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Abstract. Extreme precipitation remains a major challenge for regional climate modeling due to strong nonlinearities, spatial

heterogeneity, and sensitivity to poorly constrained parameterizations. In this study, we assess the ability of surrogate mod-

els to represent extreme precipitation under parametric uncertainty in a regional climate model. An ensemble of simulations

is generated using Latin Hypercube sampling of key parameters in the SUBEX large-scale cloud and precipitation scheme,

and several surrogate approaches are evaluated, including polynomial chaos expansions (PCE), Gaussian process regression5

(Kriging), hybrid Polynomial Chaos-Kriging (PCK), and stochastic spectral embedding (SSE). Model performance is assessed

using both predictive metrics (RMSE, R2) and distribution-based metrics (Kolmogorov–Smirnov distance, Wasserstein dis-

tance, Kullback–Leibler divergence, and Energy distance), with validation performed on an independent dataset. Results reveal

a clear trade-off: PCK provides the most accurate pointwise predictions, whereas SSE more faithfully reproduces the statisti-

cal distribution of extreme precipitation, particularly in the upper tail. Notably, the observed event occupies a low-probability10

region of the modeled distribution, although its position varies spatially. This suggests that standard model configurations may

struggle to reproduce the intensity of individual extreme events, as they are typically calibrated to capture mean climatological

variability rather than rare extremes. Sensitivity analysis indicates that extreme precipitation variability is primarily controlled

by parameters governing precipitation efficiency over land and ocean, while spatial analysis shows that uncertainty is con-

centrated in coastal and mountainous regions where nonlinear interactions are strongest. These findings demonstrate that no15

single surrogate model is optimal for all objectives and emphasize the need to distinguish between predictive accuracy and

distributional fidelity when modeling extremes. They provide new insight into how model calibration, parameter uncertainty,

and surrogate structure jointly influence the representation of extreme precipitation in climate simulations.

1 Introduction

Extreme precipitation events represent one of the most challenging aspects of regional climate modeling due to their strong20

spatial variability, nonlinear dynamics, and high societal impact. From a modeling perspective, these events are characterized

by complex interactions between convection, moisture transport, and orographic forcing, which are difficult to represent ac-

curately in numerical models (O’Gorman, 2015; Fowler et al., 2021). As a result, regional climate models (RCMs) exhibit
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substantial uncertainties in the simulation of precipitation extremes, often manifested as systematic biases in the upper tail of

the distribution (Kendon et al., 2014; Kim et al., 2020).25

The uncertainty associated with extreme precipitation simulations originates from multiple sources, including model struc-

ture, boundary conditions, internal variability, and the representation of unresolved physical processes (Giorgi, 2019). Previous

studies have linked these uncertainties to deficiencies in the representation of present-day precipitation climatology (Zhang

et al., 2022), as well as to limitations in the simulation of the dynamical processes governing extreme events (Sothearith et al.,

2026). Among these sources, parameterization uncertainty is often identified as one of the dominant contributors to uncertainty30

in Earth system models (Berner et al., 2017; Morales et al., 2019). In particular, convection and cloud microphysics rely on sim-

plified representations of highly nonlinear processes and involve parameters that are often poorly constrained (Hourdin et al.,

2017; Norris et al., 2021; O’Gorman and Dwyer, 2018). Consequently, relatively small perturbations in parameter values can

lead to substantial variability in simulated precipitation intensity. In some cases, stochastic representations of unresolved pro-

cesses have even been shown to outperform deterministic parameterizations, further emphasizing the importance of parameter35

uncertainty in climate simulations (Berner et al., 2011).

Uncertainty quantification (UQ) provides a systematic framework for assessing how uncertainty in model parameters prop-

agates to simulation outputs (Forest et al., 2002). Recognizing the inherently probabilistic nature of Earth system simulations,

several recent studies have advocated the use of probability-informed climate modeling frameworks (Palmer, 2001; Mansfield

et al., 2023; Schneider et al., 2023). However, applying UQ to RCMs remains computationally challenging because it requires40

a large number of simulations to adequately explore the parameter space (Jackson et al., 2004; Bracco et al., 2025). This

computational burden has motivated the development of surrogate models, also referred to as Earth system emulators, which

approximate the behavior of the original model at a fraction of the computational cost (Bocquet, 2023; Schöngart et al., 2024).

Among the various surrogate modeling approaches proposed in the uncertainty quantification literature, polynomial chaos

expansions (PCE), Gaussian process regression (Kriging), and hybrid formulations combining both methods have emerged as45

particularly attractive candidates for computationally expensive environmental models (Hou and Behdinan, 2022; Al-Ghosoun

et al., 2021; Roy et al., 2018). These approaches provide a probabilistic representation of model responses while requiring rel-

atively modest training datasets compared to many data-intensive machine-learning methods. Nevertheless, their application to

extreme precipitation remains largely unexplored, particularly when the objective extends beyond pointwise prediction to the

accurate representation of variability and tail behavior. Most existing studies evaluate surrogate models using predictive metrics50

such as root-mean-square error or coefficient of determination (Jiang et al., 2026; Schöngart et al., 2024; Bouabid et al., 2024).

While these metrics are appropriate for many applications, they may be insufficient for extreme precipitation, where the statis-

tical distribution of the response, and especially its upper tail, is often of primary interest (Pierini et al., 2026). Consequently,

it remains unclear whether surrogate models that perform well in a predictive sense are also capable of faithfully reproducing

the probabilistic structure of extreme events. This limitation is particularly relevant in Bayesian calibration frameworks, where55

accurate estimation of response distributions is essential for constraining parameter uncertainty and deriving reliable posterior

distributions (Reichelt et al., 2026).
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This study addresses this question by systematically evaluating the performance of several surrogate modeling approaches

for extreme precipitation in a regional climate model. Using an ensemble generated through Latin Hypercube Sampling of

key SUBEX scheme parameters, we compare PCE (Sudret, 2014), Kriging (Kawai and Shimoyama, 2014), hybrid PC-Kriging60

(PCK) (Schobi et al., 2015), and stochastic spectral embedding (SSE) (Marelli et al., 2021). Model performance is assessed

using both predictive and distribution-based metrics, allowing for a comprehensive evaluation of their capabilities. Our results

reveal a fundamental trade-off between predictive accuracy and distributional fidelity: while PCK provides the most accurate

pointwise predictions, SSE more effectively reproduces the statistical distribution of extreme precipitation. Sensitivity analysis

further identifies SUBEX scheme parameters controlling precipitation efficiency, linking surrogate model behavior to under-65

lying physical processes. These findings provide new insight into the role of surrogate model structure in climate uncertainty

quantification and highlight the importance of selecting modeling approaches consistent with the processes and objectives of

interest. The remainder of this paper is organized as follows.

Section 2 describes the study area, observational dataset, regional climate model configuration, ensemble generation strategy,

and surrogate modeling framework. Section 3 presents the results, including the characterization of the extreme precipitation70

event, the predictive and distributional performance of the surrogate models, and the associated sensitivity analysis. Section 4

discusses the observed trade-off between predictive accuracy and distributional fidelity, its implications for surrogate modeling

and climate simulations, and the main limitations of the study. Finally, Section ?? summarizes the main findings and outlines

perspectives for future research.

