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Abstract.  

Reliable transferability of hydrological model parameters across time and space remains a challenge for large‑scale water 

resources assessment. In this study, we investigate whether a differentiable hybrid framework can identify robust and 

physically coherent parameter sets for annual streamflow modeling across a large‑sample dataset of 3,044 catchments from 

eight countries. To focus on temporal and spatial transferability analysis, we work at the annual time scale using what we 10 

consider to be the simplest possible model: an annual anomaly model of climate elasticities, coupled with the Turc–Mezentsev 

formulation for the long-term streamflow mean (MQ). A dense neural network is trained in an end‑to‑end fashion to map 

catchment descriptors to the four model parameters, with gradients propagated through the entire modeling chain. 

We evaluate the framework using three cross-validation settings inspired by Klemeš (1986): temporal, spatial, and combined 

temporal–spatial cross-validation. As a benchmark, we compare the hybrid model against local, catchment‑by‑catchment linear 15 

regressions under temporal cross-validation.  

Our results show that, for temporal transferability, our parameter learning approach outperforms local calibration, yielding 

higher Nash-Sutcliffe efficiency (NSE) values while producing elasticity coefficients that remain within plausible physical 

ranges, despite lacking explicit parameter constraints. By contrast, spatial transferability reveals a marked limitation: the 

anomaly component extrapolates well spatially, but regionalizing MQ from descriptors proves difficult, with MQ errors 20 

dominating the loss of performance in spatial and spatiotemporal cross-validation. Experiments with random descriptors 

further show that our parameter learning uses attributes mainly as catchment identifiers in temporal cross-validation but relies 

on their physical content to sustain spatial transfer, particularly for MQ. Overall, the study demonstrates that simple 

differentiable hybrid annual models can learn robust and interpretable anomaly parameters, while highlighting MQ 

regionalization as the main remaining bottleneck for spatially transferable annual streamflow predictions. 25 
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1. Introduction 

1.1. Parameter transferability across space and time: strategies and limitations 

Most hydrologists agree that a hydrological model’s ability to extrapolate under changing conditions is fundamental, whether 

for effective management of water resources, the design of hydraulic infrastructure, or the implementation of ecosystem 30 

services (de Lavenne et al., 2019; Parajka et al., 2013). This property, however, has yet to be achieved   and remains among 

the unsolved problems in hydrology, as compiled by Blöschl et al. (2019): "How can hydrological models be adapted to be 

able to extrapolate to changing conditions?" It is primarily defined by two dimensions of transferability: spatial transferability, 

also known as “prediction in ungauged basins” (PUB), which seeks to provide predictions where no discharge records exist, 

and temporal transferability, which challenges a model's ability to maintain its predictive performance under changing climatic 35 

conditions (Blöschl et al., 2019; Klemeš, 1986). While the International Association of Hydrological Sciences (IAHS) PUB 

decade (Sivapalan et al., 2003) and the subsequent "Panta Rhei" initiative (Montanari et al., 2013) have significantly advanced 

these topics (Hrachowitz et al., 2013), identifying robust parameter sets that can bridge the gap between regional information 

and ungauged locations while remaining stable across different hydroclimatic periods remains a critical research frontier 

(Rojas‐Serna et al., 2016; Santos et al., 2025). 40 

To overcome the lack of local data, hydrologists have developed regionalization strategies to transfer information from gauged 

"donor" catchments to "receiver" ungauged ones (McIntyre et al., 2005; Oudin et al., 2010; Parajka et al., 2013). These classic 

approaches rely on three main pillars: 

1. Regression-based methods, linking model parameters to physical or climatic descriptors (e.g., Seibert, 1999); 

2. Physical similarity-based methods, transferring parameters between catchments sharing similar physical attributes 45 

such as slope, aridity, or land cover (e.g., Ali et al., 2012; Heng and Suetsugi, 2014; McIntyre et al., 2005; Wolock 

et al., 2004); 

3. Spatial proximity-based methods, assuming that neighboring basins behave similarly due to shared climate and 

geology (e.g., Kim and Kaluarachchi, 2008; Merz and Blöschl, 2004; Parajka et al., 2005). 

The effectiveness of regionalization strategies is highly dependent on the density of the stream gauge network (Heng and 50 

Suetsugi, 2014; Lebecherel et al., 2016). In regions characterized by a dense network of gauging stations, such as in France or 

in Australia, approaches based on spatial proximity consistently outperform other methods (Merz and Blöschl, 2004; Oudin et 

al., 2008). However, this superiority is sensitive to data availability: in areas with sparse hydrometric networks  and distant 

gauging stations, physical similarity can outperform spatial proximity (Heng and Suetsugi, 2014; Parajka et al., 2013). Lastly, 

comparative assessments indicate that regression-based methods yield the lowest performance (Oudin et al., 2008; Parajka et 55 

al., 2013; Razavi and Coulibaly, 2013), underscoring the need to handle complete parameter sets. 

On the temporal dimension, model stability is typically achieved through structural choices and specific parameterization 

schemes. Model parsimony is frequently advocated as a primary way to address over-parameterization, thereby enhancing the 

stability of parameter sets when applied to periods beyond calibration (Perrin et al., 2001). Other strategies include the use of 
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dynamic parameterization, which allows models to adapt to changing regimes (Lan et al., 2020; Stephens et al., 2019). 60 

Furthermore, the concept of "discrete parameterization" through parameter set libraries has been proposed to provide more 

stable results than local calibration, especially when data are limited or when models face non-stationary conditions 

(Andréassian et al., 2014; Perrin et al., 2008). 

The evaluation of a model's extrapolation ability requires rigorous protocols (Refsgaard and Henriksen, 2004). The 

international benchmark remains the hierarchical scheme proposed by Klemeš (1986), which defines the Split-Sample Test 65 

(SST) for temporal validity and the Proxy-Basin Test (PBT) for spatial transposability. Specifically, the Differential Split-

Sample Test (DSST) challenges the model by evaluating parameters over contrasting climatic periods (Klemeš, 1986; Seibert, 

2003). These protocols are often described as "crash tests," essential for detecting failures outside the model's historical 

calibration range (Andréassian et al., 2009). At the same time, recent studies have shown that standard split-sample 

implementations can sometimes give an unduly pessimistic view of model robustness, by missing parameter sets that perform 70 

satisfactorily across different climatic periods (Fowler et al., 2016), and have proposed more systematic frameworks to 

diagnose whether failures under changing conditions stem from structural inadequacy, parameterization issues, or data errors 

(Fowler et al., 2018). 

Despite decades of development and refinement, traditional hydrological models face fundamental structural limitations 

because they are often over‑simplified representations, plagued by structural deficiencies, and unable to handle all hydrological 75 

processes. For instance, many conceptual structures lack explicit vegetation modules (such as seasonally varying leaf area 

index or rooting depth) or struggle to capture multi-year hydrological memory and complex groundwater interactions (Feng et 

al., 2022; Grigg and Hughes, 2018). 

