examined 

the KGE individual components, i.e. correlation, mean ratio and standard deviation ratio, to get a more in-depth understanding 

of the LSTM performance. We used the national-scale mechanistic DECIPHeR-GW model (Dynamic fluxEs and ConnectIvity 

for Predictions of HydRology and GroundWater, Zheng et al., 2025) for benchmarking the LSTM model. To our knowledge, 115 

this is the first comparison between DL and mechanistic models for groundwater modelling and will enable us to put the LSTM 

model performance into the context of what other modelling approaches can achieve. Lastly, we built a Classification Tree to 

see where the model performs well and used the Permutation Feature Importance analysis to investigate which input features 

influenced most to the LSTM performances. 
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2 Data 120 

2.1 Groundwater depth timeseries 

Groundwater depth observations from 2902 wells across England were obtained from Fang et al. (2025). This dataset is a 

polished version of the groundwater levels dataset released by the Environment Agency (EA) of England and Wales around 

2023 (Environment Agency, 2023). In a previous study (Fang et al., 2026), we found that about half of the 2902 wells in this 

dataset experienced either a long-term trend or a sudden change. In this study, we focus on the 1641 stations showing neither 125 

a trend nor a sudden change, to investigate whether a DL model can learn the seasonal and inter-annual groundwater variation 

patterns rather than long-term trends or sudden changes. We also filtered out those wells that are potentially located in confined 

aquifers because the groundwater dynamic mechanisms in confined and unconfined aquifers can differ substantially. In the 

polished dataset (Fang et al., 2025), each station is linked to one of the 11 principal aquifers in England based on borehole 

depth, the lowest recorded groundwater level in the timeseries, and the elevation of the aquifer base (Further details of the 130 

aquifers assignment procedure are provided in Supplementary Material S3 of Fang et al. 2026). For example, in the east of 

England, the Crag aquifer overlies the Chalk aquifer. In this setting, the Crag aquifer can be assumed to be unconfined, whereas 

the underlying Chalk aquifer is likely to be confined. Therefore, wells in this area assigned to the Chalk aquifer were excluded 

from the present analysis. While this approach is a first step towards excluding wells in confined aquifers, we cannot fully 

guarantee that all the remaining wells are in unconfined aquifers, as apart from the 11 principal aquifers we analysed, there are 135 

many minor aquifers with no digital distribution information currently available (Jones et al., 2000). After this further selection, 

the number of wells is reduced to 1384. 

We then examined the records distribution across time and stations. The groundwater dataset is highly imbalanced: about 75% 

of observations were collected after 2000, and about 75% of observations came from 20% of the wells (Fig. S1). We defined 

the period from 1 January 1971 to 31 December 2014 as the training period (~80% of total observations) and the period from 140 

1 January 2015 to 31 December 2019 as the testing period. We then used the following criteria to further select stations based 

on data availability for training and testing: 

1. Data quality: We excluded stations with negative mean water table depth. In fact, although groundwater table can be 

higher than the land surface in some cases, a large number of negative water table records are suspect. We also 

excluded stations with very low variability (Standard deviation of water table depth ≤ 0.1 m) as they exhibit no 145 

significant dynamics. 

2. Data availability: We excluded stations that do not meet one (or more) of the three criteria: a) maximum gap between 

consecutive observations < 3 years. b) the mean annual data coverage ≥ 7 months and the intra-annual distribution 

averaged ≥ 3.6 seasons per year. c) the training period spans > 10 years.  

We found 636 stations where data meet all the above criteria in both training period (1971-2014, for a total of 1,072,081 150 

observations) and testing period (2015-2019, for a total of 310,241 observations). These stations will be used for training the 

LSTM model and for in-sample (IS) testing, i.e. testing the model’s ability to extrapolate temporal patterns at the same 

locations that were used for the model training. To make the most use of the data, we will also use the 341 stations where the 

data only met the criteria in the testing period for spatially out-of-sample (OOS) testing, i.e. testing the model at locations 

unseen during training (total of 152,963 observations). A schematic of selecting groundwater stations and creating train/test 155 

datasets is shown in Fig. S3.  

A recent study has indicated that LSTM performance in groundwater modelling is sensitive to the dominant fluctuation period 

of the timeseries (Chidepudi et al., 2025). We therefore applied wavelet transform analysis, following Baulon et al. (2022), to 

identify the dominant fluctuation cycle at each well for subsequent analyses. Specifically, each timeseries was classified 

according to whether its dominant fluctuation cycle is annual, multi-annual, or decadal.  160 
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Before conducting the wave analysis, the groundwater-level timeseries were resampled to a monthly basis, then the missing 

values were filled using linear interpolation. Because the resulting classification was used only for interpretation and was not 

used as an input to model training, the wavelet analysis was conducted over the full observation period from 1 January 1971 

to 31 December 2019, without separating the data into training and testing periods. Using wavelet decomposition, each original 

timeseries was separated into a set of detail components and a final approximation component. The relative contributions of 165 

these components were then used to determine whether groundwater level dynamics at each well were primarily influenced 

by annual, multi-annual, or decadal oscillations, as illustrated in Fig. S2. 

2.2 Meteorological time series  

Groundwater recharge is a primary control on water table depth, and its magnitude and timing are strongly influenced by 

meteorological forcings. We therefore obtained a range of meteorological variables (namely: precipitation, air temperature, 170 

daily temperature range, specific humidity, wind speed, air pressure, downward longwave and shortwave radiation, and 

potential evapotranspiration) from the CHESS-met (Robinson et al., 2023a) and the CHESS-PE (Robinson et al., 2023b) 

datasets. Both datasets provide daily gridded data at 1km spatial resolution for the period from 1 January 1961 to 31 December 

2019. A summary of meteorological variables is provided in Table A1.  

2.3 Environmental attributes  175 

2.3.1 Topography 

Topography affects groundwater distribution and flow by shaping hydraulic gradients and drainage conditions. In low-

permeability regions, the water table is often shallower and closely aligns with the local topography. Conversely, in regions 

with higher permeability, the water table is deeper and follows the regional topography (Gnann et al., 2025). To represent the 

effects of topography on water table depth variability, we used three attributes: elevation, slope, and height above nearest 180 

drainage (HAND). The surface elevation of each well was extracted from the 10m LIDAR Composite Digital Terrain Model 

(DTM) produced by the Environment Agency in 2022. Slope was then calculated from this dataset using QGIS. HAND is 

strongly associated with static water table depth, especially in steep terrain (Nobre et al., 2011; Janssen et al., 2025). We 

therefore extracted HAND values from the global HAND dataset at 3 arc-seconds resolution (Yamazaki et al., 2019).  