2 Data and methodology75

2.1 Study area: Morocco The Atlas Mountains

The study area extends across northwestern Africa (approximately 18◦ W–11.5◦E and 20.5◦–38◦ N), covering Morocco, parts

of Algeria, and Tunisia (see Fig. 1). This domain captures the transition from the Atlantic and Mediterranean coasts, across the

Atlas Mountains, into the Sahara. The Atlas Mountains are the dominant physical feature of the domain, consisting of the Rif,

Middle, High (peaking at Jebel Toubkal, 4167m), and Anti-Atlas ranges in Morocco, continuing eastward as the Tell and Sa-80

haran Atlas. These mountains play a major role in shaping the regional climate through processes explicitly represented in our

configuration: orographic uplift on windward slopes, rain-shadow and foehn effects on leeward sides, barrier jets and gap-flow

channeling, coastal land–sea-breeze interactions, episodic lee cyclogenesis over the High Plateaus, and winter snow accumu-

lation followed by spring melt in the High Atlas. Collectively, these processes generate strong spatial and seasonal gradients in

temperature and precipitation that coarse global climate models cannot resolve. This study focuses on an extreme precipitation85

event that affected the coastal region of Morocco between November 25th and December 1st, 2014. The event is characterized

by intense rainfall concentrated along coastal and mountainous regions, with significant impacts including flooding. Obser-

vations are obtained from the Multi-Source Weighted-Ensemble Precipitation (MSWEP) dataset, which integrates satellite,

gauge, and reanalysis products to provide high-resolution precipitation estimates. Consistent with the evaluation framework
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of Tuel and El Moçayd (2023), MSWEP is used as the reference dataset for assessing the performance of both the regional90

climate model and the surrogate approximations.

Figure 1. Topography of Northwest Africa, highlighting Morocco and the Atlas ranges that shape regional climate and elevation gradients.

2.2 Regional climate model and ensemble generation

Simulations are performed using the MRCM regional climate model, a hydrostatic, three-dimensional model derived from the

ICTP RegCM3 dynamical core (Pal et al., 2007) and enhanced with targeted physics developments to improve land–atmosphere

coupling, convective processes, and boundary layer representation. A key component is the coupling to the Integrated Biosphere95

Simulator (IBIS) land surface scheme (Foley et al., 1996; Winter et al., 2009), which replaces the legacy BATS formulation

and provides improved surface energy and water budgets over vegetated and semi-arid regions (Im et al., 2014).

Additional developments include revised surface albedo and irrigation schemes (Marcella and Eltahir, 2012, 2014), updates

to convective cloud and rainfall autoconversion parameterizations (Gianotti, 2012; Gianotti and Eltahir, 2014a, b), and mod-

ifications to boundary layer height and low-cloud representation (Gianotti, 2012). These improvements have been shown to100

enhance model performance across a range of climatic regions, including North America, West Africa, Southwest Asia, South
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Asia, and the Maritime Continent (Winter and Eltahir, 2012; Im and Eltahir, 2018; Pal and Eltahir, 2016; Choi et al., 2021;

Gianotti and Eltahir, 2014a). Following Tuel and Eltahir (2020) and Pal and Eltahir (2016), the baseline configuration includes

IBIS for land surface processes, the SUBEX scheme for large-scale condensation (Pal et al., 2000), the CCM3 radiation pack-

age (Kiehl et al., 1998), a nonlocal planetary boundary layer scheme (Holtslag and Boville, 1993), and the bulk air–sea flux105

formulation of Zeng et al. (1998). Deep convection is represented using the Grell scheme with Fritsch–Chappell closure. Sim-

ulations are conducted at 10km horizontal resolution, which captures first-order orographic gradients of the Atlas Mountains

and coastal land–sea contrasts that modulate extreme precipitation.

To investigate the impact of parameter uncertainty, an ensemble of simulations is generated using a Latin Hypercube Sam-

pling (LHS) strategy. The ensemble is constructed by perturbing a set of key parameters of the Sub-grid Explicit Moisture110

Scheme (SUBEX; Pal et al., 2000), which governs the formation of resolvable-scale clouds and large-scale precipitation in

MRCM. The perturbed parameters are the autoconversion rates over land and ocean (qck1land, qck1oce), the fractions of the

Gultepe relation at which precipitation is triggered over land and ocean (gulland, guloce), the raindrop evaporation rate co-

efficient (cevap), and the raindrop accretion rate (caccr). These parameters control the conversion of cloud water to rain, the

re-evaporation of falling precipitation, and the accretion of cloud droplets, and thus directly regulate precipitation intensity.115

They constitute the primary sources of variability explored in this study. Throughout the paper, variations in these parameters

define the ensemble used to analyze the behavior of extreme precipitation and evaluate the performance of surrogate models.

Following Schneider et al. (2023), we generated an ensemble of 1,000 simulations at 10 km horizontal resolution, which

was used to train the surrogate models. Their performance was then evaluated against an independent validation ensemble of

10,000 simulations generated using a second LHS sample.120

The analysis focuses on a scalar quantity of interest defined as the maximum cumulative precipitation over the domain during

the 7-day period,

YMRCM =max
s∈Ω

(
7∑

t=1

P (s, t)

)
, (1)

where P (s, t) denotes precipitation at location s and time t. This metric is chosen to specifically target the intensity of extreme

events, which represents the primary source of discrepancy between simulations and observations.125

2.3 Surrogate modeling approaches

To efficiently propagate parameter uncertainty and perform sensitivity analysis, surrogate models are employed to approximate

the response of the regional climate model. These surrogates provide computationally efficient representations of the origi-

nal model while preserving its dominant response characteristics. Four surrogate modeling approaches are considered in this

study: Polynomial Chaos Expansion (PCE), Gaussian Process Regression (Kriging), hybrid Polynomial Chaos Kriging (PCK),130

and Stochastic Spectral Embedding (SSE). Although Kriging-based methods remain the most widely used surrogate models

in Earth system applications, all four approaches are well established in uncertainty quantification and sensitivity analysis,

particularly in geoscience and environmental modeling. These methods represent distinct approximation philosophies, rang-

ing from global spectral representations (PCE) and local correlation-based models (Kriging) to hybrid (PCK) and adaptive
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partition-based approaches (SSE). The surrogate models are trained using a common experimental design composed of 1000135

MRCM simulations generated through Latin Hypercube Sampling (LHS). The uncertain input vector is defined as X = [ cevap,

gulland, guloce, qck1land, qck1oce,caccr ], where each parameter is assumed to follow an independent uniform probability

distribution. These parameters were selected because of their direct influence on large-scale (resolved-scale) microphysical pre-

cipitation processes represented by the SUBEX scheme, and therefore represent the primary sources of parameter uncertainty

considered in this study. The corresponding uncertainty ranges are summarized in Table 1. By comparing these complemen-

Table 1. Uncertain parameters used in the experimental design. All variables are assumed to follow independent uniform distributions.

Parameter Distribution Range

cevap Uniform [5× 10−8,5× 10−4]

gulland Uniform [0.1,0.7]

guloce Uniform [0.1,0.7]

qck1land Uniform [1× 10−4,7× 10−4]

qck1oce Uniform [1× 10−4,7× 10−4]

caccr Uniform [2,6]

140

tary surrogate structures within a common experimental framework, it becomes possible to assess how the choice of surrogate

model influences the representation of extreme precipitation, including both predictive accuracy and distributional behavior.

This comparison forms the basis of the subsequent analysis of uncertainty propagation, sensitivity estimation, and surrogate

model performance.

