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Abstract. Groundwater depletion in arid and semi-arid regions is a pressing global challenge, driven
10 by intensive extraction for irrigation and compounded by climate variability. However, distinguishing
between the impacts of anthropogenic pumping and climate variability on groundwater dynamics
remains difficult due to the lagged response of groundwater levels and the scarcity of long-term
abstraction records. This uncertainty limits effective groundwater management. Previous studies
classify climate-dominated sites using time-series models based primarily on calibration fit rather than
15  predictive performance. Here, we advance groundwater driver attribution by explicitly predicting
groundwater heads 2 to 8 years ahead in addition to calibration fit, using commonly available climate
data and observed groundwater heads. We undertake this by assessing calibration and predictive
performance across 92 wells in North Gujarat, western India, using the HydroSight time-series model.
By integrating probabilistic forecasting metrics, particularly the Continuous Ranked Probability Score
20  (CRPS), with traditional calibration measures - Coefficient of Efficiency (CoE), we identified climate-
dominated wells with greater spatio-temporal consistency. CRPS effectively differentiated groundwater
wells influenced by climate from those affected by pumping, revealing distinct regional patterns in
groundwater dynamics. We identified 37-51% of wells as climate-dominated across multiple prediction
periods, primarily in eastern districts, validated by field observations and regional assessments. This
25  study advances groundwater assessment methods by demonstrating limitations of conventional
calibration-based approaches and advocating predictive skill evaluation. Our data-driven classification
relies on observed groundwater head data to assess climate influence at finer resolution, offering
insights at a scale not previously explored. These findings support improved groundwater management

strategies and guide sustainable use policies in data-scarce regions.
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30 1 Introduction

Over the past five decades, groundwater has become the primary water source for agriculture in many
water-limited regions worldwide, particularly in arid and semi-arid areas where surface water is scarce
or unreliable (Siebert et al., 2010; Morsy et al., 2018; Hoogesteger 2022; McDermid et al., 2023). Its
intensive extraction, driven by growing irrigation demands and compounded by climate variability, has
35 led to significant declines in groundwater levels, raising concerns about long-term sustainability
(Scanlon et al., 2012; Gorelick & Zhang, 2015; de Graaf et al., 2017). However, attributing changes in
groundwater levels to pumping, climate and/or land cover change remains a significant challenge and
one that impedes appropriate management actions. This challenge arises because groundwater levels
are influenced not only by recent withdrawals but also by past withdrawals and antecedent climate
40  conditions, such as multi-year rainfall deficits or surpluses. Moreover, systematic records of
groundwater abstraction are rarely available over the full period of groundwater development, as
pumping in many regions started decades before formal monitoring or regulation, with comprehensive
metering largely limited to recent decades and a small number of high-income settings. This limited
data availability severely constrains efforts to separate the effects of pumping from climate variability,
45  making it difficult to determine whether a decline is caused by overexploitation or climate conditions

and, hence, the interventions required.

Several studies have attempted to address this issue by identifying sites where groundwater dynamics
are influenced by individual drivers and very often relying on statistical models. In contrast, numerical
modeling studies are less frequently used due to their high data requirements for long-term ground
50 observation data for key hydro-meteorological parameters, such as groundwater well installation
details, aquifer properties, pumping volumes, and climate records (Famiglietti and Rodell, 2013; Taylor
et al., 2013; Condon et al., 2021). Additionally, challenges related to the limited understanding and
modeling of subsurface processes further constrain their applicability (Oreskes et al., 1994; Ojha et al.,
2015). Given these challenges, statistical models have been widely used to analyze groundwater
55  dynamics by identifying the influences of climate variability and anthropogenic activities. For example,
Shapoori et al. (2015a, 2015b) used the HydroSight time-series model (Peterson and Western, 2014) to
decompose groundwater head variations into meteorological and pumping-related components in
southeastern Australia. Similarly, Fan et al. (2023) used HydroSight to identify observation bores across
Australia dominated by climate rather than pumping. Using deep learning techniques, Wunsch et al.
60  (2022) employed a convolutional neural network (CNN) model to identify sites across Germany where
groundwater level trends are primarily driven by climate. While these studies provide valuable insights,
the assessment of climate-dominated sites wholly relied on the fit to a calibration period. However, such
approaches do not assess the predictive skill. This is crucial because groundwater pumping may vary
over time, and models calibrated under specific conditions may fail when those conditions change.

65  More broadly, the ability of a scientific theory or approach to make accurate and verifiable predictions
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is a far stronger threshold to meet than one explaining only the dependent data used to establish the
theory or approach. Collenteur et al. (2024) recognised the importance of predictive evaluation in their
assessment of various groundwater time-series methods, but to date this has not progressed to using

predictive evaluation in the attribution of groundwater drivers.

70  However, the prediction of groundwater heads presents challenges because groundwater levels are
generally unconstrained by a lower limit (excluding complete dewatering) or an upper limit and exhibit
strong serial correlation, leading to pronounced interannual trends in which past conditions often
influence future levels for multiple years (Fowler et al., 2020). This leads to a more persistent and
lagged response to both climatic and anthropogenic drivers, implying that good agreement between

75  simulated and observed groundwater hydrographs during calibration does not necessarily indicate
correct attribution of the underlying drivers. Such difficulties in evaluating groundwater predictions
also emerged in Collenteur et al. (2024) whereby multiple performance metrics were required, making

the comparison of various approaches across various metrics problematic

In this context, different combinations of climatic and anthropogenic drivers may produce similar
80  groundwater hydrographs when the underlying processes differ. For example, a model may reproduce
long-term trends while underrepresenting short-term variability, or capture variability while exhibiting
systematic bias in groundwater levels, with both cases appearing consistent with observations when
assessed visually or through calibration performance. Consequently, attribution based primarily on

hydrograph reproduction remains problematic.

85  Furthermore, it is important to recognize that in many groundwater systems drivers such as groundwater
pumping intensity and land use/land cover (LULC) can change over time, leading to shifting system
responses not captured during calibration (Scanlon et al., 2012; Tam and Nga, 2018). Previous studies
have shown that increased impervious surfaces, vegetation loss, and the conversion of deep-rooted
forests to shallow-rooted agricultural land can significantly alter groundwater recharge, with impacts

90  varying by region and land use type (Scanlon et al., 2005; Owuor et al., 2016; Han et al., 2017; Frommen
et al., 2021; Siddik et al., 2022). Additionally, shifts in groundwater pumping—driven by irrigation
demands, changes in irrigation methods, or seasonal use—can lead to abrupt changes in groundwater
levels, further complicating attribution in model calibration (Fabbri et al., 2016; Porhemmat et al., 2018;
Frommen et al., 2021; Pool et al., 2022). These non-stationary influences complicate model evaluation

95 and indicate that model assessment should not rely solely on hydrograph fit, but also consider
performance under changing conditions. Here, we evaluate groundwater driver attribution by explicitly
assessing predictive performance alongside calibration fit. Using the HydroSight time-series modelling
framework (Peterson and Western, 2014), we examine groundwater head dynamics based on commonly
available climate data, recognizing the limited availability of long-term pumping records. Model

100  performance is then assessed using a range of existing and new performance metrics, including both

deterministic and probabilistic measures, to evaluate hydrograph fit during calibration and behavior
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under changing conditions. These analyses are applied to 92 groundwater wells across the North Gujarat

region in Western India, covering an area of 28,565 km? known for its intensive groundwater pumping.