These structural gaps often lead to parameter identification issues. When a model structure is imperfect, the calibration process 

often forces parameters to vary in non-sensical ways to compensate for missing physics or data biases (Kirchner, 2006). While 80 

equifinality (the existence of multiple and disparate parameter sets yielding identical fits) is a well-known challenge (Beven, 

2006), its impact is particularly acute in conceptual models, rendering objective relationship between parameters and physical 

catchment characteristics elusive (Oudin et al., 2010). This results in a lack of temporal robustness, where parameter sets 

calibrated during wet periods fail to reproduce dry periods, and vice versa (Merz et al., 2011; Vaze et al., 2010). Because these 

models often act as "mathematical marionettes" that can only "dance to a tune they have already heard" (Kirchner, 2006), they 85 

frequently fail climatic "crash tests" when facing conditions beyond their historical calibration range (Coron et al., 2012). This 

highlights the need for modeling architectures capable of learning missing processes from big data while maintaining 

fundamental physical consistencies (Jiang et al., 2020). 
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1.2. Beyond regional calibration: a new hybrid paradigm 90 

In an attempt to address the limitations of traditional conceptual models, part of the hydrological community has recently 

begun exploring possible synergies between physical process-based models and deep learning (Jiang et al., 2020; Reichstein 

et al., 2019; Shen, 2018). This hybrid paradigm seeks to overcome the dichotomy between the high predictive accuracy of 

"black-box" machine learning models and the interpretability of physical–conceptual structures (Höge et al., 2022; Jiang et al., 

2020). By utilizing a physical backbone, such as the HBV (Bergström, 1976) or the GR (Perrin et al., 2003) models, these 95 

hybrid structures ensure mass conservation and physical consistency while leveraging the data-driven flexibility of deep 

learning (Feng et al., 2022; Huynh et al., 2024). These models can effectively compensate for structural deficiencies or missing 

processes by outsourcing them to learnable components, thereby matching the performance of state-of-the-art pure deep 

learning models while providing access to internal physical fluxes such as baseflow and evapotranspiration (Feng et al., 2022; 

Jiang et al., 2020). 100 

A major breakthrough in the field of hybrid modeling comes from the adoption of differentiable programming (Shen et al., 

2023), a computing paradigm that allows for gradient tracking  through every operation in the model pipeline (Paszke et al., 

2019). This enables a differentiable parameter learning (dPL) framework in which a neural network is trained to map raw 

catchment attributes directly to hydrological model parameters (Feng et al., 2022; Tsai et al., 2021). In this sense, dPL 

represents a modern, deep-learning-based evolution of regional calibration strategies. While traditional regional calibration 105 

often relies on rigid, human-designed transfer functions or regional pooling to find common parameter sets (e.g., Poncelet, 

2016), the dPL approach facilitates learning these complex mappings using all available data simultaneously. Unlike traditional 

local calibration, which fits a separate model to each basin and often results in disparate or sometimes "pathological" parameter 

sets, dPL leverages the scaling effects of big data to identify generic relationships across thousands of catchments (Tsai et al., 

2021). 110 

In this framework, the neural network is constrained by the process-based backbone, ensuring that the learned mapping respects 

physical laws such as mass conservation (Acuña Espinoza et al., 2024; Feng et al., 2022). This structural constraint restricts 

the learnable functional space to a physically permissible subspace, ensuring that the model's outputs remain hydrologically 

consistent even when the internal neural network is highly flexible. Furthermore, by training the model on a large set of 

catchments, the system is forced to identify generic signals shared across regions. This helps mitigate the risk of overfitting to 115 

site-specific noise or local data errors that typically plague site-by-site calibration. This synergy between physical consistency 

and global learning favors the identification of physically coherent parameter sets that are more likely to remain valid under 

changing climatic conditions (Feng et al., 2022; Tsai et al., 2021). 

 

https://doi.org/10.5194/egusphere-2026-1197
Preprint. Discussion started: 11 March 2026
c© Author(s) 2026. CC BY 4.0 License.



 

5 

 

1.3. Why use a parsimonious annual anomaly and water balance model? 120 

In the context of water resources management and policy planning, the choice of an appropriate level of model complexity is 

a critical decision that directly impacts the reliability of long‑term assessments. While daily conceptual models are widely 

used, adopting a parsimonious annual anomaly model is strategically justified both by the nature of the information contained 

in hydrometeorological records and by the specific requirements of large‑scale resource estimation.  

Simulating hydrological behavior across large geographic domains is a key concern for water managers, who need to estimate 125 

the spatial variability of resources to guide planning and infrastructure design (Arnell, 1999). Annual hydro‑climatological 

models are particularly effective for evaluating long‑term water balance and inter‑annual variability, which are cornerstones 

of water security assessments (Sankarasubramanian and Vogel, 2002). In particular, Budyko‑type formalisms, including the 

Turc–Mezentsev equation used here, have proven effective for relating climatic aridity to long‑term runoff with very few 

parameters (Budyko, 1963; Mezentsev, 1955; Turc, 1955). Furthermore, in data‑poor regions or for large‑scale assessments, 130 

simple water balance methods perform comparably to more sophisticated conceptual models, providing reliable first‑order 

estimates of water availability without requiring extensive local calibration (Chiew, 2010). 

Also, a fundamental constraint in hydrological modeling is the limited information contained in rainfall–runoff records. 

Extensive research has shown that such records generally contain only enough information to support models of very limited 

complexity, typically identifying no more than three to five parameters (Jakeman and Hornberger, 1993). Attempting to 135 

simulate every known physical process often leads to over‑parameterization and to “mathematical marionettes” that fail 

climatic “crash tests” when applied beyond their historical calibration range (Kirchner, 2006; Slater et al., 2021). By adopting 

an annual time step and limiting the number of free parameters through a low‑dimensional water balance relationship, the 

model structure is inherently regularized: short‑term noise and rapid processes are filtered out and only large‑scale, slowly 

varying signals are represented. This helps address equifinality and enhances the stability of parameter sets under 140 

non‑stationary conditions (Thyer et al., 2006).  

The use of an anomaly-based formulation further reinforces the parsimony and interpretability of the model. By focusing on 

deviations from the mean rather than on full hydrographs, such structures align closely with the concept of climate elasticity 

and provide a transparent means of relating interannual streamflow variability to changes in climatic drivers (Andréassian et 

al., 2016; Sankarasubramanian et al., 2001). In our case, the Turc–Mezentsev equation provides a parsimonious estimate of 145 

the long‑term mean runoff, while the anomaly model describes how annual deviations from this mean respond to variations in 

precipitation, potential evaporation, and their timing. Together, these two components offer a simple yet powerful framework 

for diagnosing catchment responses to changing hydroclimatic conditions, while maintaining the number of free parameters 

within the limits supported by the available data. 
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1.4. Objective of the paper 150 

While recent studies have demonstrated the potential of differentiable hybrid modeling, they have primarily focused on daily 

time steps and relatively complex structures, such as the HBV model at daily time steps (Acuña Espinoza et al., 2024; Feng et 

al., 2022; Tsai et al., 2021). For instance, Feng et al. (2022) showed that differentiable models can approach the accuracy of 

pure long short-term memory models (LSTMs) while providing multi-physical outputs. More recently, Feng et al. (2023) 

confirmed their suitability for spatial extrapolation in ungauged regions. However, several questions remain open regarding 155 

the effectiveness of the physical structure as a regularizer. Acuña Espinoza et al. (2024) specifically questioned whether 

conceptual models provide strong enough constraints to prevent the data-driven component from overcompensating for 

structural deficiencies. Furthermore, the application of dPL to simpler, annual-scale water balance models remains unexplored, 

despite the critical need for robust long-term projections. 