2.3.2 Soil data 185 

Soil properties influence the partitioning of precipitation into infiltration, runoff, and evapotranspiration, and therefore affect 

the magnitude and timing of recharge reaching the water table. We obtained clay, silt, and sand fractions, together with bulk 

density, for both topsoil (0 - 30 cm) and subsoil (30 - 70 cm), from the European Soil Database Derived data. In total, eight 

soil attributes were used in our study. 

2.3.3 Hydrogeology 190 

Hydrogeological properties control groundwater storage and flow through their influence on aquifer permeability, storage 

capacity, and subsurface connectivity. Geological structures, such as faults and fractures, can also affect groundwater flow 

pathways and hydraulic gradients. We used three hydrogeological attributes: transmissivity, specific yield, and distance from 

each well to the nearest fault. Spatial estimates of transmissivity and specific yield across England and Wales were taken from 

Rahman et al. (2023), who derived these attributes from the 1:625k geological dataset provided by the British Geological 195 

Survey (BGS). The distance from each well to the nearest fault was calculated from the same BGS 1:625k geological dataset 

using QGIS.  
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2.3.4 Water management 

Water management can influence both rising and declining groundwater levels through abstraction, irrigation, and other 

anthropogenic modifications to the groundwater system (Fang et al., 2026; MacAllister et al., 2022). We used three water 200 

management related attributes: population density, irrigation density, and mean groundwater abstraction. Population density 

and irrigation density were taken from Fang et al. (2026). Mean groundwater abstraction for the period 1999-2014 was taken 

from Rameshwaran et al. (2025), who provided gridded monthly estimates of actual groundwater abstractions for England 

from January 1999 to December 2014, based on data from the Environment Agency (EA) of England and Wales. Due to the 

temporal coverage and resolution of the abstraction dataset, we did not use groundwater abstraction as a dynamic input to the 205 

LSTM network. Instead, we used mean groundwater abstraction at a 1km spatial resolution as a static attribute for each well. 

A summary of all environmental attributes is provided in Table A2.  

3 Methods 

3.1 LSTM structures 

A Long Short-Term Memory (LSTM) network is a type of recurrent neural network designed for modelling sequential data 210 

(Hochreiter and Schmidhuber, 1997). Its core advantage lies in its ability to learn both short-term and long-term temporal 

dependencies through a memory cell and a set of gating functions that regulate information flow. A detailed description of the 

LSTM architecture is not repeated here; instead, the reader is referred to Hochreiter and Schmidhuber (1997) and Kratzert et 

al. (2019a, 2019b). In this study, the LSTM network was trained with observations from 636 stations (so-called multi-station 

LSTM) and to make the predictions at a daily resolution.  215 

Inputs for multi-station LSTM include dynamic variables (i.e. varying over time) and static variables (i.e. constant over time). 

The dynamic variables consisted of the nine meteorological forcings (precipitation, air temperature, daily temperature range, 

specific humidity, wind speed, air pressure, downward longwave and shortwave radiation, and potential evapotranspiration) 

described in Sect. 2.2. Based on the presence of multi-annual variability in the groundwater records (Fig. S3b, c), we decided 

that the temporal window of these dynamic input variables should span back 10 years before the target day. This duration was 220 

chosen to balance the need for long-term memory with the practical constraints of data availability. However, as the training 

dataset comprises over one million target (groundwater level) observations, the computational cost would be extremely large 

if the 10-year-long record of each dynamic input variable were given at daily resolution (i.e. 3,650 time steps). We therefore 

aggregated the dynamic inputs into a combination of monthly and multi-month time steps. For the year immediately preceding 

the target day, meteorological variables were aggregated over 30-day intervals. For the preceding nine years, variables were 225 

aggregated over 270-day intervals. This results in 24 input time steps in total, comprising 12 time steps at each temporal 

resolution (Fig. 1c) 

Static variables were time-invariant and had the same value for all target observations at a given station. We first trained an 

LSTM model using 17 environmental features described in Sect. 2.3 as static inputs (LSTM_ENV). We then trained a second 

LSTM model in which these 17 environmental features were replaced by the same number of random integers in the range [0, 230 

9] (LSTM_RND). This experiment follows the rationale of Heudorfer et al. (2024) and was designed to test whether the LSTM 

model uses static inputs primarily as unique identifiers of place or whether it extracts meaningful and transferable information 

from environmental attributes. Apart from the different static input settings, both models shared the same architecture. The 

network consisted of one LSTM layer with 256 hidden states and a fully connected output layer. A dropout rate of 0.4 was 

applied to reduce the overfitting during training (Srivastava et al., 2014). The main hyperparameters, including learning rate, 235 

hidden state size, dropout rate, and number of LSTM layers, were tuned through grid search using 4-fold cross-validation. This 

tuning procedure followed the methodology described by Kratzert et al. (2019a) for multi-basin streamflow modelling.  
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Fig. 1. Schematic of LSTM architecture and inputs. (a) LSTM model fed with 9 dynamic inputs and 17 static inputs. (b) Dynamic inputs 
are timeseries of meteorological variables (blue, underlined font). They are aggregated into a mix of monthly resolution (i.e. summed on a 240 
30-day basis) and multi-month resolution (i.e. summed on a 270-day basis). (c) Static inputs (italic font) are classified into four categories: 
topography (yellow), soil (red), hydrogeology (green), and water management (purple). 

3.2 Model training and testing 

As illustrated in Sect. 2.1, the LSTM models are trained on 636 stations over the period 1971-2014 and tested on the same 

stations over the period 2015-2019 (in-sample testing, IS) and on 341 additional “unseen” stations over the period 2015-2019 245 

(out-of-sample testing, OOS). The IS test tells us about the model’s ability at temporal generalisation, the OOS test about both 

spatial and temporal generalisation ability. 

