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Abstract. Climate change is intensifying extreme rainfall and flash floods across the arid Arabian Peninsula (AP). Adaptation

requires a large ensemble of high-resolution precipitation projections obtained from dynamical downscaling, which remains

computationally prohibitive. Here, we present the first component of a statistical-dynamical downscaling framework designed

to reduce this computational burden. Machine learning models were trained to identify convective environments (CEs) using

predictors derived from ERA5 reanalysis and a binary predictand from IMERG precipitation data. The best-performing model5

was applied to the CMIP6 ensemble to assess CE occurrence and components under current and future climates. At the cur-

rent regional warming level, CEs are less frequent in the CMIP6 ensemble relative to ERA5, accompanied by drier and more

stable environments, suppressed updraft range, and stronger wind shear. At an additional +1 °C regional warming, CE occur-

rence generally increases, excluding spring, accompanied by a diurnal shift towards nocturnal and morning periods. A general

decrease is projected at an additional +3 °C, excluding winter. Nevertheless, CE-related moisture and instability exhibit mono-10

tonic increases with warming, suggesting more extremes and a shift toward a higher contribution of extremes to total rainfall.

The resulting CE probability dataset enables targeted event selection for convection-permitting dynamical downscaling across

the AP.

1 Introduction15

The Arabian Peninsula (AP) is warming faster than the global mean (Cook et al., 2021; Malik et al., 2024). Combined with

regional aridity, high temperatures, and limited freshwater resources, the AP is especially vulnerable to the impacts of climate

change. While the region is warming and drying (Almazroui et al., 2020), droughts are increasing in frequency, duration, and

spatial extent (Saharwardi et al., 2025), and extreme precipitation events are, in contrast, intensifying (Nelli et al., 2021; Luong

et al., 2020). These extremes have been associated with significant casualties and substantial economic losses across the region20
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(e.g., De Vries et al., 2016; Francis et al., 2025). To support climate change adaptation efforts, it is essential to understand the

atmospheric conditions associated with precipitation in the region under current and future climates.

Precipitation over the AP is sporadic and primarily convective, occurring with moisture intrusion from adjacent seas coupled

with atmospheric instabilities (Luong et al., 2020, 2024). However, conditions for convection varies spatially and season-

ally. Generally, in the cold months, convection is limited to the northern AP and linked to mid-latitude cyclones and fronts25

(Almazroui et al., 2016; Catto and Pfahl, 2013; Luong et al., 2024; Charabi, 2009; Taraphdar et al., 2025). In spring, when

Mesoscale Convective Systems (MCSs) dominate, the interaction between cold and dry extratropical airmasses and warm,

moist tropical airmasses creates convectively favourable environments (Luong et al., 2024; Nelli et al., 2021). In summer,

convection is controlled by sea breeze, orographic lifting, surface heating, and the Indian summer Monsoon (ISM) and is con-

fined to the southern AP (Branch et al., 2020; Nelli et al., 2025; Babu et al., 2016; Attada et al., 2019). This spatiotemporal30

complexity renders the AP a particularly challenging yet scientifically intriguing region for studying convection.

Earth’s mean surface temperature has risen by approximately 1.1 °C in 2011-2020 relative to preindustrial levels (1850-

1900), predominantly due to increasing anthropogenic greenhouse gas emissions (IPCC, 2023). In a warming atmosphere, the

water vapour holding capacity increases with the Clausius-Clapeyron (CC) scaling rate of 6%/°C - 7%/°C (Trenberth, 2011),

suggesting an enhanced thermodynamic instability, thereby increasing convection and thunderstorms likelihood (e.g., Lepore35

et al., 2021; Allen, 2018; Diffenbaugh et al., 2013; Trapp et al., 2007). Convective environments, hereafter CEs, are synoptic-

or meso-scale atmospheric conditions favourable for the initiation and organisation of (deep) convection (e.g., combination of

instability, moisture, vertical shear, lifting mechanisms). Their response to warming can be evaluated explicitly or implicitly.

Explicit approaches rely on convection-permitting models (CPMs), which resolve convection at kilometre-scale resolution.

Implicit approaches instead use convective indices, such as Convective Available Potential Energy (CAPE), derived from40

coarser climate models operating at O(100 km) resolution, where convection is parameterised. Yet, CPMs are computationally

expensive and therefore limited in their spatial and temporal coverage. Consequently, two options emerge: relying solely on

implicit approaches or using them as a first step to identify situations worth downscaling (e.g., Beaulant et al., 2011; Meredith

et al., 2018; Wang et al., 2026).

Numerous studies have utilised the implicit approach to examine CEs’ responses to a warming climate, considering different45

regions, for example, over the globe (Lepore et al., 2021), the United States, (Williams and Fieweger, 2026; Seeley and Romps,

2015; Diffenbaugh et al., 2013; Trapp et al., 2007), Europe (Púčik et al., 2017; Rädler et al., 2019), and finally over Australia

(Allen et al., 2014b, a; Cheung et al., 2025). These studies collectively indicate that the frequency and intensity of CEs increase

with rising temperatures, yet the change is spatiotemporally heterogeneous. Critically, such analyses remain scarce for the AP,

where convection regimes differ from those that underpin most existing literature (i.e., mid-latitudes).50

A few AP-focused studies exist, revealing an emerging picture, yet they leave important gaps. Nelli et al. (2025) found

summertime convection is increasing over the southeastern AP in a warming climate. Furthermore, Pathak et al. (2025) reported

that extreme precipitation is intensifying between November and April, driven by a southward shift in the subtropical jet and

increased moisture intrusion from adjacent seas. Both studies, however, are limited in spatial or seasonal scope and rely on

parameterised precipitation from global climate models to define convective or extreme events. Comprehensive evaluations55
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of climate models’ ability to represent convective indices and assessment of future change remain absent for the AP, in stark

contrast to more extensively studied regions in the Global North.

Machine Learning (ML) has emerged as a powerful tool in weather and climate research due to its ability to handle large

datasets efficiently, learn complex, nonlinear relationships, and emulate subgrid-scale processes (de Burgh-Day and Leeuwen-

burg, 2023). For instance, Hill and Schumacher (2021) applied Random Forest (RF) to forecast excessive rainfall over the60

United States. Miller et al. (2025) applied RF for understanding the occurrence of deep convection over the Great Plains in

the United States. Similarly, Zhang et al. (2025b) employed RF to distinguish triggering conditions between embedded and

isolated convection initiation during the Meiyu season in China. Kang and Ebtehaj (2025) applied extreme gradient boosting

(XGB) to detect subgrid convective precipitation features over the United States.Vahid Yousefnia et al. (2024) demonstrated

the skill of deep learning (DL) in thunderstorm forecasting through post-processing of numerical simulation data. Despite this65

growing body of work, ML-based CE detection has not been applied to the AP.

To address these limitations, we train supervised ML models to detect CEs using predictors derived from the ERA5 reanal-

ysis (Hersbach et al., 2020), with a binary convective label from the Integrated Multi-satellitE Retrievals for GPM (IMERG

V07; Huffman et al., 2023a) as the predictand. The best-performing ML model is applied to a Coupled Model Intercomparison

Project Phase 6 (CMIP6) ensemble to detect CEs under current and future climates. The novelty of our approach lies in: (i)70

independence from parameterised precipitation from CMIP6 models; (ii) comprehensive set of predictors accounting for the

diverse nature of convection over the AP and the improbability of an all-encompassing index (e.g., Doswell III and Schultz,

2006); (iii) elimination of the need for heuristic thresholds for convective indices; (iv) a consistent CE definition across re-

analysis and model datasets, thereby enabling a more robust assessment of future changes; and (v) reporting changes in CEs

at +1 °C and +3 °C above the current regional warming levels circumventing the ’hot models’ problem (e.g., Hausfather et al.,75

2022).

