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Abstract: In this study, the latest release of all available Coupled Model Intercomparison Project Phase
6 (CMIP6) climate models with two future scenarios of Shared Socio-Economic Pathways, SSP2-4.5
and SSP5-8.5, over the period 2015–2100 are utilized in diagnosing climate extremes in Türkiye.
Coarse-resolution climate models were downscaled to a 0.1◦ × 0.1◦ (~9 km) spatial resolution using
the European Centre for Medium-Range Weather Forecasts Reanalysis 5-Land (ERA5-Land) dataset
based on three types of quantile mapping: quantile mapping, detrended quantile mapping, and
quantile delta mapping. The temporal variations of the 12 extreme precipitation indices (EPIs) and
12 extreme temperature indices (ETIs) from 2015 to 2100 consistently suggest drier conditions, in
addition to more frequent and severe precipitation extremes and warming temperature extremes in
Türkiye, under the two future scenarios. The SSP5-8.5 scenario indicates more severe water stress
than the SSP2-4.5 scenario; the total precipitation decreases up to 20% for Aegean and Mediterranean
regions of Türkiye. Precipitation extremes indicate a decrease in the frequency of heavy rains but
an increase in very heavy rains and also an increasing amount of the total precipitation from very
heavy rain days. Temperature extremes such as the coldest, warmest, and mean daily maximum
temperature are expected to increase across all regions of Türkiye, indicating warming conditions
by up to 7.5 ◦C by the end of the century. Additionally, the coldest daily maximums also exhibit
higher variability to climate change in the subregions Aegean, Southeastern Anatolia, Marmara,
and Mediterranean regions of Türkiye while the mean daily maximum temperature showed greater
sensitivity in the Black Sea, Central Anatolia, and Eastern Anatolia regions.

Keywords: CMIP6; quantile mapping; ERA5-Land; extreme indices; bias correction

1. Introduction

Several climatic events such as floods, droughts, fires, and heatwaves have been
encountered as a result of global warming and climate change [1–5]. There is a scientific
consensus that climatic change and global warming exacerbate the duration, intensity,
and frequency of extreme events, which adversely impact different socio-economic sectors
worldwide [6–9]. Furthermore, these climate extremes, which are more sensitive to climate
change compared with the average climate, are a top global risk [10]. CRED [11] reports
that over the past two decades, extreme temperature events have contributed to 13% of
disaster-related human mortality worldwide, while floods have affected 1.65 billion people
and droughts have affected 1.45 billion people [9].

On a global scale, previous studies revealed that the intensity and frequency of ex-
treme events have increased, and this increase is expected to continue [10,12–14]. However,
extreme precipitation events are not spatially consistent so exhibit robust spatial variability
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while temperature extremes generally exhibit consistent behavior, especially for the fre-
quency, with the global-scale changes [15–17]. Therefore, different regional scales reveal
different change patterns in extreme climate events, and these variations by region lead to
impacts that vary spatiotemporally [6,10,18].

Considering the existing trends of the climate, both moderate- and high-emission
scenario results reveal that existing trends will likely persist throughout the 21st century [19].
As variations in climate extremes cause significant socioeconomic impacts [3,20], exploring
the changes in climate extremes at the global, regional, and local scales is a major subject
to be carefully considered [21,22]. The Expert Team on Sector-specific Climate Indices
(ET-SCI) was formed by the World Meteorological Organization (WMO)’s Commission
for Climatology (CCl) for developing several climate indices that can be used for various
sectoral applications such as water resources, agriculture, or energy [23–26].