For model training, we used station-averaged Nash–Sutcliffe Efficiency (NSE*, Nash and Sutcliffe, 1970) as the loss function, 

following Kratzert et al. (2019a). The definition of NSE* is the average of the NSE calculated at each station: 

𝑁𝑆𝐸∗ =
ଵ

ெ
∑ ቂ

∑ (௬೙ି௬೙ෞ )మಿ
೙సభ

∑ (௦(௠)ାఢ)మಿ
೙సభ

 ቃெ
௠ୀଵ ,          (1) 250 

where 𝑀  is the total number of groundwater stations (𝑚 = 1, 2, … 𝑀) ; 𝑁  is the number of observations in the station 

𝑚 (𝑛 = 1, 2, … 𝑁); 𝑦௡ is the observed value, 𝑦௡ෞ is the predicted value,  𝑠(𝑚) is the standard deviation of observations at the 

station 𝑚. 𝜖 is a small constant added to the denominator to prevent numerical instability when 𝑠(𝑚) approaches zero, set as 

0.1 following Kratzert et al. (2019a). Adopting NSE* ensures that each individual station contributes equally to the model 

optimisation, even when the number of observations across stations is highly unbalanced. 255 

Given the inherent stochasticity in the network initialisation and optimisation during training, model outputs are subject to 

uncertainty. Kratzert et al. (2019a) showed that part of this uncertainty can be reduced through ensemble modelling, in which 

multiple LSTM networks are trained independently using different random initialisations (seeds) and the final predictions are 

then obtained by averaging the outputs of the individually trained models. The ensemble mean provides a more robust estimate 

of model performance than a single ensemble member by mitigating the influence of local minima during the optimisation 260 

process. In this study, we trained 10 LSTM models with different seeds for both configurations (LSTM_ENV and 

LSTM_RND). In the result section, we only show the predictions and performance from averaging the predictions of those 10 

models, called “10-ensemble mean”. For completeness, we also provide a performance comparison between the 10-ensemble 

mean and one of the ensemble members in the supplementary materials (see Fig. S4). 
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For model evaluation, we used six performance metrics: NSE, Kling-Gupta efficiency (KGE, Gupta et al., 2009), the three 265 

components of KGE, namely Pearson correlation, mean ratio, and standard deviation ratio; and Spearman rank correlation (for 

comparison with Pearson’s). NSE was included to facilitate comparison with previous groundwater LSTM studies that have 

reported this metric. The remaining metrics were used to provide a more nuanced and detailed picture of the model 

performance. The definitions of all performance metrics are provided in Table A3. 

3.3 Mechanistic benchmark model  270 

DECIPHeR-GW (Dynamic fluxEs and ConnectIvity for Predictions of HydRology and GroundWater, Zheng et al., 2025) is a 

surface-groundwater hydrological model that couples the hydrological response units (HRU)-based surface hydrology model 

DECIPHeR (Coxon et al., 2019) and the two-dimensional gridded groundwater model by Rahman et al. (2023). DECIPHeR-

GW was implemented and evaluated across England and Wales by Zheng et al. (2025). The model was calibrated using 

streamflow observations from 669 CAMELS-GB catchments (Coxon et al., 2020) for the period 1980-2010 and evaluated 275 

using groundwater level observations from 1804 unseen stations for the period 2010-2020. The groundwater observations used 

by Zheng et al. (2025) were sourced from the same Environment Agency datasets used in this study (Environment Agency, 

2023).  

For benchmarking, we identified 124 common stations between 1804 stations used in Zheng et al. (2025) and 341 out-of-

sample stations used in this study. We then calculated the same performance metrics for both models over the testing period 280 

from 2015 to 2019. DECIPHeR-GW was calibrated in two ways: a) catchment-by-catchment; and b) nationally consistent. For 

a fairer comparison, we used the simulations from a nationally consistent calibration, as our LSTM model was also trained 

within a ‘nationally consistent’ way. 

3.4 Analysis using explainable AI  

In this study, we applied two complementary explainable AI (XAI) techniques: 1) Classification and Regression Trees (CART, 285 

Breiman et al., 1984), to investigate where and under which conditions LSTM_ENV perform well or poorly, and 2) 

Permutation Feature Importance (PFI, Breiman, 2001; Fisher et al., 2019), to quantify the relative contribution of each input 

feature to model performance.  

3.4.1 CART analysis 

CART is categorised as an ‘interpretable model’ or a ‘white-box’ method because its decision rules can be directly inspected 290 

(Breiman et al., 1984). Here, we used CART to identify hierarchical relationships between station attributes and LSTM_ENV 

model performance categories. The CART used 28 candidate predictors, including the 17 environmental attributes described 

in 2.3, the long-term means of 9 meteorological variables described in Sect. 2.2 for the period 1961–2019, the dominant 

fluctuation class derived from wavelet analysis (Fig. S3), and the number of observations available at each station. The output 

variable was the performance category of the LSTM_ENV (10-ensemble mean) model.  295 

To better distinguish the patterns, we focused on stations exhibiting distinct performance extremes: Pearson r ≤ 0.25 (poorly 

predicted) and Pearson r > 0.75 (well predicted) for further analysis. However, poor model performance at some stations may 

reflect inconsistent local groundwater behaviour rather than a limitation of the LSTM model itself (See Fig. S4). We therefore 

excluded poorly predicted stations that showed weak correspondence with nearby well predicted stations in the same aquifer. 

This filtering step was intended to focus the CART analysis on contrasts between well predicted stations and poorly predicted 300 

stations that were, in principle, expected to be predictable from environmental attributes. 

To identify stations with inconsistent local behaviour, we conducted a correlation analysis between water table depth timeseries 

from neighbouring stations. First, all timeseries were resampled to monthly resolutions, and missing values were filled using 

linear interpolation. Second, for each poorly predicted station (Pearson r ≤ 0.25), we identified well-predicted stations (Pearson 
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r > 0.75) located in the same aquifer. Third, we calculated the correlation between the timeseries of poorly predicted stations 305 

and those of nearby well predicted stations within a 20km radius. To avoid confusion with the Pearson correlation used as a 

model performance metric, we denote this inter-station timeseries correlation as Corr. The 20 km radius threshold was selected 

empirically based on manual inspection of neighbouring station behaviour. If the maximum Corr between a poorly predicted 

station and all nearby well predicted stations was less than 0.6, the station was labelled as exhibiting ‘inconsistent local 

behaviour’ and excluded from the CART analysis. The Corr < 0.6 threshold was also selected empirically based on manual 310 

inspection. In total 15 poorly predicted stations were excluded on this basis. 

3.4.2 Permutation Feature Importance (PFI) analysis 

To quantify the relative contribution of each input feature (described in Sect. 2.2 and 2.3) to LSTM performance, we applied 

a Permutation Feature Importance analysis (PFI, Breiman, 2001; Fisher et al., 2019). PFI estimates feature importance by 

measuring the degradation in the model performance after the association between a given input feature and the target variable 315 

is deliberately disrupted, without retraining the model.  

