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Abstract. Assessing long-term trends in irrigation water withdrawal (IWW) is essential for understanding the impacts of cli-
mate change on water resources and agricultural systems, yet long-term observations remain scarce. In France, annual IWW
observations are only available from 2008 onward through the national water withdrawal database, limiting the analysis of
long-term changes. To address this limitation, we develop a data-driven framework to reconstruct annual catchment-scale
IWW over the 2000-2022 period. The approach relies on a generalized additive model (GAM), using structural (e.g., area
equipped for irrigation) and hydro-meteorological (e.g., monthly mean temperature) predictors. The model explicitly identifies
inter-catchment and inter-annual variability through a decomposition of total IWW into a base IWW term and a relative devi-
ation term. The model is evaluated using a series of Leave-One-Period-Out cross-validation experiments. Results show robust
predictive performance across all experiments (RMSE < 2 mm/yr) and reliable uncertainty estimates. The framework was then
used to reconstruct annual IWW over the 2000-2007 period and to generate continuous time series of IWW at the catchment
scale over 2000-2022. The reconstructed time series reveal widespread positive trends, with significant increases detected in
92% of catchments. Trend analysis indicates that changes in total IWW are primarily driven by the relative deviation com-
ponent. A regional synthesis further identifies the Mediterranean region as a major hotspot, combining high IWW and strong

IWW positive trends.

1 Introduction

The explicit representation of human influences on the water cycle in hydrological models is essential for assessing past, current
and future water availability. This is required in particular for climate change impact assessment, in order to efficiently manage
river basins and to inform climate adaptation public policies (Galelli et al., 2025; Kreibich et al., 2025). To integrate these
influences into a hydrological modelling framework, the different uses of water have to be identified, described in terms of
their temporal and spatial variabilities, and quantified. This often requires a substantial amount of field surveys, data collection
and post-processing, which is a challenge even at the local scale (Santos et al., 2026; Vu et al., 2020).

Irrigated agriculture is a major water use that can significantly affect water availability (Puy et al., 2025; Yu et al., 2025),
especially when its water demand peaks during summer low-flow periods (Mehta et al., 2024; Nie et al., 2021). Accurately

estimating irrigation water withdrawal (IWW) volumes at large scales or within large-sample hydrological frameworks, how-
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ever, presents several challenges (Puy et al., 2022b). Among them, we can cite the fragmented knowledge on actual local
water use (e.g. irrigation practices, farmers decision calendars for irrigation, crop water requirements, artificial water storages),
and the lack of long-term observational databases containing reliable information on where, when and how much water is
withdrawn for irrigation to support IWW estimations and uncertainty quantification (Galelli et al., 2025). Accurate and tempo-
rally consistent estimates are nevertheless essential to support robust hydrological modeling (Nicolle et al., 2021; Thirel et al.,
2015), and in general, to assess irrigation pressure on river system under changing climate and socio-economic conditions
(Arboleda-Obando et al., 2025; Citrini et al., 2025; Tian et al., 2023).

In this context, modelling offers a valuable compromise for obtaining a coherent, complete, and continuous representation
of irrigation dynamics across space and time (Linés and Werner, 2025; Portoghese et al., 2025). It allows to leverage existing
knowledge to fill spatial and temporal data gaps where direct observations are missing (Dang et al., 2024; Gorguner and Kavvas,
2020). Modelling IWW is usually done through process-based or statistical models, and, in itself, presents its own challenges.
Process-based models explicitly represent known energy and water fluxes as well as human decision-making processes (De Wit
et al., 2019; Gaudou et al., 2014), but they present limitations as they often rely on poorly constrained parameters (Linga et al.,
2025; Soutif-Bellenger et al., 2023; Puy et al., 2022a). In recent years, this limitation has stimulated the development of
data-driven approaches for IWW estimation (Kragh et al., 2025; Zhang et al., 2025). In particular, the Random Forest (RF)
algorithm, has shown strong performance in interpolation tasks, although it exhibits known structural limitations when used
for extrapolation, i.e., when predicting beyond the conditions of its training sets (Muckley et al., 2023; Von Korff and Sander,
2022). This limitation has been highlighted by the difficulty of capturing interannual variability in IWW for a given catchment
when temporal information is excluded from model training (e.g. a specific year) (Zarpas et al., 2026b). This can be explained
by the fact that RF does not explicitly account for the spatiotemporal autocorrelation structure of IWW (Zarpas et al., 2026b).

Methodological developments are therefore needed to enable reliable temporal extrapolation of IWW by data-driven models.
The relationship between IWW and its main predictors can be reasonably approximated by an additive structure (Zarpas
et al., 2026b; Zhang et al., 2025). Under this assumption, additive models, such as the semi-parametric Generalized Additive
Models (GAM, Hastie and Tibshirani, 1986), represent a promising way to perform extrapolation, as they mitigate the curse
of dimensionality. GAMs provide smooth and continuous functional relationships and can naturally accommodate structured
spatiotemporal effects. This is essential because data-driven IWW estimation from short reference time series, available on
multiple sites, can be viewed as a spatiotemporal problem (Shortridge, 2023; Das et al., 2018), and particularly in the context
of temporal extrapolation.

The objective of this study is to develop and evaluate a GAM based data-driven framework for the temporal extrapolation
of annual IWW at the catchment scale, and to exploit the reconstructed time series to improve our understanding of long-term
IWW dynamics. To do so, we extend the line of research we adopted in Zarpas et al. (2026b) by proposing a GAM-based
framework for the temporal extrapolation of IWW and for extending annual IWW time series. The resulting temporally contin-
uous IWW series enables subsequent time-series analyses, with trend assessment considered here as an illustrative application.
To this end, we first assess the temporal extrapolation capability of the proposed GAM, using a demanding temporal cross-

validation framework, while also quantifying prediction uncertainty. We then analyze IWW trends at the catchment scale.
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The methodology is applied to the French national water withdrawal database (BNPE), which provides annual data from
2008 to 2022. It allows us to reconstruct continuous IWW time series over the 2000-2007 period. To produce IWW estimates,
suitable for representing irrigated agriculture as a major anthropogenic influence on the water cycle, the analysis is carried out
at the catchment scale over a dataset covering 498 catchments in France.

We present our methodology in Section 2, and the study area and data in Section 3. We then show the results in Section 4

and discuss them in Section 5, before concluding in Section 6.

2 Method
2.1 IWW decomposition

We propose a data-driven framework to extend in time a reference annual IWW database. Because the reference database
spans numerous catchments and multiple years, two distinct sources of variability emerge: the inter-catchment variability and
the intra-catchment inter-annual variability. Building on the decomposition proposed by Zarpas et al. (2026b), we decompose
the total IWW (denoted as W, . for catchment c and year ¥) into 1) a structural component referred to as the base IWW term
(denoted Wg’c), representing the background level of IWW associated with long-term catchment characteristics and reference
climatological conditions, while evolving over time through slowly varying anthropogenic predictors, and 2) an interannual
component referred to as the relative deviation term (denoted 6V, ), describing year-to-year fluctuations from the structural

level:
Wye=W, .(1+W,). (1)
2.2 GAM set up

The spatio-temporal organization of the reference database has important implications for the GAM model formulation, as it in-
duces a hierarchical dependence structure. In particular, some catchments are nested within others, inducing spatial correlation
through shared drainage areas. The GAM formulation presented below is specifically designed to account for this hierarchical
spatial dependence.