As a centralized and global initiative, the Coupled Model Inter Comparison Project
(CMIP) was established to better understand climate changes from the past to the future
with the participation of relevant organizations around the world. The initiative has
developed several climate models to investigate the predictability of the climate system and
to make predictions based on the observed climate [27,28]. The latest phase (Phase 6) of the
CMIP, known as CMIP6, is expected to introduce significant advancements compared to its
predecessor, CMIP5. These enhancements are attributed to the quantification of radiative
forcing, including natural and human-induced factors, the integration of aerosol and land-
use effects, and other factors [29,30]. The Köppen–Geiger classification was compared using
CMIP5 and CMIP6 data by Bayar [31] and the differences between them were investigated;
it was revealed that CMIP6 would have more changes in climate classes due to its warmer
predictions. Although CMIP6 is a relatively new phase, the application of those newest
projections has gained increasing interest [32–34]. Regarding the performance of the CMIP6
and CMIP5 over their study regions, these studies produced varied results. For example,
Bağcaci et al. [29] indicated that CMIP6 models perform better than CMIP5 models when
they evaluated the changes in precipitation and near-surface temperature in Türkiye. The
outperforming CMIP6 results necessitate the re-evaluation of the consequences of impact
studies with sector-specific climate indices using the most recent climate data for Türkiye.
Even with the outperforming CMIP6 models available, it is not an easy process to assess
the impact of climate change on local hydrometeorological extremes. This difficulty mainly
arises due to the uncertainty in obtaining information from global coarse-resolution models
and transforming those into the local scale [35], which is also the subject of this research.

Considering the improvement in the global climate models’ (GCMs) output perfor-
mance regionally or locally, extensive research on statistical downscaling, bias correction
methods, and their applications related to hydrometeorological impact studies have been
carried out. In the bias correction and downscaling process of CMIP6 GCM model data,
which will also be used in this study, quantile mapping (QM), quantile delta mapping
(QDM), and detrended quantile mapping (DQM) methods will be used. These methods are
known to perform better in representing extreme precipitation and changes in temperature
in the current literature [36–38]. The bias correction applications that rely on statistical
approaches mainly employ the observed or modeled high-accuracy historical data to obtain
a reference distribution and relationship for the model projections. Furthermore, horizontal
resolution is a very important aspect in the accurate simulation of the spatial and temporal
evolution of the climatological variables. According to Hersbach et al. [39], reanalysis
generates seamless and consistent maps of fundamental climate variables and a logical
portrayal of fundamental Earth system cycles by skillfully combining observations and
models. The newly represented European Centre for Medium-Range Weather Forecasts
(ECMWF) Reanalysis ERA5-Land datasets were used as historical references for the bias-
correction process for many studies. ERA5-Land’s temporal resolution is hourly, and the
horizontal resolution is 9 km [40].

The Mediterranean region in the globe as a climatic hotspot shows a significant
decrease in precipitation and a progressive increase in temperature detected through
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the climate projections [29,41–45]. Tuel and Eltahir [43] noticed a decrease in winter
precipitation, which could reach up to 40% locally in the region. Driouech et al. [44] studied
the Middle East and North Africa (MENA) region and projected drying in the north-west
and moistening in the north-east side of the Mediterranean region. Moreover, expected
warming by 0.2 ◦C to 0.5 ◦C per decade over land was also found in the study. As one
of the most vulnerable countries in the Mediterranean, Türkiye is expected to experience
severe warming and drying and needs critical assessment regarding climate change and its
extremes [29,46].