2.3.1 Polynomial chaos expansion (PCE)145

Polynomial Chaos Expansion (PCE) is a surrogate modeling approach widely used in uncertainty quantification and sensitivity

analysis to efficiently approximate the response of computationally expensive numerical models. Considering the uncertain

input vector [X= (cevap,gulland,guloce,qck1land,qck1oce,caccr)] the model response can be represented as a series of

orthonormal polynomial basis functions,

YPCE(X) =
∑

α∈Nd

yαΨα(X), (2)150

where yα are the spectral coefficients and Ψα are multivariate orthonormal polynomials. The polynomial basis is selected

according to the probability distributions of the input variables, while multivariate basis functions are constructed through

tensor products of the corresponding univariate polynomials. In practice, the expansion is truncated to a finite set of basis

functions defined by a maximum polynomial degree. The unknown coefficients are then estimated from the experimental

design using a regression-based approach. To improve computational efficiency and reduce the number of retained terms,155

sparse regression is employed using the Least Angle Regression (LAR) algorithm (Blatman and Sudret, 2011). This approach

automatically identifies the most influential polynomial terms, providing an efficient representation of the model response

while avoiding overfitting.
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2.3.2 Gaussian process regression (Kriging)

Kriging models the response as a realization of a Gaussian process,160

YKrig(X) = µ(X)+Z(X), (3)

where µ(x) is a deterministic trend and Z(x) is a zero-mean Gaussian process characterized by a covariance function. The

covariance structure defines the correlation between model evaluations and enables interpolation of the response throughout the

parameter space. Unlike PCE, which relies on a global polynomial approximation, Kriging constructs a local representation

of the response by exploiting the correlation between neighboring samples. This property makes it particularly suitable for165

capturing nonlinear behaviors and localized variations in the model response. In this study, the covariance structure is described

using a Matérn (3/2) kernel, while the trend component is represented by a linear function. The hyperparameters of the Gaussian

process are estimated from the experimental design through likelihood maximization. Once trained, the Kriging surrogate

provides a continuous approximation of the regional climate model response and can be efficiently evaluated for uncertainty

quantification and sensitivity analysis.170

2.3.3 Polynomial Chaos-Kriging (PCK)

Polynomial Chaos-Kriging (PCK) combines the global approximation capabilities of PCE with the local interpolation proper-

ties of Kriging. The model response is represented as

YPCK(X) =
∑

α∈Nd

yαΨα(X)+Z(X), (4)

where the polynomial expansion captures the large-scale structure of the response and the Gaussian process correction accounts175

for local deviations not represented by the polynomial basis. As a result, PCK can be interpreted as a Kriging model whose

trend component is described by a sparse polynomial chaos expansion rather than a simple low-order polynomial. This hybrid

formulation was originally proposed to improve surrogate accuracy for strongly nonlinear responses by combining the comple-

mentary strengths of PCE and Kriging (Schobi et al., 2015). The polynomial component provides an efficient representation of

the dominant response trends, while the Gaussian process correction captures localized variability and residual nonlinearities.180

In this study, the polynomial basis is constructed using the same sparse LAR-PCE strategy described previously, while the

residual component is modeled using a Gaussian process with a Matérn (3/2) covariance function. The resulting surrogate is

particularly well suited to responses that exhibit both smooth global trends and localized nonlinear behavior.

2.3.4 Stochastic spectral embedding (SSE)

Stochastic Spectral Embedding (SSE) is a surrogate modeling approach designed to represent complex responses through a185

collection of local approximations rather than a single global surrogate. The method recursively partitions the input space into

subdomains and constructs a local spectral representation within each region. The model response can therefore be expressed

as
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YSSE(X) =

Np∑

k=1

χk(X)Yk(X) (5)

where (Np) is the number of partitions, (χk(X)) is an indicator function defining the (k)−th subdomain, and (Yk(X)) denotes190

the local surrogate associated with that partition. In contrast to global approaches such as PCE and Kriging, SSE allows

different regions of the parameter space to be represented independently. This adaptive decomposition is particularly useful

when the response exhibits localized nonlinearities or distinct behavioral regimes that are difficult to capture using a single

approximation. Within each partition, the local response is represented using a polynomial chaos expansion, allowing the

method to retain the efficiency of spectral approximations while improving flexibility. The recursive partitioning strategy is195

driven by the local complexity of the response, such that additional resolution is introduced only where needed. As a result,

SSE provides an efficient framework for approximating strongly nonlinear responses without requiring the construction of

a globally complex surrogate. In this study, SSE is employed as an alternative local representation of the regional climate

model response, complementing the global and hybrid approaches described previously. The SSE metamodel was constructed

following Marelli et al. (2021).200

2.4 Model evaluation and sensitivity analysis

The performance of the surrogate models is evaluated using both predictive and distribution-based metrics, reflecting the

need to assess not only pointwise prediction accuracy but also the ability to reproduce the statistical structure of extreme

precipitation. To ensure an unbiased evaluation, an independent validation dataset consisting of 10,000 MRCM simulations is

generated using a second LHS design constructed from the same input distributions summarized in Table 1. This validation205

dataset is completely independent of the 1,000 simulations used to construct the surrogate models, thereby preventing any

overlap between the training and testing phases. Once the surrogate models have been trained, they are evaluated against

this independent dataset using complementary performance metrics. Predictive metrics quantify the accuracy of individual

predictions, whereas distribution-based metrics assess the ability of each surrogate to reproduce the probability distribution

of extreme precipitation. This dual evaluation framework is central to the present study, as it enables the investigation of the210

trade-off between predictive accuracy and distributional fidelity.

2.4.1 Predictive performance metrics

Using the independent validation dataset, the predictive performance of the surrogate models is assessed using two comple-

mentary metrics widely adopted in surrogate modeling and uncertainty quantification: the root-mean-square error (RMSE)

and the coefficient of determination (R2). Both metrics quantify the agreement between the surrogate predictions and the215

corresponding MRCM simulations on a point-by-point basis. The RMSE is defined as

RMSE =

√√√√ 1

N

N∑

i=1

(
Yi − Ŷi

)2
, (6)
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where(Yi denotes the MRCM response and Ŷi the corresponding prediction of the surrogate model evaluated at the same input

realization. The RMSE measures the average magnitude of the prediction error, with lower values indicating better predictive

performance. The coefficient of determination is given by220

R2 = 1−
∑N

i=1(Yi − Ŷi)
2

∑N
i=1(Yi − Ȳ )2

, (7)

where Ȳ is the mean of the reference MRCM responses. The R2 coefficient measures the proportion of the variance explained

by the surrogate model, with values approaching unity indicating an increasingly accurate approximation. Although these met-

rics provide a comprehensive assessment of predictive accuracy, they evaluate the agreement between individual realizations

rather than the statistical properties of the response. Consequently, they primarily characterize the ability of surrogate models225

to reproduce the conditional mean behavior of the regional climate model and do not necessarily reflect their capability to

represent the underlying probability distribution of extreme precipitation.

2.4.2 Distributional performance metrics

While predictive metrics quantify the agreement between individual realizations, they do not assess whether a surrogate model

accurately reproduces the probabilistic behavior of the regional climate model. This distinction is particularly important for230

extreme precipitation, where uncertainty is largely governed by the shape of the distribution and its upper tail rather than

by pointwise prediction accuracy alone. To evaluate this aspect, the probability density function of the model response is

first estimated using non-parametric kernel density estimation (KDE), thereby avoiding assumptions regarding the underlying

distribution of extreme precipitation. The agreement between the surrogate and reference distributions is then quantified using

four complementary statistical metrics.235

1. The Kolmogorov-Smirnov (KS) distance (Massey Jr, 1951) is defined as

DKS = sup
x

∣∣∣F (x)− F̂ (x)
∣∣∣ , (8)

where F (x) and F̂ (x) are the empirical cumulative distribution functions of the reference and surrogate responses,

respectively. This metric measures the maximum discrepancy between the two distributions.

2. The Wasserstein distance (Villani, 2009) is given by,240

DW =

∫
|F (x)− F̂ (x)|dx, (9)

and measures the average transport distance between the two distributions. Unlike the KS distance, it is particularly

sensitive to differences in the location and shape of the tails.

