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13 Abstract

14 This study investigates projected changes in extreme precipitation over Northwest
15 Africa at global warming levels (GWLs) of 1.5-4°C using a multi-model ensemble of
16 regional climate simulations conducted with the MIT Regional Climate Model (MRCM)
17 at 10-km horizontal resolution. Our results reveal a nonlinear response of extreme
18 precipitation to increasing warming levels. Across most of Northwest Africa, both
19 the frequency and intensity of extreme precipitation are projected to decline under all
20 warming scenarios, with reductions becoming particularly pronounced at higher GWLs
21 (3-4°C). While the broader region follows a drying trend, a notable exception occurs
22 over the Moroccan Atlas Mountains. In this region, moderate warming (GWL1.5-2°C)
23 produces a robust intensification of extreme precipitation across all simulations, followed
24 by a transition to drying at higher warming levels. This orographic anomaly may reflect
25 a two-stage response. Lower warming levels enhance moisture-driven intensification
26 through orographic lifting, whereas higher warming levels lead to large-scale dynamical
27 suppression. These findings identify the Atlas Mountains as an early-warming hotspot
28 and indicate that, beyond 2 °C of warming, extreme precipitation declines region-wide,
29 with important implications for water resource planning.

30 Keywords: extreme precipitation; Northwest Africa; Atlas Mountains; MRCM; CMIPG6;

31 bias correction
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1 Introduction

Northwest Africa, including Morocco, sits within the Mediterranean climate-change hotspot
(Cos et al., 2022). Observations and climate models indicate a marked decline in mean
precipitation, especially in winter—the key recharge season for rivers, reservoirs, and aquifers.
Recent high-resolution regional simulations projects sharp reductions in winter (—22%) and
spring (—34%) precipitation over Morocco’s major basins, driven by circulation changes that
favor Saharan dry-air intrusions and a poleward shift of storm activity (Tuel and Eltahir, 2020;
Tuel et al., 2021). Prolonged drought thereby accentuates the long-recognized sensitivity of
the region to North Atlantic variability and to orographic controls, compounding vulnerability

to water stress (Driouech et al., 2010; Hssaisoune et al., 2020).

Amid this long-term drying, extreme precipitation (EP) exerts contrasting pressures on
society and water systems across the region, bringing both relief and risks. While EP events
can temporarily fill reservoirs and aquifers in otherwise depleted basins (Taylor et al., 2013),
they also trigger destructive flooding, including flash floods, that severely damage communities
and infrastructure (Driouech et al., 2010; Bouaicha and Benabdelfadel, 2010). Recent floods,
such as in southern Morocco in September 2024, highlight this dual vulnerability, where
long-lasting droughts are abruptly interrupted by severe storms (General Directorate of
Meteorology, 2024). Projections for the High Atlas also indicate declining snow cover and
changing seasonal runoff patterns (Tuel et al., 2022), further limiting water availability and

underscoring the need to understand how EP will develop in the future.

Worldwide, the intensity of heavy rainfall increases with warming to an extent that
scales with humidity (about 6-7% /K), but the regional effects depend heavily on circulation
and topography (O’Gorman, 2015). The IPCC’s Sixth Assessment Report (IPCC, 2022)
concludes that even small increases in global warming produce statistically significant changes
in extreme events, but regional EP responses reflect a balance between thermodynamic

gain and circulation shifts (Seneviratne et al., 2021). In the Mediterranean, multi-model
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analyses show ”contrasting trends”: an intensification of EP in the northern sub-basins, but
a non-significant increase or even decreasing EP in the southern sectors, where drought and
fewer rainy days prevail (Tramblay and Somot, 2018). For Africa, coordinated CMIP6 and
Coordinated Regional Downscaling Experiment (CORDEX) comparisons point to a higher
rainfall intensity with fewer rainy days and longer dry spells in the Atlas region, a combination

with profound effects on both flood risk and water supply reliability (Dosio et al., 2021).

These projections of changes in EP are subject to considerable uncertainty. According to
Hawkins and Sutton (2009), this uncertainty rises primarily from three sources: model uncer-
tainty, scenario uncertainty and internal variability. In Northwest Africa, model uncertainty is
particularly important and largely stems from the coarse resolution of global climate models
(GCMs), which do not adequately resolve the region’s complex topography, oceanic influences,
and local convective storms that are critical for heavy rainfall (Seneviratne et al., 2021;
Chaqdid et al., 2026). This leads to substantial inter-model differences in projected future
atmospheric circulation patterns that strongly influence Moroccan EP, such as the North
Atlantic Oscillation and Mediterranean storm systems (Gadouali et al., 2020; Chaqdid et al.,
2023). Although heavy precipitation is generally expected to intensify from a thermodynamic
perspective, the magnitude and spatial patterns of projected changes over Morocco remain
highly uncertain (Tramblay et al., 2012). Moreover, the region’s sparse observation network

hinders robust evaluation and bias correction of climate simulations (Tuel and Mogayd, 2023).

To reduce these uncertainties, especially those stemming from model constraints, regional
climate downscaling has proven to be a critical methodological advance (Giorgi, 2019). High-
resolution dynamical downscaling enhances the representation of localized convective processes
and complex topography, improving simulation of heavy precipitation events and reducing
model biases (Torma et al., 2015). Complementing this, recent climate research increasingly
adopts the Global Warming Levels (GWLs) framework, which evaluates regional climate

responses based on incremental increases in global mean temperature relative to pre-industrial
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levels (e.g., 1.5°C, 2°C, 3°C), rather than specific time horizons tied to emissions scenarios.
This approach, now standard in the IPCC’s Sixth Assessment Report (IPCC, 2022), allows for
a direct comparison of the regional impacts of different models and scenarios, as the timing of
each GWL may vary depending on the emission path, but the associated climate responses

remain physically consistent within the same model (IPCC, 2022).

Previous downscaling studies on Morocco assessed the performance of regional climate
models (RCMs) and projected changes in mean climate and ETCCDI indices, confirming
warming, fewer rainy days, and longer dry spells, but reporting heterogeneous results for EP
metrics, highlighting model dependency and methodological choices (Tramblay et al., 2013;
Filahi et al., 2016; Khomsi et al., 2016). At the regional scale, Tuel et al. (2021) used the
high-resolution MIT Regional Climate Model (MRCM) to identify robust drying mechanisms
and spatial gradients over Iberia and Northwest Africa. However, they did not assess how the
frequency and intensity of EP respond at fixed global warming levels (GWLs), nor did they
characterize EP hotspots within northwest Africa beyond basin-mean conditions. Our study
addresses these gaps by following the workflow summarized in Figure 1 and examines two key
questions: (i) how EP indices over Northwest Africa scale with projected global warming,

and (7i) whether these changes occur uniformly across the region or reveal emerging hotspots.
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Figure 1: Flowchart of data and methodology

This paper is structured as follows: Section 2 describes the study area, the data sets
used and the modeling framework. It outlines the main features of Morocco and the Atlas
Mountains, explains the observational and model data, and describes the MIT Regional
Climate Model (MRCM) and the selection of CMIP6 GCMs used as boundary conditions.
In addition, the experimental design, the definition and bias correction of EP indices and
the global warming level (GWL) framework are presented. Section 3 reports on the main
findings, including the evaluation of model performance, the verification of bias-corrected

MRCM simulations, and the predicted changes in frequency, intensity, and contribution of
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EP events under projected global warming. Section 4 discusses the broader impact of these
results on hydroclimatic risk and water availability. Finally, Section 5 summarizes the main

conclusions and outlines perspectives for future research.

