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Abstract. Groundwater is a drought resilient source of water supply for many water users globally. Managing these highly-
used groundwater stores is complicated by the episodic nature of droughts and by our limited understanding of water systems’
response to extreme events. Models are useful tools to simulate a range of prepared drought interventions, however, we need
to ensure robust representation of surface water and groundwater storage, users of both resources, and associated management
interventions for drought resilience. A robust modelling approach is therefore essential for decision-making in groundwater
management.

In this study, we present a Socio-Hydrological Water Resource (SHOWER) model for drought management in groundwater-
rich regions. We evaluate SHOWER using a response-based and a data-based model evaluation in Great Britain which considers
the modelling uncertainty, dynamic impact of management and modelling setups available. In the response-based evaluation,
we first examined the model consistency with our understanding of the system functioning and evaluated the influence of
modelled management scenarios in normal and droughts conditions on discharge and groundwater levels. Secondly, in the
data-based evaluation we tested the accuracy of heavily influenced discharge and groundwater level simulations in three catch-
ments representative of typical hydrogeological conditions and water management practices in Great Britain. Results from the
response-based method show consistent simulations for all model setups. We identified which parameters were influential to
model output at which times. Integrated water management interventions have significant impact on flows and groundwater
beyond parameter uncertainty and show leverage to reduce droughts by minimising shortages in water demand. The data-based
analysis shows that calibration can be focused on either source-specific or combined model outputs using a ‘best overall’ cal-
ibration approach that captures groundwater levels and low flows. The source-specific calibrations result in the highest and
narrowest KGE ranges for discharge and groundwater (KGE: 0.75 - 0.84 and 0.62 - 0.95 respectively) with larger ranges using
a ‘best overall’ approach (KGE: 0.55 - 0.79 and 0.27 - 0.91). With the modular and open-access structure of SHOWER we
aim to provide a useful new tool for groundwater managers to explore management interventions further, increasing drought

resilience strategies using a robust modelling approach.
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1 Introduction

Groundwater storage and discharge are important drought resilient sources of water supply for humans (Doll et al., 2012;
Gleeson et al., 2019) and ecosystems (Klgve et al., 2011; de Graaf et al., 2019). Groundwater sources provide 38% of global
irrigation supply (Siebert et al., 2010) and substantial parts of industrial and domestic supply at local scales (D6ll et al., 2012).
Groundwater abstractions affect the hydrological cycle globally (Taylor et al., 2013; Gleeson et al., 2020), including significant
influences on both short-term and long-term groundwater level variability (Wendt et al., 2020; Bloomfield et al., 2019), par-
ticularly during droughts when water demand is highest (Tallaksen and van Lanen, 2004). Managing groundwater is therefore
of global importance with local relevance, with large regions where groundwater is the main water supply that needs to be
managed sustainably (Arheimer et al., 2024; Huggins et al., 2024). Highly managed groundwater systems are present all over
Europe, including Denmark (Liu et al., 2024), Spain (Elvira Herndndez-Garcia and Custodio, 2004), the Rhine Basin (Sutanud-
jajaet al.,, 2011), and the Chalk in Belgium, Northern France and Southern England (West et al., 2023). Much larger managed
groundwater regions in the Americas include the Central Valley in California (Rateb et al., 2020), North Mexico (Esteller et al.,
2012), Colombia (Aranguren-Diaz et al., 2024) and large regions in Asia (Cao et al., 2013; Shamsudduha et al., 2009; Ashraf
et al., 2021) and Australia (Barnett et al., 2020).

Groundwater is a precious resource in Great Britain, particularly in South East England, where over 75% of public water
supply is sourced from aquifers (BGS, 2024). This region also has the highest population density, driest climate and most pres-
sure on water resources (Environment Agency, 2020). Recent droughts have exposed vulnerabilities within the water supply
system, meaning that many regions faced the possibility of water rationing in 2010-12 (Kendon et al., 2013) and 2022 (Envi-
ronment Agency, 2023). The range of hydrological models that are used to inform water management decisions and drought
policies in England and Wales is however primarily focused on surface water in unmanaged or ‘near-natural’ conditions, such
as Grid-to-Grid (Bell et al., 2007), GR4J/GR6J (Coron et al., 2017), JULES-GB (Batelis et al., 2020), Qube (WHS, 2024). A
full overview is available in Environment Agency (2023). Recent advances in hydrological modelling have addressed the lack
of management interventions by introducing long-term average and monthly varying surface water abstractions and discharges
(Coxon et al. (2019) in DECIPHeR and Rameshwaran et al. (2022) in Grid-to-Grid, respectively) and by adding reservoirs
(Salwey et al. (2024) in DECIPHeR and Hughes et al. (2021) in SHETRAN). While surface water processes are typically well
represented in these models, groundwater representation is often simplified. Groundwater is assumed to be largely uninflu-
enced by abstractions and therefore models typically release groundwater storage as baseflow. Although this is the behaviour
we would observe in a natural system, this is not the reality for many regions in the UK where a large proportion of the ground-
water is abstracted (BGS, 2024). Additionally, the linear approximation to generate baseflow in hydrological models often
results in large errors during floods and droughts in groundwater-rich areas (Smith et al., 2019; Hannaford et al., 2023a). There
are a handful of groundwater models setup in the UK, which vary in complexity. These range from a lumped catchment model
approach representing groundwater levels in a borehole (Aquimod (Mackay et al., 2014)) to spatially-distributed groundwater

level modelling with either only groundwater levels (Rahman et al., 2023) or a combination of levels, flows (Zheng et al.,
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2025), and averaged abstractions (Lewis et al., 2018; Bianchi et al., 2024). However, similar to the range of surface water
models, none of these groundwater models includes dynamic abstractions, management interventions or the option to include
a drought policy to support decision-making (see Supplementary Material Figure and Table S1 for more details).

A key limitation of these hydrological models is their limited representation of water management practices. Hence, "socio-
hydrological" models that better capture the interactions between human activities and natural hydrological processes have
been advocated for in the last decade (Sivapalan et al., 2012; Di Baldassarre et al., 2015; Garcia et al., 2016; Abbott et al.,
2019; Vanelli et al., 2022). Indeed some of the hydrological models reviewed above have been recently adapted to include
reservoirs (Hughes et al., 2021; Salwey et al., 2024) and river abstractions (Rameshwaran et al., 2022). Some groundwater
models include static (averaged) groundwater abstractions (Lewis et al., 2018; Bianchi et al., 2024). Yet many of these models
still lack the option to apply dynamic water operations that is critical for drought management. This implies that even the
most detailed groundwater models represent primarily groundwater flows and storage levels in ‘natural conditions’ or with set

scenarios for dry, normal and wet conditions to inform management or policy making (Shepley et al., 2012; Ascott et al., 2021).

A specific challenge in setting up hydrological models with explicit representation of water management practices is how to
calibrate and evaluate their performance. This is because continuous dynamic human interventions hinder stationary conditions
for calibration and validation. From the previous examples, some models are calibrated using a specific time period in which
management interventions are known and explicitly coded in (Hughes et al., 2021) or (most common solution) using long ob-
servations with indirect management influences that are included in model calibration (Wilby et al., 1994; Lewis et al., 2018;
Rameshwaran et al., 2022; Salwey et al., 2023). However, a consequence of including management interventions indirectly
is that a modeller cannot distinguish between specific management strategies or natural /uninterrupted conditions using this
calibration approach. This undermines the value of hydrological models used to inform water management, as model users
are not sure whether the model provides the right outcomes for the right reasons (Kirchner, 2006). We need an alternative
approach that evaluates the models’ ability to reproduce historical observations in a managed environment and examines the
model’s consistency in input—output response with our understanding of each catchment (i.e. the perceptual model) (Wagener
et al., 2022).

The objective of this study is to present and evaluate a Socio-Hydrological Water Resource (SHOWER) model for drought
management in groundwater-rich regions. SHOWER builds on the lumped socio-hydrological model introduced in Wendt
et al. (2021) and can simulate groundwater levels, baseflow and reservoir levels for different hydrogeological conditions under
different drought management strategies, by applying different methods to coordinating reservoir and groundwater abstractions.
In Wendt et al. (2021), the model was applied to three idealised hydrogeological settings to investigate the impact of different
drought management strategies on hydrological droughts. Findings demonstrated that hydrological droughts characteristics can
be significantly altered by management, particularly when applying integrated management strategies, which suggested a more
efficient way of using water stores to alleviate shortages. In this paper, we evaluate the potential of SHOWER to inform drought

management strategies in real groundwater-rich catchments using two approaches. First, we carry out a Global Sensitivity
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Analysis of SHOWER as a form of ‘response-based’ (or ‘data-free’) model evaluation, which demonstrates the consistency
of the model behaviour with our understanding of key surface and groundwater processes (i.e. our perceptual model), and
its leverage, i.e. the model’s ability to discriminate between different management strategies despite parameter uncertainty
(Wagener et al., 2022). We investigate the leverage as a measure of sensitivity in model outputs to the management strategies
under normal and drought conditions.Second, we calibrate the model for three heavily managed catchments in England, using
open-source datasets, and evaluate the model’s ability to reproduce historical river flows and relative groundwater levels in
those catchments using the three different groundwater modules (‘data-based’ evaluation). Last, we discuss its potential as an

operational tool to inform water management decisions.

2 Methods

In this section we will first briefly describe the structure and key processes of the SHOWER model (Sec. 2.1) after which we
describe how we determined the parameter ranges for SHOWER to capture soil and aquifer variability across Great Britain
(Sec. 2.2). These ranges were used for the parameter sampling underpinning the response-based evaluation (Sec. 2.3). Lastly the
case study catchments are introduced (Sec. 2.4) for the data-based evaluation where we assess SHOWERs ability to reproduce

observed flows and groundwater storage changes.
2.1 The SHOWER model

This paper used the Socio-Hydrological Water Resource (SHOWER) model setup based on Wendt et al. (2021) with a lumped
modelling simulation for soil moisture, three options for a groundwater-outflow representation, a surface water reservoir and
water demand components for both anthropogenic and environmental water demand (Figure 1). A detailed model description
can be found in Supplementary Materials S2. Key modifications to SHOWER compared to Wendt et al. (2021) are detailed
in S3 (Supplementary Materials) and include (1) minimizing Hortonian runoff as this is less relevant in English catchments
(Beven, 2012), (2) improving the representation of reservoirs so they can be modelled at both upstream and downstream
locations and including release flows linked to the ecological minimum flow (Salwey et al., 2023), and (3) linking the inter-

changeable groundwater modules to primary aquifers in England, removing the idealised setting in Wendt et al. (2021).

As shown in Figure 1, SHOWER is driven by daily climate data, i.e. precipitation (P) and potential evaporation (PET). Non-
evaporated precipitation (ETa) fills the soil moisture balance and soil characteristics determine how much of this water is runoff
(Qr), stored or passed on to the groundwater component as recharge (QRch). SHOWER has three groundwater modules repre-
senting karstic, porous and fracture flow which are modelled using modified lumped approaches (Stoelzle et al., 2015). Using
one of the three groundwater-outflow modules, stored groundwater (Gs) can be released as baseflow (Qb). In the karstic mod-
ule, baseflow release follows a power law. The porous module accounts for slow baseflow release with a small (7-12%) leakage
factor and baseflow in fractured aquifers is modelled using two parallel linear buckets (Stoelzle et al., 2015). Discharge (Qs)

is taken as the sum of baseflow, runoff and release flow (Qrel) if there is an upstream reservoir. The upstream reservoir catch-
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ment is defined by calculating the reservoir contributing area and is modelled as a percentage in the (semi-)lumped catchment
approach. The percentage divides the driving data into contributing (reservoir sub-catchment in Figure 1) and non-contributing
precipitation and potential evaporation (Salwey et al., 2023). Consequently, two soil moisture balances are calculated which
lead to different discharge and groundwater outputs. Water demand is calculated as a proportion of the long-term recharge and
runoff (all water that enters the black box in Figure 1). Anthropogenic water demand can be divided between either surface
water (Dsw) or groundwater (Dgw) and is abstracted from the surface water reservoir (Asw) and groundwater storage (Agw).