In the PFI analysis, each feature was permuted across all samples and time steps. For static attributes, this permutation disrupted 

the spatial association between station attributes and groundwater depth. For dynamic meteorological variables, permutation 

disrupted both temporal and spatial structure in the forcing data. For each permuted feature, predictions were generated using 

the 10 trained LSTM ensemble members, and the resulting ensemble-mean prediction was used to calculate performance. The 320 

random permutation procedure was repeated 10 times for each feature.  

Feature importance was quantified using an importance ratio, defined as the ratio between the loss obtained after permuting 

the feature 𝑗 and the loss obtained using the original unpermuted input data:  

𝐼𝑅௝ =
௘೛೐ೝ೘ೠ೟೐೏, ೕ

௘೚ೝ೔೒೔೙ೌ೗
,            (2) 

An 𝐼𝑅௝ value close to 1 indicates that permuting the feature 𝑗 has a negligible effect on model performance, whereas larger 325 

values indicate greater performance degradation and therefore higher feature importance. The error function 𝑒 was defined as 

the median absolute deviation from the optimal metric value across all stations:  

𝑒 = 𝑚𝑒𝑑𝑖𝑎𝑛(|1 − 𝑀𝑒𝑡𝑟𝑖𝑐|),           (3) 

Here, 𝑀𝑒𝑡𝑟𝑖𝑐 refers to the six performance metrics described in Sect. 3.3 (i.e. NSE, KGE, Pearson r, Spearman r, Standard 

deviation ratio α, and mean ratio β).  330 

Because multicollinearity among input features can bias PFI rankings and obscure the interpretation of individual feature 

importance (Jiang et al., 2024), we also implemented a grouped PFI analysis. In this analysis, features were permuted 

simultaneously within predefined categories in Sect. 2.2 and 2.3, allowing the importance of related groups of predictors to be 

assessed jointly.   

4 Results 335 

4.1 Performance of LSTM models at in-sample and out-of-sample stations 

First, we evaluated the ability of the LSTM models to predict groundwater depth dynamics at in-sample stations, i.e. the same 

stations where the model was trained. We find that the performances are similar when we use environmental features 

(LSTM_ENV, red dashed lines in Fig. 2) or random integers (LSTM_RND, purple dashed lines in Fig. 2) as static inputs to 

the LSTM model. For both configurations, about 60% of the total 636 in-sample stations achieved NSE > 0.5 on a validation 340 

period unseen during training, and about 80% of stations achieved KGE > 0.5. About 80% of stations achieved Pearson r and 

Spearman r > 0.75, and the mean ratio are close to 1 at most stations, implying that the temporal variation and mean of the 

water table depth timeseries are predicted well (See Fig. S7 for some examples of observed and predicted water table depth). 
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However, about 80% of stations had a Standard Deviation ratio < 1, indicating the amplitude of water table depth fluctuations 

was generally underestimated. Similar to Chidepudi et al. (2025), we also found that all LSTM models perform better at stations 345 

primarily influenced by annual cycles (Fig. S6a). 

We then examined model performance at spatially out-of-sample stations, i.e. stations not seen during training. Across the 341 

out-of-sample stations (solid lines in Fig. 2), both configurations exhibited substantial performance degradation across all 

metrics compared to the spatially in-sample evaluation (dashed lines). Notably, NSE values were predominantly negative for 

the out-of-sample test. Nevertheless, the LSTM model fed with environmental features as static inputs (LSTM_ENV, red solid 350 

lines) demonstrated superior performance. achieving positive KGE values at about 45% of the total 341 out-of-sample stations 

compared to about 30% for the LSTM fed with random integers (LSTM_RND, purple line).  

Decomposition of the KGE metric indicates that this performance gap was primarily associated with correlation. About 40% 

of out-of-sample stations achieved correlation coefficients (both Pearson r and Spearman r) greater than 0.75 with 

LSTM_ENV, compared with about 20% for LSTM_RND. LSTM_ENV also performed better than LSTM_RND in 355 

reproducing the mean and fluctuation amplitude of the water table depth timeseries, although the differences were smaller. For 

LSTM_ENV, about 50% and 40% of stations fell within the range [0.5, 1.5] for the mean ratio and standard deviation ratio, 

respectively, compared with about 35% and 30% for LSTM_RND. Overall, spatiotemporal generalisation remained 

challenging, but LSTM_ENV showed better transferability than LSTM_RND, particularly in capturing temporal variability as 

measured by Pearson and Spearman correlation (See Fig. S8 for some examples of predicted and observed timeseries at 360 

selected stations). As in-sample evaluation, both models performed better at stations dominated by annual cycle (Fig. S6b). 

 

 

Fig. 2. Cumulative distribution functions (CDFs) of performance metrics for LSTM models that use environmental features 
(LSTM_ENV; red) and random integers (LSTM_RND; purple) as static inputs. Dashed lines show results for the 636 spatially in-365 
sample stations, and solid lines show results for the 341 out-of-sample stations (i.e., stations not used for the LSTM training). Predictions 
were obtained by averaging predictions from 10 models trained with different random initialisations (seeds). For NSE, KGE, Spearman r, 
and Pearson r, superior performance is indicated by curves shifted towards the lower-right corner. For the Standard deviation ratio (α) and 
Mean ratio (β), superior performance is indicated by closer proximity to the vertical line at a ratio of 1.  
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4.2 Spatial patterns of performance 370 

In this section, we investigate whether LSTM performance exhibits spatial patterns and whether out-of-sample stations with 

particularly good or poor performance share common characteristics. To this end, we constructed a CART model using 28 

attributes (See Sect. 3.4 for details). The target variable was a binary performance class based on Pearson r of the LSTM_ENV 

(10-ensemble mean): poorly predicted, defined as Pearson r ≤ 0.25 (n = 32 after excluding stations showing inconsistent local 

behaviour: See Sect. 3.4), and well predicted, defined as Pearson r > 0.75 (n = 127).  375 

The classification tree reveals clear hydrogeological controls on model performance (Fig. 3a). Specific yield emerges as the 

primary splitting variable: stations located in aquifers with higher specific yield were predominantly associated with better 

LSTM performance (i.e. high Pearson r). Specifically, 99 out of 106 stations (93%) with specific yield greater than 0.012 have 

Pearson r > 0.75. In fact, higher specific yield was also generally associated with higher transmissivity, and 75 of these 99 well 

predicted stations were located in the Chalk aquifer (Fig. 3b), where transmissivity exceeded 500 m2 d-1. The Chalk aquifer is 380 

a major fractured carbonate aquifer in the UK, characterised by a high matrix porosity but where groundwater flow is 

predominantly fracture-dominated. In this region, well-developed fracture systems and high transmissivity are likely to 

promote relatively rapid groundwater level responses to recharge (Allen et al., 1997), which may favour more predictable 

temporal dynamics.  