This study is set out with the aim to: (a) assess the ability of the CMIP6 ensemble to reproduce the spatiotemporal distribution

and the components of CEs over the AP for the current climate; and (b) evaluate changes in the spatiotemporal distribution

and the components of CEs at an additional +1 °C and +3 °C above current regional warming levels. The present approach

focuses on inferring the frequency and agglomeration of CEs over the region, while leaving the questions of precipitation80

intensity and extent to be physically resolved using CPMs. Although recent advances demonstrate that global kilometre-scale

climate simulations are now within reach (e.g., Hohenegger et al., 2023), producing large ensembles of climate projections to

quantify uncertainty and risk remains computationally prohibitive. This challenge is further compounded in the Global South,

where limited access to high-performance computing infrastructure and insufficient technical capacity continue to hinder the

development of high resolution regional climate projections (Govett et al., 2024; Hoteit et al., 2025). Thus, this work lays85

the foundation for a statistical-dynamical downscaling approach, in which CEs identified from the CMIP6 ensemble can be

dynamically downscaled at convection-permitting resolution, offering a computationally efficient pathway for regional climate

projections over a highly sensitive and vulnerable region to climate-related hazards (Mahmoud et al., 2023; Hoteit et al., 2025).

The remainder of this paper is organised as follows: Sect. 2 describes the datasets, ML models, the definition of CEs, as well

as the training and evaluation of ML models. The research findings are presented in Sect. 3. Results are discussed in relation90
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to existing literature in Sect .4. Lastly, Sect. 5 summarises and concludes the study, and suggests potential topics for future

research.

2 Data and methodology

2.1 Data

In the study, we utilised the IMERG V07 precipitation dataset developed by NASA’s Global Precipitation Measurement mission95

(Huffman et al., 2023b). IMERG is a high-resolution dataset that combines observations from various satellite precipitation es-

timates using microwave and infrared sensors, along with precipitation gauge analyses at high temporal and spatial scales, with

varying latencies (i.e., early, late, and final runs; Huffman et al., 2023a). The final run incorporates monthly gauge corrections

to improve accuracy over land surfaces, making it particularly valuable for hydrological applications and climate studies. We

used the research-quality ’precipitation’ product from the IMERG V07 final run, enclosing the period from 2001 to 2024 with100

0.1°spatial resolution and 30 min temporal resolution.

ERA5 is a state-of-the-art global reanalysis produced by the European Centre for Medium-Range Weather Forecasts (ECMWF).

It combines extensive observations from satellites, weather stations, and other sources with numerical weather models to de-

liver spatiotemporally consistent data (Hersbach et al., 2020). ERA5 provides global output at a spatial resolution of 0.25°,

a temporal resolution of 1 hour, and 137 vertical hybrid levels, covering the period from 1940 to the present. We considered105

ERA5 data on pressure levels for the period 2001-2024. Pressure level data were used instead of the hybrid levels due to the

storage limitations.

The CMIP6 represents the latest generation of coordinated climate model experiments designed to improve understanding

of past, present, and future climate change. The CMIP6 ensemble consists of a collection of climate model simulations from

different modelling groups contributing to the CMIP6 archive (Eyring et al., 2016). In this study, we utilised the historical110

and SSP5-8.5 experiments. The historical experiment is an all-forcing simulation of the recent past until 2014. The SSP5-8.5

(2015-2100) represents a future scenario characterised by high greenhouse gas emissions, continued reliance on fossil fuels,

and limited climate mitigation efforts (O’Neill et al., 2016).

We analysed 10 models from the CMIP6 archive (Table 1), selected based on the data availability of sub-daily and hybrid

vertical levels on the Earth System Grid Federation data nodes. While the sub-daily temporal resolution of 6 h enables repre-115

sentation of the diurnal cycle of CEs, data at hybrid levels provide the complete atmospheric profile for estimating convection

indices. The model variables considered in the study are zonal and meridional wind components, air temperature, specific

humidity, and pressure at the model’s hybrid levels (table_id: 6hrLev) and at the near-surface level (table_id: 3hr). Since data

from vertical and near-surface levels are instantaneous measurements, we extracted timestamps from the 3hr fields that match

the 6hrLev time coordinates, similar to Lepore et al. (2021).120

The average regional warming of the AP for the period 2001 - 2024 relative to the preindustrial level (1850 - 1900) is

+1.22 °C, based on the area-weighted average of Berkeley Earth (Rohde and Hausfather, 2020), GISTEMP (GISTEMP Team,

2025; Lenssen et al., 2024), HadCRUT5 (Morice et al., 2021), and NOAA Global Temp (Huang et al., 2024) datasets (see
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Table 1. CMIP6 models utilised in the study, including the ensemble member, horizontal resolution in degrees, number of vertical levels,

and abbreviations used throughout the text.

Model Ensemble Resolution Vertical Hereafter

Member ( lon×lat) Levels

ACCESS-CM2 r5i1p1f1 1.875×1.250 85 ACM2

BCC-CSM2-MR r1i1p1f1 1.125×1.125 46 BCM2

CanESM5 r1i1p2f1 2.812×2.812 49 CAN5

CNRM-CM6-1 r1i1p1f2 1.406×1.406 91 CNR6

EC-Earth3 r1i1p1f1 0.703×0.703 91 ECE3

HadGEM3-GC31-LL r1i1p1f3 1.875×1.250 85 HG3LL

HadGEM3-GC31-MM r1i1p1f3 0.833×0.555 85 HG3MM

MPI-ESM1-2-LR r11i1p1f1 1.875×1.875 47 MPI1

MIROC6 r1i1p1f1 1.406×1.400 81 MRC6

MRI-ESM2-0 r1i1p1f1 1.125×1.125 80 MRI2

supporting information Text S1). We considered comparable periods of regional warming using a 24-year average from CMIP6

historical simulations to evaluate model performance. If the relevant period overlaps with the SSP5-8.5 scenario, only years125

from the historical simulation up to 2014 were used (Table 2), avoiding mixture of experiments, as noted by Lepore et al.

(2021). Additionally, we analysed two future periods with temperature increases of +1 °C and +3 °C additional to the current

level of regional warming. This corresponds to temperature increases of +2.22 °C and +4.22 °C above preindustrial levels,

respectively. We chose a regional warming approach because regional warming rates are 1.4–2.1 times those in the tropics

and 2.3–3.1 times the global mean warming rate (Cook et al., 2021). In addition, extreme precipitation (temperature) over the130

region is projected to increase at a slower (faster) rate than the global land (Seneviratne et al., 2016). According to Corre et al.

(2025), regional warming levels are more suitable for adaptation planning when global warming levels differ from regional

ones, as shown in Table S2.

2.2 Convective environments

We compiled a comprehensive set of 102 variables from ERA5 data that are potentially informative for convection (Table S1).135

The majority are indices describing the main components of convection: (1) moisture; (2) instability; (3) lift; and (4) wind shear.

The remainder are spatiotemporal covariates, such as longitude, latitude, and day of the year. The 102 variables represent

predictors of a statistical model or features in the ML terminology. Throughout the text, the terms predictors and features

are used synonymously to refer to this full set, whereas the term indices is reserved for the subset excluding spatiotemporal

covariates.140
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Table 2. Time periods corresponding to regional warming levels for each model. Current (+1.22 °C) includes historical simulation only,

while future warming levels consider only the SSP5-85 scenario.

Model Current (+1.22 °C) FutI (+2.22 °C) FutIII (+4.22 °C)

ACM2 1994 - 2014 2015 - 2036 2039 - 2062

BCM2 1994 - 2014 2022 - 2045 2053 - 2076

CAN5 1981 - 2004 2015 - 2024 2025 - 2048

CNR6 2001 - 2014 2022 - 2045 2048 - 2071

ECE3 1991 - 2014 2015 - 2034 2041 - 2064

HG3LL 1997 - 2014 2015 - 2034 2036 - 2059

HG3MM 1998 - 2014 2015 - 2038 2042 - 2065

MPI1 1991 - 2014 2026 - 2049 2059 - 2082

MRC6 1998 - 2014 2025 - 2048 2058 - 2081

MRI2 2004 - 2014 2022 - 2045 2058 - 2081

Constrained by CMIP6 temporal (6 h) and spatial (∼1°×∼1°) resolutions, we estimated the 6h accumulated precipitation

from IMERG data centred at timestamps matching the CMIP6 data (i.e., 00:00, 06:00, 12:00, and 18:00 UTC). Then we

averaged the accumulated precipitation over a ∼1°×∼1°grid cell. A grid cell was classified as convective if the accumulated

average precipitation exceeded the local climatological median, which was estimated from wet timesteps only (precipitation

≥1mm6h−1). Figure 1 illustrates the median precipitation and the fraction of time rainfall exceeds 1mm6h−1. The median145

threshold is considered given the convective nature of precipitation in the region and the commonality of virga (Wang et al.,

2018), it allows us to focus on above-median events in which precipitation likely reaches the surface.