3. The Kullback-Leibler (KL) divergence (Hall, 1987) is defined as

DKL =

∫
f(x) log

(
f(x)

f̂(x)

)
dx, (10)245
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where f(x) and f̂(x) are the probability density functions. This metric measures the information loss when approximat-

ing the reference distribution with the surrogate.

4. The Energy distance (Rizzo and Székely, 2016) is computed as

DE = 2E|X −Y | −E|X −X ′| −E|Y −Y ′|, (11)

where X and Y denote samples from the reference and surrogate distributions, respectively, while X ′ and Y ′ are in-250

dependent copies of X and Y . The Energy distance measures the discrepancy between two probability distributions by

comparing both between-distribution and within-distribution distances.

These metrics provide complementary information on the agreement between distributions, with particular emphasis on vari-

ability and tail behavior, which are critical for the analysis of extreme precipitation.

2.4.3 Sensitivity analysis255

To identify the dominant sources of uncertainty in extreme precipitation, a global variance-based sensitivity analysis is per-

formed using Sobol indices. These indices quantify the contribution of each uncertain input parameter to the variance of the

quantity of interest while accounting for the nonlinear nature of the response, see for example Elkarii et al. (2023). The first-

order Sobol index associated with parameter Xi is defined as

Si =
Var[E(Y |Xi)]

Var(Y )
, (12)260

where Y denotes the quantity of interest. The first-order index measures the fraction of the output variance that can be explained

solely by parameter Xi, while the difference between first-order and total-order indices provides insight into interaction effects

between parameters. The analysis is conducted using surrogate models, enabling efficient estimation of sensitivity measures

across the parameter space. Both the construction of the surrogate models and the computation of the Sobol sensitivity indices

are performed using the UQLab framework (Marelli and Sudret, 2014). UQLab provides a unified environment for uncertainty265

quantification, surrogate modeling, and global sensitivity analysis, ensuring a consistent implementation of all surrogate models

considered in this study. Once the surrogate models are constructed, Sobol indices are estimated directly from the surrogate

responses, allowing an efficient and accurate approximation of the global sensitivity measures without requiring additional

evaluations of the computationally expensive regional climate model.

3 Results270

3.1 Characterization of the extreme precipitation event and model response

This study focuses on the simulation of an extreme precipitation event that affected the coastal region of Morocco between

November 25th and December 1st, 2014. Observations are provided by the MSWEP dataset, which serves as a reference for

evaluating model performance. As a baseline, a simulation of the event is performed with the MRCM using standard parameter
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values obtained by calibrating the model against the observed seasonal cycle of mean precipitation; this run is hereafter referred275

to as the deterministic simulation. Since this calibration targets mean conditions rather than extremes, these default values are

not necessarily optimal for reproducing the intensity of individual extreme events, which motivates the parameter-uncertainty

analysis that follows.

Figure 2 compares the observed and deterministic simulations of cumulative precipitation for the studied event. Overall,

the model successfully reproduces the large-scale spatial organization of the precipitation field, including the coastal precip-280

itation band and the first-order influence of the Atlas Mountains. However, important discrepancies remain in the simulated

precipitation intensity and its spatial distribution. In particular, the simulated domain maximum reaches 420.3 mm, nearly

twice the observed value of 221.5 mm, whereas the domain-averaged precipitation is much closer between the simulation and

observations (19.4 and 19.1 mm, respectively). The main discrepancy therefore concerns the spatial distribution and local peak

intensity rather than the domain-mean event accumulation. The largest overestimation occurs along the Atlantic coastal region,285

where the model produces a highly intense precipitation core that is not present in the MSWEP observations. Conversely,

precipitation is substantially underestimated over the Middle Atlas, where observations indicate a localized region of intense

rainfall that is only weakly represented in the simulation. These contrasting biases suggest that, although the model captures

the dominant synoptic-scale organization of the event, it struggles to correctly represent the regional processes controlling

precipitation intensity. Such behavior is consistent with the calibration strategy adopted for the deterministic simulation. The290

default parameter set was originally calibrated to reproduce the seasonal cycle and long-term mean precipitation, rather than

the magnitude of individual extreme events. Consequently, while the model provides a realistic representation of the large-scale

structure of the event, it is less successful in reproducing the localized intensity of extreme precipitation, thereby motivating

the uncertainty quantification framework developed in the remainder of this study.

Such discrepancies are consistent with known limitations of regional climate models in representing extreme precipitation,295

which is governed by strongly nonlinear interactions between convection, moisture transport, and orographic forcing. In partic-

ular, the sensitivity of the SUBEX microphysics parameterization can lead to substantial variability in simulated precipitation

intensity, even when the large-scale spatial patterns remain broadly consistent.

Given that the primary discrepancies between the deterministic simulation and the observations are associated with precipi-

tation intensity rather than the large-scale spatial organization of the event, the analysis focuses on a scalar quantity of interest300

defined as the maximum cumulative precipitation over the model domain during the 7-day event. This metric directly charac-

terizes the most extreme realization simulated by the regional climate model and provides a consistent basis for uncertainty

quantification, surrogate model construction, and model intercomparison. To further investigate the spatial variability of the

model response, the same quantity of interest is also evaluated locally over two representative regions exhibiting contrasting

model behavior. The first region is centered on Sidi Ifni along the Atlantic coast (Figure 1), where the deterministic simulation305

substantially overestimates precipitation intensity. The second region is located around Midelt in the Middle Atlas (Figure 1),

where the model underestimates the observed precipitation. These two locations provide complementary case studies for as-

sessing whether the conclusions drawn at the domain scale remain valid in regions characterized by opposite model biases.
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Figure 2. Cumulative precipitation (mm) for 25 November–1 December 2014 from (a) the MRCM deterministic simulation and (c) MSWEP

observations, with daily spatial maxima shown in (b, d).

The complexity of the response is further illustrated in Figure 3. The relationship between the maximum cumulative precip-

itation and the dominant SUBEX parameters exhibits a strongly nonlinear behavior, with substantial dispersion observed for310

similar parameter values. This indicates that extreme precipitation cannot be represented by a simple functional relationship,

highlighting the complexity of the underlying physical processes governing the model response.

These characteristics highlight the intrinsic difficulty of predicting extreme precipitation and suggest that surrogate models

relying on smooth or stationary assumptions may face limitations. Motivated by these observations, an ensemble-based un-

certainty quantification framework is adopted to explore the sensitivity of the model to perturbations in parameters governing315

precipitation processes. This provides the basis for evaluating the ability of different surrogate models to capture both the

predictive behavior and the statistical structure of extreme precipitation in the following sections.

3.2 Predictive performance

Building on the complexity of the response highlighted in the previous section, the ability of surrogate models to accurately

predict extreme precipitation is now evaluated. Given the strong nonlinearities and variability observed in the relationship320

between parameters and the maximum precipitation, this assessment focuses on the capacity of each model to reproduce unseen

realizations of the quantity of interest. The predictive performance of the surrogate models is first evaluated in terms of their

ability to reproduce the maximum cumulative precipitation over the domain. As introduced in the previous section, this scalar
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Figure 3. Relationship between maximum cumulative precipitation and key SUBEX scheme parameters. Scatter plots show the dependence

of the maximum precipitation on (a) qck1land and (b) qck1oce . Grey markers represent individual ensemble simulations, and black curves

correspond to second-order polynomial regressions highlighting the nonlinear trend.

quantity of interest is chosen to focus on the intensity of extreme events, which represents the primary source of discrepancy

between the deterministic simulation and observations. All surrogate models are trained using the same ensemble dataset (1000325

LHS generated simulations), and their predictive skill is assessed on an independent validation set (10000 LHS generated

simulations). Particular care has been taken to ensure the robustness of the surrogate construction. For polynomial-based

approaches (PCE, PCK, and SSE), convergence with respect to polynomial degree has been verified, and hyperparameters

have been selected to ensure stable approximations without overfitting.