Below, the study area is first detailed, followed by a description of all the datasets used and their sources
105  in Section 2. Further, the methods to identify the climate-dominated groundwater wells are then outlined
in Section 2, starting with a description of the model, steps for model setup and calibration, selection of
best model configuration, performance metrics, and implementation in the study area. Section 3 details
the results from the model application for climate-dominated groundwater wells in the study area, and
the model’s prediction performance. In Section 4, we critically evaluate the adequacy of the model
110  configuration selection and the performance metrics for identifying climate-dominated groundwater
well locations, along with our deliberations for other likely driving factors responsible. Lastly, the

conclusion section summarizes the key findings of the study and the scope of future research.
2 Material and Methods
2.1 Study area

115  North Gujarat, in Western India, is categorized as a semi-arid region as per the Koppen climate
classification (Peel et al., 2007) (Fig. 2). The North Gujarat Region (NGR) covers an area of 28,565
km? and is bounded by the Aravalli range in the north, Kachchh in the western, and Gujarat plains in
the southern and eastern bounds. Administratively, NGR consists of five districts, Aravalli (3,176 km?),
Banaskantha (10,854 km?), Patan (5796 km?), Mahesana (4,458 km?), and Sabarkantha (4279 km?),

120  supporting 15% (89,27,893) of the total population (6,04,39,692) of the Gujarat state (Census of India,
2011).

The NGR receives an average annual precipitation of 450-850 mm with an increasing trend from west
to east. About 95% of annual precipitation is received during the southwest monsoon season (Jun-Sep).
The mean maximum temperature varies from 36° to 42°C (May), and the minimum temperature varies

125  from 9° to 11°C (January).

Geologically, the region is underlain by formations ranging from Pre-Cambrian to recent Quaternary
periods. NGR comprises the Delhi supergroup and Aravalli supergroup of age Paleoproterozoic —
Mesoproterozoic and plutonic rock formations of age Neoproterozoic such as Erinpura granite, Sendraji
Ambaji granite and Makani granite and gneiss rock formations in the north-eastern part of the region.
130  Most of NGR is covered with Quaternary age alluvial and fluvial sediments in the southwestern

direction of the region (GSI, 1970).

NGR is dominated by deep alluvial soils, with loam as the predominant soil texture. The eastern part of
the region consists mainly of clay and sandy clay loam soils, while the western part is characterised
primarily by clay loam with localised areas of silt loam. The majority of the region has gently sloping

135  terrain (0-5%) and is subjected to slight to moderate soil erosion. The soils are moderately well-drained
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in most of the region, making them highly favorable for agriculture. Thus, the major land use in the
region is agriculture, which covers about 85% of the total area. Over the past two decades, land use and
land cover (LULC) changes have been minimal, with groundwater remaining the primary source of

irrigation due to the absence of significant surface water resources.

140  NGR aquifer system is grouped into four aquifer groups up to 300 m depth; however, three aquifer
groups have been demarcated, i.e., unconfined (up to 90-120 m), semi-confined (up to 180-210 m) and
confined (300m) with aquitard (comprising of clay interbedded with thin sand layers) in-between
(CGWB, 2020).

The Central Groundwater Board (CGWB), India’s groundwater monitoring agency, incorporates the
145  Groundwater Estimation Committee (GEC) 2015 methodology (MoWR, RD & GR, 2017) to estimate
groundwater recharge, availability, and extraction using theoretical equations and generalized
assumptions. CGWB estimates that NGR has an average annual available groundwater resource
equivalent to a depth of 134 mm/year, corresponding to a total volumetric availability of 3.82 billion
cubic meters (BCM) that can be extracted for domestic, industrial and irrigation purposes, of which
150 they estimate 95% of the groundwater is extracted. The groundwater is recharged annually through
different sources, and the CGWB estimate makes up a total volume of 4.21 BCM, equivalent to an
average depth of 147 mm/year across the region (CGWB, 2021). The decadal pre-monsoon assessment
in NGR (May 2011-2020) for the monitoring wells installed in the unconfined aquifer suggests that the
mean depth to water table range from less than 2 to 40 meters below ground level (m bgl) (CGWB,
155  2022).

However, the rare metering of groundwater usage in the region poses challenges to the accuracy of
CGWB’s estimates for groundwater extraction and recharge. Groundwater extraction is only
approximated over a region using one or a combination of methods, depending on data availability,
including the unit draft method, crop water requirement method, power consumption method,
160  consumptive use method, and consumptive use pattern method (MoWR, RD & GR, 2017). Similarly,
groundwater recharge is estimated using the water level fluctuation method and the rainfall infiltration
factor method (MoWR, RD & GR, 2017). Many of these methods rely on data sourced from existing
literature or assumed parameters. The core methods are publicly available, with manuals providing
standard equations and procedures. However, the specific steps and assumptions used in practice are
165  not clearly documented, making it challenging to assess their accuracy. Additionally, these estimation
approaches suffer from low spatial resolution, reliance on major assumptions, and the confounding
effects of climate and pumping add to the uncertainties. Methods such as the unit draft and power
consumption approach aggregate data over large administrative units or electricity feeders, ignoring
localized hydrogeological variations and individual well efficiencies and make very little use of the
170  historic observed groundwater hydrographs. The crop water requirement and consumptive use methods

assume static irrigation efficiency and plant water use, failing to capture variations in farmer behavior
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and climatic conditions. Additionally, water table fluctuation-based methods often underestimate
recharge, as they attribute all groundwater level declines to pumping, neglecting delayed percolation
and soil moisture storage (Healy & Cook, 2002). Errors in rainfall estimates, energy consumption
175  patterns, and assumed parameters can further reduce reliability. Consequently, the estimates for
groundwater extraction and recharge are very uncertain and lack consideration of the historic weather
data and make little use of the only widely observed groundwater data, which we argue likely lead to

an overemphasis on groundwater extraction as the primary driver of depletion.
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estimates (2002-2020) are also mapped.
2.2 Data
2.2.1.Groundwater head data

185  The groundwater time series depth and location coordinates are collected at 493 wells within the region
by the CGWB. The groundwater depth is monitored quarterly, i.e., May (pre-monsoon), August (peak
monsoon), November (post-monsoon), and January (recession stage) for the unconfined aquifers. These
observation wells have been constructed at different times, and for some wells, the monitoring has been
stopped after some years. Of the total, 10% of the wells (n = 50) have long-term observations for

190  groundwater depths for 25 years starting from 1996 till 2020.
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For groundwater time series modelling, the length and quality of observations are critical factors that
can impact the accuracy and reliability of predictions. Van der Spek and Bakker (2017) showed that the
length of the time series is more influential on the groundwater time series model’s prediction
uncertainty than the total number of observations/observation frequency. Their investigation showed
195  that the shorter length of time series of < 5 years resulted in large predictive uncertainty, while it
improved significantly when the time length was increased to 10 years. However, improvements in the
model predictive uncertainty were minor in increasing the time lengths to 20 and 30 years. Based on
these findings, we required at least 10 years of quarterly groundwater level observations at each
groundwater well. Further, we adopted an error model as per the approach of Peterson et al. (2018) that
200  uses the heuristics and double exponential smoothing methods to check the quality of the groundwater
level data for any irregular /unreliable observation (as it is very common with groundwater
observations) and the serial correlation of the errors. Following the criterion, a total of 92 wells were
selected for use (Fig. 2). Detailed information on the data record of all the groundwater wells is shown
in Fig. S1. The groundwater depth data of these 92 wells was then transformed into groundwater head
205  using SRTM digital elevation data available at 30 meters spatial resolution. While the SRTM data
provides elevations at a relatively coarse spatial resolution, the accuracy of elevations does not influence
our results. Further, we conducted a field visit to gain firsthand insights into the history and purpose of
these wells, as well as the surrounding influences, to understand the key drivers affecting the

groundwater heads.
210  2.2.2. Climate data

The HydroSight statistical modeling requires daily precipitation and potential evapotranspiration data.
Given the lack of meteorological stations in NGR, here we used the Indian Meteorological Department
(IMD) gridded meteorological datasets. The precipitation data is available at 0.25° x 0.25° resolution,
and the temperature is available at 1.0° x 1.0° resolution. Both products are derived from station
215  observations and provide spatially complete and temporally consistent meteorological inputs. The IMD
rainfall dataset has been widely used in hydro-climatological studies across India (e.g., Vinnarasi &
Dhanya, 2016; Nageswararao et al., 2019; Sharma et al., 2022; Phawa et al., 2022). The data for rainfall
and temperature was downloaded from 1951-2020, transformed into raster stacks and spatially
interpolated to the groundwater well locations using the bilinear interpolation method with the help of
220 R packages “raster” (Hijmans et al., 2015) and “sp” (Pebesma et al., 2012). For potential
evapotranspiration (PET) estimation, we used the Hargreaves method (Hargreaves and Samani, 1985).
While this method requires only temperature data (maximum and minimum), which are the only
meteorological observations available other than precipitation, it is a simple method that can produce
excessive day-to-day variability. We also tested the Penman-Monteith equation using the available
225  observed meteorological variables (minimum and maximum temperature), latitude and elevation data

and derived estimates of net solar radiation, wind speed, saturation vapor pressure and actual vapor
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pressure. However, this produced implausibly low PET values (i.e., in the range of 0.88-1.88 mm/day)
for the region and was hence rejected. Overall, the implications of using the Hargreaves method on the
findings are, however, likely to be modest. This is because, as detailed below, the groundwater time-
230  series modeling only uses PET in the estimation of recharge, which is then smoothed though a
convolution to estimate the groundwater head. The excessive day-to-day PET fluctuations from the