The aim of this study is to fill this gap by investigating whether a differentiable hybrid approach can identify robust and 160 

physically coherent parameter sets for annual hydrological modeling. To achieve this, we rely on an "end-to-end" framework 

where the entire system is trained as a single unit without requiring intermediate data to supervise the identification of model 

parameters. Instead, the neural network and the hydrological model are optimized simultaneously using only the final 

streamflow output to calculate an overall loss function. This eliminates the need for intermediate observations of parameters 

that are often impossible to measure in the field and minimizes error propagation through intermediate steps. By training the 165 

system in this manner, we hypothesize that the framework will learn a global mapping that is inherently more generalizable 

across both space and time. We set our analysis in the context of a simple and interpretable annual model based on climate 

elasticities, following the framework of Andréassian et al. (2025), and use a large-sample dataset of 3,044 catchments to ensure 

robust evaluation of model transferability. We assess the model’s temporal and spatial transferability using three 

cross‑validation schemes: temporal, spatial, and combined spatiotemporal cross‑validation.  170 
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2. Test catchments 

2.1. Climatic data and selection of streamflow records 

In this study, we used catchments from eight countries to base our analysis on a wide range of climates and physiographic 

situations. The total number of catchments was 3,044, representing nearly 90,000 station-years (see Fig. 1 and Table 1).  

The catchments used in this paper were selected from the datasets presented in Table 1 and Fig. 1; they represent approximately 175 

65% of the catchments available in the original datasets. Our catchment selection was based on three criteria, namely, record 

length, catchment memory, and degree of regulation:  

- Record length: we only selected catchments that had six or more complete hydrological years for each of the training, 

validation, and testing periods (see Sect. 3.4). 

- Catchment memory: we selected catchments that exhibit minimal interannual memory (as defined by de Lavenne et 180 

al., 2022), because the simple annual model used here cannot reproduce interannual memory effects. 

- Regulation degree: catchments identified as significantly regulated by reservoirs were excluded. This identification 

relied on the dataset authors’ input or, where the information was available, by setting a limit of 10 mm equivalent 

volume storage in dams; for Switzerland, the list of near-natural catchments published by Muelchi et al. (2022) was 

used. 185 

Where several precipitation products were available in the original dataset, we selected the one recommended by the authors 

as being of the highest quality. In the original datasets, potential evaporation was computed using various formulas and, for 

the sake of homogeneity, we recomputed it (at the daily time step) for all catchments using the formula proposed by Oudin et 

al. (2005), which requires only extraterrestrial radiation and air temperature. In contrast to the original products, we estimated 

potential evaporation from basin‑average air temperature rather than computing potential evaporation at the grid‑cell scale and 190 

averaging it afterward. 
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Table 1. Origin of the catchments used in this paper. 

 195 

Country Dataset Number of catchments Source 

Available Selected 

Australia (aus) Camels-AUS 561 475 Fowler et al., 2021 

Denmark (dk) Camels-DK 304 177 Liu et al., 2025 

France (fr) Camels-FR 654 526 Delaigue et al., 2022 

Germany (de) Camels-DE 1555 945 Loritz et al., 2024 

Great Britain (gb) Camels-UK 671 124 Coxon et al., 2020 

Sweden (smhi) Selection by 

Göran Lindström 

163 150 de Lavenne et al., 2022 

Switzerland (ch) Camels-CH 331 72 Höge et al., 2023 

United States (us) Camels-US 671 575 Newman, 2014 
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Figure 1: Location of the catchments used in this paper: in the United States (top left), Australia (bottom left), and Switzerland (ch), 

Germany (de), Denmark (dk), France (fr), Great Britain (gb), and Sweden (smhi) (right) 

2.2. Selection of descriptors 

Catchment descriptors are central to the hybrid modeling and regionalization strategy adopted in this study. Beyond their 200 

descriptive role, these variables serve as explanatory features that facilitate information transfer between catchments and enable 

regionalization. As such, the selection and computation of descriptors represent a critical step in characterizing the catchments 

retained in our database. 

Descriptors were chosen to represent key morphometric, land cover, soil, geological, and climatic properties of the catchments. 

To ensure consistency across the diverse local CAMELS datasets, which unavoidably use varying definitions and calculation 205 

methods for their descriptors, we limited our selection to variables that could be robustly derived from global data products. 
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By relying on internationally recognized sources such as GLC2000, HID v1.0, GLHYMPS, and GLIM (see references in 

Appendix A), we built a homogeneous, high-quality set of descriptors, minimizing methodological disparities. This strategy 

ensures coherence in our catchment attributes database and facilitates meaningful comparison and knowledge transfer at the 

international scale. 210 

The final set comprises nine climatic indices, seven land cover and human influence descriptors, and 10 subsurface, lithological 

and geometric descriptors (26 in total), as summarized in Appendix A (Tables A1–A3). 

3. Methods 

3.1. Annual model 

Our approach consisted of coupling an annual hydrological model describing streamflow elasticity with a model estimating 215 

the long-term streamflow mean (MQ) to obtain an annual model for streamflow. Traditionally, the most important factors used 

to explain streamflow elasticity are (i) the annual precipitation anomaly (∆𝑃𝑛) and (ii) the annual potential evaporation anomaly 

(∆𝐸0𝑛
). Following Andréassian et al. (2025), we incorporated a third factor to explain streamflow elasticity, namely, the 

synchronicity between precipitation and potential evaporation Λ𝑛 . This factor represents the volume of annual precipitation 

that is easily accessible for evaporation. It was computed for each year, using monthly data, as shown in Eq. (1): 220 

Λ𝑛 =
∑ 𝑚𝑖𝑛(𝑃𝑚,𝑛 ,𝐸0𝑚,𝑛)12

𝑚=1

√𝑃𝑛∗ 𝐸0𝑛

∗ 𝑃̅, 
 

(1) 

 

where indices n and m refer to the year and to the calendar month, respectively. 𝑃̅  is the interannual mean of annual 

precipitation for the catchment in mm/y. Like 𝑃𝑛 and 𝐸0𝑛
, the dimension of Λ𝑛 is mm/y.  