Water management impact is modelled using four separate drought management scenarios that are compared to a baseline
scenario, which influence all fluxes in the black box in Figure 1.In the baseline scenario there are no water management in-
terventions and surface and groundwater water demand are simply abstracted from the reservoir and groundwater storage.
The other four drought management scenarios were defined in Wendt et al. (2021) and represent common drought manage-
ment practices in the UK. The first is to increase groundwater supply, using more of (underused or old) licenced groundwater
boreholes and the natural storage buffer that aquifers provide. The second is to reduce water demand, which often starts early
with a media campaign to stimulate lesser or limited water use by the public. Severe measures can, however, restrict water
use for commercial or non-essential public water use. These threshold-based scenarios (following drought triggers) depend
on the severity of a meteorological and/or hydrological drought. Measures are often introduced gradually and their severity
increases depending on thresholds for precipitation, discharge, reservoir or groundwater storage levels that are related to his-
torical drought events (for details see Wendt et al. (2021)). The next two scenarios apply regardless of a defined drought and
are integrating surface water and groundwater use. The third scenario manages surface water and groundwater in conjunction
depending on which resource has a higher availability at a time. For example, in areas with large groundwater storage, more
groundwater is used compared to surface water and vice versa for areas with low groundwater storage. In practice, this requires
high flexibility in management operations. The last scenario aims to preserve ecological minimum flows in rivers by reducing
surface water abstractions. Water is taken from groundwater instead.

We have modelled the threshold-based scenarios using average thresholds for precipitation, discharge, reservoir and/or ground-
water levels, following Wendt et al. (2021). For the first scenario, we increased groundwater use whereas in the second scenario
both surface water and groundwater are reduced equally. The third scenario integrates water storage and takes water from the
highest store (either groundwater or reservoir storage) to meet water demand. This represents a non-restrictive application of
conjunctive use practices. The last scenario maintains a threshold (Qb..,) for the ecological minimum flow from baseflow (plus
the release flow from an upstream reservoir, if present) and groundwater demand is ceased when this threshold is reached. In
the case of water demand exceeding reservoir and groundwater storage, water can be complemented by imported water as

either a fixed share or conditionally on (reservoir or groundwater) water levels (Qimp and GWimp).
2.2 Response-based model evaluation

The response-based model evaluation consists of a Global Sensitivity Analysis to determine the sensitivity of the model outputs
to variations of the model parameters. The goal is to evaluate the consistency of the model behaviour with our understanding of

key simulated processes, by checking that the ‘right’ parameter controls the ‘right’ output at the ‘right’ time. For such analysis,
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Figure 1. Model setup for socio-hydrological water resources (SHOWER) model, modified from (Wendt et al., 2021). Represented fluxes
include precipitation (P), potential and actual evaporation (PET and ETa), runoff (Qr), groundwater recharge (QRch), baseflow generated by
one of three groundwater modules. These determine groundwater storage (Gs) of which demand for groundwater (Dgw) and abstractions
(Agw) are taken. Discharge (Qs) is the sum of runoff, baseflow (Qb) and release flow (Qrel) in case of an upstream reservoir setup (depending
on the contributing area) or only runoff and baseflow in the case of a downstream reservoir. Surface water demand (Dsw) and abstractions

(Asw) are taken from either the upstream or downstream reservoir.

parameters are sampled from ranges that are meant to represent the variability of hydrological characteristics across Great

Britain - called ‘national parameter ranges’ from now on.
2.2.1 Definition of the national parameter ranges

The four model components of SHOWER use 15 parameters, listed in Table 1. In total there are 11 model parameters active at
one time, as only one of the three groundwater modules is activated for a simulation. For most of these model parameters (13

out of 15) we could identify a range of variability for Great Britain (fourth column in Table 1) based on scientific literature and
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open-source data. For the remaining two parameters, the critical moisture content (CR) and flow shape parameter (b), we could
not find a national reference and thus will use the theoretical ranges. National ranges for soil characteristics (wilting point (WP)
and field capacity (FC)) were based on the European soil dataset (Panagos et al., 2022). The range for unsaturated hydraulic
conductivity (Kfc) was based on CAMELS-GB (Coxon et al., 2020), from which we also used the long-term mean (1999-2014)
abstraction values (Agw and Asw) that were converted into relative abstractions using the long-term recharge (P-PET for this
time period). Reservoir capacity ranges were calculated using the range of Normalised Upstream Capacity values from Salwey
et al. (2023), which describes the capacity of the reservoir (how much water can be stored) with respect to the catchment
area and mean annual precipitation. Since the range presented in this paper is for the national distribution of reservoirs (and
therefore contains several outliers) here we use the upper (Q75) and lower (Q25) quantile ranges of Salwey et al. (2023).
The Environment Agency provides recommendations for ecological minimum flows (Qeco) thresholds, which were used to
model both release flow from the upstream reservoir and the ecological flows from baseflow (Environment Agency, 2020).
Finally, groundwater storage-outflow (s) parameter ranges were sourced from Allen et al. (1997) and expanded to include

tested modelling parameters used by Stoelzle et al. (2015) and Wittenberg (2003).
2.2.2 The Global Sensitivity Analysis approach

The GSA considers several output metrics: the mean simulated discharge, the mean relative groundwater storage, and three
key characteristics (duration, intensity and frequency) of simulated groundwater droughts. The GSA is used for a response-
based evaluation of the model and is not specific to any catchment. Hence we used a central location in England to generate
‘average’ climate conditions for GB (Wendt et al., 2021) derived from gridded climate data (HadUKP (Alexander and Jones,
2001) and CHESS-PE (Robinson, 2016); 1980-2017). Climate forcings for this central point were used in all Monte Carlo
simulations against a sample of 10,000 ! parameter combinations. For each output metric, we used the PAWN method (Pianosi
and Wagener, 2018b) to calculate the (global) sensitivity indices, each measuring the relative importance of a model parameter
in controlling the variability of that output metric. All calculations were performed using the R version of the SAFE toolbox
(Pianosi et al., 2015). Specifically, we performed three analyses: 1) a time-varying analysis to investigate changes in discharge
and groundwater storage sensitivity over time; 2) an overall sensitivity analysis of time-averaged discharge and groundwater

storage to management scenarios; and 3) an analysis for drought characteristics specifically.

In the first analysis, we quantify the sensitivity of simulated discharge and groundwater storages averaged over a 7-day
moving window over the nearly 40-year period. This allows us to track the relative importance of the model parameter over
time. The primary aim of this evaluation is to identify which model output is sensitive to which parameters and at what times,
as this provides information about known (coded) and unknown (cross-)dependencies of model outputs. Parameters are con-
sidered non-influential if their PAWN score is less than the error of the sensitivity indices (Pianosi and Wagener, 2018a). The

second analysis focuses on the overall influence of management scenarios on the mean discharge and groundwater storage

' A small number of simulations were discarded because parameter combinations created did not respect the non-overlapping range of wilting point, critical

moisture content and field capacity (all in mm).



Model component

Parameter description

Abbreviation

National range

Source

Soil parameters Wilting point (mm) WP 6.9 -23.7 Panagos et al. (2022)
Critical moisture
CR 23.7-574 Panagos et al. (2022)
content (mm)
Field capacity (mm) FC 19.9-574 Panagos et al. (2022)
Unsaturated hydraulic
Kfc 125 - 1219 Coxon et al. (2020)
conductivity (mm/d)
shape parameter (-) b 1-6 Van Lanen et al. (2013)
. Reservoir capacity, relative to
Reservoir parameters Rcap 11-42 Salwey et al. (2023)
annual precipitation (%)
Proportional share of ecological .
eco 5-30 Environment Agency (2020)
minimum flow (%)
Karstic storage-outflow
Groundwater parameters SK1 8E-3 - 4E-2 Allen et al. (1997)
parameter (mm/d)
Non-linear flow .
Karst 03-1 Stoelzle et al. (2015); Wittenberg (2003)
component (-)
Porous storage-outflow
Sp1 8E-4 - 1E-2 Allen et al. (1997)
parameter (mm/d)
Leakage (%) Leak 7-12 Stoelzle et al. (2015)
Large fracture storage-outflow
SF1 2E-3 - 11E-3 Allen et al. (1997)
parameter (mm/d)
Fine fracture storage-outflow
SEo 5E-2 - 25E-2 Allen et al. (1997)
parameter (mm/d)
Proportional surface water .
Management parameters Dsw 1-90 Environment Agency (2019)
demand (%)
Proportional groundwater .
Dgw 1-90 Environment Agency (2019)

demand (%)

Table 1. National parameter ranges for SHOWER parameters in each model component. All the ranges are taken from open-source datasets

or sources (see last column) and ranges were specified to represent England using spatial datasets (Panagos et al., 2022; Coxon et al.,

2020), based on research in England (Salwey et al., 2023; Allen et al., 1997) recommendations for water managers (Environment Agency,

2019, 2020) or international studies specific to this modelling approach (Van Lanen et al., 2013; Stoelzle et al., 2015; Wittenberg, 2003)
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(i.e. averaged over the entire simulation period). Lastly, the third analysis focuses on the influence of the modelled drought
management scenarios on three key characteristics (duration, intensity and frequency) of simulated groundwater droughts.
Drought events were identified as periods during which the simulated groundwater storage time-series fell below the 20"
monthly varying threshold (Hisdal et al., 2024). Only droughts with a minimum duration of at least 30 days were considered.
For each drought event, we quantified the difference in duration (in days), maximum intensity (in mm) and occurrence (count)
between the simulation under a given drought management scenario and a baseline simulation with the same parameter set.
Using these differences we could analyse how drought characteristics changed using the same (physical) parameter inputs and

only changing the management strategy.

2.3 Study area and catchment selection

For the data-based model evaluation, we first selected representative regions in the UK that captured typical groundwater
typologies, which were matched with the groundwater-outflow modules in SHOWER. One study region is set in the Chalk
aquifer, which is represented using a large groundwater storage with dominant karstic, non-linear, flow characteristics (Hart-
mann et al., 2015; Wittenberg, 2003). The second study region covers the Permo-Triassic Sandstone aquifer using the medium
groundwater storage with throughflow in the porous aquifer (Shepley et al., 2008). Lastly, quick and shallow groundwater stor-
age is modelled using the smaller groundwater storage, reflecting the Dinantian Limestone aquifer with predominantly fracture

flow releasing groundwater storage (Allen et al., 1997).

Approximately 40% of all CAMELS catchments (671) are located on one of these productive aquifers, but groundwater level
data from the Hydrology Data Explorer (Environment Agency, 2024) were only available for a third of those CAMELS catch-
ments. From these 103 overlapping CAMELS catchments, we identified catchments that had one substantial type of abstraction
(surface water or groundwater) and minimal wastewater discharges (<10% of discharge) in order to evaluate the management
components in SHOWER.

The selected three catchments are shown in Figure 2. The first catchment (C1) is set in the Peak district in the Dinantian
Limestone aquifer area (Derwent river catchment (335 km?) CAMELS ID: 28043), which is reported to have 25% of recharge
abstracted via surface water (Coxon et al., 2020). These abstractions are likely to come from the large upstream reservoir
(Ladybower) that affects discharge time series downstream (Salwey et al., 2023). The second catchment (C2) in the Trent river
catchment (163 km?; CAMELS ID: 28052) is located in the more urban midlands on top of the Permo-Triassic Sandstone
aquifer. Groundwater abstractions are reported to be equivalent to 26% of long-term recharge (P-PET) (Coxon et al., 2020).
The last catchment (C3) is the Pang river catchment (121 km?; CAMELS ID: 39027) located in Southern England in the Chalk

aquifer where groundwater abstractions are approximately 30% of long-term recharge.