Hargreaves method are subsequently heavily smoothened via convolution in the groundwater response.
2.3 Time series groundwater modelling

The groundwater head hydrograph for each groundwater well was simulated using HydroSight

235  (Peterson & Western, 2014; Peterson & Fulton, 2019). A core feature is the time-series convolution
modeling whereby the observed head at any time point is simulated as the numerical integral of a
weighted driver, such as rainfall. Specifically,

Hne = | Pt =0 dr 0

where H; is the simulated head at time t, F(t-t) is a driver of the head at t days prior to t and ®(t) is a
weighting function for the forcing. Following Peterson and Western (2014), the forcing was the
240  simulated daily free-drainage from a vertically lumped one-dimensional soil moisture model,
effectively transforming input daily climate data into a free-drainage signal conceptualized as a gross
recharge (i.e. excluding phreatic ET). The two daily climate inputs are precipitation (P) and potential
evapotranspiration (PET). The soil moisture store (SMS) model can take many forms, and here a one-
layer and a two-layer model were examined. Following Peterson and Western (2014), the one-layer soil

245  moisture was modeled by solving an ordinary differential equation for the mass balance:
ds 5 \° S \f

S Y
@ _»p __2 ) 2 ) 2 2)
ar s (1 SMSC) Ksar (SMSC) PET (SMSC)

where S is the soil moisture (as a depth) in the shallow stores respectively at time t, SMSC is the soil
moisture capacity, Pinr is the daily precipitation infiltrated at time t, PET is the daily potential
evapotranspiration at t, ke, is the vertical saturated hydraulic conductivity and o, B, and y are the power
terms controlling the non-linearity in the infiltration, recharge and evapotranspiration, respectively.
250  Here, the infiltration parameter (o) was fixed to 1, which implies that as the soil layer wets up, the

infiltration declines, and at saturation, all precipitation goes to runoff.

The two-layer model is identical to the one-layer model, but it has a second deeper soil store whereby
the free drainage from the upper store drains into the deeper store, the ET demand is first supplied by
the upper store, and the deep store supplies the remaining demand. The deeper layer model was modeled

255  using the Eq. (3):
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Here, S and S are the soil moisture in the shallow and deeper stores respectively at time t, SMSC and

SMSCucp are the soil moisture capacity in the shallow and deeper soil stores respectively, Ksat, decp 1 the
vertical saturated hydraulic conductivity for the deeper soil store and Pacep and yqeep are the power terms

controlling the non-linearity in the recharge and evapotranspiration, respectively.

260  In addition to the above-discussed one-layer and two-layer soil store models, the Peterson & Fulton
(2019) extension was adopted to constrain the average simulated soil evapotranspiration to a plausible
range, resulting in more realistic recharge estimates. Specifically, upper and lower plausible bounds on
the modelled actual ET were obtained from probabilistic estimates of the Budyko curve (Greve et al.,
2015) using the aridity at the groundwater well. Any model parameter set that exceeded these constraints

265  during the calibration were rejected.

Overall, four model configurations were applied to each groundwater well, namely, one-layer ET-
unconstrained SMS model (1vi), two-layer ET-unconstrained SMS model (lovi), one-layer ET-

constrained SMS model (1;v2), and two-layer ET-constrained SMS model (Iv2).
The recharge is then weighted with a modified Pearson type III distribution function (Eq. 4):
t" lexp (—bt)

n— 4
n;l) 1exp(l—n) 9

o) =A

270 Here, A, b and n are non-physical parameters used in calibration. Specifically, A is a scaling parameter,
linked to the amplitude of groundwater head response, b controls the decay rate of the weighting
function, and n is the shape parameter governing the form of distribution. In the convolution equation
Eq. 1, ©(t) modulates the impact of F(t-t) on Hsm:. Essentially, it acts as a filter that determines how
much the past recharge contributes to the groundwater head and the temporal structure of the system’s

275  memory, i.e., whether the system has a short memory (rapid decay) or a long memory (slow decay).
The convolution model allows for diverse system behaviors based on the parameters of the weighting
function ©(t). In a short memory response, where the decay parameter b is large, the influence of
recharge diminishes rapidly, causing the system to respond quickly to rainfall with minimal lasting
effects. Conversely, a long memory response arises when decay factor b is small, resulting in a gradual

280  attenuation of recharge impacts over extended periods. This reflects systems where past recharge

continues to affect groundwater levels for years or even decades.

A large time lag between recharge and head response is observed when the shape parameter n increases.

This causes O(t) to peak at longer time lags, indicating delayed head responses, often due to slow

9
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propagation in thick unsaturated zones or low-permeability aquifers. Different combinations of
285  parameters (A, b, n) can yield complex behaviors, such as a strong immediate response with slow decay
or minimal short-term impact with prolonged influence. These outcomes allow the model to represent
a wide range of hydrogeological scenarios, from shallow, rapidly draining systems to deep aquifers with

significant storage capacity.
2.3.1.Model calibration

290  To achieve the best fit for the model to an observed hydrograph, each model was calibrated using the
global calibration scheme Covariance Matrix Adaptation Evolution Strategy (CMA-ES) (Hansen,
2006). Each one-layer model has seven parameters to calibrate, with soil moisture capacity (SMSC),
vertical soil conductivity (k_sat), drainage parameter (B) for the SMS model and three parameters from
the Pearsons’ Type III distribution weighting function (A, b, n) and the exponential noise function (p).
295 In the case of a two-layer model, deep layer soil moisture capacity (SMSCaep) and potential
evapotranspiration parameter (y) are also calibrated for the SMS model, thus making a total of nine
parameters for calibration. The calibration uses an approximate likelihood negative log objective
function, which evaluates the fit of the model to observed data. By minimizing this objective function,
the CMA-ES algorithm adjusts the model parameters to maximize agreement between observed and
300 simulated hydrographs. The calibration population size was set to eight times the number of model

parameters, and the convergence criteria for the objective function was 1x 108,

Each groundwater model was calibrated over four observation lengths. Firstly, the total observation
record was used. We then tested the predictive skill of each model. For this, we employed a split
sampling approach and tested the model prediction performance over different time periods. Based on
305  the length of groundwater head time series records of the 92 groundwater wells, we selected the last 2,
4 and 8 years to test the model’s ability to predict groundwater trends under different timescales. A
shorter evaluation period (e.g., 2 years) allows for more calibration data, improving model reliability
but capturing only short-term climate influences. As the evaluation period extends to 4 and § years, the
prediction window increases, providing a better assessment of long-term climate eftfects. However, this
310 comes at the cost of reduced calibration data, potentially increasing uncertainty. This approach helps
balance predictive accuracy and data availability, ensuring confidence in identifying climate-dominated

groundwater responses.
2.4 Identification of climate-dominated groundwater wells
2.4.1.Calibration period

315  After calibrating each groundwater well, the fit to the calibrated period was examined to assess if this
provides an adequate identification of climate-dominated groundwater wells - as others have relied on.