Among the 52 stations with specific yield less than and equal to 0.012, 28 stations (54%) located in aquifers still achieved 385 

Pearson r > 0.75. We do not discuss the subsequent split of this branch further because the poorly predicted stations in this 

group are spatially sparse across England (Fig. 3c), and we do not have an explanation for the next splitting variable, namely 

slope. Although the tree suggests that stations with steeper slopes were more likely to achieve Pearson r > 0.75, this pattern 

should be interpreted cautiously.  

 390 

Fig. 3. Classification tree analysis of LSTM performance. (a) Classification tree constructed for 159 out-of-sample stations classified as 
either poorly predicted (Pearson r <= 0.25, n=32) or well predicted (Pearson r > 0.75, n=127) by LSTM_ENV (10-ensemble mean). The 
bottom panel shows the spatial distribution of two classes: (b) specific yield > 0.012 and (c) specific yield ≤ 0.012. Circle sizes indicates 
transmissivity. The Chalk aquifer is shown in the background.  
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4.3 Benchmarking the LSTM model with the mechanistic DECIPHeR-GW model 395 

To put the LSTM results into context, we compared the model performance with that of the mechanistic surface-groundwater 

model DECIPHeR-GW (Zheng et al., 2025). To this end, we selected a subset of 124 out-of-sample stations common to both 

studies. Overall, the performance of LSTM_ENV (10-ensembles mean) is essentially the same as DECIPHeR-GW across all 

performance metrics (Fig. S10). Both models captured temporal variations in water table depth reasonably well, as shown by 

high correlation values. However, both showed weaker performance in reproducing the mean and variability of the water table 400 

depth timeseries, as reflected by poorer performance in the mean ratio and standard deviation ratio. These patterns are also 

consistent with the LSTM_ENV results presented in Sect. 4.1 for the full set of 341 spatially out-of-sample stations.  

We further used Pearson correlation coefficient (r) to investigate whether there were systematic cases in which one model 

outperformed the other. Based on the relative performance, the stations were categorised into three classes (Fig. 4a, b): 1) Both 

models perform well (grey): about 41% of stations, where both models effectively capture temporal variations, with r  > 0.75 405 

for at least one model and the difference between models ∆r < 0.25. 2) The LSTM_ENV model outperforms DECIPHeR-GW 

(red): about 11% of stations with a high LSTM_ENV performance (r > 0.75) and a substantial increase over DECIPHeR-GW 

(∆r > 0.25). 3) DECIPHeR-GW outperforms LSTM_ENV (yellow): about 7% of stations. We have also repeated this analysis 

using Spearman correlation coefficient as the indicator, which measures non-linear relationships between simulated and 

observed timeseries, and the conclusion stays the same (See Fig. S11).  410 

Spatially, no notable spatial patterns emerged to indicate a systematic advantage of one model over the other in specific regions 

(Fig. 4b). However, both models showed high performance in the southeastern region of the Chalk aquifer, which is also 

consistent with the spatial pattern we found in Sect. 4.2. A representative example from a station in the Chalk aquifer is 

presented in Fig. 4c. It illustrates that both models excelled at simulating temporal correlation, but they both showed a 

systematic bias in the mean and variability of the water table depth timeseries.  415 
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Fig. 4. Performance comparison between LSTM_ENV (red) and DECIPHeR-GW (yellow) across 124 common out-of-sample 
stations. (a) Comparison of Pearson correlation coefficient. (b) Spatial distribution of stations (circles) categorised by their relative Pearson 
r: grey indicates high performance for both models; yellow indicates that DECIPHeR-GW outperforms LSTM_ENV, red indicates that 
LSTM_ENV outperforms DECIPHeR-GW, and white represents all remaining cases. The extent of the Chalk aquifer is shown in the 420 
background. The blue circle highlights Station 1092, an example where both models capture temporal correlation effectively. (c) Observed 
and simulated water table depth (WTD) timeseries for Station 637. Black dots represent observations.  

4.4 Feature importance of LSTM 

To examine whether the LSTM_ENV model relied on meteorological variables or environmental attributes when making 

predictions to unseen locations, we applied Permutation Feature Importance (PFI, Breiman, 2001; Fisher et al., 2019) analysis 425 

to the training set, in-sample test set, and out-of-sample test set. Grouped PFI revealed a clear separation between the types of 

features supporting different aspects of model performance (Fig. 5a). Across all subsets (training, in-sample testing and out-

of-sample testing), topographic attributes were consistently the most important feature group for NSE, KGE, the standard 

deviation ratio and the mean ratio. This indicates that the LSTM_ENV relies strongly on topographic information to infer the 

mean and variability of water table depth at unseen stations. In contrast, meteorological variables showed the highest grouped 430 

importance for Pearson r and Spearman r. This pattern was also consistent across three subsets, suggesting that dynamic 

meteorological forcings primarily support the model’s ability to reproduce the temporal dynamics of water table depth.  

Individual PFI further showed that elevation (elev) and height above nearest drainage (hand) were the dominant individual 

features for all performance metrics across the three subsets (Fig. 5b, Fig. S13). Precipitation (P) was among the most important 

features for the correlation metrics. Air pressure (PSURF) also appeared as an important individual feature in several metrics. 435 

This is surprising and we explain it by noticing that long-term air pressure is strongly correlated with elevation (-0.96, see Fig. 

S12), so that its importance likely reflects its role as an elevation proxy rather than a direct meteorological control on 
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groundwater dynamics. Other individual meteorological variables had relatively low PFI ranking. This can be explained by 

the strong inter-variable correlation among the meteorological variables (Fig. S12) as when one meteorological variable is 

permuted at a time, the other correlated variables may retain similar seasonal information.  440 

Hydrogeological attributes had secondary but consistent grouped importance, particularly for NSE, KGE, the standard 

deviation ratio and the mean ratio (Fig. 5a). They showed low grouped importance in terms of correlation metrics, yet relatively 

high individual feature importance, specifically for shortest distance to the fault (sdf, ranked 4th for both Pearson r and 

Spearman r) and transmissivity (ts, ranked 6th for Spearman r and 7th for Pearson r). Soil and water management attributes 

generally showed lower grouped importance, although variable such as population density (pop_dens, ranked from 4th to 6th 445 

across metrics except the mean ratio) contributed to most performance metrics (Fig. 5b). Possible explanations for this ranking 

result will be discussed in the next section. 