We model IWW in the logarithmic space to ensure strictly positive predictions of IWW, and to enable the identification of
both the additive GAM decomposition and the multiplicative IWW variability decomposition of W, .. We fit a GAM (f GAMy
using R package mgev (Wood, 2011), as specified in Equation (2):

log(Wy,c) = fGAM (Xy,e) +ey,c = Z fi(@iye) +Zeteye, @

1=1,...,n
where X, . is the predictor vector of individual component x; , .; f; is the individual smoother of the ¢-th component of the

predictors, and n being the number of components of X, . and the summation running over all individual predictors; Z is a

random effect - which introduces a hierarchical structure into the model (Pedersen et al., 2019); and ¢, .. is the error, for the
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year y and the catchment c. Spatial correlation is accounted for in the construction of the random effect (see Appendices A and
B for details).

Since the predictor set X can be partitioned into predictors related to the IWW base term (X°) and to the relative deviation
term (X?), the GAM can be rewritten as follows:

fGAM (Xy,c) = Z f'LO (x?,y,c) + Z fz(s (xz"s,y,c) + Z67 (3)
i=1,..,n%

i=1,..,n°

1)

v, and thus the sums are made on all

where n is the number of components of ngc and n? is the number of components of X
individual predictors of the base term and of the relative deviation term, respectively. We note that in the log-space the IWW

decomposition becomes:

log (W) = log (W‘S,C) +log(1+6Wy.c). 4)
The identification between IWW components and the GAM decomposition thus provides the following estimators:
log (WE,J = Ei:l,.,,n(’ 7 (x?yC) +Ze, (5)
log (1 +5Wy,c) = Zi:l,..,né f2 (xfyc) )

2.3 Extrapolation evaluation: performance and uncertainty
2.3.1 Cross-validation experiment

To assess the ability of our model to produce reliable temporal extrapolation (here, on the 2000-2007 period) at the catchment
scale, we perform temporal cross-validation experiments (Roberts et al., 2017) on the reference period (here, 2008-2022),
where observations are available. Each experiment follows a Leave One Period Out (LOPO) strategy, in which the reference
period is partitioned into blocks of consecutive years so that each block is in turn used as a test set for validation, while the
remaining blocks form the training set. The length and, consequently, the number of time blocks used for validation varies
from one LOPO experiment to another. We performed five experiments with 2, 3, 5, and 15 partitions of the reference period,
respectively.

Specifically, we name LOPO2 the experiment where the reference 15-year period is partitioned in 2 sub-periods, one of
7 years and another of 8 years, both being alternately used as training and validation. In LOPO3, we have 3 sub-periods
of 5 years each that are used for validation, with, every time, the remaining 10 years used for training. Finally, in LOPOS,
we have 5 sub-periods of 3 years each used for validation, and, in LOPO15, we have 15 sub-periods of 1 year each (i.e.,
training is performed on 14 remaining years at each time). LOPO2 is then the experiment where the model is trained over
the shortest period length, while in LOPO15 the model is trained over the longest period of data. It is to be noted that none
of these experiments is a clear reference for our extrapolation over the 2000-2007 period (after training over the entire 2008-
2022 period). However, altogether, this cross-validation strategy presents a continuum between an experiment that has a more
representative extrapolation period length (in LOPO2, the validation length of 7-8 years is closer to the length of our 2000-
2007 extrapolation period) and an experiment that has a more representative training period length (as in LOPO1S5, training is

performed with 14 years out of the 15 years used in the extrapolation).
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2.3.2 Maetrics

The overall model performance is evaluated by considering all catchments pooled together, and by using the Root Mean
Squared Error (RMSE) and the squared Pearson correlation coefficient 2. Model performance is also evaluated at the catch-
ment scale (i.e., on each catchment individually), using the predictive error normalized by the observed catchment mean. This
Catchment Relative Error (CRE) is defined for a variable v estimated by ¢ for a year y and catchment c as:

CRE, = ~£<——2c. (©)

Ue

2.3.3 Uncertainty assessment

Uncertainties are modeled using the heteroscedastic log-normal distribution (LN ™) detailed in Appendix D1, i.e. we consider

the estimator of the IWW W, . as:
Wyel Xy e LN (FEM (X)) @

The log-scale variance (O’Z,C), whose derivation is detailed in Appendix D2 accounts for two sources of predictive uncer-
tainty: (i) a bias component, representing the irreducible prediction error associated with the adopted GAM formulation, i.e.
the error that would remain even with an infinite amount of training data, i.e. a structural limitation of the model, and (ii) a
prediction variance component, reflecting the uncertainty associated with estimating the GAM parameters from a finite training
dataset. The bias is considered constant over time (y) and space (c) and the variance varies in time and space.

To assess the quality of this uncertainty estimation, we compare the nominal confidence level with the empirical coverage,
i.e., the actual percentage of IWW data points contained within the confidence interval. This is performed for each cross-
validation experiment.

To assess the spatiotemporal evolution of the prediction uncertainty, we synthesize its distribution for every prediction using

CV, the coefficient of variation. It is defined as the ratio of the standard deviation of the uncertainty distribution (denoted U;JCV D)

to the prediction (mean of the uncertainty distribution, denoted here ,ugﬁf DE
LN
o
CVy.= —Z;\/ . (8)
Hyre

Given the analytical form of the uncertainty distribution (Appendix D1 and Appendix D2), the coefficient of variation is

reduced to an increasing function of the log-scale variance:
CVy.c=/exp(o2,) —1. )

To quantify temporal fluctuations around the average level of prediction uncertainty, we then define ACV, the deviation from

the catchment mean CV (denoted CV,. and computed over all years on the catchment c):

ACV,.=CV,.—CV.. (10)
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2.3.4 Time series visualization

To better visualize time series and facilitate comparison of the temporal evolution of IWW among catchments, we introduce
the centered catchment-relative total IWW (W,") and the centered catchment-relative IWW base term (WS;ET). These relative
quantities remove the inter-catchment variability and highlight inter-annual variability within each catchment. This will enable
the comparison between the actual relative deviation from the catchment mean and the identified (as per Equation (5)) relative
deviation term, through the contribution of specific predictors, as per Equation (5). To this aim, the catchment-relative total

IWW and the catchment-relative IWW base term are defined as:

WO
or < Woe y oo Due (11)

y,c y,c
We wo,

2.4 Trend analysis
2.4.1 Assessed variable

We assess the presence of a trend in IWW over the combined reference and extrapolation period (here 2000-2022) for each
catchment, using the homogeneous and continuous time series produced by the model trained on all the available data in the
reference period (here 2008-2022). We investigate potential trends in three quantities: the total IWW (predicted, W, ), the
IWW base term, VW

.o (identified from predictions - as per Equation (5)), and the relative deviation term, 6V, ., (identified

from predictions- as per Equation (5)).
2.4.2 Catchment scale trend detection and quantification

For each of the three quantities presented in Sec. 2.4.1 - the trend assessment is conducted using the modified Mann—Kendall
test (mMK) (Yue and Wang, 2004). This test is non-parametric and robust to outliers and accounts for temporal autocorrelation
in the data. Among the detected trends, only the trends with a p-value below 0.05 are considered statistically significant. The
strength of the trend is quantified using Sen’s slope, a non-parametric estimator of the linear trend based on the median of
pairwise slopes, which is robust to outliers (Sen, 1968). To improve interpretability and comparison across catchments, trend
magnitude is expressed as a relative rate of change. It is computed by dividing Sen’s slope by the catchment mean of the cor-
responding variable for total IWW and IWW base term (the relative deviation term is already dimensionless by construction).

The resulting quantity is expressed in percentage per year (%/yr). The trend is denoted T'x for X € {Wy’c, w? IWy.e }

y,c?

2.4.3 Regional trend indicators

To provide a regional-scale synthesis of the catchment trend analysis, we aggregate catchment-level trend of total IWW within
major hydrographic regions. To do so, we construct a regional indicator of trend. For a region R = {cy,...,¢,, } containing

ng catchments of individual total IWW trend {Tyy ., } we introduced the quantity T’z , expressed in %/yr, defined as:

€l,nr’

Tr = ZwiTWM. (12)
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Tr is a weighted mean of the total IWW trends of individual catchments, with catchment-specific weights {w;} The

i=1lngr"
weights account for the redundancy induced by nested catchments, as detailed in Appendix C. A catchment involved in nested
pairs will have a lower weight than a fully non-nested catchment. T’z is not intended to estimate the trend of aggregated
regional IWW, but to summarize the diversity of catchment-scale trends within each region. We then define the unitless regional

indicator of trend I';:

1% Tr (13)

where m is the average over the regions of the absolute value of the T’z quantity.
To complement the regional trend indicator, we also construct a regional indicator of total IWW. We first introduced Wg

expressed in mm/yr, as:

We =3 w; - W.,. (14)

It is the analog of T’z , but constructed with catchment mean total IWW (denoted WCI. ). The unitless IWW indicator I}’-X is then
defined as:

Wr
I == (15)
W

where |W| is the average over the regions of the W quantity.

3 Case study
3.1 Study area and period

The study is conducted over 498 French continental catchments (Figure 1.a.1). Catchments were selected based on their size
(catchment area larger than 350 km?), and on the availability and quality of IWW data. We followed our previous study (Zarpas
et al., 2026b) and we additionally excluded catchments until no pair of catchments exhibited a spatial correlation (p; defined
in Appendix B) above 0.9. These catchments cover a wide range of agricultural and climatic conditions across France (Zarpas
et al., 2026b; Delaigue et al., 2025a). Based on the French regional water agencies (organized around six metropolitan river
basin districts), we defined eleven hydrological regions by regrouping subsets of catchments (Figure 1.a.1).

This study focuses on modeling IWW over the 2000-2022 period. IWW data are available from 2008 to 2022 - reference
period for training and cross-validation (Figure 1.b). The 2000-2007 period corresponds to the temporal extrapolation period,
for which IWW is to be reconstructed. Within the 2000-2022 period, a wide range of conditions are observed. For example,
below-average temperature with above-average summer soil wetness (e.g. in 2002 or in 2014 and 2021, Figure 1.b), leading to
below average IWW, as well as above-average temperature with below-average summer soil wetness (e.g. in 2003, or in 2019

and 2022, Figure 1.b), leading to above average IWW.
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Figure 1. Presentation of the study area and data period. a) Maps of the study area with a.1) the selected catchments and a.2) their 11 cor-
responding hydrological regions (the number of catchments for each region is indicated, while hatched areas are not covered by the selected
catchments). b) Evolution of the distribution across catchments of observed catchment-relative total IWW and summer (JAS) meteorological
conditions through time (2000-2022). The shaded areas represent nested empirical quantile envelopes across catchments: the lightest band
corresponds to the 5-95% range, the intermediate band to the 10-90% range, the darkest band to the interquartile range (25-75%). Panels
show b.1) catchment-relative IWW and b.2 to b.4) standardized summer meteorological variables, computed as deviations from the mean
and divided by the standard deviation. Summer values are defined as the sum over July, August, and September. The variables shown are Soil

Wetness Index (SWI), temperature (T), and precipitation (P).
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3.2 Data
3.2.1 Irrigation Water Withdrawal

The French national water withdrawal database BNPE provides data obtained through compulsory declarations for any legal
entity withdrawing an annual volume exceeding 10 000 m? (or 7 000 m? in some water-scarcity zones). IWW are geolocated,
either at the actual withdrawal point or at the centroid of the associated municipality. In this study, data were aggregated at the
catchment scale and annual volumes were converted to millimeters (mm/yr) within the catchment area. For some catchments,
certain years are missing or excluded, due to unreliable data (Zarpas et al., 2026b). Therefore, the training dataset covers a total

of 6799 points (i.e. 13.7 years per catchment on average - median: 15 years, 1* quartile: 12 years and minimum: 8 years).
3.2.2 Predictors

Predictors selection aims to maximize the GAM model in terms of predictive accuracy and interpretability (Marra and Wood,
2011). The predictor set used in this study builds upon the predictor importance analysis carried out in Zarpas et al. (2026b).
While a large number of predictors may be relevant for IWW at the catchment scale, we choose to restrict the set of predictors in
this study to reduce the complexity of the GAM model. Natural candidates include meteorological and hydrological conditions
(e.g. temperature or precipitation, Nie et al., 2021; Lamb et al., 2021), agricultural-related variable (e.g. area equipped for
irrigation (AEI), Zhu and Siebert, 2024; Lamb et al., 2021) and environmental conditions (e.g. hydrogeological context,
Lamb et al., 2021). Finally, spatial information can also contribute substantially to explaining IWW variability (Zhang et al.,
2025). Moreover, the interpretability of temporal extrapolation may be jeopardized by predictors that bring both temporal and
spatial information (Van De Pol and Wright, 2009), particularly those that vary slowly over time but strongly across space
(Wikle et al., 2019), such as crop types. This explains why we limited our study to Area Equipped for Irrigation (AEI) as
agricultural predictor, which is widely regarded as the primary driver of irrigation (Shortridge, 2023; Zhang et al., 2022; Puy
et al., 2021; Das et al., 2018).

