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Abstract: Climate change continues to increase the intensity, frequency and impacts of weather and
climate extremes. This work uses bias-adjusted Coupled Model Intercomparison Project Phase six
(CMIP6) model datasets to investigate the future changes in temperature extremes over Mediterranean
(MED) and Sahara (SAH) regions. The mid- (2041-2070) and far-future (2071-2100) are studied under
two Shared Socioeconomic Pathways: SSP2-4.5 and SSP5-8.5 scenarios. Quantile mapping function
greatly improved the performance of CMIP6 by reducing the notable biases to match the distribution
of observation data, the Climate Prediction Center (CPC). Results show persistent significant warming
throughout the 21st century, increasing with the increase in radiative forcing. The MED will record
a higher increase in temperature extremes as compared to SAH. The warming is supported by the
projected reduction in cold days (TX10p) and cold nights (TN10p), with the reduction in the number
of cold nights exceeding cold days. Notably, warm spell duration index (WSDI) and summer days
(SU) have a positive trend in both timelines over the entire study area. There is a need to simulate
how climate sensitive sectors, such as water and agriculture, are likely to be affected by projected
changes under different scenarios for informed decision making in the choice and implementation of
adaptation and mitigation effective measures.

Keywords: climate change; extreme temperatures; projections; CMIP6; North Africa; mediterranean

1. Introduction

Temperature change is of great interest in the backdrop of the ongoing anthropogenic
global warming. Although mean change is being used to track the warming, emphasis has
shifted to temperature extremes and its associated consequences. The impacts of tempera-
ture extremes are devastating, ranging from affecting both crop and animal productivity [1]
to influencing evapotranspiration [2], as well as regulating human thermal comfort and
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health at large [3]. The impacts are highest in African countries that are highly vulnerable
to climate variability and change effects due to over reliance on rainfed agriculture, limited
resources and poor infrastructure [4].

The Mediterranean (MED) and Sahara (SAH) regions, as classified by the Intergovern-
mental Panel on Climate Change (IPCC) [5], remain climate change hotspots that require
continuous monitoring. According to the report, on top of the observed and projected
reduction in mean precipitation, the regions are likely to experience an increase in aridity
and droughts. Further, the water-scarce regions are projected to record an increase in
temperature that is likely to worsen the situation [6].

Although warming is a global phenomenon, Africa has been observed and is projected
to warm at a higher rate than the global average, with North Africa ahead of other regions
across the continent [2,5,7,8]. The observed climate change exhibits in the form of a
warming trend characterized by longer and warmer summers, more frequent and severe
heat waves, and a reduction in total rainfall, all of which are projected to persist throughout
the 21st century [9-14]. Nangombe et al. [7] projected an increase in the frequency of
hot days over North Africa as compared to other parts of the continent, attributed to
the region’s fast increase in surface air temperature. The changes are likely to cause
devastating impacts on water availability and quality, food quality, and air pollution,
among others [15]. The observed changes are also expected to persist into the future over
the Mediterranean [8,12,15-18]. In a study that extended to the Middle East, Zittis et al. [14]
projected unprecedented super- and ultra-extreme heatwave conditions in the second half
of the 21st century if only minimal or no efforts to limit greenhouse gas (GHG) emissions
are put in place. This agrees with the conclusion of most studies, e.g., [7,15,19] have shown
that efforts to limit warming to low levels are likely to be beneficial. This will help reduce
both the intensity and frequency of extreme heat events not just across the north, but across
Africa and, by extension, the Mediterranean.

Whilst the investigation of climatic change in the two regions is hindered by limited
hydro-climatic datasets given that most of the region is arid to hyper arid, the growing
availability of satellite and model datasets presents a solution to this challenge. The Coupled
Model Intercomparison Project phase 6 (CMIP6) dataset is one of the latest datasets that
gives both historical and projected changes in various weather parameters. This study
is based on this dataset. Although the IPCC [5] is based on the data across the globe,
Seneviratne and Hauser [20] pointed out the necessity of considering regional climate
sensitivity as a discrete feature of Earth system models while studying regional climate
changes.

These models are hindered by various uncertainties, mainly from emission scenarios,
internal variability or/and model response uncertainty [21]. In order to improve the relia-
bility of the model’s outputs, different spatial downscaling and bias correction algorithms
(e.g., statistical and dynamic downscaling techniques) have been proposed and employed
widely to reduce these inherent biases. Numerous studies, e.g., [22-24], have been con-
ducted to determine the strength and weakness of various bias correction methods. Exam-
ples of such techniques include the delta correction [25,26], linear transformation [27], local
intensity scaling [28], power transformation [29], distribution mapping [30,31], and quantile
mapping bias correction [32,33]. Overall, these studies show that the quantile mapping
algorithm depicts superior performance as compared to other approaches [34,35]. Several
studies, e.g., [36,37], have thus employed quantile mapping methods and demonstrated the
effectiveness of the approach in minimizing the biases in climate variables. For instance, Li
et al. [38] established a remarkable improvement in the bias-adjusted temperature data.

To improve the accuracy of projections of temperature extremes, there is a need to first
minimize the inherent biases before exploring the possible future changes in temperature
over the diverse regions, such as MED and SAH. This study is the first of its kind to employ
the bias corrected CMIP6 models in a bid to understand both spatial and temporal projected
changes in extreme temperatures over MED and SAH under the various thermal forcing
scenarios. This information is crucial in designing and implementing both adaptation
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and mitigation measures to combat climate change. The rest of the paper is formulated
as follows: Section 2 highlights the climatological and geomorphological features of the
study area, the datasets used and the methods employed, while Section 3 presents detailed
results from a systematic analysis of the datasets herein. Lastly, Section 4 presents the key
summary and conclusion of the present study.