We estimated streamflow elasticity using a simple linear regression, as shown in Eq. (2):  

Δ𝑄𝑛 = 𝑒𝑄/𝑃 ∆𝑃𝑛 + 𝑒𝑄/𝐸  ∆𝐸0𝑛 + 𝑒𝑄/Λ ∆Λ𝑛,  (2) 

where Δ𝑄𝑛 , ∆𝑃𝑛 , ∆𝐸0𝑛 , and ∆Λ𝑛  are the anomalies of streamflow, precipitation, potential evaporation, and synchronicity, 225 

respectively, all expressed in mm/y. They were calculated as the difference between the value for year n and the interannual 

average. The coefficients 𝑒𝑄/𝑃, 𝑒𝑄/𝐸 , and 𝑒𝑄/Λ characterize the elasticity of streamflow to precipitation, potential evaporation, 

and their synchronicity, respectively. These three parameters are dimensionless and offer good model interpretability, as each 

has a physical domain in which they are expected to vary: [0, 1] for 𝑒𝑄/𝑃 and [−1, 0] for 𝑒𝑄/𝐸 and 𝑒𝑄/Λ. Indeed, all else being 

equal, an additional millimeter of precipitation should increase streamflow by no more than 1 mm. Similarly, an additional 230 

millimeter of potential evapotranspiration should reduce streamflow by no more than 1 mm. Finally, an additional millimeter 

of synchronous precipitation (P) and potential evapotranspiration (E₀), representing the precipitation most easily available for 

evaporation, should also reduce streamflow by no more than 1 mm.  
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This model thus enables the estimation of annual streamflow anomalies from three elasticity coefficients. To obtain an estimate 

of annual streamflow, we couple the elasticity model with an MQ estimation model. The chosen model uses the Turc–235 

Mezentsev formula (Mezentsev, 1955; Turc, 1955), which is part of a family of formulas relating aridity to streamflow 

(Budyko, 1963; Fu, 1981; Oldekop, 1911; Tixeront, 1964). The mean streamflow is given by Eq. (3): 

𝑀𝑄𝑇𝑀 =  𝑃̅ − [ 𝑃̅−𝜔 +  𝐸0
̅̅ ̅−𝜔

]
−1

𝜔 .  (3) 

This formula estimates the mean interannual streamflow for each catchment directly from the interannual means of 

precipitation and potential evapotranspiration. The value of 𝜔 was fixed at 2.5, as suggested by  Le Moine et al. (2007). 

To couple the two models, we introduced a fourth parameter: annual streamflow was calculated as the sum of the streamflow 240 

anomaly (modeled by elasticity) and the MQ estimated by the Turc-Mezentsev formula corrected by a multiplicative 

coefficient 𝑒𝑄𝑇𝑀. Equation (4) thus synthesizes our coupled annual model: 

𝑄𝑛 = 𝑒𝑄/𝑃 ∆𝑃𝑛 + 𝑒𝑄/𝐸  ∆𝐸0𝑛 + 𝑒𝑄/Λ ∆Λ𝑛 + 𝑒𝑀𝑄𝑀𝑄𝑇𝑀  (4) 

 

3.2. Parameterization of the annual model through hybridization 

The objective of our study was to use a neural network to parameterize (regionalize) the model of Eq. (4). In AI terms, the 245 

neural network is used to map catchment descriptors to the parameters of the annual hydrological model within an end-to-end 

training setup. Rather than first calibrating the hydrological model separately for each basin and then fitting a regionalization 

relationship to the resulting parameters, we trained a single model in which the neural network and the hydrological equations 

were jointly optimized from the observed streamflow. 

The machine learning model used here was a dense neural network (i.e., there are weighted connections between all the neurons 250 

in two successive layers), where the number and size of layers in the network were hyperparameters of the experiment, with 

all layers having equal size. This neural network takes catchment descriptors as input and it outputs the four model coefficients. 

Then, based on these coefficients, on forcing anomalies, and on the Turc–Mezentsev estimation, a streamflow value is 

obtained. This framework is illustrated in Fig. 2.  
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 255 

Figure 2: Design of the hybrid model. 

It should be noted that this model does not account for temporal dependencies, as the data are not treated as time series (hence 

the exclusion of catchments with significant memory). 

3.3. Model calibration and evaluation methodology 

The model was trained globally, i.e., on all the available catchments, in contrast to local approaches that calibrate a separate 260 

model for each catchment. The dataset was partitioned into three distinct subsets: a training set to calibrate the model, a 

validation set to optimize hyperparameters, and a test set to assess the model’s performance on unseen data. The end-to-end 

approach simultaneously calibrated the deep learning model and the hydrological model, as training of the neural network 

directly targets the outputs of the hydrological model, i.e., the streamflow predictions. The mean squared error (MSE) between 

simulated and observed streamflow (in mm/y), calculated across all catchments in the training set, was used as the target 265 

criterion. We employed the AdamW (Loshchilov and Hutter, 2017) algorithm to minimize the target criterion, and, in addition 

to overall performance, the Nash–Sutcliffe efficiency (NSE, Nash and Sutcliffe, 1970) was calculated for each catchment and 

for each set (training, validation, and test). 

To facilitate performance comparison, we also used a transformation that projects NSE onto the interval [-1, 1]: the 

NSEBOUNDED criterion suggested by Mathevet et al. (2006; see Eq. (7)). This metric makes it easier to visualize the distribution 270 

of NSE, especially when there are large negative values. 
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𝑁𝑆𝐸𝐵𝑂𝑈𝑁𝐷𝐸𝐷 =  
𝑁𝑆𝐸

2−𝑁𝑆𝐸
   (7) 

Also, to compare the MQ predicted by the model with the observed MQ, we computed absolute relative errors (ERA, see Eq. 

(8)) 

𝐸𝑅𝐴 =  |
𝑀𝑄𝑝𝑟𝑒𝑑−𝑀𝑄𝑜𝑏𝑠

𝑀𝑄𝑜𝑏𝑠
|   (8) 

 

In this study, to better account for the stochasticity inherent in training machine learning models, each experiment was repeated 275 

five times with different random initializations, and the streamflow simulations obtained from the five trained models were 

averaged. This yielded more reliable performance estimations and and reduced optimization-related randomness. 

In machine learning, hyperparameters denote the settings that control how a model is trained or structured (e.g., learning rate, 

batch size, number and size of layers), as opposed to network weights learned from the data. Hyperparameter optimization — 

searching for optimal model and experiment settings beyond neural network weights — is computationally demanding, as it 280 

requires multiple training runs to test various combinations. In this work, we performed exhaustive grid-search analysis only 

on the network’s structural hyperparameters, namely, the number and size of the layers. We explored 77 combinations obtained 

by varying the hidden layer size across 11 values ranging between 4 and 1,024 units, and the number of hidden layers across 

7 values ranging between 1 and 16. We then selected the highest-performing configuration on the validation set, i.e., a network 

with 8 hidden layers of 192 units each. Other training hyperparameters, such as those controlling the optimization procedure 285 

and the training schedule, were kept fixed and set according to common practices or previous studies (see Table 2). In 

particular, we specified the learning rate of the optimizer, the number of training epochs, and the mini-batch size used for 

stochastic gradient descent.  

Table 2. Hyperparameter values. 