We considered two criteria:

10
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ii.

The goodness of fit of the hydrograph. For a well to be identified as climate-dominated, the
simulated head over the calibration period should be unbiased and approximately reproduce the
observed variability and timing of fluctuations. Following others (Shapoori et al., 2015a and Fan et
al., 2023), here we use the standard Coefficient of Efficiency (CoE) (Eq. 5) (Nash & Sutcliffe,
1970):

_ thv=1(Hobs,t - sim,t)2

thvzl(Hobs,t - Hobs)z

CoE =1 ®)

Where N is the duration of the calibration period, Ho»s and Hgim are observed and simulated
groundwater heads at time t, Hobs is the mean of observed groundwater heads for the total duration
N. The CoE values range from -oo to 1, where 1 indicates a perfect fit and 0 indicates a fit no better
than obtained from the observed mean head. While a CoE > of 0.80 is commonly referenced in
hydrological modelling as a good predictive skill score, particularly in surface water (Moriasi et al.,
2007; Ladson, 2008), groundwater time series model can exhibit extremely high CoE values
because of strong serial correlation in groundwater head time series, but also very low values
because of the absence of a fixed lower bound. For example, Fan et al. (2023) adopted a CoE of 0.8
to identify climate-dominated sites. Although the study puts a threshold of CoE > 0.8 for identifying
climate-dominated sites, a lower CoE score (i.e., 0.6-0.8) still indicates that the model captures the
dominant climate fluctuations. Here, we adopted a calibration CoE threshold of 0.6 to delineate

climate-dominated groundwater wells.

The partitioning of the rainfall must be plausible. As discussed above, the internal plausibility of
the model dynamics is often not considered when denoting a site as climate-dominated or otherwise.
Here, we estimated the recharge coefficient, which is calculated as the ratio of the mean drainage
to mean rainfall. For semi-arid to arid regions, the ratio is understood to be low due to limited

precipitation and high evapotranspiration rates.

2.4.2.Evaluation/prediction period

To assess the prediction performance of the model during the evaluation period, we first evaluated using
standard CoE. However, groundwater hydrograph simulations can exhibit different combinations of
bias and variability that are not always clearly distinguished by CoE alone. This behaviour is illustrated

conceptually in Fig. 2.

We identify four broad outcomes that can arise when comparing simulated and observed groundwater
heads. Model A (Fig. 2A) and Model C (Fig. 2C) represent cases of low bias, where the mean simulated

groundwater head aligns closely with observations. However, Model A exhibits low variance and fails

11
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350 to capture observed variability, whereas Model C reproduces both the mean behaviour and the observed
variability. In contrast, Model B (Fig. 2B) and Model D (Fig. 2D) represent cases of high bias, where
simulated groundwater heads deviate substantially from observations, while still differing in their
ability to reproduce observed variability. Model B underrepresents variability, whereas Model D

captures observed fluctuations more accurately despite the presence of systematic bias.

355  When evaluated using CoE, these contrasting behaviours can lead to ambiguous performance rankings.
While Model C is correctly identified as the best-performing simulation, models that reproduce long-
term trends but fail to capture variability may receive higher CoE values than simulations that capture
variability well but exhibit constant bias. From a groundwater evaluation perspective, simulations that
reproduce observed variability are often more informative for understanding system dynamics and

360  driver influence than simulations that reproduce mean groundwater levels alone. This illustrates a
limitation of relying solely on CoE for evaluating groundwater model performance during prediction

and attribution analyses.

Low Variance High Variance
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Figure 2: Conceptual diagram of four possible groundwater head modelling scenarios over a
365 calibration and evaluation period. The columns examine high and low simulated variance
scenarios and the rows high and low bias scenarios (A) Low bias and low variance. (B) High

bias and low variance. (C) Low bias and high variance. (D) High bias and high variance.

To address this, we introduce three additional performance metrics that modify the standard CoE
formula to account for both bias and the ability to capture trends, ensuring a more hydrologically
370  relevant model evaluation tested during the evaluation periods. Additionally, we adopted a technique
from ensemble forecasting, specifically Continuous Ranked Probability Score (CRPS), to account for

the predictive uncertainty.
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Equation (5) is used for the standard CoE for the evaluation period, and further modifications have been
made to introduce our three new performance metrics. The second performance metric is the unbiased
375  coefficient of efficiency (CoE,) (Eq. 6). The key modification here is that we subtract the mean residual

from each residual before squaring. This removes any systematic bias in the model predictions.

The third performance metric is the standard coefficient of efficiency but extended to use the total
observed variability over the entire observation record (CoEs) (Eq. 7). Normally, CoE is affected by
changes in variability between these periods. If the evaluation period has greater variability than the
380 calibration period—perhaps due to a shorter record or altered drives such as pumping—CoE reduces,
even if the model’s error spread remains similar. To address this we adjusted Eq. (5) by normalizing the
errors using the total observed variability over the full dataset rather than just the evaluation period. The
equation thus helps to stabilize the model performance evaluation, making comparisons across different

periods more reliable, even when the hydrological conditions change.

385  The fourth performance metric is the unbiased coefficient of efficiency for total observed variability
(CoE ), which is the hybrid of the above two metrics (Eq. 8). It combines the benefits of bias correction
and normalization by total variability and ensures that both systematic biases and the model’s ability to
replicate the entire range of observed data (from short-term fluctuations to long-term trends) are

accurately assessed.

- 2
Z?:l ((Hobs - Hstm) - (Hobs,t - Hsim,t))

CoE, =1- —— (©)
Z?=1(H0bs,t - Hobs)
390
2

. (H, —Hg; x N
COEU =1- Zt;l( obs,t ilm,t)z (7)

Zt:l(Hobs,t - Hobs) xn

- 2
Z?=1 ((Hobs - Hstm) - (Hobs,t - Hsim,t)) xN

CoE,,=1-— ®)

Z{y:l(Hobs,t - Hobs)z xn

Here, n is the number of observations of the evaluation period, N is the number of observations for the

complete record, and Hops is the mean of observed groundwater head for the total evaluation period n.

While the CoE variants—CoE,, CoEs, and CoE,,; -were introduced to address bias and variance
395  limitations of the standard CoE, they remain fundamentally point-based metrics that summarize
performance using aggregated squared errors. While CoE, removes systematic bias and CoEs adjusts
for changing variance, yet they do not assess how variability is distributed over time. Even CoE,,q,

which combines both corrections, does not evaluate how well the model captures the temporal structure

13
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of observed fluctuations. However, all four CoE metrics ignore predictive uncertainty, despite
400  uncertainty being an important component of groundwater head prediction and driver attribution. This
raises an important question: how should we compare two models that are both biased, but one has low
uncertainty while the other has high uncertainty? A model with narrow predictive intervals may appear
more accurate but often misses observations, while another with a greater uncertainty may more reliably
include them. In contrast, the latter—though associated with greater uncertainty—offers a more reliable
405 and transparent representation of model performance. This highlights the need for evaluation
approaches that consider both accuracy and predictive uncertainty to ensure a more meaningful

assessment of model performance.