2. Study Area, Data, and Methods
2.1. Study Area

The study domain (Figure 1) encompasses the southern region of Europe (Mediter-
ranean) and the northern portion of Africa (Sahara). The domain is located between
latitudes 14° N and 34° N, and longitudes 18° E and 45° E. The region has a complex
topography, including the Atlas Mountains in the west, the Nile River in the east, and
the Sahara Desert in the south. The climate in the region varies greatly between the coast
and the inland regions, as well as from north to south [39,40]. The northern portion along
the Mediterranean Sea has a Mediterranean climate, which is characterized by a hot, dry
summer and a cold, wet winter. During summer, the average temperature is around 22 °C,
while in winter it ranges between 18 °C and —3 °C. The mountains surrounding the region
influence rainfall and temperature distribution over the region. In the southern portion of
the study domain, the climate is semiarid to arid (desert) [41]. During winter, the average
temperature over the region is around 24 °C. In the summer season, which can stretch from
2-5 months, the average temperature is 35 °C, but can reach up to 45 °C. The latest IPCC
climate reference [42] classifies the region into two sub-regions, the Mediterranean (MED)
and Sahara (SAH), as shown in Figure 1.
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Figure 1. Spatial plot of mean temperature during 1979 to 2014 over the study domain: Mediter-
ranean (MED) and Sahara (SAH), based on the Climate Prediction Centre (CPC). The study region is
demarcated (dashed black line) following Iturbide et al. [42].

2.2. Data
2.2.1. Observations

The gauge-based gridded temperature dataset employed in this study is obtained
from the Climate Prediction Center (CPC) of the National Oceanic and Atmospheric Ad-
ministration (NOAA). The data has a horizontal resolution of 0.5° x 0.5°, running from
1979 to date. The CPC dataset is preferred over other surface air temperature datasets
because it combines two large individual datasets of station observations sourced from the
Global Historical Climatology Network version 2 and the Climate Anomaly Monitoring
System (GHCN + CAMS) provided by NOAA, Boulder, Colorado, USA. This allows it to
be updated in near real-time with a large number of stations [43]. A number of studies,
e.g., [5,44], have used the CPC over the study domain, thereby reaffirming its reliability.
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2.2.2. Model Datasets

This study utilizes multi-model mean ensemble (hereafter MME) of historical and
projected surface air temperature datasets from 23 CMIP6 models [45]. The datasets cover
two time periods: 18502014 and 2015-2100 for historical and future periods, respectively.
The comparison analysis is conducted in two equal time slices: mid-century (2041-2070)
and far-future (2071-2100) relative to the baseline period (1995-2014), recommended by the
sixth assessment report of the IPCC (AR6). The shared socioeconomic pathway scenarios
(SSP): SSP2-4.5 and SSP5-8.5 that represent modest mitigation and worst-case scenarios
are employed in the study. The SSP2-4.5 scenario is regarded as a more realistic emission
scenario, with moderate mitigation efforts limiting global warming to 2.5 °C above pre-
industrial levels by the end of the 21st century [46]. The SSP5-8.5 with the strong forcing
scenario (commonly known as “business as usual”), on the other hand, predicts a fossil-
fuel-intensive future devoid of strict climate mitigation, resulting in approximately 5 °C
of warming by the end of the century. The two radiative forcing scenarios were chosen
from among the five potential frameworks on the assumption that changes in climate
outcomes between scenarios for the global pathways are expected to be minimal in contrast
to changing regional climate characteristics [43,46]. The first realization ensemble (r1ilp1f1)
is considered in the study to allow equal and comparable analysis. Table 1 shows the
models employed in the study, their developing institutions, and native resolutions.

Table 1. List of the CMIP6 General circulation models (GCMs) models used in this study.

AtmosphericResolution

No Model Name Modelling Group (lon x lat)
1 ACCESS-CM2 Commonwealth SCl.el’ltl.flC and Indu.strlal Research 1.25° % 1.875°
Organisation/Australia
’ ACCESS-ESM1-5 Commonwealth Scientific and Industrial Research Organization 1.25° % 1.875°
and Bureau of Meteorology/ Australia
BCC-CSM2-MR Beijing Climate Center/China 1.125° x 1.125°
4 Canadian Centre for Climate Modelling and Analysis/Canada 2.8° x 2.8°
Centre National de Recherches Météorologiques—Centre
5 CNRM-CM6-1 Européen de Recherche et de Formation Avancée en Calcul 1.4° x 1.4°
Scientifique /France
Centre National de Recherches Météorologiques—Centre
6 CNRM-ESM2-1 Européen de Recherche et de Formation Avancée en Calcul 1.4° x 1.4°
Scientifique /France
7 EC-EARTH consortium/Europe 0.7° x 0.7°
8 EC-Earth3-veg EC-EARTH consortium/Europe 0.7° x 0.7°
9 FGOALS-g3 Chinese Academy of Sciences/China 2.25° x 2°
10 GFDL-CM4 NOAA Geophysical Fluid Dynamics Laboratory /USA 1° x 1.25°
11 GFDL-ESM4 NOAA Geophysical Fluid Dynamics Laboratory /USA 1° x 1.25°
12 HadGEM3-GC31-LL Met Office Hadley Centre/UK 1.25° x 1.875°
13 INM-CM4-8 Institute for Numerical Mathematlgs/ Russian Academy of 1.5° x 2°
Science/Russia
14 INM-CMB5-0 Institute for Numerical I.\/[athematlc’s/ Russian Academy of 1.5° % 20
Science/Russia
Japan Agency for Marine-Earth Science and Technology,
15 Atmosphere and Ocean Research Institute, The University of 1.4° % 1.4°

Tokyo, National Institute for Environmental Studies, and
RIKEN Center for computational Science/Japan
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Table 1. Cont.