Hyperparameter Chosen value 

Learning rate 0.003 

Number of learning epochs 300 

Batch sizes 10,240 

 290 

3.4. Cross-validation experiments 

Building on the hierarchical testing framework proposed by Klemeš, (1986) and summarized in Sect. 1.1, with the Split-

Sample Test (SST) for temporal validity, the Proxy-Basin Test (PBT) for spatial transposability, and their differential 

counterparts, we designed three cross-validation schemes adapted to our data and to the annual time step. Given the limited 

data availability in some catchments and the annual time step used, we disregarded the “differential” aspect and did not select 295 

https://doi.org/10.5194/egusphere-2026-1197
Preprint. Discussion started: 11 March 2026
c© Author(s) 2026. CC BY 4.0 License.



 

14 

 

periods with particularly contrasting climates. However, we believe that the three test levels of temporal, spatial, and 

spatiotemporal cross-validation are a good starting point for evaluating our model's transferability.  

In the following, we use the term “temporal cross-validation” to refer to experiments in which the model was trained and 

validated on certain time periods and then tested on a different, non-overlapping period within the same catchments. We use 

the term “spatial cross-validation” (or “regionalization”) for experiments in which the model was trained and validated on a 300 

subset of catchments and tested on a disjoint subset of catchments. We refer to “spatiotemporal cross-validation” when both 

the catchments and the time periods used for testing differ from those used for training and validation. These three schemes 

were used to assess the model’s temporal transferability, spatial transferability, and spatiotemporal transferability, respectively. 

For temporal cross-validation, we selected three periods—1989–1998, 1999–2008, and 2009–2021—to ensure that each 

contains a similar number of data points. This experiment is hereafter referred to as HYBRID TEMP, which is the label used 305 

in the results figures. The model was first trained using only the training set, while the validation set was used for 

hyperparameter selection. Next, the selected model was retrained on both the training and validation periods and evaluated on 

the test period to assess its final performance. This data split is summarized in Table 3. 

 

Table 3. Temporal cross-validation: period splitting for training, validation, and testing. 310 

Experiment code Period    Training 

T1 

T2 

T3 

1989–1998 1999–2008 2009–2021    Validation 

1989–1998 1999–2008 2009–2021    Testing 

1989–1998 1999–2008 2009–2021     

 

Although the periods were selected so that each contained the same number of usable data overall, it should be noted that for 

some basins, the number of flow data available for certain periods was limited. To avoid working on basins with too-short 

series, only basins containing at least six annual flow values for each of the three periods were retained.  

For spatial cross‑validation (regionalization), catchments were randomly divided into five groups of similar size. The dataset 315 

was then partitioned into three sets: a training set containing three of the five basin groups, a validation set, and a test set, each 

containing one basin group. To ensure that all possible combinations of three basin groups were represented during training, 

we used the 10 distinct training sets corresponding to the 10 combinations of three groups among five. For each of these 10 

training sets, one of the two remaining basin groups was used for validation and the other for testing. Basin groups were 

assigned to validation or testing so that each group appeared the same number of times in the validation set and in the test set 320 

(two times each). This experiment is hereafter referred to as HYBRID REGIO. Table 4 illustrates the 10 tests carried out. 
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 325 

Table 4. Spatial cross-validation: catchment splitting for training, validation, and testing. 

Experiment code  Catchments group 

R1 

R2 

R3 

R4 

R5 

R6 

R7 

R8 

R9 

R10 

1 2 3 4 5 

1 2 3 4 5 

1 2 3 4 5 

1 2 3 4 5 

1 2 3 4 5 

1 2 3 4 5 

1 2 3 4 5 

1 2 3 4 5 

1 2 3 4 5 

1 2 3 4 5 

 

 

To evaluate the performance of spatiotemporal cross‑validation, we combined the two previous approaches. The five basin 

groups were retained, as were the three selected periods. Learning was carried out for each combination of three basin 330 

groups/periods. This gave a total of 30 different learning exercises (10 basin combinations × 3 periods). For each configuration, 

two periods and two basin groups remained available, giving four spatiotemporal pairs (i.e., 60 validation and 60 training 

tests). These were divided between validation and testing so that each basin/period pair appeared the same number of times in 

the validation set as in the test set. This experiment is hereafter referred to as HYBRID SPATIO-TEMP. This division is shown 

in Table 5.  335 

  

Training 

Validation 

Testing 
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Table 5 – Spatiotemporal cross-validation: catchment and period splitting for training, validation, and testing. 

 
T1 T2 T3 

1989-1998 1999-2008 2009-2021 1999-2008 2009-2021 1989-1998 2009-2021 1989-1998 1999-2008 

R1 1,2,3 
4 4 

1,2,3 
4 4 

1,2,3 
4 4 

5 5 5 5 5 5 

R2 1,2,4 
3 3 

1,2,4 
3 3 

1,2,4 
3 3 

5 5 5 5 5 5 

R3 1,2,5 
3 3 

1,2,5 
3 3 

1,2,5 
3 3 

4 4 4 4 4 4 

R4 1,3,4 
2 2 

1,3,4 
2 2 

1,3,4 
2 2 

5 5 5 5 5 5 

R5 1,3,5 
2 2 

1,3,5 
2 2 

1,3,5 
2 2 

4 4 4 4 4 4 

R6 1,4,5 
2 2 

1,4,5 
2 2 

1,4,5 
2 2 

3 3 3 3 3 3 

R7 2,3,4 
1 1 

2,3,4 
1 1 

2,3,4 
1 1 

5 5 5 5 5 5 

R8 2,3,5 
1 1 

2,3,5 
1 1 

2,3,5 
1 1 

4 4 4 4 4 4 

R9 2,4,5 
1 1 

2,4,5 
1 1 

2,4,5 
1 1 

3 3 3 3 3 3 

R10 3,4,5 
1 1 

3,4,5 
1 1 

3,4,5 
1 1 

2 2 2 2 2 2 

 340 

3.5. Local linear regression as a reference 

We used a local linear regression as a benchmark to evaluate the performance of the hybrid model. This benchmark is closely 

related to the elasticity framework proposed by Andréassian et al. (2025). For each basin, a linear regression was calibrated 

using ∆𝑃𝑛, ∆𝐸0𝑛
, and ∆Λ𝑛  and 𝑄̅𝑇𝑀  as input variables to predict streamflow  𝑄𝑛 . Any regression coefficient that was not 

statistically significant (p > 0.05) was set to zero, ensuring that only robust predictors were retained in the local benchmark. 345 

This local regression was first calibrated and evaluated over the entire data period, providing the optimal parameter set and 

representing the best achievable performance for each basin without applying cross-validation (this experiment is hereafter 

referred to as LOCAL FIT). Then, in order to be used as reference for temporal cross-validation, we implemented a reference 

regression trained with data from the training and validation periods, following the division outlined in Sect. 3.4 and Table 5 

(this experiment is hereafter referred to as LOCAL TEMP). 350 
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3.6. Hardware and computational environment 

This work was performed using CPUs and GPUs (Nvidia V100 GPUs with 32 GB of memory) on the Jean-Zay supercomputer 

set up by GENCI-IDRIS (http://www.idris.fr/). The PyTorch library (Paszke et al., 2019) was used to write and train our 

models. Linear regressions were performed using the Scikit-learn library (Pedregosa et al., 2018). 