One approach to address this is adopting metrics developed to evaluate probabilistic forecasts. Unlike
deterministic metrics, probabilistic metrics account for prediction uncertainty and hence offer a more

410  comprehensive assessment of model reliability (Krzysztofowicz, 2001). Despite their extensive
application in surface water modeling, probabilistic approaches remain largely unexplored in
groundwater studies — possibly, we speculate, because predictive evaluation receives less attention in
groundwater than surface water studies. Here, we adopt the Continuous Ranked Probability Score
(CRPS) method from ensemble forecasting as our fifth metric. CRPS evaluates the entire predicted

415  cumulative distribution function (CDF) at each time step against the observations, thereby assessing
both prediction accuracy and the associated uncertainty (Gneiting & Raftery, 2007). Mathematically,
the CRPS for a predicted CDF F(y) and an observed value x is defined as:

CRPS (F,x) = f (FG) — 10y - x))2 dy ©)

0,forx<0

where 1 is the Heaviside step function 1 (x) = { 1, forx =0 (10)

420

The CRPS values are computed using the ‘scoringRules’ package in R (Jordan et al., 2017). Further, as
the CRPS computation is performed for each timestep, here we calculate the mean CRPS over an
evaluation period. Additionally, to enable comparison between groundwater wells with very different
variability in the observed head, we normalize the average CRPS by the standard deviation of the
425  observed head.
1w 11
CRPS = FZ CRPS,

t=1
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CRPS

CRPSyqtio = Doy
obs

(12)

The CRPS ratio values range from 0 to c, where low values (closer to 0) indicate accurate prediction
and higher CRPS (greater than ~1) indicate poor predictive performance. A CRPS ratio of 1 indicates

430 that the prediction error is of a similar magnitude to the variability in the observed data.

To evaluate the metrics across the groundwater wells, we construct scatter plots of the calibration period
CoE against each evaluation period performance metric. For this, thresholds of calibration CoE > 0.2
and evaluation CRPS < 0.8 are used to classify wells with climate influence and reasonable predictive
reliability. Here a low calibration CoE criteria was adopted to place the most weight on the evaluation
435  performance while allowing rejection of the occasional well that is well simulated during only the
evaluation period. Now, to interpret these plots, the plot space is divided into four quadrants. The
reasoning for this is that if a groundwater well is truly dominated by climate, then it should be plotted
in a region that has good calibration and evaluation performance. Similarly, if another driver (e.g.
groundwater pumping) dominates over the entire record, then performance should be poor over both
440  calibration and evaluation and hence, it should plot in the diagonally opposite quadrant. However, if
other drivers emerge only during the calibration or evaluation periods, then they will plot on the opposite
diagonal axis. Most interestingly, if groundwater pumping occurred only during the evaluation periods,
then this approach would avoid the false positive identification of it as climate-dominated — if one relied
only on the calibration performance. By applying the quadrant approach, we are able to visually and
445  quantitatively identify and classify wells based on their placement in each quadrant and link them with
the likely driver of influence on the groundwater head. Further, we then examined the spatial continuity

of the performance metrics across the study area.
3 Results
3.1 Calibration period identification of climate-dominated wells

450  The identification of climate-dominated groundwater wells has very often been assessed using the fit to
the observed hydrograph over the calibration period. Here we start with this approach. Fig. 3
summarizes the CoE performance during the calibration period for all four model types. Using the
criterion of CoE>0.60, the ET-unconstrained one-layer and two-layer models (i.e., livi and lvi)
identified 24% (n=22) and 20% (n=18) of groundwater well locations as climate-dominated,

455  respectively. Interestingly, 17 of the two-layer model wells were also identified by the one-layer model.
This consistency is encouraging but suggests that a one-layer model may be more likely to produce

false positive identification of climate-dominated wells.
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Figure 3: CoE performance summary of 92 groundwater wells evaluated for four models

over a full calibration period

On applying the ET constraint in the model structure, the results of the one-layer (1,v2) and two-layer
(lav2) models show 12% (n=11) and 14% (n=13) of the groundwater well locations to be climate-
dominated, respectively. Four groundwater well locations (25, 70, 77, and 83) were identified as

climate-dominated in both the one-layer and two-layer ET-constrained models.

Fig. 4 maps the calibration CoE at each well from each of the four model structures. It shows that for
all four models, the climate-dominated (with CoE > 0.60) wells are primarily in the eastern part of the
region (i.e., on and around the borders of the Aravalli and Sabarkantha district) and in small
clusters/patches in the northern part of the Banaskantha district, in the center of the region (i.e., on the
borders of Patan, Mehsana and Banaskantha district) and the southern tip of the Mehsana district. The
mid-range CoE values (0.4-0.6) also populate around these spots around the climate-dominated
groundwater wells. The low CoE values <0.2 appear primarily in the western parts of the region (i.e.
Banaskantha and Patan districts) and are scattered over the central part of the region. This spatial
consistency across the models is encouraging, considering each groundwater well was analyzed
independently. Overall, they suggest that wells in the east appear likely to be climate-dominated, and
as we move towards the west, we see climate-dominated wells becoming less common and scattered or
in small patches. However, this assessment ignores the plausibility of the modeled dynamics and

predictive skills.
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Figure 4: Calibration period CoE for 92 groundwater well locations across the North
430 Gujarat region evaluated for (A) One-layer ET-unconstrained model (1;vi). (B) Two-layer
ET-unconstrained model (I2vi). (C) One-layer ET-constrained model (1,v2). (D) Two-layer

ET-constrained model (12v3).
3.2 Are the recharge estimates plausible?

The calibration CoE shows that the groundwater head in the east is likely to be climate-dominated. To
485  examine if such good model performance also aligns with plausible internal model dynamics, and hence
we can have more confidence in them, we further evaluated the recharge estimates produced by the
models. Fig. 5 summarizes the recharge-to-precipitation (R/P) ratio for each of the four models for the
92 groundwater wells. The ET-unconstrained models tend to overestimate recharge, leading to
unrealistically high R/P ratios in many wells. Taking a 20% threshold for annual recharge, only 15%
490  (n=14) of wells from these models fall below this limit—far fewer than expected. This overestimation
occurs because the model is not able to handle the proper partitioning of rainfall, sending too much to

recharge instead of evapotranspiration.

In contrast, the ET-constrained models produce a more realistic distribution of recharge estimates. Here,

50% (n=46) and 67% (n=62) of wells, in one-layer and two-layer models, respectively, show annual

17



https://doi.org/10.5194/egusphere-2026-3346
Preprint. Discussion started: 1 July 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

495  recharge below 20%, suggesting that incorporating ET constraints prevents excessive recharge and
maintains a more balanced water partitioning. Among these, the one-layer ET-constrained model
appears to perform best, producing a spatially correlated pattern of climate-dominated wells while

maintaining hydrological consistency.

70 4
Wilvl mi2vl ®milv2 = 12v2

N w B 1% [=2]
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L L L
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=
(=]

A | | [ 1 | O T [

0.00- 0.20 0.20- 0.40 0.40- 0.60 0.60 - 0.80 0.80-1.00 >1.00
Recharge ratio

o

500 Figure 5: Recharge ratio summary of 92 groundwater wells evaluated for four models

over a full calibration period

The spatial distribution of recharge further reinforces these findings (Fig. 6). In the ET-unconstrained
models, recharge rates below 20% were confined to small patches, mainly in the Banaskantha district,
along the Patan-Mehsana border, and in the Aravalli district. Meanwhile, recharge rates exceeding 40%
505  were widespread, covering all districts. In stark contrast, the ET-constrained models presented the
opposite pattern: recharge rates below 20% were spread across the entire region, while recharge rates
exceeding 20% were largely concentrated around the Mehsana-Patan border. This pattern aligns better
with the region’s hydro-meteorological conditions and land use, suggesting that the ET-constrained

models provide more realistic recharge estimates.

510  That said, some ET-constrained models still exhibit higher-than-expected R/P ratios, even when they
meet the CoE threshold. This can occur when a high initial soil water storage rapidly drains and
artificially inflates recharge estimates. This highlights a key limitation of relying solely on calibration
performance: a good model fit does not always mean the underlying processes are realistic. For this
reason, we focus our subsequent analyses on the ET-constrained models, which offer a more physically

515  plausible representation of groundwater recharge.
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Figure 6: Distribution of recharge coefficient values for 92 groundwater well locations
across the North Gujarat region evaluated for (A) One-layer ET-unconstrained model (1,v1).
(B) Two-layer ET-unconstrained model (12vi). (C) One-layer ET-constrained model (1;v2). (D)

Two-layer ET-constrained model (12v2).
3.3 Predictive performance of the models

The assessment of the model internal dynamics showed that only those models with ET constraint

produced plausible recharge. Henceforth, we only examine the ET-constrained models.