The complete selection of predictors is presented in Table 1. Predictors are defined at the annual scale and at the catchment
scale, i.e. each variable is associated with a given year y and catchment c. Meteorological predictors are derived from monthly
variables standardized with respect to long-term averages for specific months. These monthly anomalies are aggregated at the
annual scale for each year y and catchment c, so that they are annual predictors carrying infra-annual hydro-climatic conditions.
We note that only AEI and meteorological predictors vary over time (i.e. from year to year), while all other predictors are time-
invariant. As introduced in Sections 2.1 and 2.2, each predictor is associated with either the IWW base term or the relative
deviation term. The IWW base term is primarily driven by static catchment attributes, with only limited temporal variation
through AEI In contrast, the relative deviation term is entirely driven by meteorological predictors. Because these predictors
are expressed as deviations from a fixed climatic baseline (computed on the 1985-2015 period), the climatic signal is directly
embedded in the relative deviation term. Finally, hydrogeological predictors are compositional, as they are constrained by

a constant-sum condition within each catchment, which induces spurious correlations between components. To address this
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issue, we apply an a-isometric log-ratio transformation (Clarotto et al., 2022). The parameter « is estimated by maximizing
the log-likelihood, yielding o = 0.094.

Table 1. Predictors used in this study

ID Description Type Term Source Time dependent

AFEI Area equipped for irrigation (% of total catchment ~ Agricultural X0 ELIAD™ Yes (slowly)
area)

T _aw 30-year average of temperatures for autumn- Environmental X° BDD-HydroClim(3) No
winter® (°C)

slope Mean slope of the catchment (°) Environmental x° CAMELS-FR® No

karstic Percentage of catchment that is karstic (%) Environmental x° CAMELS-FR® No

alluvial  Percentage of alluvial zones in the catchment (%) Environmental X° CAMELS-FR™® No

bedrock  Percentage of bedrock zones in the catchment (%)  Environmental X° CAMELS-FR™® No

T m Mean monthly temperature normalized deviation ~Meteorological ~ X° BDD-HydroClim®  Yes

from climatic average for the month m(® (stan-
dardized, unitless)

P_m Total monthly precipitation normalized deviation = Meteorological Xx? BDD-HydroClim(3) Yes
from climatic average for the month m® (stan-
dardized, unitless)

SWI_m Mean monthly soil wetness index normalized devi-  Meteorological ~ X° BDD-HydroClim(g) Yes
ation from climatic for the month m (" (standard-

ized, unitless)

(1) Zhu and Siebert (2024), (?): climatic baseline years are 1985-2015, O Delaigue et al. (2025b) (https://webgr.inrae.fr/eng/tools/databases/bdd-hydroclim), 4. Delaigue

et al. (2025a), ¢®): selected months for temperature: July, August (6): selected month for precipitation: July, (M selected months for soil wetness index: July, August, September.

240 4 Results
4.1 Model evaluation
4.1.1 Prediction performance

Figure 2 presents the results of the cross-validation experiments on total IWW. Figure 2.a) shows the scatter plots of predic-

tions versus observations for each of the four temporal cross-validation experiments — namely LOPO2, LOPO3, LOPOS, and

245 LOPOIS5 (see Section 2.3.1), considering all catchments together. Figure 2.b) presents the violin plots of the catchment relative
error (CRE) for each experiment, illustrating performance at the catchment scale.

The results show that the model achieves high performance across all experiments. The overall evaluation shows that 72

values never fall below 0.92 and RMSE values never rise above 1.95 mm/yr (Figure 2.a). At the catchment scale, the magnitude

10
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of the CRE (being positive or negative) remains below 30% for 82% (LOPO15), 81% (LOPOS), 78% (LOPO3) and 73%
(LOPQ?2) of the total number of predictions (Figure 2.b). The violin plots show that errors are relatively well centered and
symmetric around zero. Some extreme positive errors are, however, observed, especially for LOPO2 (0.8 % of points) where
the absolute CRE exceeds 100%. When looking at the high CRE values in details, we observed that most cases (79 % of
occurrences) concern IWW values below 1 mm/yr, for which relative errors become unstable due to small denominator values,
which explains high CREs.

Model performance slightly degrades for LOPO2 (mostly in terms of extreme CRE values), but the model remains stable
in temporal cross-validation experiments (Figure 2.a). Overall, the model performs very similarly across experiments, despite
their increasingly challenging cross-validation conditions in terms of reduced training information and longer testing time

block length.
4.1.2 Uncertainty estimation

Figure 3 presents the performance of uncertainty estimation for each cross-validation experiment. We can see that the uncer-
tainty estimates cover a percentage of observations that closely matches the expected coverage across confidence levels. The
actual and nominal coverages exhibit r2 values above 0.99 for each LOPO experiment, illustrated by the curves close to the
straightline in Figure 3. The uncertainty estimates exhibit some miscoverages. However the maximum difference between ex-
pected and empirical remains below 5% for LOPO3 (undercoverage) and for LOPOS and LOPO3 (overcoverage), while LOPO
2 is the experiment where the estimates perform worst, with maximum undercoverage of 9%. Despite these difference, overall,

the uncertainty estimation performs consistently well across the cross-validation experiments.
4.2 TWW prediction and uncertainty

The output of the final IWW prediction model (i.e. the model trained on all the available data) is presented for the total IWW
(Figure 4.a) and its identified components: the relative deviation term (6)V, Figure 4.b)) and the IWW base term (°, Figure
4.c). To focus on inter-annual variability, and remove intercatchment variability, we consider the catchment-relative total IWW
and IWW base term, as defined in Section 2.3.4. The prediction period covers 2000-2022

We observe that the inter-annual variability of the total IWW closely mirrors that of the relative deviation term, both in
amplitude and temporal pattern. More precisely, a very strong and consistent temporal coherence is observed between total
IWW and the relative deviation term, across all catchments, with Pearson correlation coefficients exceeding 0.91 in all cases
(median: 0.99). This indicates that the inter-annual variability in the total IWW (V) is almost entirely governed by the relative
deviation term (6 V).

In contrast, the IWW base term component WO exhibits a markedly narrower inter-annual spread and a smoother temporal
pattern. In addition, the IWW base term (W°) shows consistently high lag-1 autocorrelation (median: 0.86), indicating a strong
temporal persistence and a slowly evolving system in time. By contrast, both the total IWW (W) and the deviation term (6W)

exhibit near-zero lag-1 autocorrelation (medians of 0.05 and 0.06, respectively).
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Figure 2. Cross-validation experiments (LOPO2, LOPO3, LOPOS5 and LOPO15), presented in Section 2.3.1 : a) Scatter plots of predictions

versus observations, with 72 and RMSE indicated for each experiment and b) Violin plots of Catchment Relative Error.
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Figure 3. Uncertainty estimation performance: actual coverage vs. expected coverage across confidence levels for all cross-validation exper-

iments.