  355 
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4. Results 

4.1. Temporal transferability: performance of the hybrid model compared to local calibration 

Figure 3 compares the performance of the hybrid model and the local, catchment-by-catchment linear regression in two 

settings: temporal cross-validation (HYBRID TEMP vs. LOCAL TEMP) and calibration (HYBRID FIT vs. LOCAL FIT). 

Under temporal cross-validation, the HYBRID TEMP curve is clearly shifted toward higher NSEBOUNDED values compared to 360 

LOCAL TEMP, indicating that the globally trained hybrid model achieves better temporal robustness of the parameters than 

the locally calibrated regressions. In the calibration setting, by contrast, the cumulative distribution functions (CDFs) of 

HYBRID FIT and LOCAL FIT are almost indistinguishable, showing that the global, end-to-end training does not impose any 

noticeable constraint on in-sample performance compared to independent, catchment-by-catchment calibration. 

 365 

 

Figure 3: Cumulative distribution functions of the NSEBOUNDED metric across the 3,044 catchments for four models: the hybrid 

model under temporal cross-validation (HYBRID TEMP, blue), the local regression under temporal cross-validation (LOCAL 

TEMP, gray), and the hybrid model and local regression in calibration setting (HYBRID FIT, light blue, and LOCAL FIT, red). 

For HYBRID TEMP and LOCAL TEMP, the scores are computed on the testing periods. 370 
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Figure 4 presents the distributions of the inferred parameters for both approaches. For the local linear regressions, most 

coefficients related to evaporation (𝑒𝑄/𝐸) are set to zero because they are statistically nonsignificant; coefficients related to 

synchronicity (𝑒𝑄/Λ) are also set to zero in many catchments. By contrast, the hybrid model produces parameter values that 

remain within the expected physical ranges of the three elasticity coefficients. It is worth noting that no bounds were imposed 375 

in this study: the neural network was free to produce any values, yet it nevertheless converged to physically coherent parameter 

sets. This behavior indicates that the hybrid approach can implicitly constrain the learned parameters toward interpretable and 

hydrologically consistent values while optimizing predictive performance. 

 

Figure 4: Boxplots showing the distribution of the four model parameters across the 3,044 catchments for the hybrid model under 380 
temporal cross-validation (HYBRID TEMP, blue), the local regression under temporal cross-validation (LOCAL TEMP, gray), and 

local regression in calibration setting (LOCAL FIT, red). For the elasticity coefficients, the shaded gray area indicates the expected 

physical range of parameter values (see Sect. 3.1). Boxes represent the 5th–95th percentile range across catchments, with the median 

indicated by the horizontal line inside each box. 

 385 
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4.2. Spatial transferability: difficulties in regionalizing the long-term streamflow mean 

In a spatial cross-validation (regionalization) setting, performance drops substantially for both approaches relative to their 

training sets (Fig. 5). The loss of performance is larger in spatial cross-validation than in temporal cross-validation; 

spatiotemporal cross-validation shows a further, modest decrease relative to purely spatial cross-validation. This pattern 

indicates that the main difficulty for the annual model lies in spatial rather than temporal transfer. 390 

 

 

Figure 5: Cumulative distribution functions of the NSEBOUNDED metric across the 3,044 catchments for the hybrid model under 

temporal cross-validation (HYBRID TEMP, blue), spatial cross-validation (HYBRID SPATIAL, green), and spatiotemporal cross-

validation (HYBRID SPATIO‑TEMP, magenta).  395 

 

To identify the origin of the spatial performance loss, we analyzed the two components of the coupled model separately: (i) 

the annual anomaly (elasticity) model and (ii) the MQ estimation (the adjustment coefficient for the value given by the Turc–

Mezentsev formula). Figure 6 shows the performance of the model on streamflow anomalies alone. The results indicate that 

the hybrid approach successfully regionalizes the anomaly model: the drop in performance between temporal and spatial cross-400 
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validation is minimal for anomalies. Therefore, the elasticity submodel (and its three coefficients) generalizes well across 

space. 

Figure 7 reports the absolute relative error (ERA) between the predicted MQ and the observed MQ. While the MQ prediction 

error is small under temporal cross-validation (predicted MQ closely matches observed values), it increases markedly under 

spatial cross-validation. This observation suggests that the loss of performance in annual streamflow regionalization is 405 

primarily due to the model’s inability to accurately predict MQ from the catchment descriptors. In short, the hybrid model can 

regionalize anomaly behavior well, but it struggles to derive spatially transferable relationships between descriptors and the 

parameters controlling MQ. 

 

Figure 6 : Cumulative distribution functions of the NSEBOUNDED metric computed on the predicted streamflow anomaly ΔQ across 410 
the 3,044 catchments for the hybrid model under temporal cross-validation (HYBRID TEMP, blue), spatial cross-validation 

(HYBRID SPATIAL, green), and spatiotemporal cross-validation (HYBRID SPATIO‑TEMP, magenta).  
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Figure 7 : Boxplots of the absolute relative error on predicted interannual streamflow mean (ERA on MQ) across the 3,044 

catchments for the hybrid model under temporal cross-validation (HYBRID TEMP, blue), spatial cross-validation (HYBRID 415 
SPATIAL, green), and spatiotemporal cross-validation (HYBRID SPATIO-TEMP, magenta). For each model, two boxplots are 

displayed side by side: the training set (hatched box) and the test set (plain box). Boxes represent the 5th–95th percentile range 

across catchments, with the median indicated by the horizontal line inside each box. 
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5. Discussion 420 

5.1. Ability of the hybrid model to exploit information contained in the descriptors 

To test whether the hybrid model actually exploits the physical information contained in the descriptors, we performed a 

control experiment inspired by the work of Li et al. (2022). In their study, they showed that for a global LSTM streamflow 

model, replacing physically based catchment descriptors with high‑dimensional random vectors can still yield robust 

regionalization performance in gauged basins. Their results suggest that, in some settings, the deep learning model uses these 425 

vectors primarily as identifiers of individual catchments (rather than relying on their explicit physical meaning). 

We adapted this idea to our hybrid modeling framework. Specifically, we constructed a "random‑descriptor" setting in which, 

instead of using the real, physically based catchment descriptors, each catchment is assigned a random vector whose 

components are drawn independently from a standard normal distribution. In this setting, the descriptor vectors contain no 

physically interpretable information and do not preserve any geographical or climatic proximity among catchments. 430 

Comparing the performance and learned parameters obtained with these random descriptors against those obtained with the 

actual physical descriptors allows us to assess to what extent the hybrid model truly uses the physical content of the descriptors 

and whether its behavior resembles that observed by Li et al. (2022) for LSTM models or instead reflects a different dependence 

on descriptor information. The results of this experiment are shown in Fig. 8. 