Convection indices are first derived from ERA5 at its original horizontal resolution, using instantaneous atmospheric profiles

at 00:00, 06:00, 12:00, and 18:00 UTC. These indices are subsequently averaged onto a 1°×1°grid. To enhance the signal of

convection, we computed anomalies relative to the monthly-diurnal climatology for each grid point (see supporting information150

Text S1). The resulting indices serve as features (ξ ∈ Rn) for the ML models, paired with binary convective labels (y ∈ {0,1})

derived from IMERG, reducing the problem to a binary classification task or equivalently CE probability estimation.

For CMIP6 data on hybrid levels, we first interpolated data to pressure levels at 10 hPa increments. Then, we calculated and

regridded convection indices onto a 1°×1°grid. Generally, the vertical extent of the atmospheric profile is restricted to between

1000 hPa and 100 hPa for both ERA5 and CMIP6, unless explicitly stated otherwise (Table S1). Our R-package MeteoMate155

estimates convection indices efficiently by performing its core calculations in Fortran with OpenMP parallelism (Homoudi

and Barfus, 2025). Because climate models often exhibit systematic bias, we applied Multivariate Bias Correction (MBCn;

Cannon, 2018) to CMIP6 convection indices. The MBCn accounts for dependence among variables without strong stationarity

assumptions, using an N-dimensional probability density function transform. Data were grouped by location, calendar month,
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Figure 1. Spatial distribution of (a) 6h precipitation climatological median over the AP (for precipitation ≥1mm6h−1) and (b) rain

occurrence frequency, calculated as the fraction of 6h timesteps with precipitation exceeding 1mm relative to all timesteps (N=35,064).

and hour of the day, and bias correction was applied to each group separately. Probabilities of CE in CMIP6 data were derived160

from bias-corrected data after removing ERA5 monthly-diurnal climatology.

2.3 Machine learning models

In the study, we considered three ML models: RF, XGB, and DL. Each model learns a non-linear function f :Rn → [0,1] that

estimates the conditional probability of a CE given the feature vector ξ: f(ξ) = P (y = 1 | ξ).
RF is an ensemble machine learning method that constructs multiple decision trees (Breiman, 2001). Each tree is trained165

independently on a bootstrap sample of the training data, and at each node split, it considers only a random subset of features,

aiming to minimise the class inhomogeneity in the subsequent nodes. Probabilities are estimated as the fraction of decision

trees predicting convection out of the total number of trees. This approach produces more reliable and stable probability
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Table 3. Contingency Table for binary classification.

Observed

Yes No

Predicted
Yes hit (h) false alarm (f)

No miss (m) quiescent (q)

estimates than a single decision tree. For our analyses, we employed the efficient RF implementation of the R-package ranger,

developed by Wright and Ziegler (2017).170

XGB is another ensemble technique based on gradient boosting that builds weak decision trees and sequentially reduces

their residual errors. It implements techniques such as regularisation and tree pruning to improve generalisation. In XGB, the

probabilities of belonging to a certain class are the logarithmic odds transformed by the logistic sigmoid function. We used the

R-package XGBoost in our study, described in Chen and Guestrin (2016).

Herein, DL is a deep feedforward neural network architecture of an input layer, three densely connected hidden layers, and175

an output layer. Each hidden layer contains multiple neurons, each with associated weights, biases, activation functions, and

regularisation mechanisms. However, the output layer consists of a single neuron that applies a sigmoid function to map its

output to a probability ∈ [0,1]. We utilised the Keras deep learning API (Chollet et al., 2015) for the development and training

of the DL model.

2.4 Performance evaluation metrics180

We evaluated how well the ML models identify CEs (i.e., classification) and estimate their probabilities. Assessing binary

classification performance requires a dichotomous predictand indicating whether or not the atmosphere is convective. This is

obtained by converting predicted probabilities to a binary classifier using a threshold probability. The contingency table com-

pares these binary predictions with actual labels from IMERG data (Table 3). Numerous performance metrics exist to further

summarise the information in the contingency table; however, we selected metrics based on their suitability for significantly185

imbalanced data, i.e., Probability of Detection (POD), False Alarm Ratio (FAR), Heidke Skill Score (HSS; Heidke, 1926),

and Area under the Precision-Recall Curve (AUCPR). POD is the fraction of observed CEs that were correctly predicted

(h/(h+m)). FAR is the proportion of predicted CEs that were actually false alarms (f/(h+f)). HSS measures the fractional

improvement over the reference forecast (i.e., achieved by random chance). HSS is given by

HSS =
2(hq− f m)

(h+m)(m+ q)+ (h+ f)(f + q)
. (1)190

Different nomenclature exists for these metrics across disciplines. In ML literature, POD is referred to as recall, precision

is defined as 1 - FAR, and HSS corresponds to Cohen’s kappa. A contingency table can be constructed for various threshold

probabilities ∈ [0,1], allowing performance metrics to be estimated at each threshold. Consequently, plotting POD against 1

- FAR yields Precision-Recall (PR) curves; the area under the PR curve is the AUCPR. It is a threshold-independent metric
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particularly suited for imbalanced datasets (e.g., Davis and Goadrich, 2006). A ML model without skill would achieve an195

AUCPR equal to the fraction of CEs in the dataset. This AUCPR is called the baseline AUCPR. Furthermore, optimising

ML models for AUCPR implicitly optimises both POD and 1 - FAR. In addition, the threshold probability is determined by

maximising the HSS.

For probabilistic assessment of ML models, we used reliability diagrams, which assess calibration by grouping predicted

probabilities into bins and comparing them with observed frequencies. A well-calibrated model produces probabilities equal200

to the observed frequencies. By grouping probabilities into bins, resolution (RES) and reliability (REL) can be estimated to

further assess model performance. RES quantifies the model’s ability to distinguish between CEs and non-CEs, whereas REL

measures calibration accuracy as the mean-squared deviation of the calibration curve from a perfect model (Wilks, 2019). Brier

Skill Score (BSS) is the area between the RES and REL curves (Murphy, 1973). A forecast is perfect when BSS equals 1. A

BSS of zero indicates no improvement relative to the climatology; conversely, a negative BSS indicates forecast quality is205

poorer than the climatology. Further details regarding probabilistic assessment are included in supporting information Text S2.

2.5 Training and calibration

In the IMERG-ERA5 dataset, the prevalence of CEs is 0.66%, indicating a significant imbalance. We split the dataset into

three parts: a) 60% for training (5.2 million samples), b) 20% for validation and hyperparameter tuning (1.7 million), and c)

the remaining 20% for final evaluation (1.7 million). The splitting is stratified, preserving the original distribution of CEs. The210

rarity of these environments complicates predicting their occurrence, as ML models struggle to learn from imbalanced datasets

(e.g., Sun et al., 2009; Vahid Yousefnia et al., 2024). Furthermore, the size of the training dataset exceeds available memory;

therefore, we sampled 50% of the non-CEs and oversampled CEs with replacement, increasing the ratio to 13% for RF and

XGB. For DL, the complete train dataset was used.

Defining the labels or what constitutes a CE is imperative because it determines the ML models’ learning objective and215

performance. We performed sensitivity analysis to identify the precipitation percentile (i.e., 50th) that yields the best perfor-

mance. Further information is included in supporting information (Text S3 and Figure S1). In addition, we conducted a separate

sensitivity experiment to obtain the optimal fraction of CEs (i.e., 13%) to include in the training data. For further details, see

supporting information (Text S4 and Figure S2).