AtmosphericResolution

No. Model Name Modelling Group (lon x lat)
Japan Agency for Marine-Earth Science and Technology,
Atmosphere and Ocean Research Institute, The University of o o
16 MIROC-ES2L Tokyo, National Institute for Environmental Studies, and 147> 14
RIKEN Center for Computational Science/Japan
17 MPI-ESM1-2-HR Max Planck Institute for Meteorology /Germany 0.9375° x 0.9375°
18 MPI-ESM1-2-LR Max Planck Institute for Meteorology /Germany 1.875° x 1.875°
19 MRI-ESM2-0 Meteorological Research Institute/Japan 1.125° x 1.125°
20 NESM3 Nanjing University of Informa?tlon Science and 1.875° x 1.875°
Technology/China
21 NorESM2-LM Norwegian Climate Centre/Norway 1.875° x 2.5°
22 NorESM2-MM Norwegian Climate Centre/Norway 0.9375° x 1.25°
23 UKESM1-0-LL Met Office Hadley Centre/UK 1.25° x 1.875°
2.3. Methods

2.3.1. Computation of Temperature Extremes Indices

The present study employs ten temperature extreme indices defined by the Expert
Team on Climate Change and Detection Indices (ETCCDI [47]) to explore the projected
changes in temperature extremes over the MED and SAH, a region that is classified as a
climate change hotspot [6]. The indices are selected to examine the changes in temperature
intensity (hottest day, warmest night, coldest day, coldest night), duration (warm spell
duration and summer days), and frequency (warm days, warm nights, cold days, and
cold nights) over the study region. The robustness of the indices has been affirmed based
on their applicability by numerous studies across various regions [48-51]. Details on the
indices is provided in Table 2. The ten extreme temperature indices (hereafter referred to
as indices) are computed for the observations and all the 23 CMIP6 General circulation
models (GCMs) historical and projection data. For uniformity in models and observations
horizontal resolutions, all datasets were regridded to a 1° x 1° spatial resolution using a
bilinear interpolation technique. This process aids in increasing spatial resolution, and thus
improves the model performance in capturing the geomorphological features of the land
that influence temperature variation.

Table 2. Names, abbreviations, definitions, and units of climate indices used in the study.

ID Abbreviation Definition Units
TXx Max Tmax Annual maximum value of daily maximum temperature °C
TNx Max Tmin Annual maximum value of daily minimum temperature °C
TXn Min Tmax Annual minimum value of daily maximum temperature °C
TNn Min Tmin Annual minimum value of daily minimum temperature °C

TX90p Warm days Percentage of days where daily max temp > 90th percentile %
TN90p Warm nights Percentage of days where daily min temp > 90th percentile Y%
TX10p Cold days Percentage of days where daily max temp < 10th percentile %
TN10p Cold nights Percentage of days where daily min temp < 10th percentile %
SU Summer days Annual number of days where daily max temp > 25°C days
WSDI Warm spell Annual number of days, in interval of six consecutive days, days

where daily max temp > 90th percentile of base period




Atmosphere 2022, 13, 741

6 of 25

2.3.2. Bias Correction Method

This study uses the quantile mapping approach for bias correction. The quantile map-
ping matches the Cumulative distribution function (CDF) of the model distribution to that
of the observation, and adjusts the frequency and intensity of the daily modelled tempera-
ture data [32]. The quantile mapping equation for temperature is shown in Equation (1);

QMi: Xi_‘_F(:1 (Fms(xi)> o Fr;i(Fms(Xi)) (1)

where QMi is the bias-adjusted data for the quantile mapping at point i, F represents
the CDF, and F~! is its inverse. o is the observation, mh is the model in the historical
period, and ms is the model simulation (the simulation period is for either a historical or a
projection time scale). x; is the data point in the CDF distribution. The bias adjustment is
applied using the Climate Data Bias Corrector [52]. The quantile mapping is conducted
on each grid of the model data, and the resulting data is used to compute the temperature
indices introduced in Section 2.3.1.

Testing the Reliability of the Model Correction Approach

Whereas there are many approaches for testing the reliability of the model correction
method, this study employed the split sample testing (SST) to assess the effectiveness of
quantile mapping technique. More information about the SST approach is detailed by Kle-
mes [53]. To illustrate, SST approach involves separating datasets into two segments, where
one is used for training, and another is utilized for validation. In this study, the first 16 years
(1979-1994) were used for training by deriving the biases field for monthly averages in the
model and observed temperature simulations. The monthly biased field was then utilized
to adjust the independent GCMs during the validation period of 1995-2014. Moreover,
the projection estimates under SSPs 2-4.5 and SSP5-8.5 were then corrected during the
periods investigated (i.e., 2041-2070 and 2071-2100). Figure 2 presents a flowchart of the
SST approach applied herein.