2 Data and Materials

2.1 Study area: Morocco and 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 Figure 2). This domain captures
the transition from the Atlantic and Mediterranean coasts, across the Atlas Mountains, into the
Sahara. Model selection, downscaling, bias correction, and evaluation are applied uniformly
across the full domain, with additional tuning over Morocco. We report domain-wide results
and highlight Morocco as a focal subregion given the availability of in situ data and its
regional importance. Within this domain, we focus on key river basins and densely populated
corridors stretching from the Atlantic lowlands to the interior plateaus. The broader domain
is maintained to capture moisture transport from the Atlantic and Mediterranean and its

interaction with the full Atlas range, an important dynamical control on the regional climate.

The Atlas Mountains are the dominant physical feature of the domain, consisting of the
Rif, Middle, High (peaking at Jebel Toubkal, 4167 m), and Anti-Atlas ranges in Morocco,
continuing eastward as the Tell and Saharan 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 accumulation 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.
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Figure 2: Topography of the study area (Northwest Africa), highlighting Morocco and the
Atlas ranges that shape regional climate and elevation gradients.

2.2 Data

This study uses several datasets to address four main tasks: (i) Model selection uses daily
precipitation from Multi-Source Weighted-Ensemble Precipitation (MSWEP) (0.1° resolution;
Beck et al., 2019) as observational baselines, and monthly precipitation from an 11-member
CMIP6 ensemble for 1979-2014. All 11 models are taken from the same experiment (historical)
and ensemble member (rlilplfl): MIROC6, MPI-ESM1-2-HR, EC-Earth3-Veg, NESM3,
NorESM2-LM, IPSL-CM6A-LR, NorESM2-MM, MRI-ESM2-0, CMCC-ESM2, BCC-CSM2-
MR, and CMCC-CM2-SR5. (ii) For the reanalysis (“perfect-boundary”) experiment, lateral
boundary conditions (LBCs) are taken from ERA5 (Hersbach et al., 2020) at 6-hourly time
steps, 0.25° horizontal resolution, and 37 vertical levels (winds ua, va; air temperature

ta; specific humidity hus; surface pressure ps), complemented by 1° weekly sea-surface

8
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temperature (SST) from NOAA OISST (Reynolds et al., 2002). In addition to MSWEP, we
evaluate MRCM’s ability to simulate the precipitation regime over Morocco and Northwest
Africa using multiple datasets, including ERA5 reanalysis precipitation (0.25°); the station-
based, gridded TerraClimate product (monthly, ~4 km; Abatzoglou et al., 2018); the satellite-
based TRMM precipitation product (0.25°. Huffman et al., 2007), and representative in-situ
observation stations from Tuel and Mocayd (2023). (iii) For climate-change experiments, the
same set of LBC variables and lower-boundary SST are extracted at 6-hourly resolution from
the three selected CMIP6 GCMs (MPI-ESM1-2-HR, EC-Earth3-Veg, and IPSL-CM6A-LR;
selection method described in Section 2.4). For all three GCMs, historical forcing spans
1975-2014; scenario forcing spans 2015-2100 under SSP1-2.6 and SSP5-8.5; one ensemble
member (rlilplfl) is used per GCM. (iv) Bias correction of precipitation projections uses
MSWEP as the reference. Parameters are calibrated over 1979-2014 and then applied
consistently to future periods, as detailed in Section 2.7. Throughout the study, MSWEP
serves as the primary reference for precipitation: it is used to calibrate the RCM over Morocco,
to evaluate and select GCM forcings, and to perform bias correction. This choice is justified by
the scarcity and uneven spatial distribution of weather stations in Morocco and is supported
by Tuel and Mocayd (2023), who showed that—among nine gridded products evaluated

against in-situ observations—MSWEP performs best for EP in Morocco.

2.3 MIT regional climate model (MRCM)

MRCM is a hydrostatic, three-dimensional regional climate model derived from the ICTP
RegCM3 dynamical core (Pal et al., 2007), but upgraded with targeted physics developments
designed to improve land—atmosphere coupling, convective processes, and boundary layer
structure. A key element is the coupling to the Integrated Biosphere Simulator (IBIS) land
surface scheme (Foley et al., 1996; Winter et al., 2009), which replaces the legacy BATS
formulation used in RegCM3 and yields more realistic surface energy and water budgets over

vegetated and semi—arid terrains (Im et al., 2014). Additional improvements include a revised
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surface albedo prescription and an irrigation module tailored for arid regions (Marcella and
Eltahir, 2012, 2014), updates to the convective cloud and rainfall autoconversion schemes
(Gianotti, 2012; Gianotti and Eltahir, 2014a,b), and modified boundary layer height and

low—cloud parameterizations (Gianotti, 2012).

Consistent with Tuel and Eltahir (2020) and Pal and Eltahir (2016), our baseline physics
suite comprises IBIS for land surface processes (Winter et al., 2009); the SUBEX moisture
scheme for large—scale condensation and microphysics (Pal et al., 2000); the NCAR CCM3
radiation package (Kiehl et al.,; 1998); a nonlocal planetary boundary layer scheme (Holtslag
and Boville, 1993); and the bulk air-sea flux algorithm of Zeng et al. (1998). Deep convection
is represented with the Grell scheme using Fritsch-Chappell closure, in line with prior MRCM
applications over drylands (Pal and Eltahir, 2016). Simulations are conducted at 10km
horizontal resolution, which is sufficient to resolve first—order orographic gradients across the
Atlas ranges and land—sea contrasts along the Mediterranean and Atlantic coasts of Northwest

Africa, features that modulate EP.

Relative to Tuel and Eltahir (2020), we restrict modifications to a light fine-tuning of the
SUBEX large—scale condensation and microphysics scheme, aimed at improving the timing
and intensity of wet-season precipitation while preserving large-scale fidelity. Specifically, we
adjusted a small set of SUBEX parameters that regulate the onset and efficiency of cloud
water conversion to rain (e.g., autoconversion threshold and rate constants, and accretion
efficiency), after brief sensitivity tests against observed daily precipitation distributions over

Morocco. No structural changes to the physics were introduced.