Hyperparameters are the values that control the model’s learning process. Optimising these parameters is necessary since220

the default values are rarely universal and can lead to subpar performance. We have tuned the hyperparameters and model

structures for RF, XGB, and DL using Bayesian optimisation (Jones et al., 1998). The optimal hyperparameters for RF and

XGB are shown in Tables S3 and S4, respectively, and the DL model architecture and hyperparameters are shown in Table S5.

Since we altered the fraction of CEs in the training datasets for RF and XGB, the posterior probabilities from ML models do

not align with the prior probabilities of the CEs. Nonetheless, this mismatch can be corrected through an analytical adjustment225

of the probabilities, as detailed by Pozzolo et al. (2015) and Vahid Yousefnia et al. (2024). The adjusted probability estimate is
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given as

f(ξ,g) =
f(ξ, ĝ)

f(ξ, ĝ)+ 1−g
g

ĝ
1−ĝ (1− f(ξ, ĝ))

, (2)

where g is the climatological probability of CEs (0.66%), ĝ is the fraction of CE in the training dataset (13%), and f(ξ, ĝ) is

the model output probability. While this adjustment accounts for the altered class distribution, it does not guarantee predictions230

match observed distributions in the data. Therefore, we applied beta calibration (Kull et al., 2017) as a post-processing step to

further refine the adjusted probabilities

f(ξ,g)calibrated =
1

1+1/(ec f(ξ,g)a

(1−f(ξ,g))b
)
, (3)

where a and b are the shape parameters, and c is the location parameter. Probabilities obtained from DL were directly beta-

calibrated since class distribution was not altered. Generally, beta calibration outperforms other calibration approaches because235

it can model non-linear transformations. In addition, if the input probabilities are already well calibrated, beta calibration learns

a function approximating identity, thereby preserving well-calibrated predictions Kull et al. (2017). The calibration model was

trained on the validation dataset and applied to the test dataset. Calibrated probabilities are evaluated visually with reliability

diagrams and quantified using the Expected Calibration Error (ECE). The ECE is the weighted average difference between

predicted probabilities and observed frequencies across probability bins (Naeini et al., 2015, supporting information Text S2).240

Finally, we used calibrated probabilities from test data only to evaluate the ML models’ performance. Noteworthy, probabilities

from CMIP6 are also adjusted and calibrated.

3 Results

3.1 ML models performance

The performance of ML models was evaluated on calibrated probabilities from the holdout ERA5 test dataset using 300 boot-245

strap samples. Fig. 2a shows the reliability diagrams for DL, RF, and XGB. Analytically adjusting the probabilities renders RF

underconfident across the full probability range. For XGB, the adjustment results in underconfidence for predicted probabili-

ties below 0.6 and reduces overconfidence for those above 0.6. However, beta calibration recalibrates the probabilities for the

three ML models. The parameters of beta calibration are included in Table S6. Furthermore, the ECEs for DL, RF, and XGB

are 0.01%, 0.01%, and 0.15%, respectively. Although XGB shows the highest miscalibration, it exhibits high RES, especially250

for probabilities greater than 0.4 (Fig. 2b). Additionally, AUCPR is larger in the case of XGB (0.60) compared to RF (0.53)

and DL (0.54; Fig. 2c,d). Compared to the baseline AUCPR (0.0066), this indicates that XGB, RF, and DL are performing

approximately 90, 80, and 82 times better than a classifier with no skill, respectively. The threshold probabilities resulting in

the maximum HSS are 0.25, 0.24, and 0.38 for DL, RF, and XGB, respectively. With respect to other metrics, XGB achieves

the highest POD, HSS, and BSS and the lowest FAR among ML models (Fig. 2d).255

Seasonally, ML models achieve their highest performance in winter (DJF), followed by a gradual decline toward summer

(JJA), after which performance recovers (Fig. S3). Overall, XGB outperforms other ML models across all evaluation metrics,
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Figure 2. (a) Reliability diagrams for DL, RF, and XGB evaluated on the test data, illustrating the raw, analytically adjusted, and calibrated

probabilities. The dashed diagonal line indicates perfect reliability. (b) Bin-wise resolution and reliability, (c) the precision-recall curves,

and (d) performance evaluation metrics. The shaded area and error bars denote the symmetric 95% confidence interval obtained from 300

bootstrap resamples.

except in summer, when RF achieves the lowest FAR. Turning to the diurnal cycle, ML models’ performance peaks in the

early morning (03:00 UTC+3) and weakens toward the afternoon (15:00 UTC+3), then recovers (Fig. S4). Nonetheless, XGB

achieves the highest POD, HSS, BSS, and AUCPR across all timesteps; however, it achieves the lowest FAR among ML models260

only at 09:00 UTC+3. Considering spatial performance, ML models achieve high POD, HSS, BSS, and AUCPR, and low FAR

over the northern AP, whereas DL and RF struggle particularly over the southern AP and high terrain. However, XGB performs

well in identifying CEs over the southern AP and high terrain (Fig. S5). Overall, these results indicate that XGB outperforms

other ML models across evaluation metrics at both temporal and spatial scales; therefore, it was used to identify CEs in CMIP6

data. The rest of the manuscript uses only calibrated probabilities from XGB.265

11

https://doi.org/10.5194/egusphere-2026-3288
Preprint. Discussion started: 3 August 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 3. Seasonal kernel density estimate for CE (≥0.001) obtained from XGB for ERA5 test data (black line) and the MM ensemble mean

at the current regional warming level (+1.22 °C, cyan) (left y-axis). The vertical lines indicate the seasonal mean CE probability. The right

y-axis shows the density ratio of the MM ensemble (FutI: +2.22 °C, orange; FutIII: +4.22 °C, violet) relative to the current warming level.

The shaded areas indicate indicate the 2.5th and 97.5th percentile range of the CMIP6 ensemble. The x-axis is log10 transformed.

3.2 Probability and occurrence of convective environments

We evaluated CE probabilities from CMIP6 against the probabilities from ERA5 test data only, because XGB and beta calibra-

tion models were trained and calibrated on the training and validation data. Moreover, the CMIP6 CE probabilities presented

here are derived from bias-corrected convection indices.

Figure 3 shows the kernel density estimate of the CE seasonal probability for both ERA5 and CMIP6. Generally, the Multi-270

Model (MM) mean density is lower for high probabilities and higher for low probabilities than ERA5 across all seasons. The

mean probability in ERA5 is greatest during MAM, followed by DJF and SON, and lowest in JJA. The MM mean at the current

warming level exhibits the same seasonal trend. At FutI, the MM density ratio of the CE density estimate relative to the MM

current one shows a slight increase up to CE probabilities of 0.7, 0.4, 0.7, and 0.5 for DJF, MAM, JJA, and SON, respectively.

Afterwards, it decreases; the smallest decrease is observed in winter (9%) and the largest in autumn (29%). At FutIII, the MM275

density ratio decrease begins at much lower CE probabilities (0.05, 0.02, and 0.028 for MAM, JJA, and SON, respectively),

except in DJF, where it begins at 0.65. The largest reduction occurs in JJA (60%) and the smallest in DJF (14%).

The diurnal kernel density estimates for CE probability are shown in Fig. S6. The MM mean density is lower (higher) for

high (low) probabilities than for ERA5 across all timesteps. The mean CE probability in ERA5 is greatest at 15:00 and 21:00

UTC+3, followed by 03:00 UTC+3, and lowest at 09:00 UTC+3. The MM exhibits a similar diurnal cycle; however, it is280

systemically underestimated by 0.001. At the FutI, the MM density ratio of the CE density estimate relative to the MM current
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one remains close to 100% before decreasing, starting at approximately 0.5 in the early morning, 0.7 in the evening, and 0.6 at

both the morning and afternoon timesteps. Regarding FutIII, the MM density ratio decreases much earlier, starting roughly at

0.04. The decrease is most pronounced in FutIII ( 75%) compared to FutI ( 55%) at both morning and afternoon periods. In

addition, the evening (21:00 UTC+3) shows the least reduction in both future climates (41% and 67%).285

The seasonal maps of CE probabilities are shown in Fig. 4a. In SON and DJF, elevated probabilities are primarily concen-

trated over the northeastern AP. During MAM, probabilities are distributed across the region, whereas in JJA, they are limited

to the southern AP and high orography. The MM mean reproduces these seasonal patterns, but generally yields lower probabil-

ities with the largest bias in DJF and the smallest in JJA. At FutI and FutIII (Fig. 4b), most of the AP is projected to experience

increases in CE probabilities during DJF. In contrast, MAM is characterised by decreases in CE probabilities in both future290

climates. In summer, CE probabilities are expected to increase over the AP, except for the Empty Quarter at FutI, while the

increase is confined to the northern AP at FutIII. SON shows an increased CE probability in the northern and central AP during

the FutI period, with a robust decrease all over the region at FutIII.