Obs-training Model
Data Training

Model
Prediction

Observed
prediction

| _CMIP6,cal CPC.cal
eqf; -ecdf
MOd?' Model
correction
. corrected
Prediction data
data

Figure 2. Flowchart of model bias correction procedure based on sample split testing technique.
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The flowchart (Figure 2) shows the testing for reliability of the quantile bias correction
approach with two input data sources for observation and model simulations that are

inputted for the transform function in Equation (1). The functions of (eq ficmip 6ol ed fl.CpC’C”l)

(CMI P6§"l?l ) , edf shows empirical quantile function; the inverse of the CDF and the opera-

tor (°) denotes the function’s content. The CMIP6 and CPC refer to the GCMs simulations
and observed temperature products, respectively. The superscript cal refers to calibration,
while the superscript val refers to validation. The output, which is model corrected, is
then used for the validation process. For instance, the model for future correction uses
three input files for bias corrections (i.e., observed historical data, model simulated histor-
ical data, and the model scenarios for future data). The effectiveness of the approach is
tested using empirical cumulative distribution function (ECDF) where models before and
after are presented to show the reduction of biases in temperature datasets to be used for
the examination of extreme events.

2.3.3. Future Changes in Temperature Extremes

Changes in temperature projections are analyzed under SSP2-4.5 and SSP5-8.5 sce-
narios in two timescales: mid-future (2041-2070) and far-future (2071-2100) relative to
the baseline period (1995-2014). Projected changes are computed on bias-adjusted MME.
The study employed MME as a way of reducing uncertainties and ensure more reliable
projections [54]. The underlying assumptions of the MME are that all models are reasonably
independent, equally plausible, and distributed around the reality [55]. Further, Modi-
fied Mann-Kendall [56] was employed to determine the changes in extreme temperature
trends over the MED and SAH regions, while the shift in distribution is examined using
the box-and-whisker technique. This method is useful in graphically comparing various
temperature characteristics. It highlights the distribution of datasets based on five key
indicators: minimum value, first quartile (25th percentile), median, third quartile (75th
percentile) and maximum value. The interquartile range shows the changes in temperature
events. This approach has been utilized in various studies (e.g., [57-59]).

3. Results
3.1. Bias Adjustment of Daily Temperature

The results obtained from a pixel-wise quantile mapping bias correction analysis
are shown in Figure 3. Figure 3a shows the distribution of individual models and their
respective mean ensemble against the observation using the empirical cumulative density
function (ECDF) before correction. The bias corrected CMIP6 models using CPC as con-
straint over the study region during 1995-2014 is given in Figure 3b. It is evident from the
analyses that quantile mapping function greatly improved the performance of CMIP6 by
reducing the notable biases to match the distribution of observation data. The GCMs before
correction show that about 90% of temperature datasets depict cold biases, while 10%
(i.e., MIROC-ES2L and MIROCS6) show large warm biases of >15 °C (Figure 3a). However,
upon correction, all models including the mean ensemble demonstrate satisfactory distri-
bution similar to the observation, thus reaffirming the effectiveness of technique prior to
conducting impact analyses. The hypothesis that the distribution during the observational
period will remain in the future is adopted following the recommendation by previous
studies, e.g., [60,61]. Consequently, we also assume the stationarity of climate in conducting
the bias correction for projection data and computing the climate indices. The present
findings agree with existing studies that highly recommend the correction of inherent GCM
biases before employing the data for impact studies [37,62,63]. In fact, recent studies that
employed GCMs in projecting extreme events, such as high temperatures and extreme
precipitation, equally conducted bias correction before using the models in examining the
projected changes over various locales [49,63,64].
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Figure 3. Empirical cumulative distribution function (ECDF) of GCMs and their multi-model mean
ensemble (MME) (black dotted line) before (a) and after (b) bias correction, relative to the CPC data
(red dotted line).

3.2. Magnitude of Absolute Error in Bias Correction Estimates for Temperature Extremes

The spatial bias before and after correction for individual models and their MME
for all indices are equally evaluated against the observation over the study domain. Due
to the large number of indices and models employed, we only present the anomalies of
warm spell duration index (WSDI) as a representative of the analysis (Figures 4 and 5);
the rest of the indices and models are presented as Supplementary Materials (Figures
51-518). Observational data shows the occurrence of WSDI over most of the MED region
with values up to 24 days, while the SAH parts show WSDI of 8-15 days. The results
show cold bias (less WSDI), except for a few models such as EC-Earth3, UKESM1-0LL,
and ACCESS-CM2 (Figure 4). Remarkably, most models demonstrate excellent reduction
in biases with the differences reduced from 28 days (before) to 18 days (after correction)
(Figure 5). Models showing cold/warm biases in some parts of the study domain are
corrected to match the observations. Similar improvement is noted in other indices as
presented in the Supplementary Materials. Overall, these results suggest that quantile
mapping function improves the capability of individual models in simulating the observed
temperature extremes. A similar approach was employed in a study that utilized the
CORDEX-Africa regional climate models (i.e., [63]), with results demonstrating satisfactory
performance of the models in depicting temperature extremes. The study noted that
when biases are accounted for, projected risks of extreme temperature-related hazards are
higher than in non-bias-adjusted models. This shows that the GCMs and RCMs models
that have been further improved using statistical or dynamical algorithms have a strong
capability to simulate the observed changes in temperature properties across various
regions. Consequently, our study employed bias-corrected GCMs of CMIP6 model outputs
to explore the possible future changes in temperature extremes over MED and SAH region
during the mid- and far-future period.
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Figure 4. Spatial distribution of warm spell duration index (WSDI) difference from the CMIP6 GCMs
(Table 1) and their MME during 1979-2014. The first plot shows the climatology of (WSDI) from CPC.
The model difference is calculated as model (before correction) minus CPC.
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Figure 5. Spatial distribution of warm spell duration index (WSDI) difference from the CMIP6 GCMs
and their MME during 1979-2014. The first plot shows the climatology of WSDI from CPC. The
model difference is calculated as model (after correction) minus CPC.
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3.3. Temperature Projections for the 21st Century
3.3.1. Projected Changes in Spatial and Temporal Anomalies