Beyond the distribution of inter-annual IWW variability across the identified components, the model captures high values of
total IWW for the period 2003-2005, with these anomalies being primarily reflected in the relative deviation term component.
In addition, both the catchment-relative total IWW and the relative deviation term exhibit a tendency toward higher values
during the most recent period (approximately 2015-2022), with the exception of 2021, suggesting a potential shift in recent

285 hydro-climatic conditions (see Section 4.4 for the trend analysis).
Figure 5 illustrates the model uncertainty, evaluated through the coefficient of variation CV, defined in Section 2.3.3. Figure
5.a) displays the cumulative distribution of CV across all predicted points (498 catchments, 22 years), demarking points inside

and outside the training set (points spanning over the 2008-2022 period). Figure 5.b) shows the temporal evolution of the

distribution of ACV, defined in Section 2.3.3, across catchments.
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Figure 4. Evolution of the distribution of predicted IWW and its identified components across catchments and through time. The shaded
areas represent nested empirical quantile envelopes across catchments: the lightest band corresponds to the 5-95% range, the intermediate
band to the 10-90% range, the darkest band to the interquartile range (25-75%), the dotted lines indicate the full range of predicted variability
(minimum and maximum across catchment) and solid lines represent the mean across catchment. Panels show a) the catchment-relative total

IWW (W°), b) the relative deviation term (V) and c) the catchment-relative IWW base term (WV%<").

We observe that the CV exhibits limited variability: all values range between 23.8 % and 29.8 %, while 97.5% of CV points
fall between 23.8% and 25%. Differences can be observed between the distribution of CV from points inside and outside the
training set, although they remain small (mean CV of 24 % for points inside training set and 24.2 % for those outside).

When looking at CV variability in time (through ACV as defined in Section 2.3.3), we observe that extrapolated years
(2000-2007) are more uncertain. The extrapolated years exhibit higher mean and 75th percentile of ACV, and thus higher
prediction uncertainty, than the reference period (2008-2022). This increase is particularly pronounced for years such as 2003

and 2006, as shown in Figure 5. However, high CV values appear to be driven primarily by catchment-specific uncertainty
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rather than inter-annual variability. This is supported by the distribution of catchment-mean CV (as defined in Section 2.3.3),
which exhibits a standard deviation of 0.64%, exceeding the maximum temporal deviation in CV (ACV).

We note that the uncertainty associated with the GAM prediction variance component (as described in Section 2.3.3) repre-

300 sents only a small fraction of the total predictive uncertainty log-variance. Over the 20002022 period, the ratio between the

prediction variance the total predictive uncertainty log-variance has a median of 0.07 and a 75th percentile of 0.09 (not shown).
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Figure 5. Values of the prediction coefficient of variation (CV). a) Cumulative distribution function for individual predictions and catchment
means. b) Evolution of the distribution across catchments of ACV: the shaded areas represent nested empirical quantile envelopes across
catchments: the lightest band corresponds to the 5-95% range, the intermediate band to the 10-90% range, the darkest band to the interquartile
range (25-75%), the dotted lines indicate the full range of predicted variability (minimum and maximum across catchments) and solid lines

represent the mean across catchments.
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4.3 Interpretation of the fitted smoother GAM

To gain insight into the relationships learned by the GAM and assess their interpretability, we examine the fitted smoothers
associated with each time-varying predictors (Figure 6). The effect of AEI on the IWW base term is positive and nearly linear
in the log-space. Most meteorological predictors display near-monotonic responses, with soil moisture exhibiting a decreasing
relationship with the relative deviation term. More complex responses are observed for a limited number of predictors, no-
tably July precipitation and August temperature, where the fitted smoothers display localized non-monotonic behaviour at the

extremes of the predictor range.
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Figure 6. Fitted smoothers of a) the hydrometeorological predictors associated with the relative deviation term and b) the Area Equipped for
Irrigation (AEI), associated with the IWW base term. Solid blue lines denote the estimated smoothers and dashed purple lines the associated

95% confidence intervals. Rugs along the horizontal axis indicate the distribution of the observations used for model fitting.

4.4 Trend
4.4.1 Trends at the catchment scale

Catchment-scale trends were calculated and tested for statistical significance as described in Section 2.4.2. Results shown in
Figure 7.a present a map of these significant trends, for total IWW (7.a.1), IWW base term (7.a.2) and the relative deviation

term (7.a.3). Results shown in Figure 7.b) present the corresponding histogram of the magnitude of the significant trend, for
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total IWW (7.b.1), IWW base term (7.b.2) and the relative deviation term (7.b.3). Significant trends are detected in 92%, 62%
and 96% of the total number of catchments, respectively for the total IWW, the IWW base term, and the relative deviation term.

The detected significant trends are essentially positive for the total IWW (only one significant negative trend), and the
relative deviation term (all significant trends are positive). In contrast, the detected significant trends of the IWW base term are
more evenly distributed (44% positive and 56% negative). Results show that most of the magnitude of the significant trends
in the total IWW and in the relative deviation term exceed 0.75%/yr (80% and 85% of the catchments, respectively), while a
substantial fraction also exceed 1.5% /yr (33% and 28% of catchments, respectively). In contrast, the magnitude of the trends
detected for the IWW base term are mostly between —0.20%/yr and 0.20%/yr (52% of the catchments), and they seldom
exceed 1.5%/yr (0.64% of catchments).

Significant and positive trends for the total IWW and the relative deviation term are widespread across France (the only
negative trend — for total IWW — is in Charente, southwestern France). However, spatially coherent patterns can be identified,
with particularly strong signals in catchments located in the central (Loire and Dordogne) and eastern (Rhin—Meuse) regions
for both the total IWW and the relative deviation term, and a strong signal in the north (Artois-Picardie) region for the total
IWW. Significant trends for the IWW base term also exhibit spatially coherent patterns, with positive trends in the north

(Artois—Picardie) region and negative trends in parts of southwestern France (Loire and Charente catchments) region.
4.4.2 IWW base term and relative deviation term influence on total IWW

In this section, we present the results on the respective influence of the IWW base term and the relative deviation term on
the total IWW trend (Figure 8). Figure 8.a presents the proportion of catchment for different configuration of direction and
significance of the trend across the term. This configuration is summarized in a trend state, which is symbolized by 1 if a
significant trend is detected, by | if a negative trend is detected and by e if no significant trend is detected. The combinations
across terms is simply the concatenation W, W°, §W) of the trend state of each state. Figure 8.b then presents the comparison
of the trend magnitude for each term.

The distribution of trend state combinations indicates that the total IWW trends are primarily driven by the relative deviation
term trends. In 92% of the catchments, both the total TWW and the relative deviation term exhibit significant positive trends,
regardless of the IWW base term trend state. However, some compensating effects are observed: negative trends in the IWW
base term can offset positive trends in the relative deviation term (3% of catchments, mostly located in the Charente region.
In rarer cases — combination (1,1,e) and ({,].e), the total IWW trends are instead driven by the IWW base term (1.2% of
catchments, located in Brittany, Loire, and Charente).