Figure 4 shows the comparison between predicted and reference values for each surrogate model. Overall, all models capture330

the general trend of the response, with predictions broadly aligned along the one-to-one line. Differences in predictive skill

are nevertheless visible, with varying degrees of dispersion around the one-to-one relationship. These differences are reflected

in the quantitative metrics reported in Table 2. Model performance is quantified using standard pointwise metrics, namely the

root-mean-square error (RMSE) and the coefficient of determination (R2), computed on the independent validation dataset.

PC-Kriging (PCK) achieves the best predictive performance, with an RMSE of 32.99 mm and an R2 of 0.801. In comparison,335

PCE and Kriging exhibit similar performance levels, with RMSE values of 36.65 mm and 36.00 mm, and R2 values of 0.754

and 0.763, respectively. While PCK provides a noticeable improvement over these models, the differences remain moderate,

indicating that all three approaches capture the main behavior of the response. In contrast, the stochastic spectral embedding

(SSE) model shows significantly lower predictive accuracy, with an RMSE of 47.57 mm and an R2 of 0.585, indicating a
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Figure 4. Scatter plots comparing surrogate model predictions and MRCM simulations for the maximum cumulative precipitation. The 1–1

line is shown for reference. All models reproduce the general trend of the response, with (a) PC-Kriging showing the closest agreement with

the reference data, while (d) SSE exhibits larger dispersion. The differences illustrate the varying predictive performance of the surrogate

models (a–d).
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Table 2. Predictive performance of surrogate models evaluated on the independent validation dataset. RMSE is expressed in mm, and R2

denotes the coefficient of determination.

Model RMSE (mm) R2

PCE 36.65 0.754

Kriging 36.00 0.763

PC-Kriging 32.99 0.801

SSE 47.57 0.585

reduced ability to reproduce individual realizations of the response. Overall, these results indicate that PC-Kriging provides the340

most accurate pointwise approximation of extreme precipitation among the considered models, although the improvement over

PCE and Kriging remains moderate. This suggests that differences between surrogate models may become more pronounced

when considering aspects of the response beyond pointwise accuracy, such as the representation of variability and extremes,

which are examined in the following section.

3.3 Distributional performance345

While predictive performance provides insight into the ability of surrogate models to reproduce pointwise values of extreme

precipitation, it does not fully characterize their ability to represent the variability and statistical structure of the response.

This is particularly important for extreme events, where the distribution, and especially its upper tail, plays a central role. To

address this, the performance of the surrogate models is further evaluated in terms of their ability to reproduce the probability

distribution of the maximum cumulative precipitation. Figure 5 presents kernel density estimates (KDE) of the distribution of350

maximum precipitation obtained from the independent validation dataset (referred to as the Reference in Figure 5) and from

each surrogate model. The deterministic simulation and the observed event are also indicated for reference. The results re-

veal a marked contrast with the predictive performance analysis. In particular, the stochastic spectral embedding (SSE) model

provides the closest match to the reference distribution, capturing both the overall shape and the heavy upper tail of the re-

sponse. In contrast, PCE, Kriging, and PCK exhibit noticeable discrepancies. These differences are quantitatively confirmed by355

distribution-based metrics summarized in Table 3. SSE consistently yields the lowest Kolmogorov–Smirnov distance, Wasser-

stein distance, Kullback–Leibler divergence, and Energy distance, indicating a superior ability to reproduce the statistical

distribution of extreme precipitation. Conversely, PCK, which performs best in terms of predictive accuracy, shows larger

discrepancies in these distributional metrics, highlighting a divergence between pointwise accuracy and statistical fidelity. An

important feature of Figure 5 is the relative position of the observed event and the deterministic simulation within the mod-360

eled probability distribution. The observed precipitation corresponds to a low-probability realization located in the lower tail

of the modeled distribution, whereas the deterministic simulation is shifted toward larger precipitation values and lies on the

descending branch of the distribution, closer to its mode. Consequently, the most probable precipitation intensity predicted by

the model is intermediate between the observed event and the deterministic simulation. This indicates that, under the adopted
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Figure 5. Kernel density estimates of the maximum cumulative precipitation for the reference ensemble and surrogate models. The deter-

ministic simulation and observed event are indicated along the horizontal axis. SSE provides the closest match to the reference distribution,

particularly in the upper tail, while other models underestimate the probability of extreme values.

Table 3. Distributional performance metrics for surrogate models. Lower values indicate better agreement with the reference distribution.

Model KS Wasserstein KL Energy

PCE 0.067 6.12 0.045 0.59

Kriging 0.065 6.35 0.06 0.52

PCK 0.095 6.52 0.121 0.72

SSE 0.016 2.36 0.011 0.19

parameter uncertainty, the regional climate model assigns a relatively low probability to reproducing an event comparable365

to the observations. This behavior reflects the strongly nonlinear propagation of parameter uncertainty through the regional

climate model. Although the uncertain parameters are sampled from simple uniform distributions, the resulting response is

highly asymmetric, with a pronounced upper tail. The location of the observed event within the lower-probability region of

this distribution suggests that the default model configuration is not well suited to reproduce this particular extreme event.

More importantly, it highlights the limitations of calibration strategies based primarily on seasonal or climatological statistics.370
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Parameter sets that accurately reproduce long-term mean conditions do not necessarily maximize the likelihood of individual

high-impact events, whose governing processes may differ substantially from those controlling the climatological average. The

fact that the mode of the distribution lies between the deterministic simulation and the observation further suggests that an al-

ternative calibration strategy, explicitly accounting for extremes, could improve the representation of rare precipitation events.

These characteristics also help explain the differences observed among the surrogate models. Surrogate models optimized to375

minimize pointwise prediction errors, such as PCK, primarily capture the central tendency of the response distribution. In

contrast, the adaptive partitioning strategy employed by SSE enables a more faithful representation of the overall probability

distribution, particularly in regions where the response exhibits strong nonlinearities. Overall, these results reveal a funda-

mental trade-off between predictive accuracy and distributional fidelity in surrogate modeling of extreme precipitation. While

PCK provides the highest deterministic predictive accuracy according to RMSE and (R2), SSE more accurately reproduces the380

statistical distribution of the regional climate model response. This distinction is particularly important for uncertainty quan-

tification and risk-informed applications, where accurately representing the probability of rare events is often more valuable

than minimizing average prediction errors.

3.4 Sensitivity analysis
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(a) First-order Sobol indices

cev
ap

gu
llla
nd

gu
loc
e

qc
k1
lan
d

qc
k1
oc
e

ca
ccr

T
o
ta
l-
o
rd
er
S
o
b
o
l
in
d
ex

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

PCE Kriging PCK SSE

(b) Total-order Sobol indices

Figure 6. Sobol sensitivity indices for extreme precipitation. (a) First-order indices quantify the main effects of each parameter. (b) Total-

order indices include both main effects and interactions. The dominant parameters (qck1land and qck1oce) show a clear increase from first-

to total-order indices, indicating significant interaction effects in controlling extreme precipitation variability.
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To identify the dominant drivers of extreme precipitation variability, a global sensitivity analysis is performed using Sobol385

indices computed from the surrogate models. These indices quantify the contribution of each input parameter to the variance

of the quantity of interest, defined as the maximum cumulative precipitation over the domain. Figure 6 presents both first-order

and total-order Sobol indices for all surrogate models. A consistent ranking of parameter importance is observed across all

approaches, with qck1land and qck1oce clearly dominating the response variability. The remaining parameters (cevap, gulland,

guloce, and caccr) exhibit comparatively minor contributions. The comparison between first-order and total-order indices390

further reveals the presence of interaction effects, particularly among the dominant parameters. For instance, the Sobol index

of qck1land increases from approximately 0.44 to 0.59 when interactions are included, while qck1oce increases from about

0.36 to 0.50. This indicates that a significant fraction of the variance is explained by interactions between these parameters

rather than by their individual contributions alone. Although the overall sensitivity structure is consistent across surrogate

models, differences can be observed in the magnitude of the Sobol indices. In particular, the SSE model tends to assign395

slightly higher contributions to secondary parameters, which results in a corresponding slight underestimation of the dominant

parameters compared to the other surrogate models. These differences may partly arise from the stochastic nature of Sobol

index estimation, but they are also consistent with the structural characteristics of SSE. The partition-based representation of

the response can redistribute variance contributions across subdomains, leading to a more diffuse attribution of sensitivity.