Diurnal maps of CE probabilities show elevated values over the northeastern AP at all time steps (Fig. S7a), with additional

regions appearing in the afternoon and evening along the Red Sea coast and in the southwestern AP. The MM ensemble295

captures the diurnal pattern, but underestimates across all timesteps, with the largest bias at 03:00 UTC+3 and the smallest at

15:00 UTC+3. In general, the CE probabilities are expected to increase along the Red Sea and regions with high orography at

FutI (Fig. S7b). An expected increase is also evident in the early morning and morning hours over the central AP. At FutIII, a

general decrease in mean CE probabilities over the AP across all timesteps is projected.

Converting the CE probabilities into binary or logical variable using the threshold probability enables a comparison of the300

CE frequency from MM with that of the entire record as defined by IMERG data. Fig. 5a illustrates the seasonal climatology

of CEs from IMERG, ERA5 test dataset, and MM. A comparison of CE from IMERG and ERA5 reveals that ERA5 captures

the spatial patterns across seasons, with high pattern correlations; however, the CE are underestimated, which is expected given

that the ERA5 test data represent only 20% of the total period (2001–2024). MM ensemble reproduces the spatial distribution

of CE with the highest pattern correlation in DJF and the lowest in SON. Nevertheless, CEs are underestimated compared to305

the IMERG climatology, except in SON. The largest underestimation occurs in MAM and the smallest in DJF.

Spatial changes in seasonal mean probabilities (Fig. 4b) are translated into changes in the seasonal mean CE’s frequency

in future climates (Fig. 5b), with few exceptions. In DJF, the CE probabilities increases primarily over the central to southern

AP at FutIII, the CE frequencies show a clear increase over the central eastern AP. During JJA, CE probabilities shows a

robust increase over the northern AP; however, CEs will be more frequent only over high topography and the southern AP at310

FutI. The southwestern AP is expected to experience a large decrease in CEs at FutIII. Finally, MM shows a robust decrease

(increase) over the southern (northern) AP and a robust increase over the northern in SON at both future climates. From the

diurnal perspective (Fig. S8a), MM captures the spatial pattern, with high correlations. However, the CE frequency in MM is

underestimated, with the greatest bias in the evening and the smallest in the morning. An increase in CE frequency is anticipated

throughout the day over high topography along the Red Sea at FutI (Fig. S8b). Additionally, some internal northern regions315
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Figure 4. (a) Seasonal CE probabilities (≥0.001) obtained from XGB for ERA5 (test dataset) and the MM ensemble mean at the current

(+1.22 °C) regional warming levels, and (b) the seasonal change at FutI (+2.22 °C), and FutIII (+4.22 °C) warming levels. The stippling

indicates at least 70% models’ agreement on the sign of change. Colour scale in (a) is log10 transformed.

are expected to experience an increase in CEs at all timesteps, except in the afternoon. At FutIII, a robust decrease in CEs is

expected across the AP, except over the central AP in the morning, where MM show a robust increase.

The annual cycle of CE frequency across three latitude bands is examined to assess future changes in CE occurrence through-

out the year. From IMERG, the CE occurs over the northern AP (NAP; 25.5° N-31.5°N) in the cold months peaking in Novem-

ber (Fig. 6a). The central AP (CAP; 19.5° N-25.0° N) receives rainfall most of the year, with a clear peak in April. The southern320

AP (SAP: 13.5°N-19.0°N) shows two peaks, one in April and the other in August. The MM ensemble mean reproduces this

pattern, with underestimation across the AP and throughout the year. Over the NAP and CAP, the number of CEs slightly

increases in SON and MAM, while decreasing in DJF at FutI. Nevertheless, the behaviour reverses, and the number of CEs

decreases in SON and MAM while increasing in DJF at FutIII (Fig. 6b). Over the SAP, CEs show an increase at FutI, while a

marginal decrease is observed at FutIII.325
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Figure 5. (a) CE frequency per season obtained from the full IMERG record, XGB-detected CEs from ERA5 (test dataset), and the CMIP6

MM ensemble mean at the current (+1.22 °C) regional warming levels, and (b) the seasonal change at FutI (+2.22 °C), and FutIII (+4.22 °C)

warming levels. The stippling indicates at least 70% model agreement on the sign of change. Colour scale in (a) is log10 transformed. The

numbers in facets indicate the pattern correlation with CE from IMERG.

3.3 Bias in convective indices

Here, we assess the conditional fidelity of CMIP6 in reproducing CE components at 1°×1°in the current climate, restricted

to atmospheric profiles classified as convective by IMERG and XGB for ERA5 and CMIP6, respectively. This restrictions

allows a targeted evaluation of CMIP6’s ability to simulate the specific thermodynamic and dynamic conditions associated

with convection over the region. The analysis here is based on raw (not bias adjusted) convective indices.330
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Figure 6. (a) Annual cycle of CE frequency over the northern (NAP), central (CAP), and the southern (SAP) AP from IMERG and the MM

at the current warming level. (b) The change in the CE frequency from the MM at the FutI and FutIII warming levels. The shaded areas

indicate indicate the 2.5th and 97.5th percentile range of the CMIP6 ensemble. Data were convoluted using a Gaussian filter with a width of

29 days.

In terms of precipitable water (PW; Fig. 7a) and 2m dew-point temperature (Td2m; Fig. 7b), the dominant signal is dry

bias across most models, particularly strong in DJF. However, JJA stands out as BCM2, MRC6, and MPI1 exhibit moist bias,

especially at low percentiles. During MAM, MRC6 also shows a strong positive bias. The bias in 500 hPa vertical velocity

distribution (ω500) is shown in Fig. 7c, with percentiles sign-reversed for ease of interpretation. Excluding JJA, most CMIP6

models underestimate extremely high (90th-99th) and low (10th-20th) updrafts, while in between, an overestimation signal335

predominates. In JJA, BCM2 and ECE3 produce stronger extreme updrafts.

Figure 7d and 7e show the bias in percentiles of most unstable CAPE (MUCAPE) and most unstable convection inhibition

(MUCIN) for a parcel with the highest equivalent potential temperature (θe) in the lowest 300 hPa (Haklander and Van Delden,

2003), considering virtual temperature correction (Doswell and Rasmussen, 1994). Most models show a mostly negative bias

in MUCAPE across all seasons, with the largest underestimation at low percentiles. MRC6 is a notable exception, with a rather340

positively biased MUCAPE all year round, except in SON, where negative bias dominates up to the 70th percentile. CNR6 also

shows positive bias during SON and DJF. Regarding MUCIN, the bias is variable across models and seasons, with no consistent

direction. Four models persistently overestimate MUCIN, including ACM2, BCM2, HG3LL, and HG3MM, whereas BCM2

shows an underestimation signal in summer. CNR6, ECE3, and MPI1 exhibit a positive bias in DJF, while the rest of the year
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Figure 7. Seasonal bias at different percentiles for (a) precipitable water (PW), (b) 2m dew-point temperature Td2m, (c) vertical velocity at

500 hPa (ω500), (d) most unstable CAPE (MUCAPE), (e) most unstable CIN (MUCIN), and (f) wind shear 0-6 km (WSh0-6), for CEs from

CMIP6 at the current regional warming level.

is negatively biased. The only consistent pattern in CAN5 is a positive bias in extreme MUCIN. The missing data in Fig. 7345

are due to MUCAPE and MUCIN percentiles from ERA5 equalling zero. Wind shear (WSh0-6; Fig. 7f) is generally stronger

across CMIP6 models, except for a few underestimation signals in CNR6 and MRC6 in DJF, MRC6 in MAM, ACM2, CAN5,

ECE3, and HG3MM in JJA, and CNR6 in SON. Seasonal patterns of PW, Td2m, and MUCAPE underestimation, MUCIN and

WSh0-6 overestimation, and suppressed ω500 distribution are generally apparent on the diurnal scale (Fig. S9).
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Figure 8. Bias in the mean (a) θe and (b) RH profiles for CEs aggregated seasonally for ERA5 and CMIP6 models.