Severe warming and drying risks of an increasing magnitude are becoming more likely
in Türkiye [29,47–49]. Studies also revealed the possibility of warming winters, especially
in the mountainous regions of Eastern Anatolia of Türkiye [50–52]. Yucel et al. [52] also
indicated significant temperature increases (an average of 1.3 ◦C across the selected stations)
from 1970 to 2010 in eastern Anatolia, Türkiye. Moreover, Aziz et al. [53] investigated
CORDEX ensemble model results throughout Türkiye considering the nonstationary im-
pacts and argued that minimum and maximum temperature extremes will occur with
higher magnitudes with up to 10 ◦C and 4 ◦C, respectively, and less recurrence time accord-
ing to climate projections under a high-emission scenario. Ozturk [49] found that about
7 ◦C warming is expected for the maximum temperatures over the Mediterranean region
with increasing summer extreme temperatures being likely. Furthermore, Todaro et al. [45]
showed that the Konya area in Turkey has warmed up with an annual temperature increase
of 0.5 ◦C/decade in the period 1976–2005 and will face a significant drought effect based on
the increasing maximum consecutive dry days compared to the reference period (58 days)
with 75 days under the RCP4.5 scenario and 93 days for the RCP8.5 scenario. Additionally,
Sensoy et al. [54] conducted a study on the extreme climate indices across 109 stations
in Turkey from 1960 to 2010. Their findings revealed an increase in heavy precipitation
days for most of the stations, excluding those in the southeastern Anatolia and Aegean
regions. Additionally, the majority of stations experienced an upward trend in maximum
1-day precipitation, except for the southeastern Anatolia region. In their study, Abbasnia
and Toros [55] analyzed the extreme temperature and precipitation indices for a total of
71 meteorological stations in Turkey, including both coastal and non-coastal regions, over
the period of 1961 to 2016. The findings of the study indicated that there will be a shift in the
precipitation extremes towards shorter-duration but higher-intensity rainfalls. Society will
be impacted in various ways by changes in the behavior of the climate and the frequency,
duration, and intensity of extreme events across the country. Extreme temperature values
are associated with cold waves and heat waves, higher mortality rates, and forest fires
while extreme precipitation is associated with flooding and its destructing consequences.
Accordingly, investigation of the change in temperature and precipitation extremes (via
ETI and EPI) is necessary in the framework of climate change. Therefore, it is important
to address climate variables and indices in detail in order to understand this change and
mitigate its effects. This study distinguishes itself from others by utilizing a variety and
abundance of climate indices generated using the most recent climate models released, and
it is important for conducting a thorough examination of the entire country.

The aims of this study are as follows: (1) to investigate the ability of the new generation
of climate models (CMIP6) to simulate mean and extreme precipitation and air temperature
via downscaling, (2) to analyze the performance of three statistical downscaling methods
considering the climatological extremes, and (3) to reveal the change in the extreme indices
based on the GCM projections in Türkiye under SSP2-4.5 and SSP5-8.5 emission scenarios
for the near-future (2015–2040), mid-21st-century (2041–2070), and far-future (2071–2100)
periods using an ensemble mean approach for the outperformed models. In this study,
bias-corrected and downscaled (BC) CMIP6 GCM datasets were constructed based on the
ERA5-Land dataset using three statistical downscaling methods: QM, DQM, and QDM.
The bias-corrected high-resolution datasets were then used to produce the selected ET-SCI
indices in Türkiye for every 0.1◦ × 0.1◦ (~9 km) reference (ERA5-Land) grid.
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2. Materials and Methods
2.1. Study Area

Türkiye is located mainly on the Anatolian Plateau in Western Asia. The country’s
coordinates are 36–42◦ north latitude and 26–45◦ east longitude (Figure 1). Türkiye is
bordered by the Mediterranean Sea to the south, the Aegean Sea to the west, and the Black
Sea to the north. The total area of the land is 783,562 km2. A temperate Mediterranean
climate is dominant for the country, but there is a complex topography with highly elevated
mountainous regions and the impact of the sea that leads to a variety of climatic conditions
such as dry mid-latitude steppes, temperate continental, and oceanic climates. Coastal
areas experience milder climates, while mountainous areas such as the Taurus and North-
ern Anatolia position parallel to the sea prevent marine effects from diffusing to inland
parts [56]. This results in limited rainfall and continental climatic conditions for the interior
region with cold winters and hot, dry summers [57].
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Figure 1. Study area.

Rainfall and temperature patterns in Türkiye also present distinct features over the
region. The eastern coast of the Black Sea region receives the highest amount of rainfall with
over 2200 mm of annual rainfall, while central Anatolia in Türkiye receives approximately
400 mm of annual rainfall. Higher temperatures are experienced at the Mediterranean and
Aegean coasts, the southern and southeastern parts of Türkiye, throughout the year com-
pared to other parts of the country. The highest and lowest annual average temperatures are
21.3 ◦C (1962) and −0.2 ◦C (1960), respectively, which were measured in the Mediterranean
Region (Hatay-İskenderun) and Eastern Anatolia Region (Kars-Sarıkamış) [29]. Overall,
the annual average temperature is 13.9 ◦C and the precipitation value is 573.4 mm for the
1991–2020 period in Türkiye [58].