 

Fig. 5. Grouped and individual permutation feature importance of the LSTM_ENV model. (a) Grouped feature importance for six 
model performance metrics across Train (T), In-sample test (I), and Out-of-sample test (O) subsets, ranked in descending order of 450 
importance. (b) Individual feature importance on out-of-sample test subsets. The left panel shows the relative importance of individual 
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features across six model performance metrics. The right panel provides the full features’ name for each abbreviation. Detailed descriptions 
of features are available in Tables A1 and A2. Dynamic inputs are timeseries of meteorological variables (blue, UPPERCASE). Static inputs 
(lowercase) are classified into four categories: topography (yellow), soil (red), hydrogeology (green), and water management (purple).  

5 Discussion 455 

Overall, we found that the performances of LSTM_ENV and LSTM_RND models are comparable when the models are 

evaluated at in-sample stations over an unseen period. This suggest that the LSTM model primarily uses static inputs as ‘unique 

identifiers’ of places that help memorise local temporal dynamics. This is aligned with previous studies in hydrology who also 

found that LSTM models using location identifiers as static inputs show no significant difference with LSTM models fed with 

environmental attributes (Chidepudi et al., 2025; Heudorfer et al., 2024; Nolte et al., 2025; Li et al., 2022). We also found that 460 

both  LSTM models achieved better performance at stations dominated by annual cycles, as previously shown by Chidepudi 

et al. (2025).  

When tested at out-of-sample stations, we found that LSTM_ENV outperformed LSTM_RND, especially in capturing the 

temporal fluctuations of water table depth, as shown by a high correlation coefficient between predictions and observations. 

Diverging from other studies that employed multi-station LSTM models for groundwater modelling, we were able to compare 465 

the performance not only across different setups, but also with a mechanistic model (DECIPHeR-GW, Zheng et al., 2025), and 

found that LSTM_ENV yields similar performances to DECIPHeR-GW at 124 unseen stations.  

The better performance of LSTM_ENV over LSTM_RND at unseen stations contradicts the findings of Heudorfer et al. (2024) 

who reported both setups (LSTM fed with environmental attributes or random integers) to have similar performance at out-of-

sample stations. Our results suggest that, in the present application, LSTM_ENV was able to extract transferable information 470 

from the meteorological and environmental attributes for spatial extrapolation. This interpretation is supported by the 

consistency of the Permutation Feature Importance (PFI) patterns between the training and out-of-sample testing sets. 

Specifically, topographic attributes (i.e. elevation and height above nearest drainage) contributed mainly to representing spatial 

differences. This is hydrologically plausible because these variables encode drainage potential and relative proximity to 

surface-water drainage pathways, which are closely related to groundwater storage and water table position (Nobre et al., 2011; 475 

Fan et al., 2013; Janssen et al., 2025). Whereas dynamic meteorological forcings, especially precipitation, contributed mainly 

to capturing temporal groundwater dynamics (Fig. 5). For LSTM_RND, performance was good at some out-of-sample stations 

(Pearson r > 0.75 was achieved at about 15% stations, see Fig. 2). It appears that the LSTM_RND model learned some patterns 

useful for temporal and spatial extrapolation from dynamic meteorological variables, i.e. precipitation (P) and air pressure 

(PSURF, which is highly correlated with elevation, see Fig. S12). We have repeated the permutation feature importance for 480 

LSTM_RND to prove this (see Fig. S15).  

We also found that while LSTM_ENV delivers a good performance in terms of correlation between observations and 

predictions, it rarely achieves a positive NSE at out-of-sample stations. We argued that this discrepancy does not necessarily 

indicate a failure of our LSTM model to learn regional hydrological patterns; rather, it highlights the limitation of the NSE as 

a robust performance metric in this context. Similar concerns increasingly supported by recent literature in streamflow 485 

modelling, which shows that aggregated performance metrics like NSE can mask compensating errors and offer limited 

diagnostic insight (do Nascimento et al., 2026; Williams, 2025). In our study, many stations capture temporal dynamics well 

(as shown in high r in Figs. 2, 3), yet yielded negative NSE score due to the bias between predicted and simulated mean water 

table depth (See Fig. S9 for some examples where r is higher but NSE is very negative because the mean water table depth is 

estimated by the LSTM at few meters above or below the observations). In large-scale groundwater modelling, such biases are 490 

often unavoidable due to large hydrogeological heterogeneity, a lack of localised parameters such as transmissivity, and the 

scale mismatch between point observations and, for example, coarse-resolution meteorological variables (Zheng et al., 2025; 

Rahman et al., 2023; Bianchi et al., 2024). In many applications, an error of few meters in mean water table may be acceptable, 

especially where the water table is deep and the relative error is small. In such cases, accurately capturing the temporal 
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fluctuation maybe more important than reproducing the absolute mean table depth. Therefore, we suggest that evaluating 495 

model performance solely through NSE may obscure the model’s true ability, and using multiple performance metrics, such 

as KGE components (i.e., correlation, mean ratio, and standard deviation ratio), or other groundwater signatures (Heudorfer et 

al., 2019; Collenteur et al., 2025), can provide a better evaluation of the model performance in its different aspects.  

Focusing on the Permutation Feature Importance (PFI) results for correlation metrics (i.e. Pearson r and Spearman r), the 

comparison between individual and grouped PFI suggests that the rankings were affected by collinearity within each feature 500 

group (Jiang et al., 2024). Soil attributes showed moderate-to-low grouped importance but generally low individual rankings. 

This can be partly explained by the strong inter-correlation among soil attributes (see Fig. S12). This suggests that transferable 

soil information was collectively useful but distributed across correlated attributes. It may also reflect a mismatch between 

attribute scale and hydrological process: soil attributes were taken from the 1km grid cell containing each well, whereas soil 

controls on recharge may operate over broader recharge areas (Fu et al., 2019). In contrast, hydrogeological and water 505 

management attributes showed lower grouped importance, but several individual attributes, including shortest distance to the 

fault, transmissivity, population density and irrigation intensity, still ranked highly (Fig. 5). These variables were less correlated 

within their respective groups and may therefore provide more distinct predictive information. Transmissivity and shortest 

distance to fault may provide transferable information on aquifer properties and groundwater flow types, helping the model 

distinguish between different aquifer behaviours (Allen et al., 1997; Yeh et al., 2016). Population density may act as a proxy 510 

for the combined effects of human activities in urban areas, such as changes in groundwater abstractions associate with 

industrialisation/de-industrialisation, leakages from water mains, and other urban water-management effects (Fang et al., 2026). 