2.4 GCM selection

For GCM selection, we rank models based on their ability to reproduce the observed seasonal
cycle of precipitation over the full domain (Figure 1). For each of the 11 CMIP6 models

described in Section 2.2, we extract monthly precipitation for 1979-2014, compute spatial

10
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averages over the study area, and compute climatological monthly means (see seasonality plots
in Figure S2 in the Supplementary Materials). We then calculate two evaluation metrics—the
Pearson correlation and a relative RMSE—between the modeled and observed seasonal cycles.
Let M(m) and O(m) denote the model and observed Morocco-mean monthly precipitation
climatologies for month m = 1,...,12. The correlation is taken across the 12 months (between

the two 12-element vectors):

The relative RMSE is normalized by the observed seasonal mean:

o VB (Tm) - Om))”

H}obs

Models are ranked by p (descending) and by rRMSE (ascending); the mean rank is
the arithmetic mean of these two ranks (ties broken by smaller rTRMSE). The resulting
scores (Table 1) single out three consistently strong models for simulating precipitation over
Morocco—EC-Earth3-Veg (highest p and second-lowest rRMSE; mean rank 1.5), MPI-
ESM1-2-HR (lowest rRMSE and third-highest p; mean rank 2.0), and IPSL-CM6A-LR
(ranked 5th by p and 5th by rRMSE; mean rank 5.0). Notably, Babaousmail et al. (2021)
identified EC-Earth3-Veg and IPSL-CM6A-LR among the best models for reproducing rainfall
patterns in North Africa. Our three selected GCMs also rank among the six top performers
for Morocco in Gumus et al. (2023), who evaluated 15 CMIP6 GCMs using an ANN-based
multi-model ensemble. We therefore retain these three GCMs: EC-Earth3-Veg (Doscher et al.,

2022), MPI-ESM1-2-HR (Gutjahr et al., 2019), and IPSL-CM6A-LR (Boucher et al., 2020) as

11
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boundary forcings for downscaling (historical and SSP1-2.6/SSP5-8.5 scenarios), as detailed

in Section 2.5.

Model p rRMSE Mean Rank
Value Rank Value Rank
EC-Earth3-Veg 0.481 1 0.145 2 1.5
MPI-ESM1-2-HR 0.473 3 0.105 1 2.0
IPSL-CM6A-LR 0.395 5 0.203 5 5.0
MIROCG6 0.473 2 0.223 8 5.0
BCC-CSM2-MR 0.344 9 0.193 3 6.0
CMCC-ESM2 0.421 4 0.230 9 6.5
NorESM2-LM 0.364 8 0.205 6 7.0
MRI-ESM2-0 0.364 7 0.208 7 7.0
NorESM2-MM 0.332 10 0.201 4 7.0
NESM3 0.372 6 0.253 10 8.0
CMCC-CM2-SR5 0.307 11 0.260 11 11.0

Table 1: GCM performance based on domain-mean seasonal cycle metrics (correlation and
rRMSE), using MSWEP precipitation as observational baselines.

2.5 Experimental design

We adopt a two—stage strategy: (i) a reanalysis—driven “perfect—boundary” experiment to
evaluate the model and set physics choices, and (ii) climate—change experiments forced by

selected CMIP6 GCMs.

Stage 1: Reanalysis—driven evaluation (ERA5/MRCM): MRCM is integrated at
10 km over our study area (Figure 2) using ERA5 (Hersbach et al., 2020) as lateral boundary
conditions (6-hourly fields) and weekly NOAA OISST (Reynolds et al., 2002), for 1982-2012.
The year 1982 is used as spin-up and discarded. This experiment, hereafter ERA5/MRCM, is
used to verify the model’s ability to reproduce the regional hydroclimate and to confirm the
physics choices described in Section 2.3 (with light fine—tuning restricted to SUBEX). Spatial
patterns and seasonal cycle of precipitation are evaluated against multiple observational

products for robustness, including weather stations, gauge-reanalysis, and gauge—satellite

datasets (MSWEP, TerraClimate, TRMM).

12
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Stage 2: GCM-—driven historical and future experiments (MRCM/CMIP6): For
each of the three selected GCMs (Section 2.4), one ensemble member is used to provides
6-hourly lateral boundary conditions. We perform one historical integration (1975-2014;
forced by CMIP6 historical greenhouse gas concentrations) and two scenario integrations
covering 2015-2100 under SSP1-2.6 and SSP5-8.5. The first simulation year of each integration
is discarded as spin-up, leaving 1976-2100 (continuous integration) for analysis. Apart from
boundary conditions, the model configuration is identical to ERA5/MRCM. This results in

ten MRCM runs, each at 10 km resolution over the same domain; see Table 2.

Experiment Boundary conditions Scenario Simulation
period
Reanalysis downscaling ERAS5 (6-hourly) + SST N/A 1982-2012
Climate change simulations MPI-ESM1-2-HR Historical 1975-2014
SSP1-2.6 2015-2100
SSP5-8.5 2015-2100
EC-Earth3-Veg Historical 1975-2014
SSP1-2.6 2015-2100
SSP5-8.5 2015-2100
IPSL-CM6A-LR Historical 19752014
SSP1-2.6 2015-2100
SSP5-8.5 2015-2100

Table 2: Summary of MRCM integrations at 10 km resolution. Boundary conditions differ by
experiment, but model configuration is identical across all runs.

2.6 Extreme precipitation definition

Extremes are quantified using a compact subset of ETCCDI indices, chosen to isolate the
important flood-relevant behaviors in Morocco’s hydroclimate while ensuring comparability
with free-running climate simulations. The set of indices includes three complementary dimen-
sions: (i) frequency: how often heavy-precipitation days occur; (ii) intensity /accumulation:
the magnitude of daily maxima and the annual totals; (iii) tail contribution: the share of
seasonal/annual total values that come from the upper tail. We prefer threshold-based indices

as they are interpretable, robust under moderate sample sizes, and spatially comparable;

13
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the setting of percentile thresholds via a historical baseline separates change signals cleanly
from changing climatological conditions (ETCCDI, 2009; Dunn et al., 2020). All metrics are
calculated annually and seasonally from daily precipitation rates (Table 3).

Table 3: Extreme precipitation indices with brief definitions.

Index Long name Description
Frequency
R95p Very Wet Days Annual count of days > 95th percentile.
R99p Extremely Wet Days Annual count of days > 99th percentile.
Intensity
RX1day Maximum 1-day precipitation Annual maximum of daily precipitation.
SDII Simple Daily Intensity Index Annual mean precipitation on wet days.
PRCPTOT  Annual Total Wet-Day Precipita- Annual total on wet days.
tion
Contribution
RO5pTOT  From Very Wet Days Annual precipitation total (mm) from >95th-

percentile days.

R99pTOT  From Extremely Wet Days Annual precipitation total (mm) from >99th-
percentile days.

Wet day: > 1 mm; dry day: < 1 mm. Percentiles are estimated on a fixed historical reference and applied to
all periods. Unless noted, indices are computed per calendar year and reported as the mean across years.