Legend

HEDinantian Limestone
Permo-Triassic Sandstone
Chalk aquifer

C1: Derwent River catchment
% 25% surface water abstractions
Large-scale Reservoir

Q C2: Trent river catchment
26% groundwater abstractions

s C3: Pang river catchment
30% groundwater abstractions

Figure 2. Map of the three selected CAMELS catchments that overlay three productive aquifers (the Dinanian Limestone, Permo-Triassic
sandstone and Chalk) and have one substantial proportion of recharge taken via licenced surface water or groundwater abstractions. Both
C1 and C2 are located in the larger Trent river catchment (in thin dark blue CAMELS ID:28009) with Derwent catchment (C1 CAMELS
1D:28043 in blue) and upstream Trent catchment (C2 CAMELS ID:28052) in purple. The larger Thames catchment (CAMELS ID:39001)
is indicated dark orange with the modelled Pang catchment (C3: CAMELS ID: 39027) in orange. Contains data from (Coxon et al., 2020).

This dataset is available under the terms of the Open Government Licence.
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2.4 Data-based model calibration and evaluation

The data-based model evaluation examines modelling performance in matching historical discharge and groundwater level
observations in the three case study catchments over a 10-year period (1994-2014). We used CAMELS-GB daily climate time
series to run SHOWER in each of the three case study catchments (Coxon et al., 2020). For each catchment, we run the model
against 10000? randomly sampled parameter combinations over the first half of the available records (1994-2003), which we
used as calibration period. Simulations were compared to observed discharge (in mm d~!) from CAMELS-GB. Observed
groundwater levels (moAD) were matched with CAMELS-GB catchments using the Hydrological Data Explorer (Environ-
ment Agency, 2024) and then normalised to vary between zero (lowest observation) and one (highest observation). When
multiple observation wells were present in the same catchment, normalised groundwater values were averaged across wells.
Even though averaging levels across wells simplifies the groundwater representation, an immediate benefit is that missing or
deleted suspected (flagged) groundwater level observations were not a modelling constraint. Groundwater level time series

with large sequences of suspected faulty (flagged in (Environment Agency, 2024)) observations were excluded from the study.

We used the modified Kling-Gupta Efficiency (Pool et al., 2018) to evaluate the model’s performance for both discharge
(KGE-Qs) and normalised groundwater values (KGE-Gs) in the calibration period. Additionally, we used the log Nash Sutcliff
Efficiency (NSE;,,) for modelled discharge to assess the model’s ability to capture low flows. Based on calibration perfor-
mance, we selected the top runs that maximised the model’s fit to either discharge, groundwater or a ‘Best Overall’. The num-
ber of top performing simulations can be defined in multiple ways (e.g. top 100, or top 50 or top 20). We found a slight change
in the improvement rate of NSE,,, around the top 50, particularly in the Chalk simulation (see Figure S2 in Supplementary
materials) and therefore settled on using the top 50 simulations for the model evaluation. The Best Overall simulations were
determined by the summed rank of the calculated NSE,,,, KGE-Qs and KGE-Gs. The lowest numbers (highest rank) across
the three performance criteria determined which simulations were considered ’Best overall’. We used the top-performing pa-
rameter sets (25-50*" percentiles) on the validation period (2004-2014) to check whether these parameter sets maintained
good performance on a different dataset unseen during calibration. Last, we verified whether the top performing parameters
so obtained fall into specific sub-ranges of the national parameter ranges of variability, and whether these sub-ranges are
consistent with published catchment characteristics for each area. For soil parameters, we used catchment-specific information
from CAMELS dataset Coxon et al. (2020) and a range using the mapped European Soil database (Panagos et al., 2022). Reser-

voir information came from Salwey et al. (2023) and detailed groundwater storage information was found in Allen et al. (1997).

2 A small number of simulations were discarded because parameter combinations created did not respect the non-overlapping range of wilting point, critical

moisture content and field capacity (all in mm).
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3 Results
3.1 Response-based model evaluation

The time-varying global sensitivity analysis shows consistent results for all parameters across the thirty years (reported in
Figure S4-S6 in Supplementary Materials) , of which we show a subset (2009 - 2014) with significant wet and dry periods in
Figure 3. In general, we find higher parameter influence in wetter periods compared to drier periods and higher sensitivity val-
ues for discharge compared to groundwater storage. Soil parameters, such as critical moisture content (CR) and field capacity
(FC), control recharge and they are most notably influential during wet periods for both model outputs. The influence of these
parameters on groundwater storage lasts for longer compared to discharge. Reservoir parameters are non-influential for the
karstic and porous module, which is to be expected with a downstream reservoir setup. From the two groundwater parameters
(sK1 and Karst), the parameter regulating non-linear flow (Karst) is very influential for discharge, particularly during high
flows. The influence of the discharge-outflow parameter (sg1) is relatively minor, particularly for groundwater, but this is a
feature of the karstic module only as the discharge-outflow parameter in the porous (sp1) is much more influential (see Figure
S7 in Supplementary Materials). We also see more sensitive groundwater-outflow parameters in the Fractured module (s, and
sro) with the larger one (sg2) being the most sensitive (see Figure 4).

Drought management scenarios are influential during flow recession and low groundwater storage, and non-influential during
wet periods. When it is dry, both groundwater abstractions (Dgw) and scenarios (Management) become more influential com-
pared to other dominant soil moisture parameters (CR and FC) and mostly determine the model output. The fractured module
has, with its upstream reservoir setup, a different pattern with discharge being influenced by different parameters at different
times (Figure 4; groundwater in Figure S8 in Supplementary Materials ). The shape parameter (b; in soil moisture module) and
Qeco determining the ecological (& release) flow out of the reservoir are more influential during recession periods compared to
the other groundwater modules. Interestingly, the reservoir capacity (Rcap) is only influential for specific days; when the peak
flow is high and the maximum capacity is reached. The most sensitive parameters are associated with the drought management

scenarios. Drought management scenarios are particularly sensitive during recessions and much less so when discharge peaks.

When analysing the overall sensitivity to the modelled drought management scenarios, we find that model outputs are sig-
nificantly controlled by the chosen scenario, see Figure 5. In this figure, we show the distributions of mean discharge (left) and
mean groundwater storage (right) obtained by varying all model parameters within the national ranges, while maintaining a
particular management scenario. The Figure shows different results for the two integrated water management scenarios (con-
junctive use and maintaining ecological minimum flow). These two scenarios are managing water demand interchangeably
between surface water or groundwater depending 1) on storage levels at a time (conjunctive use) or 2) baseflow relative to the
ecological minimum flow (maintaining ecological minimum flow).

In the karstic and porous groundwater modules (A-B-C-D), the difference between the conjunctive scenario (in yellow) and the
other scenarios follows a similar pattern. There are fewer zero flow conditions and higher flow occurrences when conjunctive

use is applied compared to the baseline (in black) and other management scenarios (coloured). Overall groundwater storage is

12



10.0
1.0 WAMWW
0.1
WP
CR
FC il
Kfc
b
Rcap
Qeco
sK1
karst L T NN e ¢
Dgw
Dsw
Management

2012-01 2012-07 2013-01 2013-07 2014-01

Qs (mm/d

Parameters

300
200

0

WP
CR |
FC
Kfc
b
Rcap
Qeco
Sk1
Karst
Dgw
Dsw
Management

2012-01 2012-07 2013-01 2013-07 2014-01

Gs (mm)

Parameters

|

Relative sensitivity  0.08 0.10 0.15 0.20 0.25 0.30 0.35 0.40

Figure 3. Time-varying sensitivity indices of the 12 parameters of the SHOWER model with a downstream reservoir setup (using karstic
groundwater module) over the period 2012-2013. Output metrics are the mean discharge (top) and mean groundwater storage (bottom)
averaged over a 7-day moving window. Discharge is plotted using a log scale. Mean discharge and groundwater storage are shown in blue,

with their respective 10" and 90*" percentile of the 10K model simygations in light shading.
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lower in the conjunctive use scenario compared to the other scenarios. This stark difference demonstrates the leverage of the
conjunctive use scenario. Other scenarios show very little leverage as their influence relative to parameter uncertainty is small,
with exception of the Ecological flow scenario that has a longer tail, indicating high flows more frequently occurring compared
to the baseline.

In the fractured module (E-F), discharge and groundwater simulations show three distinct clusters. Drought management sce-
narios that are trigger-driven, such as increasing water supply or reducing water demand (in blue and red), move the discharge
distribution towards the left along the x-axis resulting in fewer low flow conditions and overall higher flows compared to the
baseline (SE). This means that mean discharge is generally higher. Groundwater storage is lower for these scenarios. Integrated
water management scenarios (conjunctive use and ecological minimum flow in yellow and green), also result in fewer zero
flow occurrences but the distribution of high flows is more similar to the baseline. Integrated scenarios also result in fewer low
groundwater storage conditions (Figure SF) and a clear increase in larger values, whereas drought-trigger scenarios are very

similar compared to the baseline scenario.
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Figure 5. Distribution of simulated mean discharge (left panels) and mean groundwater storage (right panels) for the SHOWER model using
the karstic module (A and B), the porous module (C and D) and the fracture module (with upstream reservoir) (E and F). Each distribution is
obtained by varying all model parameters within the national ranges, while holding the drought management scenarios fixed to the baseline
scenario (black lines), one of the two drought trigger-driven scenarios (blue and red) or one of the two integrated management scenarios

(yellow and green).
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The leverage of the modelled drought management scenarios is also reflected in the groundwater drought characteristics
with drought deficit, i.e. the intensity of drought events being most sensitive (Figure 6). This intensification of groundwater
drought events is largely due to an overall lower groundwater level in the karstic and porous module (Figure 5) following from
the conjunctive use scenario. Detailed results highlight the strong negative difference between the baseline and the integrated
management scenario (S9-S10 in Supplementary Materials). The overall influence on drought duration is positive, meaning
shorter droughts, for most scenarios in the porous and fractured module. In the karstic module (and to some extent in the
porous module) a larger spread of drought durations is found, which also reflects the increased sensitivity to groundwater
demand under drought conditions for this specific aquifer type (Figure 6). Again, the largest differences are found for the
conjunctive use scenarios compared to the trigger-driven scenarios (Figure S9-S11 in Supplementary Materials).

The distinct difference in leverage in fractured module between the trigger-driven and integrated drought management scenarios
is mostly reflected in the drought frequency, as drought intensity and duration follow the same pattern -but less strongly
negative/positive compared to the other groundwater modules. The smaller differences compared to baseline might be due to the
overall higher groundwater storage levels in the integrated scenarios (Figure 5). The increased water supply and reduced water
demand scenarios in/decrease drought frequency respectively. Integrated scenarios result in a large range in drought frequency

with maintaining hands off flow scenarios slightly reducing overall frequency (Figure S11 in Supplementary Material).

Karstic Porous Fractured
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Figure 6. Sensitivity indices of the SHOWER model parameters (in the 3 configurations using Karstic, Porous and Fractured groundwater

modules) for three output metrics: mean duration, mean deficit and frequency of groundwater drought events.

3.2 Data-based model calibration and evaluation

Figure 7 shows the distribution of model performance over the calibration period according to different metrics. In all three
catchments, we find consistent results between calibrating to fit discharge observations (KGE-Qs or NSE;,,), groundwater
observations (KGE-Gs) or a ‘Best Overall’ (combined ranked performance criterion). The range in performance between the

calibration approaches varies for the catchments and we find a trade-off between calibrations on either discharge, groundwater
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or both model outputs.