Conversely, the lower rankings of specific yield and mean groundwater abstraction do not necessarily imply that storage 

properties or groundwater abstraction are unimportant. Indeed, specific yield may carry the transferable information already 

partly included in transmissivity (and/or shortest distance to fault), as we found that higher specific yield was also generally 515 

associated with higher transmissivity (Fig. 3). As for groundwater abstractions, a possible reason for their low importance 

ranking is that the temporal aggregation to annual mean hinders seasonal or event-scale pumping effects. In summary, feature 

importance analysis do not necessarily reveal new insights on physical processes but rather seem to highlight the limitations 

in the attributes used here, which are possibly not aggregated in a hydrological meaningful way (Tarasova et al., 2024).  

The Permutation Feature Importance (PFI) analysis should be interpreted as a performance-based assessment of feature 520 

relevance under specific evaluation distributions, rather than as a complete description of the internal prediction mechanism 

of the LSTM models. As highlighted by Molnar et al. (2022), PFI computed on unseen test data is appropriate for assessing 

how features contribute to model generalisation performance. By contrast, methods such as SHapley Additive exPlanations 

(SHAP) (Lundberg and Lee, 2017) are more directly aimed at quantifying feature contributions to individual model predictions. 

Therefore, our results only showed which environmental and meteorological attributes are important for maintaining LSTM 525 

performance under spatial extrapolation, but they do not fully reveal how the LSTM internally combines these attributes to 

generate individual predictions. Overall, a more detailed interpretability analysis is therefore needed to diagnose the causes of 

poor model performance at specific stations and to assess whether low-ranking environmental features are genuinely 

uninformative or simple poorly represented for the relevant groundwater process scale. This remains a promising but 

challenging task for future work.  530 

Lastly, the development of our LSTM models involved several iterative refinements. We compiled six lessons of ‘dos and 

don’ts’ that we learned from our modelling experience (Table 1). While some of these points are documented in existing 

literature, we reiterate them here to emphasise their importance for the broader hydrological modelling community. Most 

notably, for example, our initial assessment focused only on the model’s performance on temporal extrapolation within the 

stations, which is common practice to evaluate models’ performance (Chidepudi et al., 2025; Nolte et al., 2025). However, 535 

good performance in temporal prediction alone does not imply the model is able to generalise across space. Therefore, we 
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advocate that such multi-station LSTM (or more broadly Deep Learning) models intended for predictions across time and 

space must be tested on both in-sample and out-of-sample stations.  

Table 1.  Six lessons we learnt on dos and don’ts when applying LSTM models to groundwater predictions. 

Stage Checklist Reasons 

Data pre-
processing 

Remove groundwater level timeseries that show 
very little variation over time. 

It is difficult for models to capture meaningful patterns or “dynamic” 
in data that is almost flat.  

Identify if the groundwater levels are 
dominated by annual or multi-year cycles.  

These cycles reveal the ‘memory’ of the groundwater system; knowing 
the cycle length helps you decide how many years of meteorological 
forcing the model needs to see. 

Model 
setups 

Use multi-year meteorological forcing as 
dynamic inputs if there are stations dominated 
by multi-year cycle. 

If the system has a long memory, the model needs a longer history of 
meteorological forcing to accurately predict current levels. 

Train an “ensemble” of multiple models with 
different initialisation instead of relying on just 
one LSTM model. 

Different initialisations can lead to uncertainty in the model’s outputs. 
Training multiple models can effectively reduce this uncertainty and 
improve the models’ performance. 

Model 
evaluation 

Use multiple performance metrics, such as 
KGE decompositions (i.e., correlation, mean 
ratio, and standard deviation ratio) rather than 
only NSE. 

Unlike NSE, KGE decomposition allows for the separate assessment 
of temporal correlation, bias and variability, providing a more detailed 
view of hydrological consistency. 

When testing model configurations (such as 
input selection, model architecture, training 
strategies, etc.), prioritise testing on out-of-
sample stations rather than just spatially in-
sample stations. 

The ultimate goal of training such multi-station LSTM is 
spatiotemporal extrapolation, predicting at unseen locations and across 
different time periods. We are unable to evaluate the extent to which 
the model has learned useful information for spatial extrapolation from 
the data if we only focus on the model performance on spatially in-
sample stations.  

6 Conclusions 540 

This study evaluated the spatiotemporal extrapolation ability of two LSTM configurations (using environmental attributes and 

random integers as static inputs, respectively) across 636 training stations and 341 spatially out-of-sample stations. While both 

models exhibited comparable skill in the in-sample test, the LSTM_ENV model demonstrated significantly superior 

performance in the out-of-sample test, particularly in capturing temporal dynamics at unseen stations. This result suggests that 

environmental attributes are beneficial for extrapolating in space. 545 

A comparison between the LSTM and the mechanistic DECIPHeR-GW model revealed a shared strength in simulating 

temporal fluctuations, but a common limitation in reproducing the mean and variability of timeseries. This systematic bias 

frequently resulted in negative NSE values despite high temporal correlation. Evaluating LSTM performance using widely 

used efficiency metrics (i.e. NSE) can lead to highly misleading outcomes given large biases and small variances of residuals 

and observed variables. Disaggregating NSE into its constituent elements avoids this problem and provides more information 550 

about variability of error characteristics, i.e. enabling us to independently assess temporal correlation, magnitude-based errors, 

and broader hydrological signatures. 

Hydrogeological analysis revealed that LSTM performance is significantly better in aquifers characterised by high specific 

yield and transmissivity. These physical properties appear to be intrinsically linked to rapid water table response to recharge. 

The consistency of grouped Permutation Feature Importance (PFI) patterns between training and out-of-sample evaluation 555 

suggests that the LSTM_ENV exploits transferable information from meteorological (e.g. precipitation) and environmental 

(e.g., elevation and height above nearest drainage) attributes when extrapolating to unseen locations. Lower-ranking individual 

attributes, such as soil attributes, specific yield and groundwater abstraction, may be explained by the strong inter-correlation 

within feature group or lack of hydrological meaningful aggregation or representation.  

Overall, our results indicate that multi-station LSTM models have substantial potential for regional groundwater predictions, 560 

but that spatial generalisation remains to be improved. We highlight the value of interpretability tools for understanding how 
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such models achieve their performance and whether the environmental features used are informative. Further work is needed 

to determine how information encoded within Deep Learning models can be more robustly interpreted, so as to diagnose the 

causes of poor model performance at specific stations and to assess whether low-ranking environmental features are genuinely 

uninformative or simple poorly represented for the relevant groundwater process scale. 565 

Appendix A 

Table A1. Summary of meteorological attributes. 