2.7 Bias correction of extreme precipitation

We evaluate a suite of bias-correction (BC) methods for their ability to correct daily precipita-
tion biases, with emphasis on precipitation extremes (cf. inflation issues in quantile methods;
Maraun, 2013). Our evaluation uses the ERA5-forced MRCM integration (1983-2022) as a
controlled testbed, following the recommendation of Maraun (2016). The tested methods
include: (i) simple approaches: Linear Scaling (SCALING; Lenderink et al., 2007) and Local
Intensity Scaling (LOCI; Schmidli et al., 2006); (ii) advanced empirical methods: Empirical
Quantile Mapping (EQM; ThemeBl et al., 2012), Quantile Delta Mapping, and Detrended
Quantile Mapping (DQM and QDM; Cannon et al., 2015); and (iii) advanced parametric
methods: Parametric Quantile Mapping with Gamma distribution (PQM; Piani et al., 2010),

PQM with GPD distribution for tails (GPQM; Gutjahr and Heinemann, 2013). Calibration

14
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is performed over 1983-2012 (30 years) using MSWEP as reference; skill is then assessed on
the unseen period 2013-2022 (10 years). The relative mean absolute bias (rMAB) is the skill
metric used; evaluated for three complementary aspects of extremes: RX1day for intensity,

R95p for frequency, and R95pTOT for contribution (see Table 3 for details).

BC method selection is conducted over Morocco only. This choice ensures computational
feasibility while preserving methodological robustness. Testing seven univariate bias-correction
methods on daily series at 10-km resolution over the entire model domain would be computa-
tionally demanding while offering limited additional benefit for method ranking. In contrast,
Morocco encompasses the principal precipitation regimes and extremes relevant to this study,

enabling a robust and representative comparison of candidate methods.

For the production runs, however, the selected bias-correction method is calibrated
over the full model domain using the common reference period between MSWEP and each
GCM/MRCM simulation (1979-2014). This 36-year period corresponds to the complete
overlap between MSWEP and the model simulations and is therefore used in its entirety for
calibration. Reiter et al. (2016) highlighted the high sensitivity of quantile mapping (QM)
methods, particularly empirical quantile mapping (EQM), to the length of the calibration
period and recommended using the longest available reference record. Using the full overlap
period thus ensures more robust estimation of quantiles across the entire precipitation
distribution. Additionally, bias correction is applied to daily precipitation separately for each

calendar month to explicitly account for seasonality.

The calibrated BC method is then applied to both historical and future simulations,
yielding a continuous 1995-2100 record for each GCM/MRCM simulation. The period
1995-2014 is adopted as the historical reference for computing changes in EP indices within
the Global Warming Level (GWL) framework described in the next section, consistent with

recent IPCC assessments and representative of present-day climatic conditions. All indices

15
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are subsequently computed from these bias-corrected series.

2.8 Global warming levels approach

We analyze EP using the global warming level (GWL) framework: a level is reached when the
20-year running mean of global surface air temperature (GSAT), relative to 1850-1900, reaches
the target warming. Conditioning on GWL shifts uncertainty from emissions pathways to the
timing of when each level is reached; we therefore pool years across scenarios within each GWL.
This reduces apparent scenario-dependence and allow inter-model differences to primarily
reflect physical responses rather than scenario timing (IPCC, 2022). It is also policy relevant,
directly mapping results to the Paris Agreement thresholds (1.5, 2°C; UNFCCC, 2015), and
physically motivated: many hydrometeorological changes, including heavy precipitation, scale
approximately with warming via moisture increase (O’Gorman, 2009). We therefore report

changes in EP indices at selected GWLs (1, 1.5, 2, 3, and 4 °C; see Supplementary Figure S1).

Figure S1 summarizes, for each downscaled GCM and scenario, the first 20-yr window in
which a given GWL is reached; the corresponding years are listed in Table S1 (Supplementary
material). For both scenarios, EC-Earth3-Veg and IPSL-CM6A-LR reach each GWL at
approximately the same time, whereas MPI-ESM1-2-HR tends to lag. Under SSP5-8.5, all
three exceed 2 °C by mid-century; by late century, EC-Earth3-Veg and IPSL-CM6A-LR reach
4°C, while MPI-ESM1-2-HR does not. These windows anchor the mapping of changes in

selected EP indices (Section 2.6) to specific warming levels.

3 Results

3.1 Evaluation of model performance

Prior to analyzing downscaled projections of EP, we demonstrate the ability of MRCM to

reproduce the mean spatial pattern and the seasonal cycle of precipitation over Morocco
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and Northwest Africa. In both the reanalysis-forced simulation (ERA5/MRCM) and the
GCM-forced ensemble (ENS/MRCM), the regional model sharpens gradients and resolves
orographic maxima that are muted in the raw GCM ensemble mean (ENS/GCM) (Figure 3).
Resolving these coastal and orographic precipitation gradients is essential for the extremes
analysis that follows. Moreover, rainfall patterns and domain-wide statistics are broadly
consistent with observations (MSWEP, TerraClimate, TRMM), albeit with a wet bias along
the Atlantic and Mediterranean coasts and across the Atlas ranges. The persistence of these
biases in both ERA5/MRCM and ENS/MRCM likely reflects a systematic misrepresentation
of subgrid scale coastal and orographic processes.
MSWEP TerraClimate

Mean: 8
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Figure 3: Climatological mean precipitation (1983-2012) across Morocco and Northwest
Africa from observation-based datasets (MSWEP, TRMM, TerraClimate), ERA5-forced
simulation (ERA5/MRCM), ensemble mean of the 3 GCM-forced simulations (ENS/MRCM),
and ensemble mean of 11 GCMs (ENS/GCM).

Next, we assess the seasonal cycle and interannual variability of domain-mean precipitation
(Figure 4). Over Morocco, ERA5/MRCM reproduces the observed winter and spring wet

seasons and lies within the observational envelope for most months, with noticeable wet
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bias from January to March. A similar pattern is seen over Northwest Africa, where the
simulated seasonal cycle generally lies within the observed range but again exhibits a wet
bias during January—May (Figure 4a). Because the bias is seasonally locked, we address it
using month-specific bias correction (Section 3.2). By contrast, raw ENS/GCM substantially
underestimates winter precipitation over both Morocco and the broader domain; MRCM
reduces this dry bias and adds fine-scale structure, though large-scale GCM biases inevitably

propagate through the lateral boundaries (see Supplementary Figure S3).
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Figure 4: Monthly precipitation climatology (a) and Interannual precipitation totals (b)
for the period 1983-2012 and spatially averaged over Morocco and Northwest Africa from
observation-based datasets (MSWEP, TRMM, TerraClimate, raw ERA5), ERA5-forced
simulation (ERA5/MRCM), and ensemble mean of 11 GCMs (ENS/GCM).

Interannual variability at the country and regional scales (Figure 4b) further supports the

fidelity of MRCM. Over Morocco, year-to-year totals simulated by ERA5/MRCM fall within

18



328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

the narrow observational range. Over Northwest Africa, departures are larger, reflecting
sparse gauge coverage across arid interiors and the role of satellite-based products in such
regions. Indeed, discrepancies are most evident during 2003-2011, when the model aligns more

closely with the TRMM (satellite-based product) than with ERA5, MSWEP, or TerraClimate.