Projected changes of various temperature extremes under the SSP2-4.5 and SSP5-8.5
scenarios during the mid-future of 2041-2070 and the far-future (2071-2100) are computed
from the mean multi-model ensemble of CMIP6. Figures 6 and 7 show spatial changes in
temperature extremes based on CMIP6-MME under the SSP2-4.5 scenario. Correspondingly,
SSP5-8.5 scenario changes are presented in Figures 8 and 9. Lastly, temporal analysis is
presented in Figure 10. In agreement with existing studies evident from previous model
simulations derived from CMIP5 [65], and a recent global study based on the CMIP6
dataset [66], temperature extremes project continued warming across the study region.

a) TXx - °C (b) TNx — °C (¢) ;I'X.u °C

| S EE——— | Se—
PR EEEEER) Y YFAREERER

e

AR R

Figure 6. Projected changes in extreme temperature from multi-model ensemble mean CMIP6 GCMs
bias-adjusted data during the mid-future (2041-2070) relative to the baseline period (1995-2014) for
the SSP2-4.5 scenario. The indices reflect the intensity (TXx, TNx, TXn and TNn) (a-d), frequency
(TX90p, TN90p, TX10p, and TN10p) (e-h) and duration (SU and WSDI) (i,j) of the extreme events.

The annual maximum temperature (TXx) over the region exhibits pronounced warm-
ing towards the end of the century as compared to mid-century in both scenarios. The
MED is projected to warm more than the SAH region. For example, the MED location will
experience an increase in TXx of 2 °C to 4 °C during the mid-future under the SSP2-4.5
scenario, whereas the SAH domain will record an increase of TXx at 1 °C to 2 °C relative to
the baseline period (Figures 6a and 10a). Changes projected to the end of the century under
the same scenario show an increase in TXx over SAH of 2 °C to 3 °C, while MED warms
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by 3 °C to 5 °C (Figures 7a and 10a). Obviously, under the SSP5-8.5 scenario, a significant
upsurge in TXx during mid-century is projected over SAH at 2 °C to 3 °C and MED at 4 °C
to 8 °C compared to 1995-2014 TXx values (Figures 8a and 10a). It is evident that the region
will experience stronger warming towards the end of the century relative to the baseline
period, with expected TXx projected to be at 4 °C to 6 °C over SAH and 6 °C to 10 °C over
MED (Figures 9a and 10a). Generally, scenario comparison reveals substantial warming
under the SSP5-8.5 scenario as compared to the SSP2-4.5 scenario. Moreover, towards the
end of the century, the TXx will be most likely to affect the MED region as compared to the
SAH region.
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Figure 7. Same as Figure 6, but for the period 2071-2100.

Considering the changes in the annual maximum value of the daily minimum tem-
perature (TNx) under different scenarios and timescales, these also show distinct changes.
Under the SSP2-4.5 scenario, a notable increase in TNXx is projected to occur over the MED
by 1 °C to 3 °C as compared to SAH, which will experience slight changes at —2 °C to
0 °C in most parts during mid-century (Figures 6b and 10b). However, in the far-future, a
persistent higher increase in the warmest nights is projected to occur over MED at 2 °C to
5 °C compared to SAH at 0 °C to 2 °C (Figures 7b and 10b). Interestingly, some regions in
SAH, such as areas covering Libya and Mauritania, will experience less changes in TNx
during the mid- and far-future relative to the baseline period (Figures 6b, 7b and 10b).
Analysis of projected changes under a high emission scenario during the 2041-2070 period
compared to 1995-2014 shows similar patterns in SSP2-4.5, but with a more intense increase
in TNx at 3 °C to 6 °C (Figures 8b and 10b). The changes will further surge towards the
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end of the century, increasing from 6 °C to 10 °C (Figures 9b and 10b). Eventually, future
changes over SAH show uniform warming during the far-future with an increase in TNx of
2 °C to 4 °C (Figures 9b and 10b) as compared to mid-century, ata 1 °C to 2 °C increment
relative to the historical period (Figures 8b and 10b).
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Figure 8. Projected changes in extreme temperature from multi-model ensemble mean CMIP6 GCMs
bias-adjusted data during the mid-future (2041-2070) relative to the baseline period (1995-2014) for
the SSP5-8.5 scenario. The indices reflect the intensity (TXx, TNx, TXn and TNn) (a-d), frequency
(TX90p, TN90p, TX10p, and TN10p) (e-h) and duration (SU and WSDI) (i,j) of the extreme events.

The changes in the annual minimum value of daily maximum temperature (TXn) and
the annual minimum value of daily minimum temperature (TNn) demonstrate a diverse
variation during the mid- and far-future under SSP2-4.5. However, uniform changes are
projected under the SSP5-8.5 scenario for both timelines under consideration. For example,
under SSP2-4.5, most parts of the MED region will record an increase in TXn and TNn
during the mid-century at 1 °C to 3 °C, while over SAH, only southern parts will experience
an increase in TXn at 1 °C to 3 °C (Figure 6¢,d and Figure 10c,d). Similar changes are noted
during the far-future for TXn, although a slight increase is projected for TNn over SAH
at1°Cto 2 °C and for MED at 1 °C to 3 °C (Figure 7c,d and Figure 10c,d). Meanwhile,
changes in TXn and TNn under the SSP5-8.5 scenario show robust changes both for the
mid-future and far-future, respectively (Figure 8c,d, Figure 9¢,d and Figure 10c,d). For
instance, during the 2041-2070 period, TXn is expected to increase by 2 °C to 4 °C over
SAH and 1 °C to 3 °C over MED, whereas TNn is expected to increase by 2 °C to 7 °C
over MED and 2 °C to 4 °C over SAH (Figure 8c,d). Robust and intense TNn changes are
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projected towards the end of the century over MED at 3 °C to 9 °C, and 4 °C to 6 °C over
SAH (Figures 9d and 10d).
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Figure 9. Same as Figure 8, but for the period 2071-2100.