Class Attribute Description Unit Period 
Temporal and 

spatial resolution 

Climatology 

P 
Precipitation (derived from the Met Office national 
database of observed precipitation) 

mm day-1 1961-2019  Daily 1 km 

TAS Air temperature K 1961-2019  Daily 1 km 

DTR Daily temperature range K 1961-2019  Daily 1 km 

HUSS Specific humidity kg kg-1 1961-2019  Daily 1 km 

WIND Wind speed m s-2 1961-2019  Daily 1 km 

PSURF Air pressure Pa 1961-2019  Daily 1 km 

RLDS Downward longwave radiation W m-2 1961-2019  Daily 1 km 

RSDS Downward shortwave radiation W m-2 1961-2019  Daily 1 km 

PET 
Potential evapotranspiration for a well-watered 
grass (calculated using Penman-Monteith equation) 

mm day-1 1961-2019 Daily 1 km 
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Table A2. Summary of environmental attributes. 

Class Attribute Description Unit 
Spatial 

resolution 

Topography 

elev Station elevation in meters above ordnance datum mAOD 10 m 

slope Slope generated in QGIS ° 10 m  

hand Height above nearest drainage m 3 arc-seconds 

Soil 

t_sand Percentage of sand in topsoil (0 - 30 cm) % 1 km 

t_silt Percentage of silt in topsoil (0 - 30 cm) % 1 km 

t_clay Percentage of clay in topsoil (0 - 30 cm) % 1 km 

t_bd Bulk density in topsoil (0 - 30 cm) g cm-3 1 km 

s_sand Percentage of sand in subsoil (30 - 100 cm) % 1 km 

s_silt Percentage of silt in subsoil (30 - 100 cm) % 1 km 

s_clay Percentage of clay in subsoil (30 - 100 cm) % 1 km 

s_bd Bulk density in topsoil (30 - 100 cm) g cm-3 1 km 

Hydrogeology 

sdf Shortest distance to the fault km 1:625,000 

ts Estimated transmissivity  m2 d-1 1:625,000 

sy Estimated specific yield - 1:625,000 

Water management 

pop_dens Population density estimated on Census 2021 km-2 MSOAs* 

irri_int Estimated irrigation intensity in 2010 m3 km-2 
About County 
scale 

gw_abs Mean actual groundwater abstraction over 1999-2014 m3 month-1 1 km 

* Middle layer Super Output Areas (MSOAs) comprise between 2,000 and 6,000 households and have a usually resident population between 5,000 and 
15,000 persons. Population density is then calculated within a 5 km radius of each station. 

 
Table A3. Definition of performance metrics. 570 

Performance metrics Equation Note 

NSE 𝑁𝑆𝐸 = 1 −
∑ (𝑂௜ − 𝑃௜)ଶே

௜ୀଵ

∑ (𝑂௜ − 𝑂ത)ଶே
௜ୀଵ

 Range: (-∞, 1], unit less, larger is better.  

KGE 𝐾𝐺𝐸 = 1 − ට൫𝑟௣ − 1൯
ଶ

+(𝛼 − 1)ଶ+(𝛽 − 1)ଶ 
Range: (-∞, 1], unit less, larger is better. A diagonal decomposition of the 
NSE to separate correlation, bias and variability (Gupta et al., 2009). 

Pearson correlation 
𝑟௣ =

∑ (𝑂௜ − 𝑂ത)(𝑃௜ − 𝑃ത)ே
௜ୀଵ

ට∑ (𝑂௜ − 𝑂ത)ଶே
௜ୀଵ ඥ∑ (𝑃௜ − 𝑃ത)ଶே

௜ୀଵ

 

Range: [-1, 1], unit less, indicating the strength and direction of a linear 
relationship between two predicted and observed values. Close to 1 and -
1 represent stronger positive and negative relationship, respectively. For 
predictive modelling, close to 1 is better.  

Standard deviation ratio 𝛼 =
𝑆𝑡𝑑(𝑃)

𝑆𝑡𝑑(𝑂)
 Range: (-∞, ∞), unit less, close to 1 is better.  

Mean ratio 𝛽 =
𝑃ത

𝑂ത
 Range: (-∞, ∞), unit less, close to 1 is better.  

Spearman correlation 𝑟௦ = 1 −
6 ∑ 𝑑௜

ଶ

𝑁(𝑁ଶ − 1)
 

Range: [-1, 1], unit less, indicating the strength and direction of the 
monotonic relationship between two predicted and observed values. 
Close to 1 and -1 represent stronger positive and negative relationship, 
respectively. For predictive modelling, close to 1 is better.  

𝑁: Number of samples; 𝑂: Observed values; 𝑂ത: Mean observed values; 𝑆𝑡𝑑(𝑂): Standard deviation of observed values; 𝑃: Predicted values; 𝑃ത: Mean 
predicted values; 𝑆𝑡𝑑(𝑃): Standard deviation of predicted values; 𝑑௜

ଶ: Difference between the ranks of each pair of observations 

Code and data availability 

Polished water table depth timeseries are available from Fang et al. (2025). Groundwater level simulations from DECIPHeR-

GW are available from Zheng (2024). The meteorological forcings are available from CHESS (Robinson et al., 2023a; 

Robinson et al., 2023b). The surface elevation was extracted from the 10m LIDAR Composite Digital Terrain Model (DTM) 

produced by the Environment Agency in 2022 (https://www.data.gov.uk/dataset/7f31af0f-bc98-4761-b4b4-575 

147bfb986648/lidar-composite-digital-terrain-model-dtm-10m). Height above nearest drainage (HAND) values were 

extracted from the global HAND dataset (Yamazaki et al., 2019). The soil attributes are available from the European Soil 

Database Derived data (https://esdac.jrc.ec.europa.eu/content/european-soil-database-derived-data). Spatial estimates of 
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transmissivity and specific yield across England and Wales were taken from Rahman et al. (2023). Population density and 

irrigation density were taken from Fang et al. (2026). Mean groundwater abstraction for the period 1999-2014 was taken from 580 

Rameshwaran et al. (2025). 

The Python code developed in this study and the underlying data for model training and evaluation are available at 

https://github.com/QidongFang1203/LSTM_groundwater_modelling. 

Supplement link 

The link to the supplement will be included by Copernicus, if applicable. 585 
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