Comparing trend magnitude for the IWW base term and the relative deviation term (Figure 8.b) reveals that these two terms
largely carry independent information, as indicated by their low Pearson correlation (0.17). These two terms are associated to
the trend magnitude of the total IWW term, as the Pearson correlation between the trend magnitude of the total IWW and the
IWW base term is 0.63 and the Pearson correlation between the trend magnitude of the total IWW and the relative deviation
term is 0.87. The magnitude of the total IWW trends is primarily driven by the relative deviation term: in 80% of catchments,

the ratio between the trend magnitude of the total IWW and the relative deviation term exceeds 0.8. However, a modulation
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Figure 7. Magnitude of estimated trends at the catchment scale. a) Maps of the trend (gray indicates absence of significant trend) for a.1) the
total IWW (W), a.2) the IWW base term (WW°) and a.3) the relative deviation term (§WV). b) Histogram of trend magnitude for a.1) the total
IWW (W) (463 catchments with trends), a.2) the IWW base term (W°) (310 catchments with trends) and a.3) the relative deviation term
(OW) (479 catchments with trends).

effect from the IWW base term is also highlighted: for a given range of relative deviation term trend magnitude, the total IWW
trends vary according to the IWW base term trend magnitude (when moving from left to right). This modulation can, in some
cases, lead to amplification effects. For example, in northern catchments (Seine river basin and Artois—Picardie), strong positive
trends in both the IWW base term and the relative deviation term (between 1 and 1.5%)/yr for each) result in particularly large

total IWW trends (exceeding 2.5%/yr).
4.4.3 Regional synthesis of total IWW trends

Figure 9 presents the regional indicators of trend (Figure 9.a), which are put into perspective with the regional indicators of
total IWW (Figure 9.b). Both indicators are obtained by aggregating catchment-scale information, as described in Section
2.4.3, within each hydrographic region, as presented in Section 3.1. Regional trend indicators (IT) are positive in all regions
except Charente. Values range from —0.51 to 1.85 (Artois-Picardie), with a median of 0.86 (Figure 9.a)). The comparison

between I” and I highlights marked differences between regional indicators of IWW and trend. In particular, Adour, the
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Figure 8. Comparison of trend behavior among the total IWW (W), the IWW base term (WP) and the relative deviation term (§V). a) Bar
plot showing the proportion of catchments exhibiting each combination of trend states across term. b) Scatter plot of trend magnitude for the

relative deviation term versus the IWW base term, with the strength of the total IWW trend shown using a color scale.

most irrigated region (I'"V of 2.72), exhibits only moderate trend values (I of 0.57), while Mediterranean region combines

the second strongest trend indicator (I of 1.84) with the second strongest IWW indicator (I of 1.58).

5 Discussion
5.1 Modeling approach and temporal extrapolation

Our model demonstrates strong predictive performance across all leave-one-period-out (LOPO) experiments, indicating robust
temporal extrapolation capabilities (Figure 2). However, errors can be non-negligible when looking specifically at the individ-
ual catchment scale, with a limited number of extreme prediction errors (i.e. when CRE > 100%), particularly in the LOPO2
experiment, where cross-validation is performed over only two long periods (7 and 8 years). Those extreme LOPO2 relative
errors can come from either the reduction of the length of the training set, or from the increase of the length of the testing
set. Despite these observed extreme LOPO?2 errors, the temporal evolution of catchment-relative total IWW prediction remains
stable and acceptable over the extrapolation period (2000-2007), with no abrupt temporal changes or unrealistic spatial pat-
terns detected in the reconstructed time series (Figure 4) or in the detected trends (Figure 7). This suggests that the degraded

performance observed in the LOPO2 experiment is more likely attributable to the reduced size of the training dataset than to

19



https://doi.org/10.5194/egusphere-2026-4287
Preprint. Discussion started: 17 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

b)
.,Artms-Plcardle .,Medlterranee
1.5
Rhin-Meuse
ot
Rhéne
1.0
»
—_ Dordogne Loire Garonne
O »
—
Seine-Normandie »
051 & Adour
Bretagne
or-——————————— === —————————————————
-0.5
Charente)
0 1 2

™

Figure 9. Regional indicators of trend and total IWW. a) Map of regional indicator of trend (I7) in the 11 hydrographic regions defined
in Section 3.1. b) Relationship between the regional indicators for the total IWW (/") and the indicator for trend (I7). Region labels
correspond to the major French hydrographic regions (Figure 1). The black dashed horizontal line separates negative and positive regional
trend indicators. Gray dashed horizontal and vertical lines separate above and below average the positive regional trend indicators and

regional IWW indicators, respectively.
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an increased extrapolation horizon, a known pitfall when temporal coverage is restricted (Roberts et al., 2017). This limitation
of the LOPO2 experiment may also explain the slight undercoverage observed in our uncertainty estimates.

Overall, our uncertainty estimation produces credible prediction intervals, providing further confidence that our extrapolation
is both reliable and consistently evaluated. However, this uncertainty framework relies on the assumption that model bias
remains constant over time, particularly under temporal extrapolation (i.e we work under the assumption that the structural
limitation of our model remain constant). Such an assumption may lead to the underestimation of uncertainty and highlights
the need for further refinement of the uncertainty estimation framework to better account for potential time-varying model
biases (see e.g. Hsueh et al., 2024).

Beyond predictive performance, the model identifies three years with high IWW in the 2000-2007 period: 2003, 2004 and
2005, which are known to be drought years (Amigues et al., 2006). Moreover, the model successfully recovers meaningful
structural components of IWW; namely the IWW base term and the relative deviation term. In particular, the decomposition
into IWW base term and relative deviation term components emerges naturally from the semi-parametric structure of the model,
without explicit supervision, highlighting the relevance of this formulation. This decomposition is consistent with the nature of
the predictors, with low-frequency variability (e.g. AEI) primarily associated with the base component, while high-frequency
meteorological variability drives the relative deviation term of the modeled IWW.

The fitted smoothers are generally consistent with physical expectations (Figure 6), supporting the interpretability of the
proposed decomposition. The effect of AEI suggests that base IWW increases approximately proportionally with the equipped
irrigated area, which is consistent with the literature (Puy et al., 2021). The effect of meteorological predictors suggests, over-
all, lower IWW under wetter conditions and higher IWW under dryer conditions, which is also consistent with the literature
(Nie et al., 2021). A limited number of predictors display less intuitive responses under extreme conditions (e.g. P_juil or
T_aug). These localized behaviors should be interpreted cautiously, as the smoothers represent partial effects estimated under
the adopted additive formulation and are less constrained in sparsely sampled regions of the predictor space. Future work
could investigate whether incorporating selected interactions or additional physical constraints could further improve the inter-
pretability of these relationships.