The first calibration strategy is using only discharge (based on KGE-Qs) and results in slim ranges for all catchments: Pang
(0.75 - 0.81), Trent 0.76 - 0.84) and Derwent (0.77 - 0.82). These ranges are larger when fitting to NSE;,4, Best Overall or
groundwater-only calibration strategies, see first column in Figure 7). These discharge-only calibrations translate in consid-
erably less reliable results for groundwater storage (KGE-Gs: 0.13 - 0.62). Low groundwater storage conditions are typically
under-represented resulting in a lower KGE-Gs. In the NSE;,  scores (middle panel in Figure 7)) we see the same pattern
with the best scores for calibration on discharge droughts (based on NSE;,,) and KGE-Qs. Capturing the drought periods in
discharge seems more appropriate when applying the NSE,,, criteria that result in scores ranging between 0.61 and 0.71 for
all catchments.

In groundwater-only calibrations, KGE-Gs for groundwater can be very high and narrowly confined with scores ranging be-
tween (0.62 - 0.95; see last column in Figure 7). As found before, discharge-only calibration approaches result in a larger range
for KGE-Qs (0.27 - 0.73) for all catchments. NSE,,, scores for discharge are largely negative, suggesting this method is less
suitable to represent discharge droughts. The ‘Best Overall’ approach that combines all the performance criterion results in
larger performance ranges for both model outputs, although score ranges are largely acceptable for both discharge (0.55 - 0.79;
first column) and groundwater (0.27 - 0.91; last column).
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Figure 7. Distribution of model performance shown for the three catchments (Pang, Trent and Derwent). In each plot the four calibration
approaches are shown (coloured). The three columns show the top 50 results measuring the KGE for discharge (KGE-Qs), the logged NSE
of discharge (NSE;,4) and the KGE for groundwater (KGE-Gs).
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In Figure 8, we show the time series of simulated discharge and normalised groundwater storage over the validation pe-
riod 2004-2014 for the Pang catchment, for the four calibration approaches. Coloured lines are simulations from the top 50
calibration results based on NSE;,, (pink), on KGE-Qs (purple), and on the Best Overall metric (green). The model cali-
brated to discharge observations (pink) has an overall good performance despite some exaggerated high flows within this
period. The overall seasonality and recovery to normal flow conditions is particularly well-captured in 2007 and 2011 in this
heavily-abstracted Chalk catchment. The model calibrated with ‘Best Overall’ criterion produces less good simulations with
frequent underestimations of low flows. This is however a feature of the Chalk only, as validation time series of the Trent show
well-captured low flows (Figure S12 in Supplementary Materials). Observed low flows in the Derwent are consistently lower
compared to simulations, which might be due to simulations flattening out on an ecological flow between 5-30 % of baseflow
(Figure S13 in Supplementary Materials). Groundwater time series are remarkably similar between the KGE-Gs and ‘Best
Overall’ calibration in the Chalk (Figure 8, others in Supplementary Materials Figures S12 and S13. Both calibrations result
in well-captured periods of declining and low groundwater storage in 2004-06 and 2010-12 with a slight overestimation in
2007-08 compared to the mean observed groundwater storage (dotted).

Finally, we investigate the values of the top 50 performing parameter sets for the 'Best Overall’ calibration across the three
catchments. In Figure 9 each of these 50 parameter combinations is represented by a grey line. On top of these lines, box plots
help visualise the spread of these ‘optimal’ parameter values. Overall, we see that calibration highly constrains the three soil
moisture parameters (WP, CR and FC) in all three catchments. In the Pang catchment, the non-linear flow (karst) and ground-
water abstraction parameter (Dgw) are also well constrained; and so are discharge-outflow parameters sp1, sp1 and Dgw in
the Trent and Derwent catchment. Interestingly, in the Derwent catchment even more parameters (i.e. Kfc, b, Rcap and Dsw)
are constrained compared to the Pang and Trent, which is likely due to the upstream reservoir setup which heavily influences
discharge in the Derwent.

Parameters that are hardly constrained by the calibration vary for the three catchments. With an upstream reservoir setup in the
Derwent, there are just two almost unconstrained parameters (Qeco and s2), i.e. where top 50 values are almost evenly spread
over the national range used for sampling. In the Pang and Trent, soil parameters such as the unsaturated hydraulic conductivity
and shape parameter (Kfc, b) are also unconstrained, as are the reservoir capacity, ecological minimum flow and surface water

demand parameters (Rcap, Qeco, and Dsw respectively), which are all affecting the downstream reservoir.

The blue bars (or dots) in Figure 9 indicate the expected ranges (or point-values) of the model parameters based on local
information about the catchment characteristics (where available). In some cases (wilting point WP and unsaturated hydraulic
conductivity Kfc in the Trent and Derwent catchment), these ranges are as large as the national ranges, derived from the
CAMELS catchment attribute data (Coxon et al., 2020) and the European Soil database (Panagos et al., 2022). For other
parameters, such as groundwater storage data, calibrated values are similar to what we expect / know about the catchment.
Data detailed for the Kennet Valley and Stafford basin (Allen et al., 1997) is largely in agreement with the calibrated values.
In the Pang, proportionate groundwater demand (Dgw) is calibrated consistently to expected value of 30% (based on (Coxon

et al., 2020)). However, in the other catchments, calibration yields parameter values lower (Trent) and higher (Derwent) than
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Figure 8. Simulated discharge (Qs (mm) and normalised groundwater storage (Gs (-)) in the Pang catchment over the validation period
2004-2014. Top panel shows discharge simulations calibrated on NSE,,, (in pink) and the middle panels shows discharge calibrated on the
‘Best Overall’ criteria (in green). The lower panels show normalised groundwater simulations calibrated on the ‘Best Overall’ (in green) and

KGE-Gs (in purple). Black lines/dots are observations. Note that groundwater level observations are averaged from 17 locations, with the

range of variability across the stations in grey.

expected based on local information. For the field capacity parameter (FC) we identified a disagreement between calibration
and local information (from both CAMELS and the EU database) in all catchments. The calibrated Reservoir capacity (Rcap)
in the Derwent catchment is also slightly larger than the capacity of the Ladybower reservoir (from Salwey et al. (2023)). For
the Trent, calibrated ranges for Rcap are as large as the blue range, as this information is only available for the larger Trent
catchment (CAMELS ID 28009; also shown in Figure 2).
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help visualise the spread of the grey lines. Blue lines/dots are the expected parameter ranges/values purely based on catchment-specific

information

4 Discussion
4.1 SHOWER Model Performance

Overall, SHOWER simulations perform well in terms of baseflow and groundwater storage simulations in the three diverse
groundwater-rich catchments analysed here. Despite the difficulty of capturing droughts and low flows using a bucket model
(Melsen and Guse, 2019), we have shown that calibration focused on low flows (using NSE;,, as performance criteria) lead to
capturing low flows well also in the validation period.

The SHOWER performances reported in this paper are comparable or exceed the results of other hydrological models for
the same catchments. The largest improvements (measured in KGE) are found for the surface water-dominated G2G model

(Hannaford et al., 2023b) where SHOWER improves the negative (Pang) and average (Derwent) KGE values. Other rainfall-
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runoff models, such as GR4J and GR6J yield similar results for their selected best runs in the Pang and Derwent catchments
(Hannaford et al., 2023a), although the authors indicate that groundwater-dominated catchments are problematic to model well.
The recent coupled DECIPHeR-GW model results are similar to those of SHOWER (Zheng et al., 2025), showing that adding
the elaborate groundwater representation in this new DECIPHeR version improves model results for these areas (Coxon et al.,
2019; Lane et al., 2021). Even for similar modelling performances, a key advantage of SHOWER is that it explicitly accounts
for groundwater and surface water abstractions and reservoir influence, which introduces the possibility of testing the impact
of management strategies, which is not possible using the previously mentioned models.

Similar to Zheng et al. (2025), SHOWER has the ability to simulate both discharge and groundwater output. Groundwater
results are indicative of catchment’s mean storage, as modelled groundwater storage is relative and spatially uniform (lumped).
Despite this simplification, we show that groundwater time series can be well-captured using SHOWER (KGE: 0.62 - 0.95)
for both combined and groundwater-only calibration criteria. We could however not compare these performances to those of
other models, as published UK groundwater results are either not open-access and/or at the right scale (Mackay et al., 2014;
Lewis et al., 2018; Bianchi et al., 2024; Rahman et al., 2023; Zheng et al., 2025). The dual model output does complicate a
standard calibration process, as model users might want to identify priorities for their model use and could adjust the calibra-
tion accordingly to optimise performance or with the aim to find a single set of parameters. Presented calibration strategies do
however not have substantial trade-off, as we have shown in the response-based evaluation that both surface water and ground-
water can be well-captured in both wet and dry conditions (Kollat et al., 2012). The range in performance shown in Figure 7
illustrates how various calibration strategies differ within capturing the overall flow variability and low flow conditions. Peak
flows are however less well-captured when looking at high flows in 2010 in Figure 8, which is to be expected with groundwater
modules focusing on base flow generation (Stoelzle et al., 2015). It might also be a consequence of using KGE and logged
NSE as calibration criteria, which do not specifically emphasise high flow conditions (Althoff and Rodrigues, 2021). Overall,
benefits of the dual model output translate into a ‘Best overall’ parameter set that can be used to produce both discharge and
relative groundwater storage with reasonable confidence. This could overcome data availability issues in ungauged discharge

catchments or unavailable (recent) groundwater level records.

4.2 Influence of management scenarios

The integrated drought management scenarios have the most leverage on the SHOWER model outputs, and particularly the
conjunctive use scenario. Discharge and groundwater results are significantly altered by management scenarios, particularly
during drought periods. The effect of choosing a particular management scenario dominates over the model parameter uncer-
tainty, which indicates substantial influence to simulations regardless of the parameters used within the national range. Even
though this is a theoretical application of conjunctive use (water use is fully integrated and non-restrictive), diversification of
water sources and increased flexibility within a water distribution system is meant to increase drought resilience, as confirmed
by study areas with large conjunctive use schemes (Shepley et al., 2009; Scanlon et al., 2016; Seo et al., 2018). Cross-company

water transfers are an additional tool to overcome (short-term) water shortages, which have the potential to increase resilience
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to extreme droughts (Dobson et al., 2020). These local and regional water transfers can also be used to maintain ecological
minimum flows (Environment Agency, 2019). How these modelled measures translate to better protection of ecosystems can
be complex to observe on the ground. It will also require more site-specific modelling efforts, particularly investigating the
water quantity aspect of water resources management interventions, as maintaining specific surface or groundwater levels via
conjunctive or augmentation schemes does not directly guarantee a ‘good’ ecological status (Jakeman et al., 2016; Murgatroyd
et al., 2022).

The notable influence of these integrated water management strategies on drought characteristics (Figure 6) is encouraging, but
further research regarding the effectiveness of strategies is needed. Simulations indicate shorter drought durations by applying
integrated management strategies with a mix of both intensified and relieved drought intensity particularly in the karstic and
porous groundwater module. Additionally, the impact of demand measures that are widely applied in England, are most effec-
tive in a fast-responding shallow (fractured) groundwater module but less so in other groundwater modules, which emphasises
the wider need for research. These measures are rarely modelled at scale (Murgatroyd et al., 2022) or investigated in a larger
policy context (Urquijo et al., 2017). Alternative strategies to identify management impact use paired events, and show the
positive impacts of drought and flood measures implemented at location of two UK case studies (Kreibich et al., 2022). How
current and future drought management strategies hold against future UK heatwaves, increased water demand and increased
effort to maintain low flows is receiving increasingly more attention. Not only because extensive modelling work is required to
assess drought resilience at scale (Murgatroyd et al., 2022), but also because results indicate that without ‘“further interventions
to reduce water demand and provide additional water supplies, there is a high risk of water shortages, in particular in the South

East of England.’