To illustrate the relationship between the model predictions and the five performance measures, Figs. 7
and 8 show six observed, calibrated and predicted hydrographs for two performance metrics. To
illustrate the assessment of calibration and evaluation results, a scatter plot of performance is divided

into four quadrants using two thresholds

Fig. 7 shows the CoE, c metric against the CoEca for the 4-year evaluation period. The hydrograph for
groundwater well 31 (Fig. 7D) shows a good fit between observed and simulated groundwater heads
during both calibration and evaluation periods, with the seasonal and long-term trend well simulated.
Thus, the model effectively simulates groundwater dynamics with minimal bias and a high degree of

explained variance. Both performance metrics are hence high, so the well plots in the top right quadrant.
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Given that the variability over both periods is explained using only climate forcing, this well is unlikely

to be substantially influenced by other drivers, such as groundwater pumping.

535  In a somewhat similar context, Well 63 (Fig. 7E) shows a good fit over the calibration period, and the
model can capture much of the observed trend in the evaluation period. Hence, this well plots in the top
right quadrant but outside of the region of likely climate dominated performance, possibly because of

an unaccounted external driver.

Looking at the diagonally opposite quadrant, at well 91 (Fig. 7C) the seasonal dynamics during both
540  periods could not be simulated using only climate data. Hence, the well is likely to be influenced by a
driver(s) other than only climate. Moving towards the top-left quadrant, the calibration of well 47 (Fig.
7B) was adequate but the evaluation period is clearly biased and has low variance. Since the bias was
not removed, the evaluation score is poor and hence the wells plots in the top left quadrant. Therefore,
the evaluation performance is insufficient to classify the well as being driven only by climate. Similarly,
545  well 7(Fig. 7A) also plot in the top left and shows a poor fit, particularly during the calibration period.
However, the high evaluation score (0.92) is difficult to reconcile with the poor graphical results, which

compromises confidence in the CoE, ; metric.

Lastly, in the bottom right quadrant, well 50 (Fig. 7F) is dominated by a multi-year trend, overlain with
intra-year variability. The simulation does capture the multi-year trend but fails to capture the intra-year

550  variability. Given the high observed variance, the poor intra-year predicted variability is heavily
penalized by the CoE,, resulting in this well being identified as not climate dominated. If only the
calibration CoE was used to categorize this well, then it would be incorrectly identified as climate-
dominated.

One-Layer ET-constrained model (1v2)
(D) GW Well 31 : CoE,= 0.66 and CE,, = 0.85

{R) GW Well 7 : CoE = 0.25 and CoE, .= 0.92 4-years evaluation period ll
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555 Figure 7: Performance of 92 groundwater well locations for one-layer ET-constrained model

evaluated over 4 years using CoE . against CoE.a
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To demonstrate an alternate evaluation metric, Fig. 8 shows the CRPS results against the CoEca for the
4-year evaluation period. Here two groups of wells are shown: (i) Fig. 8A-C and E show wells with a
CoEca of ~0.2 but varying CRPS; and (ii) Fig. 8D and F shows wells with a CoEca of ~0.4 but, again,
560  avarying CRPS. On the latter, well 22 (Fig. 8F) closely matches observed during both periods will little
bias and CRPS correspondingly shows a low prediction error. In contrast, well 43 (Fig. 8D) has a similar
CoE.a but the prediction is biased. The CRPS appropriately captures this poorer predictive skill.
Looking at the former group with a CoEca of ~0.2, the predictive skill spans from poor at well 42 (Fig.
8A) to very good at well 76 (Fig. 8C). Encouragingly, the CRPS score appropriately improves with the
565  graphical results such that well 42 has a high error of 1.155, wells 1 and 4 have a CRPS 0f 0.84 to 1 and
well 76 has the lowest CRPS of 0.7. Looking across these two groups, wells 22 and 76 both have a
lower CRPS of ~0.7 but the former has a better CoEca of ~0.4. However, visually the two simulations
are comparable. This suggests that CoEca is not a strong discriminator of model performance and, in
light of the strong performance of CRPS, that CRPS appears to more reliably identify those wells as
570  likely to be climate dominated.

One-Layer ET-constrained model (11v2)
4-years evaluation period

(A) GW Well 42: COE,y =0.181 and CRPS Ratio = 1.155 (D) GW Well 43: COE, = 0.425 and CRPS Ratio = 1.548

an

N9 02 04 06 |08 10 12 14 A6 18 20
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Total error —e— Observed —e— Calibrated —e— Evaluated

Figure 8: Performance of 92 groundwater well locations for one-layer ET-constrained model

evaluated over 4 years using CRPS ratio against CoE.a

To examine all evaluation metrics across different prediction durations, Fig. 9 shows scatter plots for 2-
575  year, 4-year, and 8-year evaluation periods using the five performance metrics. All 92 selected
groundwater wells were included in each evaluation period analysis, and no wells were excluded from
the longer evaluation periods. To assess how well these metrics distinguish climate-dominated from
pumping-dominated wells, we consider two key factors. First, land-use changes in the study region have
been minimal over the past two decades, as confirmed through visual inspection of historical satellite
580  imagery on Google Earth and comparison of land use statistics from Bhuvan-NRSC datasets (2005-06

to recent years), indicating that water use patterns have remained relatively stable. This suggests that
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the dominant drivers influencing groundwater heads have remained relatively consistent between the
calibration and evaluation periods. Second, field observations provide insights into wells affected by

groundwater pumping or climate based on their location and purpose, as discussed in Section 4.

585  Considering these factors, we expect truly climate-dominated wells to exhibit consistency between
calibration and evaluation metrics. A well significantly influenced by pumping during calibration (low
calibration metric score) should also perform poorly during evaluation (low evaluation metric score),
assuming persistent non-climatic influences. A robust CoE-based metric should, therefore, show a clear
diagonal trend from the bottom-left to the top-right quadrant. However, several CoE-based metrics (Fig.

590 9A-F) fail to capture this consistency, displaying a scattered calibration-evaluation relationship. While
the modified CoE metrics show improved bias and variability handling (Fig. 9G-L), their inability to
clearly distinguish climate-dominated wells from those affected by pumping detracts from their utility
for identifying climate dominated sites. Specifically, the large number of wells plotting in the top-left
quadrant suggests that the modified CoE evaluation metrics are prone to identifying sites as having an

595  additional driver (e.g. pumping) only during the calibration period. Given Fig. 9 shows this outcome is

independent of the prediction length, it is implausible and hence invalidates these CoE metrics.

For CRPS (Fig. 9M-0), we expect a diagonal trend from the top-left to the bottom-right quadrant,
indicating that climate-dominated wells should cluster in the bottom-right. Encouragingly, Fig. 9M
shows such a strong calibration-evaluation relationship. The low number of wells in the bottom-left
600  (poor calibration but good evaluation) and top-left (poor calibration and poor evaluation) quadrants
suggest that poorly calibrated wells rarely transition into well-simulated wells during evaluation. This
pattern does degrade as the prediction duration increases (and calibration duration decreases) to 4 years
and then to 8 years. However, overall CRPS appears to offer the most logical performance across the
study region and when looking at individual hydrographs. Henceforth it is adopted to examine which

605  wells are likely to be climate dominated.
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Figure 9: Quadrant plots for the one-layer ET-constrained (1;v2) SMS models for each
groundwater well location. Each groundwater well is examined for three evaluation periods: 2
610 years, 4 years and 8 years, using four different CoE measures and CRPS ratio. For the CoE-
based quadrant plots (A to L), climate-dominated wells are identified using a threshold of
CoE>0.60 during both calibration and evaluation. For CRPS ratio quadrant plots (M to O),

climate-dominated wells are identified using a CoE calibration >0.2 and a CRPS ratio <0.8

Fig. 10 (A, B, C) shows maps of the CRPS results for 2,4 and 8-year evaluation periods. It shows a

615  consistent clustering of low CRPS wells (<0.8 and color coded in green and yellow) in the northern and
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eastern regions, particularly in Banaskantha, Aravalli, and parts of Sabarkantha, more likely to be
climate-dominated. Meanwhile, wells with a high CRPS ( 20.8, color-coded and red and black) are
concentrated in Mehsana and the western part of Banaskantha district and are unlikely to be influenced
by climate. Further, as the evaluation period is increased from 2 to 8 years, the wells showing high
620  CRPS metrics reduce. Importantly, when a site appears as climate dominated across 2-,4- and 8-year

evaluation periods, we can have more confidence in the site being genuinely climate dominated.