Our model uncertainty appears to be driven primarily by the bias, which dominates the prediction variance. This corresponds
to a situation of systematic over-smoothing, which is relatively uncommon in modern machine learning applications (Matra and
Wood, 2012). Given the performance observed in temporal cross-validation, this suggests that the model is stable but eventually
oversimplified. We propose two possible explanations for this behavior. First, the model lack of predictors such as crop type
or irrigation practices, which could improve local predictive capacity. It must be noted that some variables were intentionally
excluded (crop type) to improve extrapolation interpretability (Section 3.2.2), as they primarily encode spatial rather than
temporal variability (Van De Pol and Wright, 2009), while others are simply unavailable at the catchment or annual resolution
(e.g. detailed agricultural practices), despite their known importance for IWW estimation (Kragh et al., 2025; Soutif-Bellenger
et al., 2023). Second, the training data themselves are likely affected by substantial noise. This concerns both the predictors,

which are not always available at the appropriate spatial scale, and the target variable, as the reference IWW dataset (here,
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the BNPE) estimates may contain uncertainties related to reporting procedures inherent to mandatory declaration systems, as
suggested for similar administrative water-use datasets (Sangha and Shortridge, 2023).

Taken together, these limitations suggest that further research could focus on improving the quality, consistency, and repre-
sentativeness of the training dataset. Overall, our findings reflect a classical accuracy—robustness trade-off, previously discussed
in other machine learning contexts (Zhang et al., 2019; Tsipras et al., 2019), and suggest potential avenues for improving the

prediction model in future work.
5.2 Trend assessment

The decomposition of total IWW into a base IWW term and a relative deviation term provides insight into the underlying
processes. Trends in the relative deviation term are spatially coherent and align well with documented climatic changes in
France, including increasing temperatures (Ribes et al., 2022; Twardosz et al., 2021), decreasing summer soil water content
(Almendra-Martin et al., 2022; Rehof et al., 2024), and declining summer precipitation (Haruna et al., 2026). In particular,
these studies are consistent with the trends detected in the relative deviation term (i.e. the term in our model that carries
the climatic signal), and with their spatial distribution, particularly in hotspot regions, such as central and eastern France.
These results support the interpretation of the identified relative deviation (§)V) in our model as a proxy for climate-driven
variability in IWW. In contrast, trends in the identified IWW base term W) are generally weaker and may be either positive
or negative. This can be directly attributed to the fact that AEI is the only time-varying predictor of the IWW base term (with a
positive linear effect in log-space, Figure 6), and AEI itself exhibits this behavior (Zhu and Siebert, 2024). The detected spatial
patterns are also consistent with national reports, which identify similar hotspots of irrigation evolution, including Charente
and Artois—Picardie (Sédillot et al., 2024). Although the contribution of the IWW base term to detected trends in our study is
comparatively limited, recent national assessments suggest that changes in agricultural practices and irrigation development
may play an increasing role in future irrigation dynamics (Arambourou and Ferriere, 2025).

Although long-term trends in total IWW have not been extensively documented in France, the widespread positive trends
observed in the relative deviation term component are consistent with the expected increase in crop water demand under climate
change on the worldwide literature (Warziniack et al., 2022; Garcia-Garizabal et al., 2014; Doll, 2002). While trends in the
total IWW are largely driven by the relative deviation term (i.e. by the climatic signal), the IWW base term also plays a role and
provides contrast to the climatic signal. The decomposition into a IWW base term and a relative deviation term that we adopted
in our framework, and the results obtained from its application in France, suggest that the temporal dynamic in IWW cannot
be interpreted solely as a direct response to climate, which also has been previously highlighted in the literature (Warziniack
et al., 2022; Zhang et al., 2022; Puy et al., 2021). Variations in structural variables (in our case, AEI) should also be considered
in long-term analyses.

The regional indicators of trend provide a complementary perspective to the catchment-scale analysis by synthesizing trends
at the scale of major hydrographic regions. Unlike computing trends from region-wide aggregated withdrawals, our approach
allows us to preserve part of the catchment-scale heterogeneity while accounting for redundancy induced by nested catch-

ments. The regional analysis showed that the Mediterranean region emerges as a particularly notable hotspot of irrigation
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development. Its identification as a major irrigation region is consistent with previous studies (Essa et al., 2023; Tramblay
et al., 2020; Sanchis-Ibor et al., 2020; Fader et al., 2016; Hoerling et al., 2012). Because this region combines both high IWW
and high positive trends, it appears particularly exposed to future increases in irrigation pressure, it raises important questions
regarding future sectoral planning and climate change adaptation. In contrast, the regional analysis identifies Artois—Picardie
as an emerging irrigation region. Although current IWW remains comparatively modest, the strong positive trends suggest
that irrigation may become increasingly important in the future, extending the development of IWW in that region already
documented by Janin (1996). This result suggests that irrigation-related pressures may progressively extend to regions where
they have historically played a more limited role.

Although it is a standard approach in trend analysis (Vicente-Serrano et al., 2025; Sa’adi et al., 2019), our approach to
quantify trends remains simple. While this provides a robust first-order characterization of long-term changes, it does not
characterize potential non-linear dynamics or temporal regime shifts that may occur in IWW. In particular, future work could
explore more flexible approaches, such as piecewise regression or non-linear smoothing, or change-point detection methods
to better identify potential structural breaks in the time series (Mudelsee, 2019). In addition, we note that trend estimates are
conditional on the selected study period and may be sensitive to the choice of the temporal window. Future work could also

benefit from exploring longer temporal records, where these are available.
5.3 Relevance for hydrology and climate change impact future studies

The present study complements the framework proposed by Zarpas et al. (2026b). While the latter introduced a data-driven
framework to reconstruct annual and monthly IWW over the observation period, the present study extends this framework
beyond the observation period by reconstructing temporally consistent annual IWW series. Together, these two studies provide
a coherent framework for reconstructing irrigation water withdrawals for hydrological application.

Although temporal disaggregation from annual to monthly scales remains a necessary step, the reconstructed temporally
consistent IWW series—and more generally the proposed modelling framework—provide a basis for improving the explicit
representation of irrigation in rainfall-runoff models over long time periods and a large sample of catchments. This, in turn,
can support more robust assessments of model parameters and improve low flow simulations, where irrigation demand can
substantially alter hydrological responses during dry periods (Van Loon et al., 2019).