The mean seasonal vertical profiles of θe are shown in Figure 8a. Most CMIP6 models reproduce CEs with colder and drier350

profiles compared to ERA5. Exceptions include MRC6, which shows warmer and moister air masses during MAM and JJA,

and BCM2 in JJA. Notably, upper levels above 200 hPa are associated with warmer and moister air masses than ERA5 in

most models. On the diurnal scale, CEs in CMIP6 are associated with a colder, drier atmosphere compared to ERA5, except in

MRC6 in the afternoon (Fig. S10a).

Turning now to relative humidity (RH, Fig. 8b), a distinct pattern emerges: most models show a negative bias in the lower355

troposphere. In contrast, the upper troposphere is largely characterised by a positive bias, except in JJA. In summer, the positive

bias around 400 hPa is either absent or weak, and a negative bias persists throughout most of the profile in most models.

Furthermore, CAN5 and HG3LL show negative bias across most levels in all seasons, while CNR6 and MRI2 are positively

biased, with negative bias observed in 1-3 of 10 levels. The diurnal RH bias is illustrated in Fig. S10b, showing a consistent

pattern across all timesteps: CAN5, ECE3, HG3LL, and HG3MM exhibit a dry bias across most levels, while CNR6 and MRI2360

remain predominantly positively biased.

The difference between MM ensemble and ERA5 in the joint MUCAPE-MUCIN density is illustrated in Fig. 9a. Two

patterns are evident. First, CMIP6 underestimates MUCAPE, with the underestimation regimes centred around 1000 J kg−1

MUCAPE and ∼70 J kg−1 MUCIN in DJF, and shifting to ∼200 J kg−1 MUCIN in MAM. In JJA, the MM fail to capture
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Figure 9. Seasonal difference in the bivariate probability density of CEs between the MM mean and ERA5 at the current warming level: (a)

MUCAPE vs MUCIN, and (b) MUCAPE vs WSh0-6. Note the log1p transformation for MUCAPE and MUCIN axes. Percentages at the top

right of each subfigure report the cumulative probability for areas with an increase in occurrence with at least 70% model agreement

a specific MUCAPE regime centred around 7000 J kg−1, including a wide range of MUCIN. In SON, the underestimation is365

more distributed with no clear centre. Second, in near-zero MUCIN environments, CMIP6 underestimates MUCAPE in DJF

and shows mixed over- and underestimation in other seasons.

Figure 9b shows the MM difference to ERA5 in the joint MUCAPE-WSh0-6 density. Generally, CEs occur with stronger

WSh0-6 in the MM represented by the horizontal separation. MUCAPE appears to be underestimated across the full range in

DJF, while in JJA, the underestimation and overestimation blobs are vertically aligned at similar MUCAPE values, suggesting370

that MUCAPE is approximately correct while shear is overestimated. MAM and SON represent transition seasons in which

the blobs and the broad range of biases coexist.

The diurnal cycle of biases in the joint MUCAPE-MUCIN and MUCAPE-WSh0-6 densities broadly echoes the seasonal

patterns, with 03:00 UTC+3, 09:00 UTC+3, 15:00 UTC+3, and 21:00 UTC+3 resembling DJF, SON, JJA, and MAM, re-

spectively (Fig. S11a). A similar correspondence is encountered for MUCAPE-WSh0-6, where morning periods resemble DJF,375

while afternoon and evening periods reflect a mixture of MAM and SON characteristics (Fig. S11b).

3.4 Projected change in convection indices

In the results’ final part, we evaluate changes in convection indices associated with CEs in future climates. PW and Td2m

increase monotonically across both future climates, both seasonally (Fig. 10) and diurnally (Fig. S12), with high model agree-
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ment. Furthermore, PW (Td2m) shows the largest increase in JJA (MAM) in both future climates (Table S7). On the diurnal380

scale, the increases are consistent with marginal differences across periods (Table S8). Seasonally, ω500 associated with CEs

generally increases with rising temperature (Fig. 10c); however, it shows a large model disagreement during MAM in both

futures (Table S7). Furthermore, the increase in JJA largely deviates from those in other seasons. At FutI, 03:00 UTC+3 and

09:00 UTC+3 show an increase in ω500, while a decrease is projected for 15:00 UTC+3 and 21:00 UTC +3 (Table S8 and

Fig. S12). FutIII shows further increase in ω500; however, with low model agreement at 03:00 UTC+3 and 21:00 UTC+3.385

The largest MUCAPE is observed in JJA, and the smallest in DJF, in both the current and future climates (Fig. 10 and Table

S7). However, the largest increase occurs in MAM (DJF) at the FutI (FutIII) warming level by 20.89% (69.29%). SON depicts

an increase, with model agreement below 70% in both future climates. An increase at both warming levels characterises diurnal

MUCAPE changes (Fig. S12 and Table S8). MUCIN in the current climate exhibits the largest values in MAM (Fig. 10) and

at 03:00 UTC+3 (Fig. S12). In a warming Earth atmosphere, MUCIN shows a persistent decrease across seasonal and diurnal390

scales (Table S7 and S8). Regarding WSh0-6, the highest (lowest) values are observed in DJF (JJA; Fig. 10). A consistent

decrease in WSh0-6 is projected in both futures during DJF and MAM, while JJA exhibits an increase signal. The trends in

SON depict below 70% model agreement (Table S7). Subdaily, all periods show a decrease in WSh0-6 at FutI and mixed-

nonrobust signals at FutIII (Fig. S12 and Table S8).

The seasonal (diurnal) changes in the mean vertical profiles of θe and RH are shown in Fig. 11 (Fig. S13). In both future395

climates, θe associated with CEs increases across seasons and periods, with the enhancement signal strengthening consistently

from 100 hPa toward 1000hPa; yet the largest uncertainties are evident in the lower troposphere. Uncertainties are larger

during SON and at 21:00 UTC+3. In terms of RH, large uncertainties predominate in the upper troposphere. In DJF and MAM,

the increase in RH is almost identical across future climates at 400 hPa-900 hPa; this behaviour also holds for SON at around

700 hPa. In JJA and at 15:00 UTC+3, a clear increase is observable from FutI to FutIII.400

The change in the seasonal bivariate probability density of MUCAPE-MUCIN is mainly MUCAPE-driven, with CEs being

associated with larger MUCAPE values in both future climates (Fig. 12a). These patterns are also evident on the subdaily scale

(Fig. S14a). The joint MUCAPE-WSh0-6 distribution shows a shift towards higher MUCAPE and lower WSh0-6 across seasons

except in JJA, when rather higher shear is projected (Fig. 12b). Similarly, diurnal MUCAPE-WSh0-6 are shifting towards higher

MUCAPE and low WSh0-6 regimes (Fig. S14b).405

4 Discussion

Our findings indicate that XGB is the optimal model to identify CEs in the region. Additionally, the sensitivity analysis shows

that XGB performance remains relatively stable compared to other ML models as the threshold for precipitating convection

increases, suggesting that the XGB can potentially be used to examine extreme events (Fig. S1). Performance metrics demon-

strate that XGB spatiotemporally outperforms other ML models (Fig. 2 and S3-S5); however, the ECE is larger for XGB410

(Sect. 3.1). This is a known issue in supervised learning, in which a classifier can draw perfect decision boundaries separating

convective from non-convective situations (i.e., discrimination), but produces miscalibrated probabilities (Jiang et al., 2012).
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Figure 10. Seasonal box- and violin plots of the pooled MM ensemble distribution for CE components at current and future regional warming

levels. (a) PW, (b) Td2m, (c) ω500, (d) MUCAPE, (e) MUCIN, and (f) WSh0-6. Note the log1p x-axis in (d) and (e). At least 70% of models

show a statistically significant difference in mean between the current and future periods (p < 0.05) in all subfigures.