Overall, the low-frequency hydroclimate signal is well captured.

Finally, we verify model behavior at the point scale using in-situ stations spanning coastal
zones, the Atlas foothills, interior plains, and the southern fringe (see Supplementary Figure S4
for station locations). ERA5/MRCM reproduces the local seasonal cycle at most stations
(Supplementary Figure S5); amplitude differences are largest at strongly orographic or coastal
sites, consistent with the biases discussed above and with point—grid representativeness
limits. At many locations (e.g., Marrakech, Agadir, Larache, Chefchaouen), MRCM improves
upon the raw ERADb seasonal cycle. The same conclusions hold for interannual variability

(Supplementary Figure S6).

3.2 Verification of bias corrected MRCM runs

We evaluate seven bias-correction methods applied to ERA5/MRCM using three standard
extreme-precipitation metrics: R95p (frequency), R95pTOT (contribution), and RX1day (inten-
sity). Performance is assessed on a training set (1983-2012; 30 years of daily precipitation)
and an independent test set (2013-2022; 10 years). Table 4 reports the relative mean absolute
bias (rMAB) of each method and metric relative to MSWEP, along with a per-method mean
rMAB and rank.

In training, all methods markedly reduce the raw MRCM bias: the MRCM mean tMAB
of 21.2% is lowered to ~1-6% depending on method, with nonparametric/empirical quantile
approaches leading. DQM (1.1%) and EQM (1.5%) perform best, followed by PQM (3.3%),
LOCI (3.8%), linear SCALING (4.4%), and GPQM (6.3%). On the unseen test set, the
ordering is broadly preserved. Starting from a mean rMAB of 39.8% for MRCM, EQM
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Table 4: Relative mean absolute bias (rMAB) for extreme-precipitation metrics in the training
(1983-2012) and test (2013-2022) datasets. Columns are grouped by dataset; within each
dataset we report the per-metric rMAB, and per-method mean rMAB and rank (lower is
better).

Train Test

Method Metric rMAB [%] Mean [%] Rank rMAB [%] Mean [%] Rank
R95N 15.7 30.8

MRCM R95P 22.4 21.2 8 51.4 39.8 7
RXlday  25.5 37.4
R95N 0.7 16.2

EQM R95P 0.4 1.5 2 23.8 21.3 1
RXlday 3.3 24.1
R95N 0.0 22.3

DQM RI95P 0.1 1.1 1 28.9 25.3 3
RX1day 3.3 24.8
R95N 1.5 16.2

PQM R95P 3.6 3.3 3 26.3 22.9 2
RX1lday 4.9 26.2
R95N 1.5 146.2

LOCI R95P 4.3 3.8 4 1104 95.0 8
RXlday 5.5 28.4
R95N 3.7 20.8

SCALING RI95P 3.5 4.4 5 28.6 26.1 4
RX1day 6.1 29.1
R95N 1.5 16.9

GPQM R95P 6.3 6.3 6 46.1 37.3 6
RX1day 1.1 49.0
R95N 8.2 31.5

DQM (alt.) R95P 5.6 6.5 7 33.7 30.1 5
RX1day 5.6 25.1

achieves the lowest mean (21.3%), PQM and DQM follow (22.9-25.3%), linear scaling is
modest (26.1%), GPQM is higher (37.3%), and LOCI fails out of sample (95.0%). This pattern
is consistent across R95p, R95pTOT, and RX1day (See also Figures S7-S9 from Supplementary
Materials for the spatial distribution of each method biases in the test datasets). In aggregate,
EQM reduces the mean rMAB by ~20% in training (21.2% — 1.5%) and by ~19% in test
(39.8% — 21.3%), indicating effective correction of both frequency and intensity tails without

overfitting.
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Having established the ranking, we examine how the leading method (EQM) alters the
spatial pattern of bias. In the training set, raw MRCM exhibits a coherent wet excess along
the Atlantic and Mediterranean coasts and across the Atlas for all three indices (Figure 5);
EQM removes most of these biases (See also Figure S10 from Supplementary Materials for

bias-corrected ENS/MRCM spatial patterns of the EP indices).

Contribution Frequency Intensity
R95ptot R95p Rx1day

3N TMax: 271.7 Max: 4.4 Max: 86.8

34°N 1 Mean: 44.7 Mean: 1.4 Mean: 24.6

32°N 4 Min: 3.8 Min: 0.2 Min: 8.1

°N 4 =

30°N g

28°N - o

26°N =

24°N 1

22°N 1

3N TMax: 351.2 Max: 5.2 Max: 99.1

34°N 1 Mean: 52.5 Mean: 1.4 Mean: 28.1

30N 4 Min: 4.5 Min: 0.2 Min: 8.2

30°N 1 =
A

28°N - (2]
=

26°N -

24°N 1

22°N 1

N TMax: 277.2 Max: 87.8

34°N 1 Mean: 44.7 Mean: 25

300N 4 Min: 3.9 Min: 8.1 =

30°N 1 3
=

28°N 1 |
)

26°N -
=

24°N -

22°N 1

15°W  10°W W 0°  15W  10°W  5W 0° 15W  10°W  5W 0°
Longitude Longitude Longitude
R95P [mm/day] R95N [mm/day] Rx1day [mm/day]
 SS—————
0 47 94 141 188 235 >282 0 1 2 3 4 >5 0 15 30 45 60 75 >90

Figure 5: Climatological means of extreme-precipitation indices—R95p, R95pTOT,
and Rxlday—computed annually from MSWEP, ERA5/MRCM, and EQM-corrected
ERA5/MRCM over the training period (1983-2012).

during the independent test years (2013-2022), EQM retains most of the improvements

achieved on the training period. The raw MRCM continues to show a wet bias along the
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Atlantic and Mediterranean coasts for all three EP indices, but these biases are effectively
removed in the bias-corrected MRCM EP fields (Figure S11). Small residual biases persist in
a few areas on the test set, especially the RX1day; these likely reflect inconsistencies between
MSWEP (used as the observational reference) and ERA5 (used to force MRCM). Overall,
we remove the systematic coastal and Atlas-range wet biases while allowing the model to

preserve its own dynamical response to forcings. This spatial-bias—correcting efficacy explains

why EQM ranks first in the rMAB ordering in Table 4.

Our bias correction targeted not only spatial biases but also the seasonal cycle. To this
end, we did not correct the full time series at once; instead, we applied the correction to daily
precipitation separately for each month. This month-wise approach better reduces seasonal-
cycle bias, as shown in Figure 6, which compares the observed seasonal cycle (MSWEP)
with the corrected ERA5/MRCM and ENS/MRCM simulations. This bias -correction step
is necessary for quantifying seasonal changes in extremes. The correction preserves phase
and brings amplitudes closer to observations. Taken together with the rMAB results and
the spatial diagnostics above, this supports the use of EQM-corrected fields in the extremes

analysis that follows.