4.3 Intended use of SHOWER

SHOWER is designed for simulations of discharge, primarily baseflow, and indicative groundwater storage variations over
time. SHOWER can be used as a screening tool to evaluate the impact of groundwater abstraction strategies on hydrological
droughts. The model runs quickly in R (1-4s per run on a Core i7 Intel laptop) and this provides the benefits of allowing on-the-
fly calculations and what-if scenario analysis considering multiple combinations of parameters and/or management settings.
SHOWER sits herein, in terms of mathematical complexity, between other bucket model approaches and (semi-) distributed
models producing discharge (Bell et al., 2007; Coron et al., 2017; Coxon et al., 2019). A crucial difference is that SHOWER
aims to represent groundwater-rich areas and is particularly well-placed to analyse droughts and drought management strate-
gies in regions with significant groundwater contributions to streamflow. Groundwater storage is represented in relative terms
and lumped for each catchment, meaning that results are simplified compared to distributed groundwater models, such as
Lewis et al. (2018); Mackay et al. (2014); Rahman et al. (2023); Bianchi et al. (2024). However, this simplification creates
the opportunity to explore results droughts and management impact in more detail prior to investing in expensive detailed
groundwater models. Moreover, the leverage of integrated drought management strategies shows the potential for SHOWER

in decision-making processes and the modular, open-source model structure allows for adjusting SHOWER to local / relevant
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characteristics for a particular water management scenario / setting.

Possible model improvements to the current version might be relevant to users that focus on particular areas with impermeable
surfaces or complicated land use areas (large urban areas), as SHOWER does not account for any differentiation in the soil
characteristics or for urban water strategies (such as large sewage treatment works (Coxon et al., 2024)). Other hydrological
models also deploy more sophisticated soil modules and we would recommend to either be aware of the simple setup or use
the modular model structure of SHOWER to synchronize in/outputs with alternative models. For small to medium-sized catch-
ments, we have found that SHOWER is quick to setup and can simulate both discharge and groundwater storage. However,
the absence of a routing module affects its performance for large catchments (approximately > 1000km?). Again, we would
advise model users to either insert a routing module into the modular open-source structure of SHOWER to account for this, or
use the modular model structure to adapt SHOWER in alternative ways. With the specific modelling aim to represent baseflow
and storage in groundwater-rich areas, we acknowledge that SHOWER is a social construct to further hydrological drought
management strategies in groundwater-rich environments (Melsen, 2022). However, the (open-source) modular structure of
SHOWER, quick running time, and link with CAMELS-GB make for a versatile socio-hydrological model that could be ap-
plied to regions across the globe, using other CAMELS datasets (Addor et al., 2017; Fowler et al., 2021; Chagas et al., 2020)

to support groundwater management decisions on the ground.

5 Conclusions

In this article, we present a socio-hydrological water resources modelling tool (SHOWER), which is designed to test hydro-
logical drought management strategies. The focus of SHOWER is on groundwater-rich regions and to that purpose the lumped
modelling approach includes three different groundwater-outflow modules. These are tested thoroughly in this work using a
global sensitivity analysis (GSA). We also identified (un)influential parameters in the GSA that aided calibration when apply-
ing SHOWER to three case study areas in the UK. In this data-based model evaluation, we have shown how SHOWER can
be deployed using open-source datasets to simulate both discharge and groundwater storage. Performance indicators show that
both model outputs can reasonably fit historical observations, as we have demonstrated calibration results for 1) low flows,
2) only groundwater and 3) ‘Best Overall’. We have found good performance across three primary aquifers, showing how the
three groundwater-outflow modules can generate baseflow whilst including water management interventions. We identified
where local information could further constrain parameters and how further (local) data could be used to optimize model per-
formance.

The GSA also indicated how modelled drought management strategies show leverage, meaning they have significant impact
on model outputs beyond uncertainty of model parameters. Integrated water resource management scenarios such as conjunc-
tive use and maintaining the ecological minimum flow showed significant improvement during droughts and with consistently
higher flows and storage even when considering the full (national) parameter range. The consistent influence to both overall
flows and hydrological droughts stimulates further research in these strategies. This could lead to further research in specific

regions where water managers are looking to increase their integrated water management strategies and/or at regional level
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aiming to increase drought resilience strategies. With the modular and open-access structure of SHOWER we aim to provide a

useful new tool for groundwater managers that they can use, modify and develop further to improve their work streams.

Code and data availability. SHOWER is driven and calibrated on open-source data, which we list here for the analysis in the paper. The
response-based analysis was driven using Met Office for the HadUK data (Alexander and Jones, 2001) (available here: Met Office Hadley
Centre) and Potential Evapotranspiration data (Robinson, 2016) that are available here:
https://doi.org/10.5285/bcec9c33-£863-464e-ac28-73b981bd40a4). The data-based analysis are driven using CAMELS-GB catchments’ time
series, available at the Environmental Data Centre Institute: CAMELS-GB - EIDC. Soil parameters are available from Soil Dataset of Panagos
et al. (2022) here: ESDAC - European Commission and reservoir parameters can be found in Salwey et al. (2023) dataset: Salwey/Reservoir
Impact Signatures.

Code for SHOWER is available at DEWendt/SHOWER (last access: 07-04-2025). Flow and groundwater storage outputs, parameter sets and
performance metrics from the best-performing model simulations (associated with both a catchment-by-catchment and nationally consistent

calibration) will be made available from the University of Bristol data repository upon publication.

24


https://www.metoffice.gov.uk/hadobs/hadukp/data/download.html
https://www.metoffice.gov.uk/hadobs/hadukp/data/download.html
https://www.metoffice.gov.uk/hadobs/hadukp/data/download.html
https://doi.org/10.5285/bcec9c33-f863-464e-ac28-73b981bd40a4
https://catalogue.ceh.ac.uk/documents/8344e4f3-d2ea-44f5-8afa-86d2987543a9
https://esdac.jrc.ec.europa.eu/resource-type/datasets
https://zenodo.org/records/7712750
https://zenodo.org/records/7712750
https://zenodo.org/records/7712750
https://github.com/DEWendt/SHOWER
https://github.com/DEWendt/SHOWER

505

510

Author contributions. DEW designed the study guided by FP for the data-response analysis and open-source data calibration of SHOWER.
Data-based analysis was performed by DEW and guided by GC. SS provided support on building in the up/downstream reservoir modules

in both analysis. All authors have contributed to the writing up of the paper and approved the final version.

Competing interests. The authors declare to have no competing interests.

Acknowledgements. DEW would like to acknowledge Yanchen Zheng for her assistance to the full Environment Agency groundwater dataset
and modelling advice. Additionally, DEW was grateful to receive coaching support from Claudia Gumm when returning to work after long-
covid.

DEW publishes with the permission of the Executive Director of the British Geological Survey (UKRI).

Financial Support

GC was supported by her UKRI Future Leaders Fellowship (MR/V022857/1). FP was supported by her EPSRC grant Robust
and transparent planning and operation of water resource infrastructure (EP/R007330/1). Both these grants supported DEW
in addition to her University of Bristol Career Development Fund. SS was supported by the NERC GW4+ Doctoral Training
Partnership studentship (NE/S007504/1) and DAFNI Centre of Excellence for Resilient Infrastructure Analysis within the
UKRI Building a Secure and Resilienct World program (ST/Y003713/1).

25



515

520

525

530

535

540

545

550

References

Abbott, B. W., Bishop, K., Zarnetske, J. P., Minaudo, C., Chapin, F. S., Krause, S., Hannah, D. M., Conner, L., Ellison, D., Godsey, S. E.,
Plont, S., Margais, J., Kolbe, T., Huebner, A., Frei, R. J., Hampton, T., Gu, S., Buhman, M., Sara Sayedi, S., Ursache, O., Chapin, M.,
Henderson, K. D., and Pinay, G.: Human domination of the global water cycle absent from depictions and perceptions, Nature Geoscience,
12, 533-540, https://doi.org/10.1038/s41561-019-0374-y, 2019.

Addor, N., Newman, A. J., Mizukami, N., and Clark, M. P.: The CAMELS data set: catchment attributes and meteorology for large-sample
studies, Hydrology and Earth System Sciences, 21, 5293-5313, https://doi.org/10.5194/hess-21-5293-2017, 2017.

Alexander, L. V. and Jones, P. D.: Updated precipitation series for the UK and discussion of recent extremes, Atmospheric science letters, 1,
142-150, 2001.

Allen, D., Brewerton, L., Coleby, L., Gibbs, B., Lewis, M., MacDonald, A., Wagstaff, S., and Williams, A.: The physical properties of major
aquifers in England and Wales, British Geological Survey (WD/97/034), 1997.

Althoff, D. and Rodrigues, L. N.: Goodness-of-fit criteria for hydrological models: Model calibration and performance assessment, Journal
of Hydrology, 600, 126 674, https://doi.org/https://doi.org/10.1016/j.jhydrol.2021.126674, 2021.

Aranguren-Diaz, Y., Galdn-Freyle, N. J., Guerra, A., Manares-Romero, A., Pacheco-Londofio, L. C., Romero-Coronado, A., Vidal-Figueroa,
N., and Machado-Sierra, E.: Aquifers and Groundwater: Challenges and Opportunities in Water Resource Management in Colombia,
Water, 16, https://doi.org/10.3390/w16050685, 2024.

Arheimer, B., , Cudennec, C., , Castellarin, A., , Grimaldi, S., , Heal, K. V., , Lupton, C., , Sarkar, A., , Tian, F,, , Kileshye Onema, J.-M.,
, Archfield, S., , Bloschl, G., , Chaffe, P. L. B., , Croke, B. E. W., , Dembélé, M., , Leong, C., , Mijic, A., , Mosquera, G. M., , Nlend,
B., , Olusola, A. O., , Polo, M. J., , Sandells, M., , Sheffield, J., , van Hateren, T. C., , Shafiei, M., , Adla, S., , Agarwal, A., , Aguilar,
C., , Andersson, J. C. M., , Andraos, C., , Andreu, A., , Avanzi, F., , Bart, R. R., , Bartosova, A., , Batelaan, O., , Bennett, J. C., ,
Bertola, M., , Bezak, N., , Boekee, J., , Bogaard, T., , Booij, M. J., , Brigode, P., , Buytaert, W., , Bziava, K., , Castelli, G., , Castro,
C. V., , Ceperley, N. C., , Chidepudi, S. K. R., , Chiew, E. H. S., , Chun, K. P,, , Dagnew, A. G., , Dekongmen, B. W., , Del Jesus,
M., , Dezetter, A., , Do Nascimento Batista, J. A., , Doble, R. C., , Dogulu, N., , Eekhout, J. P. C., , El¢i, A., , Elenius, M., , Finger,
D. C., , Fiori, A., , Fischer, S., , Forster, K., , Ganora, D., , Gargouri Ellouze, E., , Ghoreishi, M., , Harvey, N., , Hrachowitz, M., ,
Jampani, M., , Jaramillo, F., , Jongen, H. J., , Kareem, K. Y., , Khan, U. T., , Khatami, S., , Kingston, D. G., , Koren, G., , Krause,
S., , Kreibich, H., , Lerat, J., , Liu, J., , Liu, S., , Madruga de Brito, M., , Mahé, G., , Makurira, H., , Mazzoglio, P., , Merheb, M.,
, Mishra, A., , Mohammad, H., , Montanari, A., , Mujere, N., , Nabavi, E., , Nkwasa, A., , Orduna Alegria, M. E., , Orieschnig, C.,
, Ovcharuk, V., , Palmate, S. S., , Pande, S., , Pandey, S., , Papacharalampous, G., , Pechlivanidis, I., , Penny, G., , Pimentel, R., ,
Post, D. A., , Prieto, C., , Razavi, S., , Salazar-Galdn, S., , Sankaran Namboothiri, A., , Santos, P. P., , Savenije, H., , Shanono, N. J., ,
Sharma, A., , Sivapalan, M., , Smagulov, Z., , Szolgay, J., , Teng, J., , Teuling, A. J., , Teutschbein, C., , Tyralis, H., , Griensven, A. v.,
, van Schalkwyk, A. J., , van Tiel, M., , Viglione, A., , Volpi, E., , Wagener, T., , Wang, X., , Wang-Erlandsson, L., , Wens, M., and
Xia, J.: The IAHS Science for Solutions decade, with Hydrology Engaging Local People IN one Global world (HELPING), Hydrological
Sciences Journal, 69, 1417-1435, https://doi.org/10.1080/02626667.2024.2355202, 2024.