However, this analysis only indicates whether an external driver other than climate likely to influences
the groundwater level dynamics within the observation periods. To understand the possible influential
non-climate drivers, the sign of the error between the observed and modeled level may be informative.
625  For example, if groundwater pumping is producing significant drawdown at the observation well, we
would expect our climate-based model to overestimate the observed head, resulting in negative error
residuals (observed minus modeled head). Additionally, we expect that increased pumping over time to
result in more negative residuals over time, resulting in a statistically significant negative slope with
time. Conversely, a positive residual slope suggests the presence of an external driver that increases the

630  groundwater head, such as canal seepage or traditional recharge structures.

Using this logic, Figs. 10 (D, E, F) show the spatial distribution of Sen’s slope and p-values for residuals
over different evaluation periods (2, 4, and 8 years). Negative slopes (shades of red) are particularly
concentrated in Mehsana and the western part of Banaskantha, indicating areas where groundwater
depletion is occurring beyond what climate alone can explain. Meanwhile, positive slopes (shades of
635  blue) are predominantly observed in the eastern districts, particularly Sabarkantha, suggesting external
recharge mechanisms at play. By correlating these trends with CRPS metrics and p-values, the results
suggest that groundwater wells classified as non-climate dominated—notably in western Banaskantha
and central Mehsana—are likely to be influenced by groundwater pumping. In contrast, the eastern side
of North Gujarat appears climate-dominated, where observed groundwater heads align more closely
640  with climate variability. Interestingly, in the central-southern part of the region—particularly along the
Mehsana—Patan border—some wells classified as non-climate dominated show a positive residual trend,
suggesting the influence of land cover changes or interventions that enhance recharge. This aligns with
the presence of major canal systems in the area, including the Dharoi and Narmada canal networks, as
well as the widespread construction of check dams on local rivers, which may be contributing to rising

645  groundwater heads in these semi-arid zones.
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Figure 10: Spatial maps representing CRPS ratios for 92 groundwater wells for ET-constrained

one-layer model (11v2) evaluated over (A) 2-years period; B) 4-years period; (C) 8-years period

and p-value for the residuals (observed-modelled), where a negative slope suggest an extractive

650

driver, e.g. pumping) for 92 groundwater wells for ET-constrained one-layer model (11v2)

evaluated over (D) 2-years period; E) 4-years period; (F) 8-years period
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4 Discussions

Previous groundwater attribution studies have relied on calibration fit to identify climate-dominated
655  groundwater well and have not accounted for the predictive performance. Here, we examined the
adequacy of this approach by evaluating both the calibration and prediction performance using a
combination of standard and newly adapted performance metrics. We applied these analyses to 92
groundwater wells across the North Gujarat Region in western India using the HydroSight and
examined five evaluation metrics, four based on the widely used coefficient of efficiency and a fifth on

660  a variance scaled form of the continuous ranked probability score (CRPS).

Given that others have relied only upon the calibration performance, we started from the same approach.
Our results showed that for the full-period calibration, CoE values having a threshold of > 0.60 from all
four models suggest that the eastern region of North Gujarat (i.e., the Aravalli and Sabarkantha districts)
appears to be climate-dominated. In contrast, as we move westward towards Patan and Banaskantha
665  districts, climate-dominated groundwater wells become less common and appear in smaller, scattered
patches. To examine the veracity of these findings, we further evaluated the models by testing their

predictive skill over 2-, 4-, and 8-year periods.

Before doing so, we also examined the plausibility of the internal model dynamics to eliminate models
that conflict with independent observations. Our results show that ET-unconstrained models tend to
670  overestimate recharge, leading to unrealistically high recharge-to-precipitation (R/P) ratios. In contrast,
ET-constrained models yield more realistic recharge estimates (0-20%), aligning well with independent
studies using tracer techniques (Sukhija and Shah, 1976; Sukhija et al., 1996), water table fluctuation
and chloride mass balance methods (Sharda et al., 2006), and empirical approaches (Mistry and

Suryanarayana, 2021). Overall, these findings evidence the risk of relying only on calibration fit.

675  On the predictive skill, the five performance metrics were applied to three evaluation durations (2, 4
and 8 years) and graphically compared with the calibration CoE. Looking at the individual wells, the
CoE based prediction metrics often produced scores inconsistent with the graphical evaluation..
However, all CoE-based metrics suggested that drivers other than climate emerged during the evaluation
periods, and that this implausibly changed with the evaluation length. Overall, these findings suggest
680 that the evaluation period CoE is an inappropriate metric to identify climate-dominated wells, and the
estimations presented in previous studies by Fan et al. (2023) and Wunsch et al. (2022) may also have
implications, as they relied primarily on calibration period performance for groundwater driver

attribution.

In contrast, the CRPS metric provided strong evidence for distinguishing climate-dominated wells from
685  those influenced by external drivers, offering both spatial and temporal consistency in groundwater
dynamics. Spatially, CRPS effectively captured regional contrasts, with lower values clustering in the

eastern and northern districts, where groundwater fluctuations closely followed climate variability, and
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higher values in the western and central regions, where anthropogenic influences are more pronounced.
Temporally, as the evaluation period extended from 2 to 8 years, high CRPS values became less
690  frequent. This increases confidence in sites identified as climate-dominated across multiple evaluation
periods. When combined with residual slope analysis, CRPS further strengthened its diagnostic
capability. Of those wells identified as not climate-dominated, the slope of the residuals suggests that
wells in the western region are likely influenced by groundwater pumping while the those in the center-
south are likely influenced by land cover changes, such as drainage canals, that increased recharge. That
695  said, this analysis identifies only the net influence of drivers and wells could be plausibly influenced by

all three drivers.

Overall, CRPS suggests that between 51% (n=47) to 37% (n=34) of groundwater wells are climate-
dominated (2 and 8 years evaluation periods, respectively). Spatially, these wells were located primarily
in the eastern districts of the North Gujarat region, particularly Sabarkantha, followed by the northern
700  parts of the Aravalli district. We also see the climate-dominated wells in patches in the eastern part of
the Banaskantha district and over the Mehsana district. These wells are located in regions with less
rainfall deficit (as shown in Fig. 2), and the associated land use and water availability conditions further
support their classification. For instance, Wells 75 (CRPS = 0.56), 85 (CRPS = 0.47), and 92 (CRPS =
0.48) are located in built-up areas with minimal agricultural activity and limited groundwater pumping.
705  In contrast, Well 78 (CRPS = 0.44) lies within agricultural land, approximately 750 meters from the
West Banas River and within the canal command area of the Sipu Dam. The Sipu Dam has been
supplying surface water for irrigation in this region since 2001, and based on field investigations and
farmer interactions, agriculture here is typically practiced during the monsoon season or supported by
this surface water in winter and summer—Ieading to reduced dependence on groundwater pumping and

710  supporting the classification of the well as climate-dominated.

In contrast, non-climate dominated wells (CRPS ratio > 0.80) are located in the western district of the
North Gujarat region, particularly in the western part of Banaskantha district, which has a high rainfall
deficit and hence have a greater reliance on external water sources such as groundwater (as shown in

Fig. 2).