3.3 Future projections in extreme precipitation

Before analyzing projected changes, we first describe the present-day EP climatology of
the region. Figure 7 highlights a coherent coastal-orographic band of enhanced EP activity
stretching from the Atlantic fagade of Morocco and the Rif, across the Middle and High Atlas,
and eastward along the Tell Atlas of Algeria to northern Tunisia (Kroumirie-Mogods). Intensity
metrics (SDII, RX1day) systematically peak on windward slopes exposed to Atlantic and
western Mediterranean moisture fluxes, as well as in neighbouring coastal plains (e.g., Gharb-
Chaouia in Morocco; Oran-Mitidja-Kabylie in Algeria; Kroumirie in Tunisia). Immediately
leeward, values drop markedly across the interior plateaus (Moulouya/Oriental; Algerian High

Plateaus) and south of the Saharan Atlas, consistent with strong rain-shadow effects.

22



393

394

395

396

397

398

399

400

401

402

403

Corrected Seasonal Cycle
_30-
=
&
E r \‘\.\
~~
E 20- o
E
c
9 L
= »
S 104
2
O
o
S
o
0- T T T T ]
2.5 5.0 7.5 10.0 12.
Month
Range: ENS/MRCM

Datasets - MSWEP -4~ ENS/MRCM -® ERA5/MRCM

Figure 6: Morocco-mean seasonal cycle (1983-2012) from MSWEP, ERA5/MRCM, and the
GCM-forced ensemble mean (ENS/MRCM); model series are shown after EQM correction.

In Morocco, RX1day attains maxima of about 80 mm, while SDII reaches roughly
12 mm/day. The lowest values are confined to pre-Saharan and southern regions. Fre-
quency indices (R95p, R99p) display a similar west-east and coast-interior gradient. Very
wet days (R95p) occur up to ~ 5.2 days/yr, whereas extremely wet days (R99p) occur up
to ~ 1 day/yr. These events concentrate along the Atlantic-Mediterranean coastal and
mountain corridor and diminish rapidly toward the semi-arid interior. Indices measuring tail
contributions (R95pTOT, R99pTOT), the cumulative precipitation from days above the 95th
and 99th percentiles, reinforce this pattern. Over Morocco, R95pTOT reaches about 274 mm

(mean: 45 mm), and R99pTOT peaks near 83 mm (mean: 14.6 mm).

This climatological structure establishes the reference state against which changes at fixed

global warming levels (GWLs) are assessed in the following sections.
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Figure 7: Spatial climatology (1979-2014) of extreme-precipitation indices from MSWEP: in-
tensity /accumulation (RX1day, SDII); frequency (R95p, R99p); and tail contribution (R95pTOT,
R99pTOT). Annotated statistics are computed over Morocco only.

3.3.1 Change in frequency

We first assess how the frequency of EP events changes across fixed GWLs. Figure 8 shows
Morocco- and domain-wide projected changes in the annual counts of days exceeding the
95th and 99th wet-day percentiles at each GWL. For each level, changes are computed over
the corresponding 20-year window relative to 1995-2014, with percentile thresholds defined
on the reference period. A clear domain-scale pattern emerges for R95p: the number of
very-wet days generally decreases as warming increases, with the most coherent declines
confined to the coastal-mountain belt in the north (Atlantic fagade, Rif-Middle/High Atlas,
Tell, and Kroumirie). The black stippling (dots) marks pixels where all downscaled GCMs
agree on the sign of change; stippling in Figure 8 becomes more widespread and continuous
at higher GWLs, indicating strengthening robustness of the negative signal. By contrast,
a localized increase appears over the southwest beginning near GWL2°C and intensifies

toward GWL4°C; however, these positive patches are not stippled, implying weak inter-model
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agreement and low robustness. Focusing on Morocco, the national pattern follows the domain-
wide signal: at GWL1.5°C the overall decrease is weakest and largely confined to the northern
Mediterranean/Atlantic littoral, while a simultaneous increase appears over parts of the High
Atlas, with some stippling indicating agreement among models. As highlighted by the zoomed
insets in Figure 8, the stippling over positive anomalies is more prominent for R99p, where the
mountainous regions of Draa-Tafilalet, Beni Mellal-Khenifra, and Marrakech-Safi show denser
model agreement on increasing extreme-day frequency across the Atlas interior compared
to R95p. Notably, this High-Atlas increase fades with further warming and transitions to a
decrease by GWL3°C.

For the rarer R99p (extremely wet days), the spatial pattern broadly echoes R95p but with
much smaller amplitudes, reflecting sample size (rarer events). The Morocco-mean change
is near zero around GWL 2 and only about —0.08 events/yr at higher GWLs (roughly —2
events per 20 years). Stippling is correspondingly sparse: where present, it most often marks
negative changes along the Atlantic-Mediterranean coastal-orographic belt in the north of
the domain. In contrast, a more distinct, stippled positive change than for R95p appears over
orographically favored segments of the Atlas at GWL 1.5-2. These localized increases weaken
and typically reverse by around 4 °C. Taken together, the results indicate robust decreases in
the frequency of EP days along the coastal-mountain corridor as warming advances, while

early Atlas enhancements in R99p remain localized and generally vanish by about 3°C.

At the seasonal scale, the drying is driven by a marked reduction in October—January EP
events. Both R95p and R99p show sub-baseline values in these months across all GWLs, with
ensemble means (black dots) consistently below the 1995-2014 seasonal cycle (blue line) and
interquartile ranges largely remaining under the baseline (Figure 9). This monthly signal
matches the spatial maps: along the Atlantic-Mediterranean coastal-orographic corridor,
the negative stippling marks grid cells where all members agree on a decrease; accordingly,

the monthly boxes lie completely below the baseline, confirming cross-member reductions

25



443

444

445

446

447

448

449

450

R95p count [days] R99p count [days]
Morocco A:
Min: -1.52
Mean: -0.1
Max: 2.93

Morocco A:
Min: -0.48

Mean: 0.03|
Max: 1.52

S’ LMD

Morocco A:
Min: -1.73

Mean: -0.18 _ &
Max: 2.72

Morocco A:
Min: -0.57
Mean: 0

Max: 1.38

ZIMD

50 o 4o
@ -@ . . Morocco A:

""" Min: 2.2

Morocco A:
Min: -0.55

T T Mean: -0.48 Mean: -0.07
@ AN * Max: 0.8 Max: 0.72
30°N
@ souss-Massa (® Fes-Meknes
® Draa-Tafilalet ®@c Settat
® oriental Rabat-Sale-Kenitra 25°N
® - ® Tanger-Tet Al Hocei