Despite these variations in magnitude, the overall conclusions of the sensitivity analysis remain unchanged. All surrogate400

models consistently identify the same dominant parameters and interaction patterns, confirming that extreme precipitation

variability is primarily controlled by a small subset of parameters.

From a physical perspective, the dominance of qck1land and qck1oce highlights the important role of cloud-water auto-

conversion in shaping extreme precipitation intensity within the SUBEX large-scale cloud and precipitation scheme. These

parameters directly influence the efficiency of precipitation formation, thereby regulating rainfall intensity. The interaction405

between these parameters reflects the coupled influence of land–atmosphere processes and oceanic moisture supply, which is

consistent with the mechanisms driving intense precipitation in this region. Overall, the sensitivity analysis provides a robust

link between parameter uncertainty and the variability of extreme precipitation, and supports the interpretation of surrogate

model behavior presented in the previous sections.

3.5 Local analysis over Sidi Ifni and Midelt410

To assess the robustness of the previous findings, the analysis is repeated at the local scale by considering the same quantity

of interest over two regions where the deterministic simulation exhibits contrasting biases with respect to the observations,

namely Sidi Ifni along the Atlantic coast and Midelt in the Middle Atlas (Figure 1). As discussed previously, the deterministic

simulation substantially overestimates precipitation over Sidi Ifni while underestimating precipitation over Midelt. These two

regions therefore provide complementary test cases for evaluating whether the conclusions drawn at the domain scale remain415

valid under different hydrometeorological conditions. Following the same methodology as for the regional analysis, the surro-

gate models are evaluated using both predictive metrics (RMSE and R2) and distributional metrics (KS, Wasserstein, KL and

Energy). The corresponding results are summarized in Table 4. Overall, the local analysis confirms the conclusions obtained
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at the regional scale. At both locations, PCK consistently provides the highest pointwise predictive accuracy, achieving the

lowest RMSE and the highest coefficient of determination. However, this superior deterministic performance does not translate420

into the best representation of the underlying probability distribution. Conversely, SSE, despite exhibiting the lowest predictive

accuracy, systematically provides the smallest distributional discrepancies. The contrast between predictive and distributional

performance is especially pronounced over Midelt, where SSE reduces the Wasserstein distance by nearly a factor of five

compared with the other surrogate models while simultaneously providing the lowest KS, KL and Energy distances. Over

Sidi Ifni, the differences between surrogate models are less marked, with all approaches producing comparable KS distances.425

Nevertheless, SSE still achieves the lowest Wasserstein and KL divergence, indicating a slightly more faithful representation

of the probability distribution despite its lower pointwise accuracy. These local results demonstrate that the trade-off identified

at the regional scale is not an artifact of spatial aggregation but remains valid at locations characterized by markedly different

model biases. Although the magnitude of the improvement in distributional fidelity varies between regions, the overall conclu-

sion remains unchanged: surrogate models optimized for deterministic prediction are not necessarily the most appropriate for430

reproducing the probabilistic behavior of extreme precipitation. This finding further emphasizes that the choice of surrogate

model should ultimately be guided by the intended application, whether the objective is deterministic prediction or uncertainty

quantification.

Table 4. Predictive and distributional performance metrics at the two selected locations. RMSE and R2 quantify predictive accuracy, whereas

the Kolmogorov–Smirnov (KS) and Wasserstein distances evaluate the agreement between the modeled and reference distributions. Lower

values indicate better performance for RMSE, KS, and Wasserstein distance, while higher values indicate better performance for R2.

Location Model RMSE R2 KS Wasserstein KL Energy

Sidi Ifni

PCE 15.80 0.89 0.018 1.67 0.012 0.04

Kriging 16.34 0.88 0.021 1.99 0.034 0.06

PCK 14.90 0.9 0.021 1.8 0.017 0.05

SSE 21.95 0.79 0.021 1.59 0.007 0.03

Midelt

PCE 6.48 0.57 0.056 1.38 0.065 0.09

Kriging 6.11 0.62 0.062 1.43 0.218 0.11

PCK 5.88 0.65 0.073 1.45 0.298 0.09

SSE 9.02 0.17 0.012 0.32 0.007 0.01

The probability distributions of the quantity of interest at Sidi Ifni and Midelt, together with the locations of the deterministic

simulation and the observations, are presented in Figure 7. Beyond evaluating the surrogate models, these distributions provide435

valuable insight into the spatial variability of the uncertainty associated with extreme precipitation. A first notable observation

concerns the relative positions of the mode of the distribution, the deterministic simulation, and the observation. These three

quantities are not consistently positioned across the study area, indicating that the probabilistic behavior of the regional climate

model varies substantially from one location to another. For Sidi Ifni, the results closely resemble those obtained at the regional

scale. This is expected since the regional maximum precipitation is located along the Atlantic coast, in the vicinity of Sidi Ifni,440
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Figure 7. Kernel density estimates of the maximum cumulative precipitation for the reference ensemble and surrogate models at Sidi Ifni (a)

and Midelt (b)

making the regional quantity of interest largely representative of the local behavior. Consequently, the observation lies in the

lower-probability region of the distribution, while the deterministic simulation is shifted toward higher precipitation values,

with the mode located between the two. In contrast, a markedly different behavior is observed over Midelt. Here, the observed

precipitation is located far into the upper tail of the modeled distribution, indicating that the regional climate model assigns a

very low probability to reproducing an event of comparable magnitude. The deterministic simulation is also located within the445

upper tail but remains substantially closer to the mode than to the observation. This suggests that the model is able to generate

intense precipitation over the Middle Atlas, yet still struggles to reproduce the most extreme observed events. Although the

relative positions of the deterministic simulation and the observations over Sidi Ifni are consistent with the regional analysis,

the shape of the probability distribution differs considerably. In particular, the local distribution exhibits negative skewness, in

contrast to the positively skewed distribution obtained at the regional scale, and is characterized by a larger kurtosis than both450

the regional distribution and that obtained over Midelt. These differences demonstrate that the statistical characteristics of the

model response are themselves spatially variable and cannot be inferred solely from the regional analysis. Overall, these find-

ings reinforce the conclusion that uncertainty associated with extreme precipitation exhibits pronounced spatial heterogeneity.