2.2. Data
2.2.1. ERA5-Land

In this study, ECMWF’s (ERA5-Land) dataset, a reanalyzing dataset for global climate
and past weather [40], will be used as historical reference data. The ERA5-Land dataset
provides data that are available for 2–3 months from 1950 to today. ERA5-Land provides
hourly high-resolution information on surface variables. The data have a grid range of
~9 km [59], which is obtained as a result of reworking the terrain component of ERA5
climate re-analysis with a higher spatial resolution. Reanalyzing combines model data
with observations collected from all over the world using the laws of physics to create a
complete and consistent dataset globally. ERA5-Land is a customized variant of ERA5 data
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on land parts. The biggest difference from the original is that the horizontal resolution is
presented as 0.1◦ × 0.1◦ instead of 0.25 × 0.25. This difference makes it possible to work on
more precise scales. Temporal resolution is hourly, as in ERA5. This dataset will be used to
downscale precipitation and temperature results from CMIP6 global climate models and to
determine the performance of GCMs.

2.2.2. CMIP6 Global Climate Models

In this study, future climate projections will be taken from the most up to date CMIP6
global climate models. The aim of the CMIP is to better understand past, present, and future
climate changes caused by natural variability or climate change due to changes in radiation
coercion in a multi-model context. Using idealized experiments, with the participation
of relevant investigative organizations around the world, in addition to long timescale
changes, it investigates the predictability of the climate system at various time and space
scales and makes predictions based on observed climate situations. An important goal of
CMIP is to make multi-model outputs public in a standardized format.

The sixth edition of the CMIP, CMIP6, demonstrates better performance compared
to its predecessor CMIP5 [31]. Determining the amount of natural or anthropogenic
irradiation, the inclusion of aerosol, and land-use effects are some of the reasons behind the
aforementioned performance [29,60–62].

To provide consistency and fair comparison a single ensemble member (named
rninpnfn, where r is for realization, i is for initialization, p is for model physics, and f
is for forcing) approach was used and the outputs of the GCMs were selected from the
ensemble member of r1i1p1f1 as much as possible in this study.

The names of the GCM models and data availability (historical, SSP2-4.5, SSP5-8.5) of
CMIP6 models for variables (precipitation (pr), daily maximum temperature (tasmax), and
daily minimum temperature (tasmin)) are referred in the Table 1.

Table 1. CMIP6 models employed in the study with their respective variable and scenario.

Model
Pr Tasmax Tasmin

Hist SSP Hist SSP Hist SSP

2-4.5 5-8.5 2-4.5 5-8.5 2-4.5 5-8.5

ACCESS-CM2 (Australia) X X X X X X X X X
ACCESS-ESM1-5 (Australia) X X X X X X X X X
AWI-CM-1-1-MR (Germany) X X X X X X X X X
AWI-ESM-1-1-LR (Germany) X X X

BCC-CSM2-MR (China) X X X
BCC-ESM1 (China) X X X

CAMS-CSM1-0 (China)
CanESM5 (Canada) X X X X X X X X X

CanESM5-CanOE (Canada)
CESM2 (USA) X

CESM2-FV2 (USA) X
CESM2-WACCM (USA) X X X

CESM2-WACCM-FV2 (USA)
CIESM (China)

CMCC-CM2-HR4 (Italy) X
CMCC-CM2-SR5 (Italy) X X X

CMCC-ESM2 (Italy) X X X X X X X X X
CNRM-CM6-1 (France) X X X X X X X X X

CNRM-CM6-1-HR (France) X X X X X X X
CNRM-ESM2-1 (France) X X X X X X X X X

E3SM-1-0 (USA) X X X X X X
E3SM-1-1 (USA)
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Table 1. Cont.