Ascott, M. J., Bloomfield, J. P., Karapanos, 1., Jackson, C. R., Ward, R. S., McBride, A. B., Dobson, B., Kieboom, N., Holman, I. P., Van Loon,
A.F., Crane, E. J., Brauns, B., Rodriguez-Yebra, A., and Upton, K. A.: Managing groundwater supplies subject to drought: perspectives on

current status and future priorities from England (UK), Hydrogeology Journal, 29, 921-924, https://doi.org/10.1007/s10040-020-02249-0,
2021.

26


https://doi.org/10.1038/s41561-019-0374-y
https://doi.org/10.5194/hess-21-5293-2017
https://doi.org/https://doi.org/10.1016/j.jhydrol.2021.126674
https://doi.org/10.3390/w16050685
https://doi.org/10.1080/02626667.2024.2355202
https://doi.org/10.1007/s10040-020-02249-0

555

560

565

570

575

580

585

Ashraf, S., Nazemi, A., and AghaKouchak, A.: Anthropogenic drought dominates groundwater depletion in Iran, Scientific Reports, 11,
9135, https://doi.org/10.1038/s41598-021-88522-y, 2021.

Barnett, S., Harrington, N., Cook, P., and Simmons, C. T.: Groundwater in Australia: Occurrence and Management Issues, pp. 109-127,
Springer International Publishing, Cham, ISBN 978-3-030-32766-8, https://doi.org/10.1007/978-3-030-32766-8_6, 2020.

Batelis, S.-C., Rahman, M., Kollet, S., Woods, R., and Rosolem, R.: Towards the representation of groundwater in the Joint UK Land
Environment Simulator, Hydrological Processes, 34, 2843-2863, https://doi.org/https://doi.org/10.1002/hyp.13767, 2020.

Bell, V. A, Kay, A. L., Jones, R. G., and Moore, R. J.: Development of a high resolution grid-based river flow model for use with regional
climate model output, Hydrology and Earth System Sciences, 11, https://doi.org/10.5194/hess-11-532-2007, 2007.

Beven, K. J.: Rainfall-runoff modelling: the primer, John Wiley & Sons, 2012.

BGS: Groundwater resources in the UK, https://www.bgs.ac.uk/geology-projects/groundwater-research/groundwater-resources-in-the-uk/,
2024.

Bianchi, M., , Scheidegger, J., , Hughes, A., , Jackson, C., , Lee, J., , Lewis, M., , Mansour, M., , Newell, A., , O’Dochartaigh, B.,
, Patton, A., and Dadson, S.: Simulation of national-scale groundwater dynamics in geologically complex aquifer systems: an example
from Great Britain, Hydrological Sciences Journal, 69, 572-591, https://doi.org/10.1080/02626667.2024.2320847, 2024.

Bloomfield, J. P., Marchant, B. P, and McKenzie, A. A.: Changes in groundwater drought associated with anthropogenic warming, Hydrology
and Earth System Sciences, 23, 1393-1408, https://doi.org/10.5194/hess-23-1393-2019, 2019.

Cao, G., Zheng, C., Scanlon, B. R., Liu, J., and Li, W.: Use of flow modeling to assess sustainability of groundwater resources in the North
China Plain, Water Resources Research, 49, 159-175, https://doi.org/https://doi.org/10.1029/2012WR011899, 2013.

Chagas, V. B. P,, Chaffe, P. L. B., Addor, N., Fan, F. M., Fleischmann, A. S., Paiva, R. C. D., and Siqueira, V. A.: CAMELS-BR:
hydrometeorological time series and landscape attributes for 897 catchments in Brazil, Earth System Science Data, 12, 2075-2096,
https://doi.org/10.5194/essd-12-2075-2020, 2020.

Coron, L., Thirel, G., Delaigue, O., Perrin, C., and Andréassian, V.: The suite of lumped GR hydrological models in an R package, Environ-
mental Modelling & Software, 94, 166—171, https://doi.org/https://doi.org/10.1016/j.envsoft.2017.05.002, 2017.

Coxon, G., Freer, J., Lane, R., Dunne, T., Knoben, W. J. M., Howden, N. J. K., Quinn, N., Wagener, T., and Woods, R.: DE-
CIPHeR v1: Dynamic fluxEs and Connectlvity for Predictions of HydRology, Geoscientific Model Development, 12, 2285-2306,
https://doi.org/10.5194/gmd-12-2285-2019, 2019.

Coxon, G., Addor, N., Bloomfield, J. P., Freer, J., Fry, M., Hannaford, J., Howden, N. J. K., Lane, R., Lewis, M., Robinson, E. L., Wagener,
T., and Woods, R.: CAMELS-GB: hydrometeorological time series and landscape attributes for 671 catchments in Great Britain, Earth
System Science Data, 12, 2459-2483, https://doi.org/10.5194/essd-12-2459-2020, 2020.

Coxon, G., McMillan, H., Bloomfield, J. P, Bolotin, L., Dean, J. F, Kelleher, C., Slater, L., and Zheng, Y.: Wastewater discharges
and urban land cover dominate urban hydrology signals across England and Wales, Environmental Research Letters, 19, 084016,
https://doi.org/10.1088/1748-9326/ad5bf2, 2024.

de Graaf, I. E., Gleeson, T., van Beek, L. R., Sutanudjaja, E. H., and Bierkens, M. F.: Environmental flow limits to global groundwater
pumping, Nature, 574, 90-94, 2019.

Di Baldassarre, G., Viglione, A., Carr, G., Kuil, L., Yan, K., Brandimarte, L., and Bloschl, G.: Debates- Perspectives on
socio-hydrology: Capturing feedbacks between physical and social processes, Water Resources Research, pp. 4770-4781,
https://doi.org/10.1002/2014WR016416.Received, 2015.

27


https://doi.org/10.1038/s41598-021-88522-y
https://doi.org/10.1007/978-3-030-32766-8_6
https://doi.org/https://doi.org/10.1002/hyp.13767
https://doi.org/10.5194/hess-11-532-2007
https://www.bgs.ac.uk/geology-projects/groundwater-research/groundwater-resources-in-the-uk/
https://doi.org/10.1080/02626667.2024.2320847
https://doi.org/10.5194/hess-23-1393-2019
https://doi.org/https://doi.org/10.1029/2012WR011899
https://doi.org/10.5194/essd-12-2075-2020
https://doi.org/https://doi.org/10.1016/j.envsoft.2017.05.002
https://doi.org/10.5194/gmd-12-2285-2019
https://doi.org/10.5194/essd-12-2459-2020
https://doi.org/10.1088/1748-9326/ad5bf2
https://doi.org/10.1002/2014WR016416.Received

590

595

600

605

610

615

620

625

Dobson, B., Coxon, G., Freer, J., Gavin, H., Mortazavi-Naeini, M., and Hall, J. W.: The Spatial Dynamics of Droughts and Water Scarcity
in England and Wales, Water Resources Research, 56, e2020WR027 187, https://doi.org/10.1029/2020WR027187, e2020WR027187
2020WR027187, 2020.

Doll, P., Hoffmann-Dobrev, H., Portmann, F., Siebert, S., Eicker, A., Rodell, M., Strassberg, G., and Scanlon, B.: Impact of water
withdrawals from groundwater and surface water on continental water storage variations, Journal of Geodynamics, 59, 143-156,
https://doi.org/10.1016/j.jog.2011.05.001, 2012.

Elvira Hernandez-Garcia, M. and Custodio, E.: Natural baseline quality of Madrid Tertiary Detrital Aquifer groundwater (Spain): a basis for
aquifer management, Environmental Geology, 46, 173—-188, https://doi.org/10.1007/s00254-004-1024-1, 2004.

Environment Agency: Revised Draft Water Resources Management Plan 2019 Supply-Demand Data at Company Level 2020/21
to 2044/45, Webiste (dataset), https://doi.org/https://data.gov.uk/dataset/fb38a40c-ebc1-4e6e-912c-bb47a76£f6149/revised-draft-water-
resources-management-plan-2019-supply-demand-data-at-company-level-2020-21-to-2044-45#licence-info, last accessed on 10-09,
2019.

Environment Agency: Meeting our future water needs: a national framework for water resources, techreport, 2020.

Environment Agency: Review of the research and scientific understanding of drought: summary report, Tech. rep., Environ-
ment Agency, https://www.gov.uk/government/publications/review-of-the-research-and-scientific-understanding-of-drought/
review-of-the-research-and- scientific-understanding-of-drought- summary-report, 2023.

Environment Agency: Hydrology Data Explorer, URL, https://environment.data.gov.uk/hydrology/landing, 2024.

Esteller, M. V., Rodriguez, R., Cardona, A., and Padilla-Sdnchez, L.: Evaluation of hydrochemical changes due to intensive aquifer exploita-
tion: case studies from Mexico, Environmental Monitoring and Assessment, 184, 5725-5741, https://doi.org/10.1007/s10661-011-2376-0,
2012.

Fowler, K. J. A., Acharya, S. C., Addor, N., Chou, C., and Peel, M. C.: CAMELS-AUS: hydrometeorological time series and landscape
attributes for 222 catchments in Australia, Earth System Science Data, 13, 3847-3867, https://doi.org/10.5194/essd-13-3847-2021, 2021.

Garcia, M., Portney, K., and Islam, S.: A question driven socio-hydrological modeling process, Hydrology and Earth System Sciences, 20,
73-92, https://doi.org/10.5194/hess-20-73-2016, 2016.

Gleeson, T., Villholth, K., Taylor, R., Perrone, D., and Hyndman, D.: Groundwater: a call to action., Nature, 576, 213, 2019.

Gleeson, T., Cuthbert, M., Ferguson, G., and Perrone, D.: Global Groundwater Sustainability, Resources, and Systems in the Anthropocene,
Annual Review of Earth and Planetary Sciences, 48, 431-463, https://doi.org/10.1146/annurev-earth-071719-055251, 2020.

Hannaford, J., Mackay, J. D., Ascott, M., Bell, V. A., Chitson, T., Cole, S., Counsell, C., Durant, M., Jackson, C. R., Kay, A. L., Lane, R. A,
Mansour, M., Moore, R., Parry, S., Rudd, A. C., Simpson, M., Facer-Childs, K., Turner, S., Wallbank, J. R., Wells, S., and Wilcox, A.:
The enhanced future Flows and Groundwater dataset: development and evaluation of nationally consistent hydrological projections based
on UKCP18, Earth System Science Data, 15, 2391-2415, https://doi.org/10.5194/essd-15-2391-2023, 2023a.

Hannaford, J., Mackay, J. D., Ascott, M., Bell, V. A., Chitson, T., Cole, S., Counsell, C., Durant, M., Jackson, C. R., Kay, A. L., Lane, R. A,,
Mansour, M., Moore, R., Parry, S., Rudd, A. C., Simpson, M., Facer-Childs, K., Turner, S., Wallbank, J. R., Wells, S., and Wilcox, A.:
The enhanced future Flows and Groundwater dataset: development and evaluation of nationally consistent hydrological projections based
on UKCP18, Earth System Science Data, 15, 2391-2415, https://doi.org/10.5194/essd-15-2391-2023, 2023b.

Hartmann, A., Gleeson, T., Rosolem, R., Pianosi, F., Wada, Y., and Wagener, T.: A large-scale simulation model to assess karstic groundwater
recharge over Europe and the Mediterranean, Geoscientific Model Development, 8, 1729-1746, https://doi.org/10.5194/gmd-8-1729-2015,
2015.