(® Beni Mellal-Khenifra
Morocco A:
Min: -2.88
Mean: -0.42
Max: 1.57

Mean: -0.06
Max: 0.88

7IMD

15I“W 10'“W 5’IW SI‘E 10"E 15"'W 1DI“W SJW 5"E TOI’E

-20 -15 -1.0 -05 00 05 10 15 20 -06 -04 -02 0.0 0.2 0.4 0.6

Figure 8: Ensemble-mean change in the annual count of days exceeding the 95th (R95p) and
99th (R99p) wet-day percentiles relative to the 1995-2014 reference period at fixed global
warming levels (GWL1.5-GWL4°C). Only members available at each GWL are averaged;
scenarios are first averaged within each model to avoid double-counting model effects. Stippling
(black dots) marks pixels where all models agree on the sign of change. Annotated statistics
are computed over Morocco only. Zoomed insets at GWL1.5°C show the regional detail within
Morocco, with numbered labels corresponding to the administrative regions listed in the
legend.

in very/extremely wet events. In contrast, September at GWL 4 shows a marked positive
departure from the baseline; the large interquartile ranges and whiskers indicate substantial
inter-model divergence in the magnitude and sign of change. This is consistent with occasional
late-summer /early-autumn tropical-origin moisture intrusions affecting the southern/western
sector of the domain, and with the maps of GWL 4 (Figure 9) that show localized increases
over the southwest. The September GWL4 maps of changes in EP events (Figure S12)
confirms this pattern. At lower warming levels (GWL 1.5), Morocco shows a modest year-

round enhancement of EP frequency. These early-warming increases correspond spatially to
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enhanced extremes may intensify temporarily before large-scale drying dominates at higher

GWLs.
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Figure 9: Ensemble spread of the mean seasonal cycle for each downscaled member of the
frequency of EP events—R95p and R99p—across Northwest Africa and Morocco at fixed
global warming levels (GWLs). The blue line denotes the 1995-2014 reference seasonal cycle
(MSWEP); boxes show the interquartile range across members (model-scenario combinations),
and black dots indicate the ensemble mean.

3.3.2 Change in intensity

Following the observed decline in the frequency of EP events, we now investigate changes in
their intensity at fixed Global Warming Levels using three indices: wet-day mean intensity
(SDII), annual 1-day maxima (RXlday), and annual wet-day totals (PRCPTOT). Morocco-
averaged changes (Figure 10) first reveal a modest but consistent increase in SDII with
warming, shown by ensemble means of +0.5 to +0.9 mm/day across GWL 1.5-4 and localized
maxima up to +19.8 mm/day at GWL4; this intensification is robust across all models and
confined to the south of the Atlas Mountain ranges and the Sahara. However, in direct contrast,
changes in RX1day mirror the declining frequency patterns of R99p and R95p (Figure 8),

with the annual maximum 1-day precipitation decreasing from a Morocco-mean of —1 mm at
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GWL 1.5 to —4mm by GWL4, and the largest decreases (~ —10 to —25mm/day) located
along the Atlantic coast, the Anti-Atlas, and southeast of the High Atlas. Notably, against this
domain-wide decline in RX1day, a localized increase is projected at the lowest warming level
(GWL 1.5) across the interior regions (Draa-Tafilalet, Beni Mellal-Khenifra, Marrakech-Safi,
and Fes-Meknes). As shown by the zoomed inset in Figure 10, the stippling over RX1day at
GWL 1.5 is dense over these regions, indicating robust model agreement on this intensification.
The trend of decreasing precipitation is further reinforced by the PRCPTOT index. Starting
from a Morocco-mean climatology of ~ 183 mm (Figure 7), the annual wet-day total shows a
continuous decrease, with the ensemble-mean reduction escalating from —32mm (—17%) at
GWL 1.5 to —74mm (—40%) at GWL4, as models unanimously project this overall drying.
In short, wet days get somewhat wetter on average, but annual maxima do not strengthen

coherently, and annual totals decrease across the ensemble.
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Figure 10: As in Figure 8, but for EP events intensity—SDII, RX1day, and PRCPTOT.
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At the seasonal scale (Figure 11), the projected intensification of daily rainfall, measured
by SDII, displays a distinct regional character. While both domains show a systematic increase
above the reference climatology across most months and GWLs, the signal is significantly more
robust and pronounced over the NW Africa domain. Here, nearly the entire interquartile range
of the ensemble lies above the reference line, indicating a strong consensus on stronger extreme
intensification, particularly over arid regions. In contrast, Morocco exhibits a more modest and
seasonally variable intensification, with some models even projecting a slight decrease during
specific months at higher GWLs. For PRCPTOT, the analysis reveals a coherent and concerning
trend of drying. Despite the inherently low seasonal amplitude over the largely desert NW
Africa domain, both regions exhibit a clear decline in total precipitation. The ensemble boxes
and their whiskers predominantly shift below the reference line for all GWLs, with the most
substantial drying concentrated in the core wet season months (November—February). The
synthesis of these signals points to a fundamental shift in hydrological regime toward a more
7all-or-nothing” character. This is characterized by wet days that are, on average, rainier
(increasing SDII) but less frequent, resulting in lower annual precipitation totals (decreasing
PRCPTQOT). Critically, this intensification does not extend to extreme events, as we previously

identified a general decline in annual maximum one-day precipitation (RX1day).

Morocco NW_Africa
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Figure 11: As in Figure 9, but for wet days intensity—SDII and PRCPTOT.
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3.3.3 Change in contribution

The changes in EP contribution (R95pTOT [mm] and R99pTOT [mm]) exhibit a coherent, ridge-
following pattern that closely mirrors the distribution of changes in EP events frequency
(Figure 8). At lower warming levels (GWL 1.5-2), Atlas-centered increases dominate, particu-
larly for R99pTOT. As highlighted by the zoomed insets in Figure 12, the R99pTOT increase at
GWL 1.5 is accompanied by dense stippling across the interior and mountainous regions (Draa-
Tafilalet, Beni Mellal-Khenifra, Marrakech-Safi, Souss-Massa and Fes-Meknes), confirming
robust model agreement on this intensification. However, by GWL 3—4, this signal gives way
to widespread drying concentrated along the coastal-orographic corridor from the Atlantic
facade to the Kroumirie Mountains, where substantial reductions in heavy-tail precipitation
amounts occur. These decreases show strong model agreement (stippling), indicating high

confidence in the drying signal.
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Figure 12: As in Figure 8, but for EP events contribution—R95pT0OT and R99pTOT.
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3.4 Extreme-Precipitation scaling with global warming

We summarize the sensitivity of extreme-precipitation indices to global warming as slopes
fitted across GWL windows. Values in Table 5 report ensemble-mean slopes and model-range
for Morocco and the full Northwest Africa domain. Table 5 reveals a coherent hydrocli-
matic shift across Morocco and Northwest Africa. Annual wet-day totals decline with
warming (Morocco mean APRCPTOT ~ —17.8 mm/K). Wet-day mean intensity strengthens
modestly (ASDII ~ +0.09 mm/day/K), yet the annual one-day maximum weakens on average
(ARX1lday ~ —1.19mm/K). Tail contributions decline consistently, with R95pTOT decreasing
at ~ —5.28 mm/K and R99pTOT at ~ —2.14 mm /K, confirming that both the very-wet and
extremely-wet fractions of precipitation shrink with warming, albeit more sharply for the

broader very-wet-day category.