One unanticipated finding was the deviation in the RES curve for XGB (Fig. 2b), which could indicate a signature of a model

with high discriminating skill in the 0.6-0.9 range. To illustrate, it means that XGB in this range can make skilful predictions

and successfully separate high-probability cases from the climatological average. It can also be postulated that CEs in this415

range are associated with conditions that strongly deviate from the typical state, and that XGB can identify them.
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Figure 11. Seasonal change in the MM mean (a) θe and (b) RH profiles for CEs. The shaded areas indicate the 2.5th and 97.5th percentile

range of the CMIP6 ensemble, and the diamond shapes indicate at least 70% model agreement on the sign of change.

ML model performs the best in the the northern AP and during cold months or cold periods of the day likely because

these convective situations are influenced by large-scale environments such as frontal mid-latitude systems (Almazroui et al.,

2015, 2016; Luong et al., 2024; Charabi and Al-Hatrushi, 2010), the Red Sea Convergence Zone, the Red Sea Trough (Dasari

et al., 2018; de Vries et al., 2013; Khan et al., 2018), and the subtropical jet (Taraphdar et al., 2025). Conversely, performance420

degrades where convection is localised, such as in the southern AP or during summer and afternoon hours. Similar findings are

reported by Gómez-Navarro et al. (2022) over complex terrain in Switzerland. Over the AP, localised convection is influenced

by orographic forcing (Abdullah and Al-Mazroui, 1998; Khan et al., 2018; Cook et al., 2021; Branch et al., 2020; Farquharson

et al., 1996), interaction between sea-breeze and surface heating or cold pools (Fonseca et al., 2025; Nelli et al., 2022; Ea-

ger et al., 2008; Gopalakrishnan et al., 2023), and the remnants of low-pressure systems from the ISM (Charabi, 2009; Babu425

et al., 2016). These processes are likely poorly represented by convection indices at 1°resolution. Furthermore, an instanta-

neous profile is labelled convective based on accumulated precipitation; however, this profile may not accurately represent the

atmospheric state when localised convection occurs far from the profile timestamp.

CMIP6 models tend to underestimate the probability and occurrence of CEs (Fig. 4-6 and S6-S8), particularly by under-

estimating (overestimating) the high (low) probability of CEs (Fig. 3 and S6). A plausible explanation lies in the systematic430
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Figure 12. Seasonal change in the bivariate probability density of CEs between the MM mean at current warming and future warming levels:

a) MUCAPE vs MUCIN, and b) MUCAPE vs WSh0-6. Note the log1p transformation for MUCAPE and MUCIN axes. Percentages at the top

right of each subfigure report the cumulative probability for areas with an increase in occurrence with at least 70% model agreement.

drizzle bias pervasive in climate models, whereby precipitation occurs too lightly and too frequently (Chen et al., 2021; Hagos

et al., 2021; Martinez-Villalobos et al., 2022). Furthermore, Hagos et al. (2021) reported that CMIP6 models require anoma-

lously high moisture accumulation to transition from drizzle to intense convection (Kuo et al., 2020; Hagos et al., 2021). This

is further supported by the negatively biased PW, Td2m, and θe profiles associated with CEs (Fig. 7a,b and 8), reflecting a

systematically drier and less buoyant CEs in CMIP6 models. Additionally, convection in cold months over the AP exhibits435

a secondary nocturnal peak (Homoudi et al., 2026). Most CMIP6 models struggle to represent nocturnal elevated convection

above the boundary layer (Tang et al., 2021), providing an additional plausible explanation for the underestimation of CEs’

occurrence in CMIP6. Moreover, CMIP6 models may inherit the CMIP5 tendency to underestimate (overestimate) weather

types favouring wet (dry) conditions over the region (e.g., El Kenawy and McCabe, 2017). A detailed weather type analysis is

outside the scope of this study.440
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MUCAPE is underestimated (Fig. 7d and 9), owing to both the pervasive dry bias and the premature release of instability

before sufficient thermodynamic buildup can occur (Chen and Dai, 2019; Chen et al., 2021). The overestimation of MUCIN

(Fig. 7e) is consistent with Hagos et al. (2021), who demonstrated that most CMIP6 models exhibit stronger convective in-

hibition than ERA5. The stronger WSh0-6 associated with CEs can be attributed to the positive bias in the 700-400 unithPa

layer-mean wind in CMIP6 models relative to ERA5 over the region (Fig. S15 and S16). In general, CMIP6 models exhibit445

varying degrees of bias and differing behaviour across the distribution of convective indices. Further research should focus on

a dedicated, comprehensive evaluation of convective indices and instability parameters over the AP using multiple reanalysis

datasets and radiosonde data (e.g., Barfus and Bernhofer, 2015; Gopalakrishnan et al., 2025), given that ERA5 itself may carry

uncertainties in the upper atmosphere due to the sparse upper-air observations (Taszarek et al., 2021).

Findings regarding the underestimation (overestimation) of MUCAPE (WSh0-6) associated with CEs contradict previous450

studies (e.g., Lepore et al., 2021; Chavas and Li, 2022; Gopalakrishnan et al., 2025). However, direct comparison is precluded

by key methodological differences. CE definitions differ across studies: all atmospheric profiles are considered in Gopalakrish-

nan et al. (2025) and Lepore et al. (2021), severe thunderstorm environments are defined by a fixed CAPE×WSh0-6 threshold

in Chavas and Li (2022), whereas the present study investigates CEs identified by XGB. Furthermore, Lepore et al. (2021) and

Gopalakrishnan et al. (2025) employ mixed-layer CAPE, and Chavas and Li (2022) surface-based CAPE, whereas the present455

study utilises the most-unstable parcel formulation (Haklander and Van Delden, 2003).

The consistent increase in trends during DJF could be due to the southward shift and intensification of the subtropical

jet, the rise in transient activity, and moisture influx from adjacent water bodies that are expected under a warming climate

(Pathak et al., 2025). The low-level jet of the ISM is expected to shift poleward (Sandeep and Ajayamohan, 2015), and this is

reflected in the increase in CE during JJA at FutI, as well as the monotonic WSh0-6 increase in summer in both futures. The460

physical mechanisms driving the persistent decrease in CEs during MAM in both futures remain unclear. However, several

plausible hypotheses can be postulated: (a) precipitation regimes are shifting into the colder DJF; (b) the coarse resolution

of CMIP6 models might prevent adequate representation of the unique moisture influx associated with tropical–extratropical

interactions during MAM (Luong et al., 2024); (c) warming of adjacent seas may be insufficiently rapid to satisfy the increased

atmospheric moisture demand (Allan et al., 2020); d) CEs are shifting towards nocturnal periods, when CMIP6 struggle with465

nocturnal elevated convection (Tang et al., 2021). A detailed process-level investigation of the mechanisms driving MAM CE

changes is strongly recommended as a priority for future research.

The widespread increase at 03:00, 09:00, and 21:00 UTC+3 at FutI (Fig. S7b), along with the decrease at 15:00 UTC+3,

aligns with the findings of Meredith et al. (2019). They reported a projected shift in heavy to extreme precipitation occurrence

from late afternoon to overnight and morning periods.470

PW, Td2m, and θe profiles associated with CEs depict a monotonic increase with warming (Fig. 10a,b and 11a). It could be

explained by the CC scaling relationship: a warming Earth atmosphere has a higher water-holding capacity Trenberth (2011).

MUCAPE is increasing, while WSh0-6 is decreasing under future warming. The results are in line with previous studies (Lepore

et al., 2021; Riemann-Campe et al., 2009; Chen et al., 2020). MUCIN associated with CEs is decreasing under future warming.