They also suggest that calibration strategies based exclusively on regional or climatological statistics may fail to adequately

represent the diversity of local precipitation regimes. Consequently, adaptive calibration approaches capable of accounting for455

spatially varying uncertainty may be required to improve the reliability of regional climate model simulations for extreme

precipitation and to increase confidence in their use for impact assessment and risk-informed decision making.
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4 Discussion

4.1 Trade-off between predictive accuracy and distributional fidelity

The results presented in sections 3.2 and 3.3 reveal a clear trade-off between predictive accuracy and distributional fidelity in460

surrogate modeling of extreme precipitation. This behavior is further confirmed by the local analyses presented in section 3.5,

demonstrating that the trade-off is robust across regions exhibiting contrasting precipitation characteristics. While PCK consis-

tently provides the highest pointwise predictive accuracy, as indicated by lower RMSE and higher R2, the SSE surrogate more

faithfully reproduces the probability distribution of the regional climate model response, particularly in the low-probability

regions of the distribution. This apparent contradiction originates from the fundamentally different objectives optimized by465

the two surrogate modeling strategies. PCK combines a global polynomial approximation with a local Gaussian process cor-

rection, resulting in a surrogate specifically designed to minimize prediction errors over the entire parameter space (Schobi

et al., 2015). Since the model is trained using error-based criteria such as mean squared error or likelihood maximization, it

primarily approximates the conditional mean response (Gneiting and Raftery, 2007). Consequently, PCK accurately repro-

duces the central tendency of the response but does not explicitly seek to preserve the underlying probability distribution or470

the occurrence of rare events. Conversely, SSE relies on an adaptive partitioning of the input space in which local surrogate

models are constructed (Marelli et al., 2021). Instead of representing the response through a single global approximation, SSE

decomposes the problem into multiple locally homogeneous regions, allowing the surrogate to adapt to different response

regimes. This local representation naturally provides greater flexibility for capturing abrupt nonlinear transitions and hetero-

geneous response behavior, leading to a more accurate reconstruction of the overall probability distribution, including its tails.475

The different behaviors of PCK and SSE are consistent with previous studies on surrogate modeling of rare events. Schöbi and

Sudret (2017) showed that classical PCK requires adaptive enrichment of the experimental design to accurately approximate

low-probability regions of the response. Similarly, Singh et al. Singh et al. (2022) demonstrated that globally trained Gaussian-

process surrogates may fail to reproduce rare extreme responses, motivating the development of locally adaptive surrogate

formulations. In this context, SSE can be viewed as an alternative approach that improves the representation of rare events480

through structural adaptability rather than adaptive sampling. More fundamentally, this trade-off reflects the intrinsic complex-

ity of the regional climate model response. As shown in Figure 3, the relationship between the uncertain SUBEX parameters

and extreme precipitation is strongly nonlinear, with substantial dispersion indicating that similar parameter values may lead to

markedly different precipitation intensities. Furthermore, the nonlinear propagation of parameter uncertainty transforms simple

uniform input distributions into highly asymmetric and heavy-tailed response distributions. Under these conditions, minimizing485

pointwise prediction errors does not necessarily imply an accurate representation of the statistical properties of the response.

Consequently, surrogate models optimized for deterministic prediction naturally favor the central tendency of the response,

whereas models with greater structural flexibility are better suited to preserving the variability and probabilistic characteristics

of extreme precipitation. These findings demonstrate that no single surrogate model is universally optimal. Instead, the choice

of surrogate model should be guided by the intended application. For deterministic prediction and parameter estimation, PCK490

remains an excellent choice owing to its superior predictive accuracy. In contrast, for uncertainty quantification, probabilistic
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hazard assessment, and risk-informed applications, accurately reproducing the probability distribution of the response becomes

equally important, making adaptive surrogate models such as SSE particularly attractive. More broadly, this study highlights

that surrogate evaluation should not rely solely on deterministic performance metrics but should also incorporate measures of

distributional fidelity when the objective is to characterize uncertainty associated with extreme events.495

4.2 Implications for regional climate model behavior and calibration

An important finding of this study is that the observed precipitation consistently occupies low-probability regions of the mod-

eled distributions, whereas the deterministic simulations remain closer to the central tendency of the response. The exact posi-

tion of the observation varies spatially: it lies in the lower tail for the regional analysis and Sidi Ifni, but in the upper tail over

Midelt. Despite these differences, the common feature is that the regional climate model assigns a relatively low probability500

to reproducing the observed event. This behavior is consistent with the mismatch between modeled and observed precipitation

extremes documented across multiple regions and climate models (Bador et al., 2020). Our results therefore suggest that, al-

though the default model configuration can represent the more probable responses arising from parameter uncertainty, it has

greater difficulty representing the range of responses associated with individual extreme events. The difficulty of reproducing

the magnitude and frequency of extreme precipitation with regional climate models is well documented (Kendon et al., 2014;505

O’Gorman, 2015). Such discrepancies are commonly attributed to insufficient spatial resolution and to limitations in the repre-

sentation of processes such as convection, cloud microphysics, and land–atmosphere interactions (Ivušić et al., 2021; Kalmár

et al., 2024). However, increasing model resolution or improving individual physical parameterizations does not necessarily

eliminate biases in precipitation extremes. Substantial differences in extreme precipitation have been reported even among

high-resolution climate simulations (Wehner et al., 2014; Bador et al., 2020). The present results suggest that model calibration510

provides an additional perspective from which these discrepancies should be considered. Climate models are generally cali-

brated against multiple aspects of the observed climate, including long-term means, seasonal cycles, large-scale circulation,

temperature, precipitation, and cloud properties (Hourdin et al., 2017; Mauritsen et al., 2012). Such multi-objective tuning is

necessary to obtain a physically consistent representation of the mean climate, but it does not explicitly guarantee an accurate

representation of rare events. Parameter combinations that perform well against climatological targets may therefore differ from515

those required to reproduce individual precipitation extremes. Consequently, calibration can preferentially constrain the more

frequently sampled states of the climate system, while low-probability regions of the response remain comparatively weakly

constrained (Gagne et al., 2020; Fischer et al., 2024; Zhang et al., 2022; Ho et al., 2012). The uncertainty analysis presented

here is consistent with this interpretation. Despite exploring a broad range of physically plausible parameter combinations, the

observations remain located in low-probability regions of the modeled distributions at both regional and local scales. Repro-520

ducing these events therefore requires model responses that occur relatively infrequently within the explored parameter space.

Similar difficulties have been reported when optimizing different parameter combinations for climate-model representation

(Fischer et al., 2025). Moreover, these sparsely represented portions of the response are intrinsically difficult to characterize

from finite ensembles (Fischer et al., 2024, 2025), particularly when parameter perturbations propagate nonlinearly through

the climate model (Zhang et al., 2022). The resulting uncertainty is therefore not solely a question of whether an individual525
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parameterization is physically adequate, but also of whether the calibration and sampling framework sufficiently constrains

the model behavior relevant to extremes. The physical characteristics of the study region further reinforce this interpretation.

Extreme precipitation over southern Morocco arises from interactions among Atlantic moisture transport, coastal processes,

and orographic lifting over the Atlas Mountains (Chaqdid et al., 2023). Because these processes interact nonlinearly, relatively

small changes in their parameterized representation can produce substantial differences in localized precipitation intensity.530

Parameter combinations that reproduce average climatic conditions are therefore not necessarily those that best represent the

coupled processes governing individual extreme events. The contrasting probability distributions obtained over Sidi Ifni and

Midelt further indicate that this limitation can vary spatially, emphasizing the difficulty of defining a single calibration strategy

that performs equally well across climatological regimes and extreme-event conditions. Overall, these findings suggest that

improving the simulation of extreme precipitation may require calibration strategies that explicitly incorporate information535

about extremes alongside conventional climatological targets. This does not imply replacing climatological calibration, which

remains essential for maintaining a physically consistent mean climate, but rather extending it toward multi-objective frame-

works that also constrain the tails of relevant response distributions. More generally, evaluating regional climate models solely

through deterministic simulations or mean-state performance may overlook important information contained in their proba-

bilistic response. Integrating uncertainty quantification and extreme-sensitive objectives into the calibration process therefore540

offers a promising pathway toward regional climate simulations that remain climatologically credible while providing a more

reliable representation of high-impact precipitation events.