Model
Pr Tasmax Tasmin

Hist SSP Hist SSP Hist SSP

2-4.5 5-8.5 2-4.5 5-8.5 2-4.5 5-8.5

E3SM-1-1-ECA (USA)
EC-Earth3 (Europe) X X X X X X X X X

EC-Earth3-AerChem (Europe) X X X
EC-Earth3-CC (Europe) X X X X X X X X X
EC-Earth3-Veg (Europe) X X X X X X X X X

EC-Earth3-Veg-LR (Europe) X X X X X X X X X
FGOALS-f3-L (China) X X X
FGOALS-g3 (China) X X X X X X X X X
FIO-ESM-2-0 (China)
GFDL-ESM4 (USA) X X X X X X X X X
GISS-E2-1-G (USA) X X X X X X X X X
GISS-E2-1-H (USA)

HadGEM3-GC31-LL (UK) X X X X X X X X X
HadGEM3-GC31-MM (UK) X X X X X X

IITM-ESM (India) X X X X X
INM-CM4-8 (Russia) X X X X X X X X X
INM-CM5-0 (Russia) X X X X X X X X X

IPSL-CM5A2-INCA (France) X
IPSL-CM6A-LR (France) X X X X X X X X X

KACE-1-0-G (Republic of Korea) X X X X X X X X X
KIOST-ESM (Republic of Korea) X X X X X X X X X

MCM-UA-1-0 (USA)
MIROC6 (Japan) X X X X X X X X X

MIROC-ES2H (Japan)
MIROC-ES2L (Japan) X X X X X X X X X

MPI-ESM-1-2-HAM (Switzerland) X X X
MPI-ESM1-2-HR (Germany) X X X X X X X X
MPI-ESM1-2-LR (Germany) X X X X X X X X X

MRI-ESM2-0 (Japan) X X X X X X X X X
NESM3 (China) X X X X X X X X X

NorCPM1 (Norway) X X X
NorESM2-LM (Norway) X X X X X X X X X
NorESM2-MM (Norway) X X X X X X X X X

SAM0-UNICON (Republic of Korea) X X X
TaiESM1 X X X X X X X X X

UKESM1-0-LL X X X X X X X X X

2.3. Methodology
2.3.1. Bias Correction of Climate Variables

Different techniques are widely used to downscale and reduce the consistent bias in
the mean and standard deviation of coarse-resolution climate model datasets. The ERA5-
Land datasets are used to bias correct and downscale the gridded CMIP6 climate model
data to a target resolution of 0.1 × 0.1 degree (approximately 9 km). In this study, the QM,
DQM, and QDM methods, which were proved to exhibit better performance with extremes,
were used. Bias-correction analyses were performed using R software version 4.2.2.

Quantile Mapping

QM is one of the most common methods used in the correction of the consistent
biases existing in gridded datasets [36,63–66]. This method is based on calibrating the
CDF of the target data to the CDF of reference data (e.g., calibrate the climate model data
CDF utilizing ERA5-Land CDF). The transfer function obtained during this calibration is
used to correct biases in the future predictions of the climate model. Studies have shown
that QM or CDF matching algorithms yield sufficient results for precipitation data [5,66];
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Chen et al. [67] showed that QM yielded more successful results than average-based bias
correction methods. The QM method is performed using the following equation:

x̂m,p(t) = F−1
o,h {Fm,h

[
xm,p(t)

]
} (1)

where xm,p(t) represents the climate model data at time (t), and Fm,h and Fo,h represent the
CDF of the CMIP6 model and the reference data, respectively.

Detrended Quantile Mapping

The DQM was proposed by Cannon et al. [36] and, unlike quantile mapping, contains
additional but limited information from climate model predictions in the form of the
projected mean. The climate change signal from DQM will often pair with that of the
underlying climate model, depending on how much extrapolation is still needed after
detrending. While this holds true for the mean, it may be insufficient to prevent trend
distortions at the extreme points of the distribution representing climate extremes.

x̂m,p(t) = F−1
o,h

Fm,h

−xm,hxm,p(t)
−
xm,p(t)


−
xm,p(t)
−
xm,h

(2)

In addition to quantitative mapping, the terms
−
xm,h and

−
xm,p(t) given in this equa-

tion are the averages of the modeled historical period and the forecast period p at time
t, respectively.