In temporal cross-validation, substituting real descriptors with random vectors causes only a small decrease in overall 435 

performance. The CDFs show that the largest degradation occurs in poorly predicted catchments (NSEBOUNDED < 0.3). For the 

better predicted catchments, performance is similar with real or random descriptors. This suggests that, in a temporal cross-

validation setting, the network can use descriptors primarily as identifiers to distinguish catchments from one another (i.e., to 

locate a catchment in descriptor space), enabling the model to recover catchment-specific behavior during testing even when 

descriptors lack explicit physical information. This behavior is consistent with the findings of Li et al. (2022), who showed 440 

that a global LSTM can achieve nearly equivalent performance when physical descriptors are replaced by random vectors in 

a gauged prediction setting. 

In spatial cross-validation, however, the difference between real and random descriptors is large and pronounced: using random 

descriptors yields substantially worse performance overall. This demonstrates that, for regionalization, the hybrid model relies 

on the physical content of the descriptors and can use it to build spatially transferable parameter estimates. When descriptors 445 

are random, the model can at best learn a generic mean parameter set and cannot capture meaningful spatial patterns. 

Consequently, as shown in Fig. 9, parameter variability across catchments is greatly reduced under random descriptors 

compared to the real-descriptor case. In contrast to the LSTM results reported by Li et al. (2022), our hybrid model therefore 

appears to require physically meaningful descriptors to sustain regionalization performance. 

 450 
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Figure 8 : Comparison of the hybrid model performance using random descriptors versus physically based descriptors. Cumulative 

distribution functions of the NSEBOUNDED metric across the 3,044 catchments are shown for temporal cross-validation (HYBRID 

TEMP), spatial cross-validation (HYBRID SPATIAL), and spatiotemporal cross-validation (HYBRID SPATIO-TEMP). For each 

experiment, solid lines correspond to models trained with physically based catchment descriptors, while dotted lines correspond to 455 
models trained with random descriptors. 

 

Taken together, these experiments indicate that: 

• the hybrid model exploits descriptors differently depending on the cross-validation task: as identifiers in temporal 

cross-validation (where catchment identity can be effectively recognized) and as carriers of physical information in 460 

spatial cross-validation (where transfer depends on meaningful relationships between descriptors and parameters); 
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• the hybrid architecture is capable of learning physically interpretable parameter variations from descriptors, but its 

spatial transfer performance is limited by the current ability to predict the MQ from those descriptors. 

These conclusions are consistent with the results presented in Sect. 4.2 and highlight the main remaining challenge: improving 

the mapping between catchment descriptors and MQ-controlling parameters so that MQ regionalization becomes as effective 465 

as anomaly regionalization. At the same time, the contrast with the work of Li et al. (2022) suggests that the dependence on 

descriptors may differ substantially between purely data-driven sequence models and hybrid models that explicitly separate 

long-term water balance from anomaly dynamics. 

 

Figure 9: Boxplots showing the distribution of the four model parameters across the 3,044 catchments using random versus 470 
physically based descriptors for the hybrid model under temporal cross-validation (HYBRID TEMP, blue), spatial cross-validation 

(HYBRID SPATIAL, green), and spatiotemporal cross-validation (HYBRID SPATIO-TEMP, magenta). For each model, plain 

boxes correspond to physically based descriptors, while hatched boxes correspond to random descriptors with the same 

dimensionality. For the elasticity coefficients, the shaded gray area indicates the expected physical range of parameter values (see 

Sect. 3.1). Boxes represent the 5th–95th percentile range across catchments, with the median indicated by the horizontal line inside 475 
each box. 
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5.2. Limitations and perspectives 

A key limitation of the proposed annual hybrid framework lies in the regionalization of the long‑term streamflow mean (MQ). 

Although the elasticity component governing streamflow anomalies transfers well across space and time, the MQ component 

remains difficult to predict from catchment descriptors alone in our current formulation, which includes only a single 480 

multiplicative correction factor applied to the Turc–Mezentsev estimate. This difficulty is consistent with earlier work on 

regionalizing the Turc–Mezentsev water balance formula. Using a large set of French catchments, Lebecherel et al. (2013) 

systematically compared different ways of introducing regional information into this formula (by correcting simulated 

discharge directly, adjusting the aridity index, or modifying the Turc–Mezentsev shape parameter) and showed that the choice 

of correction term is critical, with correction of the aridity index emerging as the most robust solution when all catchments 485 

types are considered together. Our current MQ parameterization is conceptually closest to the first option (a multiplicative 

correction applied directly to the simulated discharge), which may partly explain its limited regionalization performance. 

Building on these results, future work should focus on improving the representation and regionalization of long‑term water 

balance, for instance, by testing alternative Budyko‑type formulations, exploring more flexible parameterizations of the Turc–

Mezentsev curve (beyond a single global correction factor), or explicitly representing additional controls such as groundwater 490 

storage, snow processes, or human influences. In particular, an interesting avenue would be to regionalize parameters that 

directly affect the aridity index or the shape of the Turc–Mezentsev curve, rather than merely scaling MQ a posteriori. A 

complementary strategy would be to treat MQ as a distinct sub‑problem, possibly with its own loss function or a multi‑task 

learning setup, instead of coupling it with the anomaly model through a single scalar correction. 

The experiments with random descriptors also reveal an important limitation in the use of catchment attributes. They suggest 495 

that the hybrid architecture exploits descriptors in markedly different ways depending on the cross‑validation task: as 

quasi‑identifiers in temporal cross‑validation and as genuine carriers of physical information in spatial cross‑validation. This 

contrast with the behavior reported for purely data‑driven sequence models by Li et al. (2022) warrants a more systematic 

exploration of the interplay between descriptor spaces and hybrid model structure. In particular, it would be useful to 

investigate alternative sets of attributes (including dynamic or remotely sensed variables) and to examine to what extent feature 500 

selection, dimensionality reduction, or embedding strategies can enhance the spatial transferability of both the anomaly and 

MQ components. 

Another limitation stems from the deliberate focus on a simple annual anomaly model. This choice helped isolate key 

mechanisms and avoid over‑parameterization, but it also precluded the explicit representation of many intra‑annual processes. 

Extending the proposed framework to finer temporal scales (seasonal, monthly, or daily) would enable the inclusion of 505 

additional processes such as snow accumulation and melt, soil moisture dynamics, or vegetation phenology, and would test 

whether the regularizing role of the physical backbone persists as model complexity increases. Such extensions, however, 

would face more severe equifinality issues and higher sensitivity to data quality, reinforcing the need for careful model design 

and robust transferability tests in the spirit of Klemeš (1986). 
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 510 

Finally, the present work focused on single‑objective calibration based on the mean squared error of annual streamflow. Future 

developments could explore multi‑objective and constraint‑aware formulations, for example, by jointly optimizing streamflow 

performance and adherence to physically plausible parameter ranges, water balance closure, or independently derived 

elasticities. Differentiable programming offers a natural framework for incorporating such additional objectives or soft 

constraints, which could further stabilize parameter estimates under cross‑validation and facilitate physical interpretation. In 515 

addition, the proposed annual hybrid framework could be used as a diagnostic tool to assess the robustness and transferability 

of more complex models. Being parsimonious, interpretable, and computationally inexpensive, the model could serve as a 

baseline for benchmarking large‑scale hydrological simulations, identifying regions or periods where added structural 

complexity genuinely improves cross‑validation performance. In this sense, annual hybrid models may play a dual role: not 

only as practical tools for large‑scale water resources assessments, but also as reference frameworks for understanding when 520 

and where sophisticated hydrological and machine learning architectures are truly needed. 