The AP is one of the few regions showing a decrease in convection inhibition (Chen et al., 2020). Furthermore, more low-level475

24

https://doi.org/10.5194/egusphere-2026-3288
Preprint. Discussion started: 3 August 2026
c© Author(s) 2026. CC BY 4.0 License.



moisture leads to lower lifting condensation levels and thus partly results in smaller CIN (Gopalakrishnan et al., 2025). The

RH generally does not increase with warming (Fig. 11b and S10b), as stated by previous studies (Douville et al., 2022; Allan

et al., 2020; Sherwood et al., 2010), suggesting that global warming occurs under a constant tropospheric relative humidity.

At FutIII, CE intensification generally indicate that precipitation over the AP is likely to become more intense, as established

by previous studies (Almazroui and Saeed, 2020; Terry et al., 2023), suggesting that the number of wet days will decrease,480

and the contribution of extreme precipitation to the total amount will increase. The decrease in CE occurrence is expected and

consistent with the slower ocean warming rate, which limits moisture supply to maintain continental relative humidity, leading

to a drying influence further amplified by land surface feedbacks (Allan et al., 2020). Moreover, the observed peak-like scaling

of extreme precipitation with surface temperature north of 20° N and a decreasing relationship south of 20° N by Utsumi et al.

(2011) supports the decrease in CE occurrence at FutIII warming.485

We acknowledge the limitations of the IMERG dataset over the region. Earlier versions of IMERG exhibit a high false alarm

rate and a tendency to overestimate light precipitation (e.g., Hussein et al., 2021). Precipitation values greater than 1mm6h−1)

were used to define the local climatological median, excluding sporadic light rain. Furthermore, the ML models were trained

on a binary flag indicating whether accumulated precipitation exceeded this median, rather than on precipitation quantities.

Another limitation of the study is the absence of a continuous response of CEs to regional temperature increase, as shown in490

Fig. 6 by Lepore et al. (2021). Unlike Lepore et al. (2021), who analysed CEs generally, this study restricts CEs to those iden-

tified by the ML models, requiring bias-corrected indices as predictors. However, applying bias correction across continuous

warming levels with overlapping years is computationally inefficient and contradicts the study’s goal of reducing the computa-

tional footprint. Bias correction methods come with varying strengths and limitations (Sharma et al., 2026); for example, they

can introduce temporal jumps (Rust et al., 2015) or degrade the climate model output. A sensitivity analysis to determine the495

effect of bias correction on CEs is out the scope of the study, particularly since precipitation intensity analysis will be addressed

with CPMs.

An arguable weakness is the inconsistent number of years across CMIP6 models (Table 2) that represent the current regional

warming observed in ERA5 (2001-2024), a constraint imposed by the length of the IMERG record and the necessity to avoid

mixing different experiments Lepore et al. (2021). IMERG is employed to obtain the convection label in preparation for500

dynamical downscaling, wherein it serves as the observational benchmark for Lagrangian evaluation of convective precipitation

systems.

Future research should focus on investigating the CC scaling from CPMs to determine the origin of super-CC scaling in the

region (Tuel et al., 2022) and whether it is a statistical shift from stratiform to convective precipitation (Da Silva and Haerter,

2025) is recommended. CEs are sensitive to model biases (Allen et al., 2014b); therefore, an in-depth analysis of biases in505

moist static energy, weather types and circulation (e.g., El Kenawy and McCabe, 2017), the diurnal cycle of precipitation (e.g.,

Tang et al., 2021), and soil moisture over the region is imperative. There is ample room for further progress in improving

ML model skill by training the models regionally or seasonally, or by testing a ’leave one out’ approach to identify locally

significant predictors. Further research should test the skill of climate modes of variability indices in identifying CEs over the

region.510
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5 Summary and conclusions

The study set out to infer the occurrence of precipitating convection over the AP in the current climate using ML models, and

to utilise the best-performing ML model to identify potential CEs in CMIP6 data. Furthermore, the study aimed to evaluate

CMIP6 models’ ability to reproduce the spatiotemporal distribution and the components of CEs over the AP and to quantify

changes under a warming climate. In doing so, the study addresses a critical gap in the literature by focusing on convectively515

favourable conditions rather than the precipitation itself, which is largely governed by CMIP6 parameterisation schemes and

therefore of limited reliability over the region (e.g., Pathak et al., 2025; Zhang et al., 2025a). Although the ML models are

trained to detect CE or profiles that deliver rainfall above the local median, it is still possible that a CE does not rain. However,

the study’s approach helps define an approximate frequency for those most likely to result in wet conditions without relying on

parameterised precipitation.520

The CEs dataset (Homoudi, 2026) produced here lays the foundation for a statistical-dynamical downscaling framework

(e.g., Beaulant et al., 2011; Meredith et al., 2018; Wang et al., 2026), wherein identified CEs can be dynamically downscaled

at convection-permitting resolution to produce physically consistent regional projection ensembles over the AP while reducing

the computational cost. This approach provides an efficient pathway for further scrutiny of the impact of climate change on

convective precipitation systems over the AP. Our future work will focus on dynamically downscaling the CEs from the CMIP6525

ensemble to O(1km), opening avenues to investigate the Lagrangian properties of convective systems and how land surface

characteristics, topography, and climate change influence them.

Beyond climate applications, the ML framework presented here can be further exploited for operational nowcasting and

thunderstorm prediction. For instance, an ML model can be trained on radar and ERA5 data to detect extreme events. Conse-

quently, it can be applied to forecast products (e.g., ECMWF HRES), triggering dynamical downscaling only where needed530

to produce high-resolution risk maps. Such an approach reduces the need to secure adequate computational resources (Hoteit

et al., 2025), especially when convection-permitting models fail to capture MCSs over the region (Francis et al., 2021).

At the current level of regional warming (+1.22 °C), CMIP6 models systematically underestimate CE probability and occur-

rence. This bias is rooted in a constellation of systematic model deficiencies: drier environments, reduced instability, elevated

convection inhibition, and compressed vertical velocity distribution. Together, these reflect the tendency of CMIP6 models to535

operate too frequently in the drizzle regime, requiring anomalously high moisture to transition into organised deep convection

(Hagos et al., 2021). Notably, CMIP6 overestimate the 700-400hPa layer-mean wind and consequently, vertical wind shear is

positively biased. Furthermore, we do not explicitly rank CMIP6 models, as all models considered in the study exhibit varying

thermodynamic and kinematic biases; selection is therefore application-dependent. As argued by Gopalakrishnan et al. (2025),

an ensemble approach is recommended.540

At FutI (+2.22 °C), CE occurrence generally increases across seasons, excluding the spring, driven by enhanced dynamic

and thermodynamic favourability and increased moisture transport from adjacent seas. Furthermore, a diurnal shift towards

nocturnal or morning CE occurrence is expected. At FutIII (+4.22 °C), CE occurrence decreases across all seasons, except
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in winter. However, in both future climates, the CEs’ components intensify with increasing moisture and instability, and with

reduced inhibition and vertical wind shear.545

The projected intensification of CEs under future warming suggests that precipitation over the AP is likely to intensify.

While it can benefit water resources in the arid AP, it heightens the risk of flash floods and landslides, threatening vulnerable

communities, including those engaged in rainfed terrace agriculture in Yemen’s highlands (AL-Falahi et al., 2024a, b). The

persistent decrease in CE frequency during spring is particularly alarming, given that this is the predominant season of MCS

activity (Nelli et al., 2021) and that Saudi Arabia receives approximately 60% of its annual rainfall from these systems (Luong550

et al., 2024). The physical mechanisms driving this decrease and their implications for regional water resources warrant a

dedicated process-oriented investigation.

Code and data availability. IMERG V07 (Huffman et al., 2023a) is obtained from the NASA Goddard Earth Sciences Data and Information
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nicus Climate Change Service (C3S) Climate Data Store (https://cds-beta.climate.copernicus.eu/). CMIP6 data is available from the Earth555

System Grid Federation nodes (ESGF; e.g., https://esgf-node.llnl.gov/search/cmip6/). Convection indices from ERA5 and CE labels from
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