Table 5: Sensitivity (slope per K) of extreme precipitation indices to global warming
levels (GWLs). Values are ensemble-mean slopes (“Mean”) and per-model slope ranges
(“Min.-Max.”).

Morocco NW Africa
Index (units/K) Min. Max. Mean Min. Max. Mean
RXlday (mm/K) 215 025 -1.19 -0.82 094  -0.39
SDII (mm/day/K) -0.07  0.13 0.09 -0.09 0.11 0.06

PRCPTOT (mm/K) -17.61 -12.26 -17.80 -6.77  0.06  -5.53
R95pTOT (mm/K)  -6.41 -3.64 -528 -227 054 -1.38
R99pTOT (mm/K)  -2.56 -1.84 -214 -0.86 021  -0.55

4 Discussion

Our GWL-conditioned results over Northwest Africa and Morocco depict a coherent, two-
stage hydroclimatic transition. The first stage, at lower warming levels (GWL1.5-2), is
characterized by increasing EP, particularly over the Moroccan Atlas Mountains. We suggest
that thermodynamic processes dominate during this initial phase, where atmospheric warming
and moistening enhance orographic and convective processes, leading to more intense rainfall in

accordance with established scaling relationships between EP and global warming (O’Gorman,
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2015). This thermodynamic signal manifests as increasing trends in EP frequency (R95p, R99p),
intensity (RX1day), and contribution (R95pTOT [mm], R99pTOT [mm]) over the Moroccan Atlas

region, even as annual totals (PRCPTOT) show only decreasing trends across all GWLs.

The second stage emerges as dynamical forcing becomes dominant, driving a pronounced
drying trend across the domain. This transition is explained by the mechanism of a strength-
ened and expanded Mediterranean anticyclonic anomaly in response to further warming, as
demonstrated by Giorgi and Lionello (2008), Tuel and Eltahir (2020), and Tuel et al. (2021).
This persistent anticyclone alters low-level circulation, promoting widespread subsidence over
North Africa while advecting hot, dry Saharan air northwestward. The resulting pattern
reduces lower-tropospheric humidity and suppresses Mediterranean cyclogenesis, ultimately
producing robust cool-season (October—January) drying along the Atlantic-Mediterranean
coastal-orographic corridor. At this stage, domain-wide decreasing trends emerge across all

EP indices, including over the previously enhanced Moroccan Atlas region.

The two-stage EP response we identify, initial thermodynamic intensification followed by
dynamically driven decline, is consistent with a body of observational and reanalysis-based
evidence documenting a “hook” (or peak-like) relationship between extreme precipitation
intensity and temperature across most land areas globally. In this relationship, EP increases
with temperature up to a peak-point temperature (7,,) and declines beyond it (Utsumi et al.,
2011; Tian et al., 2023). Northwest Africa falls within the subtropical latitudinal band where
this peak-like behaviour has been observed, and mountainous regions tend to have particularly
low T}, values (Utsumi et al., 2011), suggesting that the Atlas Mountains may reach their
thermodynamic optimum for EP at relatively modest warming levels. The physical driver of
the declining branch has been attributed to increasing atmospheric saturation deficit over
land, which suppresses convective condensation as temperature rises faster than moisture
supply can compensate (Sun and Wang, 2022). This interpretation is supported by the finding

that when dew point temperature is used instead of surface air temperature, the negative
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scaling largely vanishes, confirming moisture limitation as the controlling factor (Tian et al.,
2023). Although our analysis conditions EP in Northwest Africa on global mean surface
temperature rather than local temperature, as done in those studies, the structural similarity
between our projected two-stage transition and the globally documented “hook” structure
lends physical plausibility to our results and suggests that a similar thermodynamic constraint
may be operating. This is further corroborated by in-situ observations over Morocco, which
show that EP (RX1day) tends to increase, albeit with modest magnitudes, over the Moroccan
Atlas Mountains, while strongly declining in the extreme north of the country (Tuel and

Mogayd, 2023), a spatial pattern that closely mirrors the two-stage behavior projected here.

In addition to the strong inter-model agreement and the consistency of our findings
with previously reported signals in the literature, confidence in the projected EP signals is
supported by two key methodological strengths. First, the use of regional climate modeling at
10 km resolution enables improved representation of fine-scale processes—such as orographic
uplift, coastal gradients, and terrain-induced flow modifications—and has been shown to
substantially enhance the simulation of extremes over complex terrain compared to coarse-
resolution GCMs (Torma et al., 2015; Giorgi, 2019). Second, the application of a month-wise
quantile-mapping approach reduces seasonal and topographic biases, preserves the physically
driven change signal from the driving GCMs, and anchors the statistical distribution of
model simulations to the observed climate during the reference period, thereby enhancing
the realism of baseline conditions for assessing future changes. Collectively, these elements
indicate that the core results—namely, widespread drying in total precipitation alongside a
systematic intensification of extreme-day frequency, intensity, and contribution at low global
warming levels over the Moroccan Atlas Mountains—reflect robust model responses rather

than methodological artefacts.
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5 Conclusions

This study evaluates projected changes in EP over Northwest Africa and Morocco under fixed
global warming levels (GWLs of 1.5°C to 4°C). Across the full domain, the region is projected
to undergo robust and progressive drying, quantified by a decline in annual precipitation of
approximately —17.8 mm/K for Morocco, concurrent with a decreasing frequency of extreme
events (e.g., AR95p ~ —0.15 days/K) and a weakening of annual maximum one-day rainfall
(ARX1day ~ —1.19 mm/K), consistent with the Mediterranean large-scale circulation changes

identified in Tuel et al. (2021) and Choi and Eltahir (2023).

Amid this widespread drying, the Moroccan Atlas Mountains exhibit a distinct two-
stage hydroclimatic transition. At lower warming levels (GWL1.5-2), thermodynamic and
orographic effects lead to a temporary intensification of precipitation extremes, with strong
model agreement showing increased contributions from extreme events over interior and
mountainous regions. However, as warming increases toward 3—4 °C, this signal reverses,
with large-scale dynamical drying overriding the earlier thermodynamic intensification. This
two-stage response is consistent with the “hook structure” widely documented in the global
precipitation—temperature scaling literature, where EP peaks at an intermediate temperature
before declining due to moisture limitation and increasing saturation deficit. The existence of
this behaviour across diverse climatic regions and data sources lends physical plausibility to

the nonlinear EP transition we project over the Moroccan Atlas.

Expressing EP changes per degree of warming allows risks to be assessed independently of
the emission scenario or the timing at which warming levels are reached. In Morocco, the
climate is shifting toward an “all-or-nothing” pattern, with fewer rainfall events but more
intense storms. This raises the risk of flash floods over very dry soils, followed by longer
periods of water scarcity. These results are important for regional water management and
highlight the need to improve reservoir operations, drought preparedness, and flood protection.

Future research should examine how stronger rainfall influences floods, soil moisture, and
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groundwater recharge at 1.5°C and 2°C warming, particularly in vulnerable watersheds of

the Moroccan Atlas.
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