Quantile Delta Mapping

The quantile delta mapping technique was generated to correct the systematic bi-
ases while preserving the relative changes in the modeled quantiles of the variable under
study [36]. The bias-corrected value was obtained using the reference data and the relative
change term was obtained from the model data in the quantile delta mapping basic equa-
tion [68,69]. The difference in this method from the trendless quantile mapping method is
that all modeled quantiles are taken into account, not just the modeled mean.

x̂m,p(t) = x̂o:m,h:p(t) ∗ ∆m(t)

x̂o:m,h:p(t) = F−1
o,h
{

Fm,p
[
xm,p(t)

]}
(3)

∆m(t) =
xm,p(t)

F−1
m,h

[
F(t)

m,p
{

xm,p(t)
}]

In these equations, x̂o:m,h:p(t) represents the bias-corrected historical period data, and
∆m(t) represents the relative change in the model data over the historical and forecast
periods [36,68,69].

2.3.2. Performance Evaluation for Bias Corrected Data
Kolmogorov–Smirnov (K-S) Test

The performance of the bias correction techniques was first validated by selected
historical precipitation and temperature extreme indices. The 1961–1990 period was chosen
as the calibration period by using references for the QM, DQM, and QDM algorithms, and
then extreme indices were calculated over 1991–2014 for the validation period. For each
ERA5-Land grid, indices calculated before and after bias correction are compared by using
the Kolmogorov–Smirnov (K-S) test, which is based on the comparison of distributions
between the historical reference (ERA5-Land) and model data with and without bias
correction. The null hypothesis postulates that the two samples are derived from an
identical distribution. A diagnostic evaluation is performed at a grid cell to determine if the
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model meets the criteria. The diagnostic test is considered successful if the null hypothesis
is not rejected, meaning that none of the quantiles of the modeled distribution fall beyond
the 99% confidence interval of the historical reference quantiles, as indicated by studies
conducted by Bürger et al. [70] and Cannon et al. [36].

Multi-Model Ensemble Weighted Average

The multi-model ensemble average (MMEA) is a commonly used approach in climate
modeling studies to handle the uncertainties and biases stemming from GCMs [71,72].
Although there is no scientific consensus for determining the number of GCMs involved in
analyses, studies reveal that the first 3 to 10 GCMs are commonly used in the multi-model
ensemble average (MMEA) [72]. However, some studies prefer to incorporate all available
GCMs without the need to rank [73], which can result in the poor performance of MMEA
because of the insufficient representation of the orography or boundary structure [29].
Moreover, the computational load increases with the increasing number of GCM members
in climate modelling studies when downscaling is applied. On the other hand, reasonable
weighting can make a considerable contribution to reducing the uncertainties derived by the
inter-model differences, to loss of signal and for projecting future changes. Consequently, it
is important to determine enough multi-model ensemble (MME) members in this approach.
Here, GCMs were selected for precipitation and temperature separately, based on the
multi-model ensemble weighted average, which were obtained based on the performance
evaluation analyses in this study. The models were assessed to determine the skill in
simulating climate extremes by the K-S test. The multi-model weighted ensemble average
is calculated by taking the average of the predicted values from each model, weighted by
the skill of each model in reproducing historical reference data. In other words, models that
are more accurate in reproducing reference data are given more weight in the ensemble
average, while less accurate models are given less weight. While the weighting can be
based on a variety of factors, in this study, the model’s ability to simulate extreme features
of interest was employed. The weighted average of the model outputs was then used to
obtain the ensemble average future results. All analyses were performed using R software
version 4.2.2 (R Foundation for Statistical Computing, Vienna, Austria).

2.3.3. Expert Team on Sector-Specific Climate Indices (ET-SCI)

The WMO formed an expert team on ET-SCI for developing extremes indices to
analyze the impact of climate extremes that are relevant to different sectors [24,26,74]).
These sector-specific extreme indices can be categorized into four groups: (1) absolute
indices, (2) threshold indices, (3) duration indices, and (4) percentile indices [75]. Absolute
indices represent a maximum or minimum value within a period while threshold indices
count the number of days when a temperature or precipitation value falls above or below
a selected threshold. Duration indices signify a warm, dry, or cold spell, and percentile
indices describe the rate of exceedance of a percentile, which is calculated based on a priorly
defined baseline period.