In general, projected changes in temperature extremes over MED and SAH agree with
previous studies that were based on CMIP5 or RCMs over the same study domain [44,67-71].
The evidence from the aforementioned studies indicated an increase in the intensity and
frequency of hot extremes and a decrease in cold extremes. Likewise, the present study
projects the highest increase in temperature extremes towards the end of the century under
a high emission scenario as compared to mid-century or under a modest mitigation scenario.
In fact, the projected changes in the warmest nights (TN90p; Figures 9f and 10f) will be
higher than the warming in the warmest days (TX90p; Figures 9e and 10e). Conversely, a
sharp decline in cold days (TX10p; Figures 9g and 10g) and cold nights (TN10p; Figures %h
and 10h) is projected to occur during the mid-century and far-future in both the SSP2-4.5
and SSP5-8.5 scenarios. Simultaneously, the duration indices (SU and WSDI; Figure 9i,]
and Figure 10i,j) equally show robust changes over MED as compared to SAH during
2041-2070 and 2071-2100 under the SSP5-8.5 scenario. This shows that the region will be
a climate change hotspot with areas that were previously cooler warming up. This will
expose the population, ecosystem, and built infrastructure to excessive heatwaves and
thermal discomfort.
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Figure 10. Time series of projected extreme temperature anomalies spatially averaged over the study
domain for SSP2-4.5 (blue) and SSP5-8.5 scenario (red). The anomaly is calculated relative to the mean
of baseline period. The green and purple dotted lines indicate the mid- (2041-2070) and far-future
period (2071-2100), respectively. The blue and red shadings are the corresponding model spread
about the MME.

3.3.2. Projected Trends

Figures 11-14 show annual spatial trends temperature indices for the periods 2041
to 2070 and 2071-2100 compared to the baseline (1995-2014). The analyses are based on
the CMIP6-MME under the SSP2-4.5 and SSP5-8.5 scenarios. A summary of statistical
trends analysis indices is presented in Table 3. It is evident that the region will experience
statistically significant increasing trends in TXx, TNx, TX90p, TN90p, SU and WSDI in both
timelines and scenarios (Table 3). On the other hand, TXn and TNn depict insignificant
increasing trends during the mid- (0.01-0.06/ year) and far-future (0.01-0.08/year) under the
SSP2-4.5 scenario (Figures 11c,d and 12¢,d). Interestingly, TNx is most pronounced in areas
over Egypt, the southern section of Libya and Algeria at a (Z = 3.25) significant level during
the far-future under the SSP5-8.5 scenario (Figure 14b, Table 3). Conversely, TX10p and
TN10p reveal significant decreasing trends (—0.01 to —0.12/year) over the study region in
both timescales and scenarios under consideration (Figures 11g,h, 12g,h and 13g,h). Spatial
trends for TXx and TNx depict robust changes over MED under the SSP2-4.5 scenario during
the mid-future with a positive significant trend (Z = 3.39) and far-future (Z = 3.18), while
uniform positive trends are experienced under the high emission scenario during the two
time periods (Figures 13a,b and 12a,b). Projected trends in warmest days (TX90p) and
warmest nights (TN90p) across the entire domain during the mid- and far-future timescales
depict strong significant positive trends (0.4-1.2/year) under the SSP5-8.5 scenario. For
instance, TX90p and TN90p will increase during the mid-century in the range of Z = 3.96 to
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Z =4.17 over the region under SSP2-4.5 scenarios relative to the baseline period (Table 3;
Figure 11e,f). It is interesting to note that the TX90p and TN90p exhibit robust trends
towards the end of the century under the SSP2-4.5 scenario as compared to the mid-future
(Figure 13e,f). Remarkably, trends in the count of annual days where the TX is above 25 °C
is projected to increase significantly during mid- and far-future under SSP5-8.5 scenario
over MED and SAH at 0.8/year; Z = 5.03 and 0.2/year; Z = 5.03, respectively, relative to
baseline period in both two timescales (Table 3). The duration of warm spells is projected
to increase significantly over the SAH region compared to the MED, with a high upsurge
during mid-future (Z = 5.99) and further intensification towards the end of the century at Z
= 6.07, a significant level (Figure 14j; Table 3). Previous research [72] projected a hotter and
drier North Africa if GHG concentrations rise significantly above pre-industrial levels. This
is due to the fact that GHG radiative forcing will induce more warming in the northern
hemisphere than in the southern hemisphere [73]. The findings of the present study agree
with the past studies based on EURO-CORDEX models that remarked on the changes in
maximum temperature that will exceed the present value of TXx by more than 10%, with
the most affected regions by the thermal increase being Southern Europe and the MED
locales in the late twenty-first century [71].
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Figure 11. Spatial trends of extreme temperature from the multi-model ensemble mean of CMIP6
GCMs bias-adjusted data for the mid-future (2041-2070) relative to the baseline period (1995-2014)
for the SSP2-4.5 scenario. The indices reflect the intensity (TXx, TNx, TXn and TNn) (a-d), frequency
(TX90p, TN90p, TX10p, and TN10p) (e-h) and duration (SU and WSDI) (i,j) of the extreme events.
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Figure 12. Same as Figure 11, but for the far-future (2071-2100).