28


https://doi.org/10.1029/2020WR027187
https://doi.org/10.1016/j.jog.2011.05.001
https://doi.org/10.1007/s00254-004-1024-1
https://doi.org/https://data.gov.uk/dataset/fb38a40c-ebc1-4e6e-912c-bb47a76f6149/revised-draft-water-resources-management-plan-2019-supply-demand-data-at-company-level-2020-21-to-2044-45%23licence-info
https://doi.org/https://data.gov.uk/dataset/fb38a40c-ebc1-4e6e-912c-bb47a76f6149/revised-draft-water-resources-management-plan-2019-supply-demand-data-at-company-level-2020-21-to-2044-45%23licence-info
https://doi.org/https://data.gov.uk/dataset/fb38a40c-ebc1-4e6e-912c-bb47a76f6149/revised-draft-water-resources-management-plan-2019-supply-demand-data-at-company-level-2020-21-to-2044-45%23licence-info
https://www.gov.uk/government/publications/review-of-the-research-and-scientific-understanding-of-drought/review-of-the-research-and-scientific-understanding-of-drought-summary-report
https://www.gov.uk/government/publications/review-of-the-research-and-scientific-understanding-of-drought/review-of-the-research-and-scientific-understanding-of-drought-summary-report
https://www.gov.uk/government/publications/review-of-the-research-and-scientific-understanding-of-drought/review-of-the-research-and-scientific-understanding-of-drought-summary-report
https://environment.data.gov.uk/hydrology/landing
https://doi.org/10.1007/s10661-011-2376-0
https://doi.org/10.5194/essd-13-3847-2021
https://doi.org/10.5194/hess-20-73-2016
https://doi.org/10.1146/annurev-earth-071719-055251
https://doi.org/10.5194/essd-15-2391-2023
https://doi.org/10.5194/essd-15-2391-2023
https://doi.org/10.5194/gmd-8-1729-2015

630

635

640

645

650

655

660

Hisdal, H., Tallaksen, L. M., Gauster, T., Bloomfield, J. P., Parry, S., Prudhomme, C., and Wanders, N.: Chapter 5 - Hydrological drought
characteristics. . This chapter builds upon: Hisdal, H., Tallaksen, L.M., Clausen, B., Peters, E., Gustard, A., 2004. Hydrological Drought
Characteristics, Chapter 5. In: Tallaksen, L.M., Van Lanen, H.A.J. (Eds.), Hydrological Drought. Processes and Estimation Methods for
Streamflow and Groundwater. Developments in Water Science, 48, Elsevier Science B.V., 139-198., in: Hydrological Drought (Sec-
ond Edition), edited by Tallaksen, L. M. and van Lanen, H. A., pp. 157-231, Elsevier, second edition edn., ISBN 978-0-12-819082-1,
https://doi.org/https://doi.org/10.1016/B978-0-12-819082-1.00006-0, 2024.

Huggins, X., Gleeson, T., Villholth, K. G., Rocha, J. C., and Famiglietti, J. S.: Groundwaterscapes: A Global Classification and Mapping of
Groundwater’s Large-Scale Socioeconomic, Ecological, and Earth System Functions, Water Resources Research, 60, e2023WR036 287,
https://doi.org/https://doi.org/10.1029/2023WR036287, e2023WR036287 2023WR036287, 2024.

Hughes, D., Birkinshaw, S., and Parkin, G.: A method to include reservoir operations in catchment hydrological models using SHETRAN,
Environmental Modelling & Software, 138, 104 980, https://doi.org/https://doi.org/10.1016/j.envsoft.2021.104980, 2021.

Jakeman, A., Barreteau, O., Hunt, R., Rinaudo, J., and Ross, A.: Integrated groundwater management: concepts, approaches and challenges,
Springer International Publishing, https://doi.org/10.1007/978-3-319-23576-9, 2016.

Kendon, M., Marsh, T., and Parry, S.: The 2010-2012 drought in England and Wales, Weather, 68, 88-95,
https://doi.org/https://doi.org/10.1002/wea.2101, 2013.

Kirchner, J. W.: Getting the right answers for the right reasons: Linking measurements, analyses, and models to advance the science of
hydrology, Water Resources Research, 42, https://doi.org/https://doi.org/10.1029/2005WR004362, 2006.

Klgve, B., Ala-aho, P., Bertrand, G., Boukalova, Z., Ertiirk, A., Goldscheider, N., Ilmonen, J., Karakaya, N., Kupfersberger, H., Kveerner,
J., Lundberg, A., Mileusni¢, M., Moszczynska, A., Muotka, T., Preda, E., Rossi, P., Siergieiev, D., Simek, J., Wachniew, P., Angheluta,
V., and Widerlund, A.: Groundwater dependent ecosystems. Part I: Hydroecological status and trends, Environmental Science Policy,
14, 770-781, https://doi.org/https://doi.org/10.1016/j.envsci.2011.04.002, adapting to Climate Change: Reducing Water-related Risks in
Europe, 2011.

Kollat, J. B., Reed, P. M., and Wagener, T.: When are multiobjective calibration trade-offs in hydrologic models meaningful?, Water Re-
sources Research, 48, https://doi.org/https://doi.org/10.1029/201 1WR011534, 2012.

Kreibich, H., Van Loon, A. F., Schroter, K., Ward, P. J., Mazzoleni, M., Sairam, N., Abeshu, G. W., Agafonova, S., AghaKouchak, A.,
Aksoy, H., Alvarez-Garreton, C., Aznar, B., Balkhi, L., Barendrecht, M. H., Biancamaria, S., Bos-Burgering, L., Bradley, C., Budiyono,
Y., Buytaert, W., Capewell, L., Carlson, H., Cavus, Y., Couasnon, A., Coxon, G., Daliakopoulos, L., de Ruiter, M. C., Delus, C., Erfurt, M.,
Esposito, G., Francois, D., Frappart, F., Freer, J., Frolova, N., Gain, A. K., Grillakis, M., Grima, J. O., Guzman, D. A., Huning, L. S., lonita,
M., Kharlamov, M., Khoi, D. N., Kieboom, N., Kireeva, M., Koutroulis, A., Lavado-Casimiro, W., Li, H.-Y., LLasat, M. C., Macdonald,
D., Mard, J., Mathew-Richards, H., McKenzie, A., Mejia, A., Mendiondo, E. M., Mens, M., Mobini, S., Mohor, G. S., Nagavciuc, V.,
Ngo-Duc, T., Thao Nguyen Huynh, T., Nhi, P. T. T., Petrucci, O., Nguyen, H. Q., Quintana-Segui, P., Razavi, S., Ridolfi, E., Riegel, J.,
Sadik, M. S., Savelli, E., Sazonov, A., Sharma, S., Sérensen, J., Arguello Souza, F. A., Stahl, K., Steinhausen, M., Stoelzle, M., Szaliniska,
W., Tang, Q., Tian, F., Tokarczyk, T., Tovar, C., Tran, T. V. T., Van Huijgevoort, M. H. J., van Vliet, M. T. H., Vorogushyn, S., Wagener,
T., Wang, Y., Wendt, D. E., Wickham, E., Yang, L., Zambrano-Bigiarini, M., Bloschl, G., and Di Baldassarre, G.: The challenge of
unprecedented floods and droughts in risk management, Nature, 608, 80-86, https://doi.org/10.1038/s41586-022-04917-5, 2022.

Lane, R. A., Freer, J. E., Coxon, G., and Wagener, T.: Incorporating Uncertainty Into Multiscale Parameter Regionalization to Evaluate
the Performance of Nationally Consistent Parameter Fields for a Hydrological Model, Water Resources Research, 57, e2020WR028 393,
https://doi.org/https://doi.org/10.1029/2020WR028393, €2020WR028393 2020WR028393, 2021.

29


https://doi.org/https://doi.org/10.1016/B978-0-12-819082-1.00006-0
https://doi.org/https://doi.org/10.1029/2023WR036287
https://doi.org/https://doi.org/10.1016/j.envsoft.2021.104980
https://doi.org/10.1007/978-3-319-23576-9
https://doi.org/https://doi.org/10.1002/wea.2101
https://doi.org/https://doi.org/10.1029/2005WR004362
https://doi.org/https://doi.org/10.1016/j.envsci.2011.04.002
https://doi.org/https://doi.org/10.1029/2011WR011534
https://doi.org/10.1038/s41586-022-04917-5
https://doi.org/https://doi.org/10.1029/2020WR028393

665

670

675

680

685

690

695

700

Lewis, E., Birkinshaw, S., Kilsby, C., and Fowler, H. J.: Development of a system for automated setup of a physically-based,
spatially-distributed hydrological model for catchments in Great Britain, Environmental Modelling & Software, 108, 102 — 110,
https://doi.org/https://doi.org/10.1016/j.envsoft.2018.07.006, 2018.

Liu, J., Koch, J., Stisen, S., Troldborg, L., and Schneider, R. J. M.: A national-scale hybrid model for enhanced streamflow estimation
— consolidating a physically based hydrological model with long short-term memory (LSTM) networks, Hydrology and Earth System
Sciences, 28, 2871-2893, https://doi.org/10.5194/hess-28-2871-2024, 2024.

Mackay, J., Jackson, C., and Wang, L.: A lumped conceptual model to simulate groundwater level time-series, Environmental Modelling &
Software, 61, 229-245, https://doi.org/https://doi.org/10.1016/j.envsoft.2014.06.003, 2014.

Melsen, L.: It takes a village to run a model - The social practices of hydrological modeling, Water Resources Research, 58,
€2021WRO030 600, https://doi.org/https://doi.org/10.1029/2021 WR030600, e2021 WR030600 2021 WR030600, 2022.

Melsen, L. A. and Guse, B.: Hydrological Drought Simulations: How Climate and Model Structure Control Parameter Sensitivity, Water
Resources Research, 55, 10 527-10 547, https://doi.org/https://doi.org/10.1029/2019WR025230, 2019.

Murgatroyd, A., Gavin, H., Becher, O., Coxon, G., Hunt, D., Fallon, E., Wilson, J., Cuceloglu, G., and Hall, J. W.: Strategic analysis of the
drought resilience of water supply systems, Philosophical Transactions of the Royal Society A: Mathematical, Physical and Engineering
Sciences, 380, 20210292, https://doi.org/10.1098/rsta.2021.0292, 2022.

Panagos, P., Van Liedekerke, M., Borrelli, P., Koninger, J., Ballabio, C., Orgiazzi, A., Lugato, E., Liakos, L., Hervas, J., Jones, A., and
Montanarella, L.: European Soil Data Centre 2.0: Soil data and knowledge in support of the EU policies, European Journal of Soil
Science, 73, e13 315, https://doi.org/https://doi.org/10.1111/ejss.13315, 2022.

Pianosi, F. and Wagener, T.: Distribution-based sensitivity analysis from a generic input-output sample, Environmental Modelling Software,
108, 197-207, https://doi.org/https://doi.org/10.1016/j.envsoft.2018.07.019, 2018a.

Pianosi, F. and Wagener, T.: Distribution-based sensitivity analysis from a generic input-output sample, Environmental Modelling & Soft-
ware, 108, 197-207, https://doi.org/https://doi.org/10.1016/j.envsoft.2018.07.019, 2018b.

Pianosi, F., Sarrazin, F., and Wagener, T.: A Matlab toolbox for Global Sensitivity Analysis, Environmental Modelling & Software, 70,
80-85, https://doi.org/https://doi.org/10.1016/j.envsoft.2015.04.009, 2015.

Pool, S., Vis, M., and Seibert, J.: Evaluating model performance: towards a non-parametric variant of the Kling-Gupta efficiency, Hydrolog-
ical Sciences Journal, 63, 1941-1953, https://doi.org/10.1080/02626667.2018.1552002, 2018.

Rahman, M., Pianosi, F., and Woods, R.: Simulating spatial variability of groundwater table in England and Wales, Hydrological Processes,
37, e14 849, https://doi.org/https://doi.org/10.1002/hyp.14849, 2023.