4.3 Implications for surrogate modeling and uncertainty quantification

The results of this study have important implications for the use of surrogate models in uncertainty quantification of climate

simulations. In particular, they demonstrate that surrogate models should not be evaluated solely based on predictive accuracy,545

as this criterion does not necessarily reflect their ability to represent the statistical structure of extreme events. Although this

has not been fully established, similar arguments have been advanced in previous studies. For example, Weber et al. (2020)

shows that the use of a neural-network-based surrogate whose structure is assessed using predictive accuracy metrics fails to

adequately represent precipitation in regions where it is mainly driven by intense events. In addition, many of the surrogate

models developed in the literature use relatively small numbers of samples (usually fewer than one hundred simulations;550

Couvreux et al. (2021); Weber et al. (2020); Fischer et al. (2024, 2025)) compared with the current study (over one thousand

simulations), which favors the characterization of the first and second statistical moments rather than higher-order moments

associated with the tail of the distribution. This generally leads to the well-known overfitting problem, which is also relevant

for statistically based emulators that can be trained using small training samples (Van Katwyk et al., 2026). The observed

trade-off between predictive accuracy and distributional fidelity indicates that different surrogate models are suited to different555

objectives. Gaussian-based models such as PC-Kriging, which are optimized to minimize prediction error, are well adapted to

tasks requiring accurate emulation of individual realizations, such as parameter estimation. This was the case, for example, in

the work of Fischer et al. (2025). However, they can show some limitations regarding the estimation of extreme values. In the

work of Schöbi et al. (2016), the authors demonstrate that an adaptive experimental design is necessary for PCK to estimate rare
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events. In contrast, approaches such as SSE, which rely on more flexible representations of the response, are better suited to560

capturing the statistical distribution and tail behavior, making them more appropriate for applications involving risk assessment

or extreme-event analysis. This has been further demonstrated in the study of Wagner et al. (2022), where the use of SSE has

been shown to be effective in tracking rare events. These findings suggest that surrogate model selection should be guided

by the intended application rather than by a single performance metric. In particular, the use of distribution-based metrics,

such as those employed in this study, provides a more comprehensive evaluation of model performance in the context of565

extremes. This is especially relevant for climate applications, where the accurate representation of variability and tail behavior

is often more critical than minimizing average prediction error. More broadly, this work highlights a limitation of current

uncertainty quantification practices, which often rely on surrogate models calibrated and evaluated using global error measures.

Such approaches may overlook important features of the response, particularly in low-probability regions associated with

extreme events. Addressing this limitation may require the development of hybrid strategies that combine accurate predictive570

performance with improved representation of variability, for example, through adaptive sampling, local surrogate modeling, or

distribution-aware training criteria. Overall, the results emphasize the need to explicitly account for the probabilistic structure

of model responses when applying surrogate models to climate simulations. By distinguishing between predictive accuracy

and distributional fidelity, this study provides a framework for more robust and application-specific surrogate modeling in the

context of extreme precipitation.575

4.4 Limitations and perspectives

Several limitations of the present study should be acknowledged. First, the analysis is based on a single extreme precipita-

tion event, which limits the generality of the conclusions. While the results provide clear evidence of a trade-off between

predictive accuracy and distributional fidelity, further investigation across multiple events, climatic regimes, and model con-

figurations would be necessary to assess the robustness of this behavior in a broader context. Second, the study focuses on a580

scalar quantity of interest defined as the maximum cumulative precipitation over the domain. This choice is well suited to the

analysis of extreme intensity but does not capture the full spatial structure of precipitation fields. Extending the analysis to

spatially distributed quantities would provide additional insight into how surrogate models represent localized processes and

spatial variability, although this would introduce additional methodological challenges related to high-dimensional outputs.

Third, the surrogate models are constructed within a predefined parameter space, and their performance is inherently condi-585

tioned on the sampling strategy used to generate the ensemble. Although Latin Hypercube Sampling provides a space-filling

design, extreme events remain associated with low-probability regions that are only sparsely sampled. This limitation is in-

trinsic to ensemble-based approaches and highlights the need for strategies that better target tail behavior, such as adaptive

sampling or importance sampling techniques. From a methodological perspective, the comparison performed in this study

is limited to a set of surrogate models representative of current practices in uncertainty quantification. While these models590

capture a wide range of approximation strategies, alternative approaches—such as deep-learning-based emulators or hybrid

probabilistic frameworks—have recently been proposed to address the challenges of modeling complex and nonlinear climate

responses. However, these approaches typically require substantial computational resources for training and hyperparameter
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tuning, particularly when applied to high-dimensional inputs or large ensembles. In the context of regional climate modeling,

where each simulation is already computationally expensive, the additional cost associated with such methods can represent595

a significant limitation. As a result, the use of relatively efficient surrogate models, such as those considered in this study,

remains highly relevant for practical uncertainty quantification workflows. Investigating how to balance model complexity,

computational cost, and the representation of extreme events therefore constitutes an important direction for future research.

This is particularly critical in regional climate simulations, where ensemble generation remains the dominant computational

cost. Finally, the present results highlight the importance of calibration strategies in shaping model behavior. The fact that600

extreme events are poorly represented within the modeled distribution suggests that current calibration practices, which prior-

itize mean climatological performance, may not be sufficient for applications focused on extremes. Future work could explore

calibration approaches that explicitly incorporate distributional or tail-based objectives, thereby improving the representation

of rare but high-impact events. Overall, these limitations point toward several avenues for future work, including the extension

of the analysis to multiple events and regions, the development of surrogate models tailored to extreme-value behavior, and the605

integration of distribution-aware calibration strategies into regional climate modeling frameworks.

5 Conclusions

This study investigated the performance of surrogate models for representing extreme precipitation under parametric uncer-

tainty in a regional climate model. By combining ensemble simulations with both predictive and distribution-based evaluation

metrics, we provided a comprehensive assessment of how different surrogate modeling approaches capture the behavior of610

extreme events. The results reveal a fundamental trade-off between predictive accuracy and distributional fidelity. While PC-

Kriging provides the most accurate pointwise predictions of the maximum cumulative precipitation, it tends to reproduce the

central tendency of the response and underrepresent variability in the upper tail. In contrast, the stochastic spectral embedding

approach offers a more faithful representation of the statistical distribution, particularly for extreme values, but at the cost of

reduced predictive accuracy for individual realizations. Beyond surrogate model comparison, the analysis highlights an impor-615

tant limitation of regional climate modeling. The observed event occupies a low-probability region of the modeled response,

but its position varies spatially: it lies toward the lower tail at the domain scale and over Sidi Ifni and toward the upper tail

over Midelt. Thus, the model does not exhibit a uniform underestimation of extreme precipitation; rather, the magnitude and

sign of the bias depend strongly on location. This spatially heterogeneous behavior is consistent with a model configuration

calibrated primarily against climatological rather than event-specific characteristics. Sensitivity analysis further shows that620

extreme precipitation is primarily controlled by parameters governing precipitation efficiency over land and ocean, thereby

linking the statistical behavior of the response to underlying physical processes. These findings emphasize the importance of

accounting for parameter uncertainty when analyzing extreme events. Overall, this study demonstrates that surrogate model

evaluation for climate applications should extend beyond predictive accuracy and explicitly consider distributional properties,

particularly when targeting extremes. The results provide practical guidance for selecting surrogate models depending on the625
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intended application and highlight the need for uncertainty quantification frameworks that better capture rare but high-impact

events in regional climate simulations.
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