Table 3. Modified Mann-Kendall Z values for significance test of various temperature indices during
mid-future (2041-2070) and far-future (2071-2100) under SSP2-4.5 and SSP5-8.5 over SAH and MED
region. The bold denotes significant trends at a 95% confidence level. The asterisk (*) denotes
significant at a 99% confidence level.

MME TXx TNx TXn  TNn TX9p TN9p TX10p TN10p  SU WSDI
SSP2-45Mid  3.39 3.25 0.89 1.25 417 396 —275 —228 378 4

SAH SSP2-4.5 Far 3.18 3.28 1.68 1.96 2.82 339 —243 —157 253 3.1
SSP5-85Mid ~ 517*  528*  2.78 285  585* 557* —425 —41  503*  599*

MED SSP5-8.5 Far 56*  553* 371 417 6.17 61  —467 —414 585*  6.07*
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Figure 13. Spatial trends of extreme temperature from the multi-model ensemble mean of CMIP6
GCMs bias-adjusted data for the mid-future (2041-2070) relative to the baseline period (1995-2014)
for the SSP5-8.5 scenario. The indices reflect the intensity (TXx, TNx, TXn and TNn) (a-d), frequency
(TX90p, TN90p, TX10p, and TN10p) (e-h) and duration (SU and WSDI) (i,j) of the extreme events.

3.3.3. Uncertainty in Projected Annual Temperature Extremes

Analysis was carried out to characterize the projected changes in temperature extremes
during the twenty-first century to examine the regional response in the CMIP6 models
under the two SSPs. Figures 15 and 16 show projected changes in temperature extremes
averaged over MED and SAH, respectively. Projected changes in various temperature
indices show noticeably clear changes during the mid- and far-future, and also under
different scenarios examined. However, TNx and TN10p show a noticeably larger spread
under the two scenarios over the study region (Figures 15b,h and 14b,h). Strong evidence
of change in TXx and TNXx is demonstrated under SSP5-8.5 as compared to the SSP2-4.5
scenario (Figures 15a,b and 16a,b). For example, TXx is projected to reach 41.2 °C in
the mid-future under SSP2-4.5, but will increase to 41.6 °C under SSP5-8.5 relative to
the baseline temperature of 39.6 °C. No substantial difference was observed in TX10p
and TN10p during the two-time period and under different scenarios in the current study
(Figures 15g,h and 16g,h). In both cases, they reveal a declining tendency from the historical
period at 11% to 2.5% (1%) for the mid (far-future) and under SSP2-4.5(8.5), respectively. The
duration index of WSDI exhibits a sharp increase during the far-future in both scenarios
(150 days relative to 5 days during the historical period). On the other hand, the SU
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indicates declining patterns during the mid-future (196 days compared to 216 days during
the historical period) under the SSP2-4.5 scenario (Figure 15i). When the results (Figures 15
and 16) for the SSP2-4.5 (8.5) are compared, it can be seen that the changes under the
worst scenario for TXn, TNn, TX90p, TN90p, and WSDI show a distinct upward increment
relative to the baseline period, whereas the indices of TX10p, TN10p, and WSDI show a
sharp decline over the study domain. These results suggest that the region will experience
a high increase in the intensity, duration, and frequency of hot extremes. In contrast, the
cold extremes will generally decrease over the entire study area.
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Figure 14. Same as Figure 13, but for the far-future (2071-2100).
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Figure 15. Projected changes in extreme temperature spatially averaged over the study domain
during the mid- (2041-2070) and far-future (2071-2100) relative to the baseline period (1995-2014) for
the SSP2-4.5 scenario. The indices reflect the intensity (TXx, TNx, TXn and TNn) (a-d), frequency
(TX90p, TN90p, TX10p, and TN10p) (e-h) and duration (SU and WSDI) (i,j) of the extreme events.
For each box plot, the horizontal line represents the median and central uncertainty range of the
temperature index across the CMIP6 MME. The whiskers extend to the 10 and 90% uncertainty range.
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Figure 16. Same as Figure 15, but for the SSP5-8.5 scenario.
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4. Discussion

This study evaluates future changes in temperature extremes in a region that is con-
sidered a global hotspot using bias-adjusted CMIP6 models, according to the IPCC [5]
report. The choice of CMIP6 models was informed by the robust improvement in many of
the models’ features relative to the predecessor, CMIP5 models. In comparison with the
previous generation (i.e., CMIP5, [74]), CMIP6 [45] includes more comprehensive global
climate models with generally new physical processes, improved parameterization, and
higher resolution, which is anticipated to yield a better capability of representing real
climate systems. Evaluating the “added value” of CMIP6 models relative to CMIP5 models
in global and regional climate modeling has shown robust performance in replicating the
climate features [75-79].

Although previous studies have contributed to a certain level of understanding of
future changes in extreme temperatures in MED [67,69,80,81] and SAH [2,81,82], the men-
tioned studies are mainly based on idealized pre-set emission scenarios of representative
concentration pathways that do not account for the socioeconomic pathways that remain of
key concern to the leadership and scientific community. Most of the mentioned studies are
based on CMIP5 GCMs, with a few studies employing CMIP6 GCMs [49,66,83]. However,
the aforementioned studies did not conduct “bias-adjustment” in the CMIP6 models prior
to the projection studies of mean and/or extreme temperature events. Moreover, the in-
formation pertaining to models’ performance in reproducing present-day extreme climate
events has not been well assessed in most of the above results over the study domain.
Therefore, this study evaluated the overall performance of CMIP6 models in simulating
extreme temperatures over the MED and SAH regions. We further quantify future changes
in extreme temperature events under SSP2-4.5 and SSP5-8.5 scenarios based on simulation
of a set of CMIP6-MME GCMs.