Beyond hydrological modelling, the proposed framework addresses a major limitation of large-sample irrigation datasets by
providing temporally consistent estimates of irrigation withdrawals over a large number of catchments, thereby enabling the
extension of regional- to national-scale scenario analyses at the catchment scale (e.g. Sauquet et al., 2026; Arambourou et al.,
2025). Moreover, the decomposition into IWW base term and relative deviation term components offers an interpretable sep-
aration between structural agricultural conditions and climate-driven variability, making it a promising framework for climate

impact assessment and water resources management through scenario exploration.
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6 Conclusion

In this paper, we addressed the challenge of performing temporal extrapolation to quantify irrigation water withdrawal (IWW)
for a large sample of catchments over a long time period. A temporally stable data-driven approach based on a GAM model

was proposed, improving knowledge of IWW trends in France. The key outcomes of this study are:

1. We demonstrated the stability of the GAM modelling framework for data-driven temporal extrapolation of a reference
IWW database;

2. We provided insight into IWW in France during the 2000-2007 period, which is a period without actual observations in
the national database, by producing annual and catchment-scale time series of IWW for a large sample of catchments in

France, while quantifying uncertainties;

3. We documented IWW trends over an extended period in France (2000-2022) while distinguishing the respective con-
tributions of structural factors (via area equipped for irrigation) and climatic variability, highlighting a strong climatic

signal and widespread positive trends in IWW.

Overall, we showed that the GAM model is a promising tool for addressing the challenge of temporal extrapolation, due to
its additivity, continuity and capacity to handle hierarchical structures. Our study highlighted the trade-off between stability
and predictive power, and raises the question of what can be reasonably achieved with a given (not ideal) dataset, as in many
real-life applications they can become noisy and uncertain.

Detecting strong and widespread positive trends in IWW across France through a climatic signal is not a surprise, but had
never been explicitly documented before. Our robust modelling framework and the result it conveys result raises awareness
to important questions for agricultural management, particularly regarding the growing tension between increasing irrigation
water demand and increasing pressure on water resources under a changing climate.

By working at the annual timescale, we overlook a decisive trait of irrigation: its seasonality. The disaggregation from annual
to monthly IWW estimate should be considered as an important research direction (e.g. by adjusting the fully data-driven
methodology developed in Zarpas et al. (2026b)). This step would be essential for irrigation water withdrawal estimation itself,

but also for hydrological modeling, and, more broadly, water stress assessment.
Appendix A: Random effect and spatial correlation

Our GAM model can be written in a simplified form as:

FOMXy )= > fil@iye) + Ze= BBy + Ze, (A1)

1=1,..,n

where B, . denotes the vector of spline basis functions evaluated at the predictor values, and 3 the corresponding fitted

coefficients. The modeling approach implemented via the mgcv R package actually treats the random effect as penalized
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coefficients, and fit the model as a penalized least square. Denoting Z the random effect vector, the function to be minimized

can be written in a simplified form as:
L(B.Z) = [Wy.c— (BByc+ 2., ., + - ZSZT (A2)

where ||-|| is the Euclidian norm, A is the penalty parameter (found by maximizing the restricted marginal likelihood (REML)),

and S is a penalty matrix. By default, S is the identity matrix giving:
7877 =) Z: (A3)

The default penalty thus only shrinks the random effect toward zero and does not account for spatial correlation. Given a known

catchment-wise correlation matrix P = (pci <5 ) , for example as estimated in Appendix B, we use the Laplacian matrix:
Sse=D—-P (A4)

where D is the diagonal matrix defined by D;; = 3, P ;, referred to as the degree matrix. The customized penalty matrix S,

yields:

2

7S, 17 = chi,(:j (ch - ch-) (AS)
i>j

Hence, our new penalty matrix penalizes differences between catchment’s random effect, proportionally to their spatial corre-

lation. We next show in Appendix B how we estimate the catchment-wise spatial correlation.

Appendix B: Catchment-wise spatial correlation estimation

To derive a theoretical expression of the correlation in the spatial random effect, we assume that within each catchment the
IWW is randomly distributed with expectation y and variance V. Let us further assume that it is independently and identically
distributed across all catchments. In this framework, the correlation between two disjoint catchments is null and the correlation
between nested catchment is given by how much the smallest catchment is nested in the largest one.

More formally, let us consider two catchments C; and C;, with ¢ # j, and let us denote A; and A; their respective areas.
Without loss of generality, we suppose C; C Cj, hence A; < A;. We further denote W; and W; the random IWW on C; and

C}, respectively. With these assumptions,

1
A-A-/ / COV(Wi,Wj)dUdV:VA?/(AiAj):VAi/Aj, (B1)
¢ "o

1
Cov(Wi,Wj):A'A_//Var(Wi)dudv+
i

with A;/A; < 1. Since Var(W;) = Var(W;) = V, we thus get that the correlation is p(W;,W;) = A;/A; < 1. Finally, one thus

gets in all generality
p(ci,c;) =min(A;, Aj)/max(A;, A;) Vi, j. (B2)

25



530

535

540

545

https://doi.org/10.5194/egusphere-2026-4287
Preprint. Discussion started: 17 August 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Appendix C: Regional indicators weighting

The weights {w, } used to define the regional indicator for the region R = {c1,...,¢ny, }, containing ng catchments,

i=1lngr

are derived from the correlation p(c;,¢;). defined in Eq. (B2). For the catchment ¢;, we first compute the quantity ., :

1
D it PCisCs)

(ChH

We, =

The denominator is the sum of the correlation with all catchments belonging to the same region. The quantity w., penalizes
catchments that exhibit strong correlation, i.e. strong nesting relationships with other catchments in the same region. Note that
since p(c¢;,¢;) = 1 the denominator is always larger than 1 and thus 0 < @., < 1. The weight w,, is then simply defined as the

normalized version of W, :

We, = (€2)
Zj:l,nR wcj

Appendix D: Details about uncertainty estimation

D1 Modified log normal law

We assume:

logWy.c ~ N (fF4M (X, ) 02 ), (D1)

where U;,c is a location-dependent variance term capturing heteroscedastic uncertainty.
Under this formulation, the induced distribution of W, . is log-normal. Here we use a modified log-normal distribution LN

as:

o2 .
LN =exp (— ;°> LN (D2)

This transformation yields:
E[Wym] = exXp (fGAM (Xy,C)) ) (D3)

This correction has been empirically found to improve predictive performance in cross-validation (not shown) (Liitkepohl and
Xu, 2012; Girard et al., 2004).

D2 Estimation of the variance

Our model is given by:

log Wy,e) = FEMM (X, ) +ey,e (D4)

26



550

5565

560

565

https://doi.org/10.5194/egusphere-2026-4287
Preprint. Discussion started: 17 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

2

err) and accounts for model bias and irreducible noise. Neglecting the covariance

We make the assumption that e, . ~ N (0,0

between bias and variance of f¢4M (X, .), the predictive uncertainty distribution is:
log W[ Xy,e ~ N (FEM (X ) var (F94M (X, o)) +02,,) (D5)

So, the total log-scale standard deviation is given by:

Oy,c =/ Var (feaM (Xy,e)) +02

err

(D6)

Code and data availability. All data produced and used in this study are publicly available at Zarpas et al. (2026a). All analyses were
performed in R (version 4.3.1) using existing, publicly available packages, namely: ggplot2 for figures (Wickham, 2009; Wickham et al.,
2007), sf for spatial analysis (Pebesma, 2018, 2016), mgcv for GAM (Wood, 2011, 2000), and modifiedmk for modified Mann Kendall test
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