715  An ongoing challenge in evaluating such findings is, however, that independent evidence is often
lacking given the paucity of metered groundwater usage. Therefore, here we evaluate the findings using
(i) field observations of groundwater usage and land cover and (ii) government classification of
groundwater extractions. On the field observations, site inspections throughout western Banaskantha
showed that wells 68, 69, and 70 are significantly influenced by pumping from nearby agricultural
720  wells. Given that these three wells were found to be not climate-dominated (CRPS of 5.08, 1.83 and
1.08, respectively), this suggests that the results aligns with the field evidence. Similarly, inspection of
wells 13-16 (CRPS ratios — 0.53, 0.43, 0.52 and 0.46) in the Sabarkantha district suggested that they

are not influenced by groundwater pumping. Field interactions with farmers and Google Earth imagery
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analysis were used to assess land use, cropping patterns, and water source dependence at each of these
725  4sites in Sabarkantha. Wells 13 and 16 are located near the Kundol and Harnav reservoirs, respectively,
where irrigation is primarily supported by surface water during the non-monsoon season. Well 14 lies
in an area where no agriculture is practiced during the rabi season, reducing year-round pumping. Well
15 is situated within a settlement zone with limited agricultural activity. Additionally, farmers often
refrained from growing crops during the non-monsoon season. As a result, groundwater extraction
730  occurs only for a limited duration, and its impact on groundwater level is likely minimal over the long
term. The consistently low CRPS values at these wells, together with the field evidence of limited
groundwater abstraction, suggests that CRPS provides a reliable basis for identifying climate-dominated

sites.

On land cover change, the historical land use patterns near selected wells provides additional context
735  for interpreting groundwater residual trend. For instance, an analysis of land use changes for well 32
shows a shift from agricultural land (pre-2010) to scrubland and eventually barren land by 2020 (Fig.
S2). This transition suggests that groundwater fluctuations in this region are influenced by both climate
and anthropogenic factors. The CRPS values for well 32 was above the adopted threshold of 0.80 over
four- and eight-year periods, indicating it to be not climate-dominated. Furthermore, the residuals have
740  apositive slope, suggesting a driver other than pumping. This consistency between the modeling results
and the complex land use transition around well 32 is encouraging, though we encourage others to

further examine this issue.

Despite these independent lines of validation, the analysis remains subject to uncertainty arising from
the use of gridded meteorological inputs for rainfall, temperature, and potential evapotranspiration.
745  Long-term meteorological observations were not available at most well locations, necessitating reliance
on India Meteorological Department (IMD) gridded datasets. While these products are derived from
station observations and are widely used in hydro-climatological studies across India, their spatial
resolution may not fully capture local-scale variability in rainfall and temperature. Uncertainty in PET
estimation represents an additional limitation, particularly given the use of the temperature-based
750  Hargreaves formulation under data-limited conditions. However, within the HydroSight framework,
PET affects groundwater heads only indirectly through recharge estimation, and recharge signals are
subsequently smoothened through convolution and groundwater storage processes. As a result, short-
term errors or excessive day-to-day variability in PET are substantially attenuated in the simulated
groundwater response. Importantly, if uncertainties in rainfall or PET led to unrealistic recharge
755  dynamics, this would lead to poor calibration or predictive performance, and such wells would not be
classified as climate-dominated, therefore a potential under-identification of climate-dominated wells,
rather than false attribution of climatic control. However, the fact that a substantial number of wells
exhibit both good calibration and sustained predictive skill over independent evaluation periods

indicates that the influence of meteorological input uncertainty on the main conclusions is modest.
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760  We further compared our results with the independent government assessments carried out in the region.
The CGWB classifies groundwater extraction levels at an administrative scale ranging from “safe” to
“overexploited”. As discussed in Section 2.1, their approach appears to rely on estimates of crop type
and electricity usage but does not account for the impact of climate variability or evaluate their results
against observed groundwater levels. That said, Fig. S3 shows the spatial distribution of groundwater

765  extraction status for the year 2020 across North Gujarat. A large portion of the region is categorized as
“overexploited”, where annual extraction exceeds available recharge—with a greater concentration of
overexploited blocks in Banaskantha and Mehsana districts, followed by parts of Patan and
Sabarkantha. In contrast, Aravalli district is entirely classified as “safe”, and most blocks in Sabarkantha
district also fall within the safe or semi-critical categories, indicating relatively sustainable groundwater

770  use. Similarly, our analysis of climate and groundwater head suggests that regions such as the western
and central blocks of Banaskantha district and the northern blocks of Mehsana district are likely
impacted by groundwater pumping. This aligns with CGWB findings, which is encouraging. However,
our results provide significantly greater spatial nuance. While CGWB may categorize an entire block
as overexploited, our analysis reveals that some wells within those blocks respond primarily to climate

775  signals, not pumping. For instance, in the central part of the region—particularly along the Mehsana—
Patan border—our method identified wells influenced by climate variability, even though these areas
are classified as overexploited or saline by CGWB. This highlights the limitations of using regional
scale assessments not informed by groundwater level observations. In contrast, our approach is based
directly on groundwater hydrograph analysis and model-based prediction using observed head data,

780  providing a more evidence-based and dynamic understanding of groundwater change attribution. By
identifying local drivers of stress, our approach can inform more targeted interventions—such as
regulating extraction in pumping-dominated areas or enhancing recharge where climate influence is

dominant—ultimately supporting more adaptive and sustainable groundwater management.
5 Conclusion

785 This study demonstrates that identifying climate-dominated groundwater systems requires evaluation
beyond calibration-period hydrograph fit. Using the HydroSight time-series modelling framework
(Peterson and Western, 2014; Peterson and Fulton, 2019) across 92 wells across North Gujarat, we
found that many wells classified as climate-dominated during calibration did not maintain predictive
skill when evaluated against independent observations, indicating the influence of other non-climatic

790  factors. In contrast, across evaluation periods of 2, 4 and 8 years, 51%, 48% and 37% of wells,
respectively, maintained climate-dominated performance prediction. These wells showed spatial
coherence and were concentrated in the eastern part of the North Gujarat region, where low-intensity

agriculture is consistent with limited abstraction.

Beyond the regional case study, the findings provide a transferable framework for groundwater driver

795  attribution. By combining statistical time-series modelling with explicit predictive evaluation, the
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approach captures spatial heterogeneity in groundwater responses that aggregated or administrative-
scale assessments often overlook, enabling more targeted management responses. Wells exhibiting
sustained climate-dominated behavior are more likely to benefit from recharge enhancement and
watershed-scale interventions, whereas wells showing anthropogenic influence require demand-side

800  measures such as improved irrigation efficiency, crop diversification, or regulated abstraction.

Looking longer-term, metered groundwater pumping is likely to remain a limiting factor in
understanding the drivers of groundwater change— because metering rarely extends over the duration
of extractions—including in high-income countries. As a result, groundwater assessments will continue
for many years to rely on indirect attribution frameworks based on groundwater level responses to
805  climate variability. The framework developed here therefore provides a broadly applicable basis for

groundwater driver attribution where direct abstraction data are unavailable.

Overall, this study advances groundwater assessment by demonstrating that predictive evaluation,
rather than calibration fit alone, is central to reliable driver attribution. The framework provides a
practical and scalable basis for distinguishing climatic and anthropogenic influences on groundwater
810  levels and can be extended to a wide range of hydrogeological and climatic settings to support more

informed groundwater management and policy decisions.
Code and Data availability

The time-series groundwater level data and location coordinates across India are available on the India
Water Resources Information System (WRIS), created as a part of the National Hydrology Project of
815  the Ministry of Jal Shakti, The Department of Water Resources, River Development and Ganga
Rejuvenation (DoWR, RD & GR), Government of India and is available at

https://indiawris.gov.in/wris/#/ground Water. The climate data at the given groundwater well locations

is extracted using bilinear interpolation in Rstudio from the gridded high-resolution Indian
Meteorological Department (IMD) data, available at
820 https://cdsp.imdpune.gov.in‘home gridded data.php. The groundwater hydrograph modelling software

HydroSight version 1.41.1.5 (Peterson & Western, 2014; Peterson & Fulton, 2019) is used and actively

maintained at https://github.com/peterson-tim-j/HydroSight.
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