On the question of conducting bias-adjustment to the CMIP6 models prior to building
an ensemble mean for projection analysis, this study established the robustness of employ-
ing the algorithm for bias-correction to climate models. Previous studies [21,84,85] noted
that most of the uncertainty in the models comes from different emission scenarios, model
imperfections, or natural internal variability, which is intrinsic to the climate system. There-
fore, for accurate projections devoid of listed uncertainty, it is imperative to pre-process
the model’s outputs by subjecting them to statistical downscaling with the aim of minimiz-
ing biases. Consequently, a number of studies, e.g., [34-36], have attempted to compare
different statistical downscaling algorithms suitable for robustly minimizing the biases.
The conclusion of the aforementioned studies noted the use of the quantile mapping bias
technique as the most effective in reducing the biases in both temperature and precipitation.
Results of model evaluation based on ECDFs and subsequent bias minimization (Figure 3)
demonstrate the effectiveness of the process prior to projection analysis. The results agree
with those of Iyakaremye et al. [49] that equally employed bias minimization algorithms for
model improvement prior to conducting future changes over the entire African continent.

Comparative analysis across the two timescales considered and the two scenarios
(SSP2-4.5 and SSP5-8.5) shows that the magnitude of the change in intensity (duration)
index of TN90p (WSDI) will be stronger and last longer over the region as compared
to other indices (i.e., TX90p and SU). This shows that the region will experience intense
occurrences of higher warming at night and the longest warm spell duration. This is likely
to impact adversely on health, energy, water supplies, and agriculture if effective adaptation
measures are not put in place. The findings agree with recent existing studies [66,71,86].

Interestingly, no noticeable change was observed in cool days and cool nights (TX10p/
TN10p) between the mid- to far-future and under the SSP2-4.5(8.5) scenario over the study
region (Figure 10g,h). The results project a persistent reduction in cold extremes indices
and an upward trajectory of warming extremes across the entire domain in both the mid-
and far-future, and with strong pronouncements in high emission scenarios during the
far-future. This is in agreement with the findings of related studies [10,44,66,87]
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The findings of the current study are consistent with the IPCC AR®6 [5]. This report
corroborates with high confidence the idea of unequivocal anthropogenic warming of
the atmosphere, ocean, and land, thus contributing to widespread and rapid change in
the whole climate system. In fact, the AR6 pointed out that with every additional global
warming, changes in extremes will continue to become larger. For instance, every additional
0.5 °C of warming will lead to significant increases in the intensity and frequency of hot
extremes, including heatwaves, heavy precipitation, as well as agricultural and ecological
droughts. This resultant impact of the projected extremes over MED and SAH will likely
contribute to a more significant deficit of soil moisture. This will significantly reduce the
latent heat exchange between the soil and lower atmosphere as an effective mechanism
for cooling the high surface temperature. This will lead to more heatwaves and potential
recurrent droughts, threatening food security and thermal comfort. This calls for urgent
policy reorientation to put in place measures that will ensure that population and other
ecological support systems are safeguarded from the brink of loss and damage. Further
work is required to quantify the population’s exposure to the compound extremes of
heatwaves and drought as a basis to further understand the evolution of extreme events in
the MED and SAH regions.

5. Conclusions

This study employed a multi-model mean ensemble of twenty-three bias-adjusted
CMIP6 models in assessing the changes in extreme temperature events over the MED and
SAH regions during 2041-2070 and 2071-2100, relative to the 1995-2014 climate. Moreover,
the future changes were assessed based on the computation of anomaly, trend magnitude,
and uncertainties based on box-and-whisker plot diagrams. Thus, the main findings of this
study are:

(i) The GCMs before correction show that around 90% of temperature data depict cold
biases, while 10% (i.e., MIROC-ES2L and MIROCS6) show large warm biases of >15 °C.
However, after correction using quantile mapping, all models including the mean
ensemble demonstrate satisfactory distribution similar to the observation, thus reaf-
firming the effectiveness of technique prior to conducting impact analyses.

(ii) Projected changes in temperature extremes show that the region will experience the
highest increase in temperature extremes towards the end of the century under a high
emission scenario as compared to mid-century or under a modest mitigation scenario.
For instance, TXx, TNX, and TNn depict strong warming over MED compared to
SAH during the far-future under the SSP5-8.5 scenario. The projected changes in
the warmest nights, TN90p, will be stronger and more impactful as compared to the
warmest days, TX90p. Conversely, a sharp decline in cold days (TX10p) and cold
nights (TN10p) is projected to occur during mid-century and far-future in both the
5SP2-4.5 and SSP5-8.5 scenarios. Simultaneously, the duration indices (SU and WSDI)
equally show robust changes over MED as compared to SAH during 2041-2070 and
2071-2100 under the SSP5-8.5 scenario.

(iii) Itis evident that the region will experience statistically significant increasing trends in
TXx, TNx, TX90p, TN90p, SU and WSDI during both the mid- and far-future under
the SSP2-4.5 and SSP5-8.5 scenarios. Conversely, TX10p and TN10p reveal statistically
significant decreasing trends (—0.01 to —0.12/year) over the study region in both
timescales and scenarios under consideration. Spatial trends for TXx and TNx depict
robust changes over MED under the SSP2-4.5 scenario during the mid-future with a
significant positive overall trend and in the far-future with uniform positive trends
under the high emission scenario during the two time periods. Overall, these results
suggest that the region will experience a high increase in the intensity, duration, and
frequency of hot extremes, while the cold extremes will generally decline over the
entire study area.
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