Rameshwaran, P., Bell, V. A., Brown, M. J., Davies, H. N., Kay, A. L., Rudd, A. C., and Sefton, C.: Use of Abstraction and Dis-
charge Data to Improve the Performance of a National-Scale Hydrological Model, Water Resources Research, 58, e2021WR029 787,
https://doi.org/https://doi.org/10.1029/2021WR029787, €2021WR029787 2021WR029787, 2022.

Rateb, A., Scanlon, B. R., Pool, D. R., Sun, A., Zhang, Z., Chen, J., Clark, B., Faunt, C. C., Haugh, C. J., Hill, M., Hobza, C., McGuire,
V. L., Reitz, M., Miiller Schmied, H., Sutanudjaja, E. H., Swenson, S., Wiese, D., Xia, Y., and Zell, W.: Comparison of Groundwa-
ter Storage Changes from GRACE Satellites with Monitoring and Modeling of Major U.S. Aquifers, Water Resources Research, 56,
€2020WR027 556, https://doi.org/https://doi.org/10.1029/2020WR027556, e2020WR027556 2020WR027556, 2020.

Robinson, E.L.;Blyth, E. D.-P. E. J. A.: Climate hydrology and ecology research support system potential evapotranspiration dataset for
Great Britain (1961-2015) [CHESS-PE], https://doi.org/10.5285/8bat805d-39ce-4dac-b224-c926ada353b7, 2016.

30


https://doi.org/https://doi.org/10.1016/j.envsoft.2018.07.006
https://doi.org/10.5194/hess-28-2871-2024
https://doi.org/https://doi.org/10.1016/j.envsoft.2014.06.003
https://doi.org/https://doi.org/10.1029/2021WR030600
https://doi.org/https://doi.org/10.1029/2019WR025230
https://doi.org/10.1098/rsta.2021.0292
https://doi.org/https://doi.org/10.1111/ejss.13315
https://doi.org/https://doi.org/10.1016/j.envsoft.2018.07.019
https://doi.org/https://doi.org/10.1016/j.envsoft.2018.07.019
https://doi.org/https://doi.org/10.1016/j.envsoft.2015.04.009
https://doi.org/10.1080/02626667.2018.1552002
https://doi.org/https://doi.org/10.1002/hyp.14849
https://doi.org/https://doi.org/10.1029/2021WR029787
https://doi.org/https://doi.org/10.1029/2020WR027556
https://doi.org/10.5285/8baf805d-39ce-4dac-b224-c926ada353b7

705

710

715

720

725

730

735

Salwey, S., Coxon, G., Pianosi, F., Singer, M. B., and Hutton, C.: National-Scale Detection of Reservoir Impacts Through Hydrological
Signatures, Water Resources Research, 59, e2022WR033 893, https://doi.org/https://doi.org/10.1029/2022WR033893, e2022WR033893
2022WR033893, 2023.

Salwey, S., Coxon, G., Pianosi, F., Lane, R., Hutton, C., Bliss Singer, M., McMillan, H., and Freer, J.: Developing water supply reservoir op-
erating rules for large-scale hydrological modelling, Hydrology and Earth System Sciences, 28, 4203—4218, https://doi.org/10.5194/hess-
28-4203-2024, 2024.

Scanlon, B. R., Reedy, R. C., Faunt, C. C., Pool, D., and Uhlman, K.: Enhancing drought resilience with conjunctive use and managed aquifer
recharge in California and Arizona, Environmental Research Letters, 11, 035 013, https://doi.org/10.1088/1748-9326/11/3/035013, 2016.

Seo, S. B., Mahinthakumar, G., Sankarasubramanian, A., and Kumar, M.: Conjunctive Management of Surface Water and Groundwater
Resources under Drought Conditions Using a Fully Coupled Hydrological Model, JOURNAL OF WATER RESOURCES PLANNING
AND MANAGEMENT, 144, https://doi.org/10.1061/(ASCE)WR.1943-5452.0000978, 2018.

Shamsudduha, M., Chandler, R. E., Taylor, R. G., and Ahmed, K. M.: Recent trends in groundwater levels in a highly seasonal hydrological
system: the Ganges-Brahmaputra-Meghna Delta, Hydrology and Earth System Sciences, 13, 2373-2385, https://doi.org/10.5194/hess-13-
2373-2009, 2009.

Shepley, M., Pearson, A., Smith, G., and Banton, C.: The impacts of coal mining subsidence on groundwater resources management of the
East Midlands Permo-Triassic Sandstone aquifer, England, Quarterly Journal of Engineering Geology and Hydrogeology, 41, 425438,
https://doi.org/10.1144/1470-9236/07-210, 2008.

Shepley, M., Streetly, M., Voyce, K., and F., B.: Management of stream compensation for a large conjunctive use scheme, Shropshire, UK,
Water and Environment Journal, 23, 263271, https://doi.org/10.1111/j.1747-6593.2008.00158.x, 2009.

Shepley, M. G., Whiteman, M., Hulme, P., and Grout, M.: Introduction: groundwater resources modelling: a case study from the UK,
Geological Society, London, Special Publications, 364, 1-6, 2012.

Siebert, S., Burke, J., Faures, J.-M., Frenken, K., Hoogeveen, J., Doll, P., and Portmann, E. T.: Groundwater use for irrigation—a global
inventory, Hydrology and earth system sciences, 14, 1863—1880, https://doi.org/10.5194/hess-14-1863-2010, 2010.

Sivapalan, M., Savenije, H. H. G., and Bloschl, G.: Socio-hydrology: A new science of people and water, Hydrological Processes, 26,
1270-1276, https://doi.org/10.1002/hyp.8426, 2012.

Smith, K. A., Barker, L. J., Tanguy, M., Parry, S., Harrigan, S., Legg, T. P., Prudhomme, C., and Hannaford, J.: A multi-objective ensemble
approach to hydrological modelling in the UK: an application to historic drought reconstruction, Hydrology and Earth System Sciences,
23, 3247-3268, https://doi.org/10.5194/hess-23-3247-2019, 2019.

Stoelzle, M., Weiler, M., Stahl, K., Morhard, A., and Schuetz, T.: Is there a superior conceptual groundwater model structure for baseflow
simulation?, Hydrological Processes, 29, 1301-1313, https://doi.org/10.1002/hyp.10251, 2015.

Sutanudjaja, E. H., van Beek, L. P. H., de Jong, S. M., van Geer, F. C., and Bierkens, M. F. P.: Large-scale groundwater modeling using global
datasets: a test case for the Rhine-Meuse basin, Hydrology and Earth System Sciences, 15, 2913-2935, https://doi.org/10.5194/hess-15-
2913-2011, 2011.

Tallaksen, L. M. and van Lanen, H. A. J.: Hydrological drought : processes and estimation methods for streamflow and groundwater, Elsevier,
ISBN 0444517677, 2004.

Taylor, R. G., Scanlon, B., Ddll, P,, Rodell, M., Van Beek, R., Wada, Y., Longuevergne, L., Leblanc, M., Famiglietti, J. S., Edmunds, M.,

et al.: Ground water and climate change, Nature climate change, 3, 322-329, 2013.

31


https://doi.org/https://doi.org/10.1029/2022WR033893
https://doi.org/10.5194/hess-28-4203-2024
https://doi.org/10.5194/hess-28-4203-2024
https://doi.org/10.5194/hess-28-4203-2024
https://doi.org/10.1088/1748-9326/11/3/035013
https://doi.org/{10.1061/(ASCE)WR.1943-5452.0000978}
https://doi.org/10.5194/hess-13-2373-2009
https://doi.org/10.5194/hess-13-2373-2009
https://doi.org/10.5194/hess-13-2373-2009
https://doi.org/10.1144/1470-9236/07-210
https://doi.org/10.1111/j.1747-6593.2008.00158.x
https://doi.org/10.5194/hess-14-1863-2010
https://doi.org/10.1002/hyp.8426
https://doi.org/10.5194/hess-23-3247-2019
https://doi.org/10.1002/hyp.10251
https://doi.org/10.5194/hess-15-2913-2011
https://doi.org/10.5194/hess-15-2913-2011
https://doi.org/10.5194/hess-15-2913-2011

740

745

750

755

760

Urquijo, J., Pereira, D., Dias, S., and De Stefano, L.: A methodology to assess drought management as applied to six European case studies,
International Journal of Water Resources Development, 33, 246-269, https://doi.org/10.1080/07900627.2016.1174106, 2017.

Van Lanen, H. A. J., Wanders, N., Tallaksen, L. M., and Van Loon, A. F.: Hydrological drought across the world: impact of climate and
physical catchment structure, Hydrol. Earth Syst. Sci, 17, 1715-1732, https://doi.org/10.5194/hess-17-1715-2013, 2013.

Vanelli, F. M., Kobiyama, M., and de Brito, M. M.: To which extent are socio-hydrology studies truly integrative? The case of natural hazards
and disaster research, Hydrology and Earth System Sciences, 26, 2301-2317, https://doi.org/10.5194/hess-26-2301-2022, 2022.

Wagener, T., Reinecke, R., and Pianosi, F.: On the evaluation of climate change impact models, WIREs Climate Change, n/a, €772,
https://doi.org/https://doi.org/10.1002/wcc.772, 2022.

Wendt, D. E., Van Loon, A. F.,, Bloomfield, J. P., and Hannah, D. M.: Asymmetric impact of groundwater use on groundwater droughts,
Hydrology and Earth System Sciences, 24, 4853-4868, https://doi.org/10.5194/hess-24-4853-2020, 2020.

Wendt, D. E., Bloomfield, J. P, Van Loon, A. F., Garcia, M., Heudorfer, B., Larsen, J., and Hannah, D. M.: Evaluating integrated wa-
ter management strategies to inform hydrological drought mitigation, Natural Hazards and Earth System Sciences, 21, 3113-3139,
https://doi.org/10.5194/nhess-21-3113-2021, 2021.

West, L. J., Farrell, R. P., Foley, A. E., Howlett, P. R., and Massei, N.: An introduction to the chalk aquifers of northern Europe, Geological
Society, London, Special Publications, 517, 1-14, https://doi.org/10.1144/SP517-2023-3, 2023.

WHS: Qube - Technical Guide to low flow simulation, Tech. rep., Wallingford HydroSolutions, https://www.hydrosolutions.co.uk/software/
qube/supporting_literature/, 2024.

Wilby, R., Greenfield, B., and Glenny, C.: A coupled synoptic-hydrological model for climate change impact assessment, Journal of Hydrol-
ogy, 153, 265-290, https://doi.org/https://doi.org/10.1016/0022-1694(94)90195-3, 1994.

Wittenberg, H.: Effects of season and man-made changes on baseflow and flow recession: case studies, Hydrological Processes, 17, 2113—
2123, https://doi.org/https://doi.org/10.1002/hyp.1324, 2003.

Zheng, Y., Coxon, G., Rahman, M., Woods, R., Salwey, S., Rong, Y., and Wendt, D. E.: DECIPHeR-GW vl1: a coupled hydrolog-
ical model with improved representation of surface—groundwater interactions, Geoscientific Model Development, 18, 4247-4271,

https://doi.org/10.5194/gmd-18-4247-2025, 2025.

32


https://doi.org/10.1080/07900627.2016.1174106
https://doi.org/10.5194/hess-17-1715-2013
https://doi.org/10.5194/hess-26-2301-2022
https://doi.org/https://doi.org/10.1002/wcc.772
https://doi.org/10.5194/hess-24-4853-2020
https://doi.org/10.5194/nhess-21-3113-2021
https://doi.org/10.1144/SP517-2023-3
https://www.hydrosolutions.co.uk/software/qube/supporting_literature/
https://www.hydrosolutions.co.uk/software/qube/supporting_literature/
https://www.hydrosolutions.co.uk/software/qube/supporting_literature/
https://doi.org/https://doi.org/10.1016/0022-1694(94)90195-3
https://doi.org/https://doi.org/10.1002/hyp.1324
https://doi.org/10.5194/gmd-18-4247-2025