 

6. Conclusions 

In this study, we proposed and evaluated a hybrid hydrological model that couples the Turc–Mezentsev formulation for the 

annual water balance with a data‑driven elasticity model for annual streamflow anomalies. The approach was assessed across 525 

a large set of catchments under three experimental settings: temporal cross-validation, spatial cross-validation 

(regionalization), and combined spatiotemporal cross-validation. 

First, our results show that, for temporal cross-validation, the hybrid approach with end-to-end learning outperforms local, 

catchment‑by‑catchment calibration. Joint training across all catchments yields parameter sets that are more temporally robust 

and achieve higher NSEBOUNDED scores than local calibrations. At the same time, the inferred elasticity coefficients remain 530 

within plausible physical ranges, even though no explicit constraint was imposed during training. This indicates that the hybrid 

architecture can leverage information shared across catchments to learn parameter sets that are both predictive and 

hydrologically interpretable. 

Second, the experiments reveal a clear limitation of the current approach under spatial cross-validation. While the elasticity 

component governing streamflow anomalies generalizes well spatially, the model struggles to regionalize MQ: prediction 535 

errors on MQ remain small under temporal cross-validation but increase substantially under spatial and spatiotemporal cross-

validation. The loss of performance in regionalization is thus primarily attributable to the difficulty of learning spatially 

transferable relationships between catchment descriptors and the correction factor used to adjust the Turc–Mezentsev MQ 

estimate in our model.  

Third, the random‑descriptor experiments clarify the role  of descriptors in the hybrid model. Under temporal cross-validation, 540 

replacing the physically based descriptors by random vectors only slightly degrades performance, suggesting that the network 
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uses the descriptors mainly as identifiers to distinguish individual catchments from each other. By contrast, under spatial cross-

validation, performance drops markedly with random descriptors, and the variability of inferred parameters collapses toward 

a nearly global mean. This demonstrates that for regionalization, the hybrid model exploits the physical information in the 

descriptors to construct spatially coherent parameter fields. 545 

Overall, these findings lead to two main conclusions. On the positive side, the hybrid framework successfully combines 

physical consistency with data‑driven flexibility: it learns interpretable elasticity parameters, improves temporal transferability 

relative to local calibration, and leverages descriptors to enable spatial transfer of anomaly behavior. On the negative side, MQ 

regionalization emerges as the main bottleneck, limiting the overall performance of the annual hybrid model in spatial and 

spatiotemporal cross-validation. 550 
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7. Appendix A: Catchment descriptors and climate indices.  

Table A1: Climate indices used to characterize catchment hydroclimatic conditions 555 

Name Description Unit Source 

Annual mean of P Mean of daily precipitation, air temperature, 

and potential evapotranspiration during 1990–

2010 

mm.day-1 

CAMELS 

forcing 

Annual mean of T °C 

Annual mean of E0 mm.day-1 

Snow fraction of 

precipitation 

Fraction of total precipitation that occurs on 

days with air temperature ≤ 0 °C 
- 

High-precipitation 

days (frequency) 

Mean annual number of days with 

precipitation ≥ 5 times the mean daily 

precipitation 

day year-1 

Low-precipitation 

days (frequency) 

Mean annual number of days with 

precipitation < 1 mm 
day year-1 

High-precipitation 

days (duration) 

Mean duration of consecutive high-

precipitation events (days with precipitation ≥ 

5 times the mean daily precipitation 

day 

Low-precipitation 

days (duration) 

Mean duration of consecutive low-

precipitation events (days with precipitation < 

1 mm) 

day 

Aridity 
Ratio of mean daily potential 

evapotranspiration to mean daily precipitation 
- 
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Table A2: Land cover and human influence descriptors 

Name Description Unit Source 

Irrigation-equipped 

area  fraction 

Catchment-mean area equipped for irrigation 

in 2005, expressed as percentage of the land 

area obtained by combining subnational 

irrigation statistics with global cropland and 

pasture data. 

% of catchment area 

Historical 

Irrigation Dataset 

v1.0 (HID) 

(Siebert et al., 

2015) 

Forest fraction 
Percentage of the catchment area covered by 

groups of GLC2000 land cover classes: 

- forest and other woody vegetation classes 

(closed and open tree cover, shrubs) 

- low vegetation classes, mainly herbaceous 

and shrub/herb mosaics 

- bare and very sparsely vegetated areas 

- natural surface waterbodies 

- artificial surfaces and associated areas 

- cultivated and managed terrestrial areas, 

including irrigated and rainfed cropland 

 

% of catchment area 

 

Global Land 

Cover 2000 

(European 

Commission, 

2003) 

Low vegetation 

fraction 

Bare land fraction 

Natural 

waterbodies 

fraction 

Artificial surfaces 

fraction 

Cultivated and 

managed land 

fraction 
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Table A3: Soil, subsurface, lithological, and morphological descriptors 560 

Name Description Unit Source 

Soil and 

sedimentary deposit 

thickness 

Catchment-mean thickness of unconsolidated 

material above bedrock (soil and sedimentary 

deposits). 

M 

(Pelletier et al., 

2016) 
Regolith thickness 

Catchment-mean thickness of upland regolith 

(soil plus intact regolith) above unweathered 

bedrock. 

M 

Sedimentary 

deposit thickness 

Catchment-mean thickness of unconsolidated 

sedimentary deposits in upland valley bottoms 

and lowlands. 

M 

Porosity Catchment-mean subsurface permeability Log10(m2) GLHYMPS 

(Gleeson, 2018) Permeability Catchment-mean subsurface porosity - 

Sedimentary rocks 

fraction 

Percentage of the catchment area underlain by 

groups of GLiM first-level lithological 

classes: 

- sedimentary rocks (including carbonate, 

siliciclastic, mixed, and unconsolidated 

sedimentary units). 

- volcanic rocks (acid, intermediate, and basic 

volcanic rocks). 

- plutonic rocks (acid, intermediate, and basic 

plutonic rocks). 

- metamorphic rocks. 

- unconsolidated surface deposits (e.g., 

alluvial, colluvial, and other surficial 

sediments) 

 

% of catchment area 

GLiM 

(Hartmann and 

Moosdorf, 2012) 

 

Volcanic rocks 

fraction 

Plutonic rocks 

fraction 

Metamorphic rocks 

fraction 

Unconsolidated 

surface deposits 

fraction 

Catchment area Total upstream catchment area m2 CAMELS 
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