Table 2 summarizes the chosen 12 extreme temperature and 12 extreme precipitation
indices that are computed in this study. Indices were calculated for the historical period
using ERA5-Land, and for the future period using two SSP scenarios: selected and ensemble
GCMs. For clarity, the indices in Table 2 were grouped under five broad categories:
i. percentile-based indices, ii. absolute indices, iii. threshold indices, iv. duration indices,
and v. other indices. Indices are derived from daily maximum and minimum of near-surface
temperature and daily precipitation data (TX, TN, and PR).

Climpact software and R software (4.2.2) have been used to calculate the extreme
temperature and precipitation indices [24]. A flowchart that includes methodological
details regarding this study is shown in Figure 2.
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Table 2. The set of selected Climpact indices and their corresponding information [24].

Temperature Indices

Short Name Long Name Category Definition Units

FD Frost days Threshold Number of days when TN < 0 ◦C days
ID Ice Days Threshold Number of days when TX < 0 ◦C days
SU Summer days Threshold Number of days when TX > 25 ◦C days
TR Tropical nights Threshold Number of days when TN > 20 ◦C days

WSDI Warm spell duration
indicator Duration

Annual number of days contributing
to events where 6 or more consecutive
days experience TX > 90th percentile

days

CSDI Cold spell duration indicator Duration
Annual number of days contributing
to events where 6 or more consecutive
days experience TN < 10th percentile

days

TXx Max TX Absolute Warmest daily TX ◦C
TNn Min TN Absolute Coldest daily TN ◦C
TNx Max TN Absolute Warmest daily TN ◦C
TXn Min TX Absolute Coldest daily TX ◦C
TXm Mean TX Absolute Mean daily maximum temperature ◦C
TNm Mean TN Absolute Mean daily minimum temperature ◦C
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Table 2. Cont.

Precipitation Indices

Short Name Long Name Category Definition Units

CDD Consecutive Dry Days Duration Maximum number of consecutive dry
days (when PR < 1.0 mm) days

CWD Consecutive Wet Days Duration
Maximum annual number of
consecutive wet days (when

PR >= 1.0 mm)
days

R10 mm Number of heavy rain days Threshold Number of days when PR >= 10 mm days

R20 mm Number of very heavy
rain days Threshold Number of days when PR >= 20 mm days

R95p Total annual PR from heavy
rain days Percentile Annual sum of daily

PR > 95th percentile mm

R99p Total annual PR from very
heavy rain days Percentile Annual sum of daily

PR > 99th percentile mm

Rx1day Max 1-day PR Absolute Maximum 1-day PR total mm
Rx5day Max 5-day PR Absolute Maximum 5-day PR total mm

PRCPTOT Annual total wet-day PR Other Sum of daily PR >= 1.0 mm mm

R95pTOT Contribution from very
wet days Percentile 100 × r95p/PRCPTOT %

R99pTOT Contribution from extremely
wet days Percentile 100 × r99p/PRCPTOT %

SDII Daily PR intensity Other
Annual total PR divided by the
number of wet days (when total

PR >= 1.0 mm)
mm/day

3. Results
3.1. Performance and Validation of the Bias Correction Methods

The performance of the bias correction methods is first evaluated by applying the
bias correction algorithms to daily historical GCM outputs, deriving the 24 ET-SCI indices
from raw and bias-corrected data, and then checking to see if distributions of the 24 ET-
SCI precipitation and temperature extreme indices are consistent with historical reference
data-driven indices.

The distributions of the ET-SCI indices, both pre- and post-bias correction, are com-
pared to the distributions derived from historical reference data using the K-S test at a
0.01 significance level for each of the 9135 ERA5 Land grid cells in Turkey and approxi-
mately 40 models [36,70]. Subsequently, the proportion of grid cells passing K-S tests for
each index was calculated throughout Türkiye for all models, shown in Figures 3 and 4
for precipitation and temperature indices, respectively. In these figures, increasing values
from 0.00 (indicates no agreement) to 1.00 (indicates perfect agreement) demonstrate better
performance. For instance, the Rx1day index is calculated for 43 models in every single
ERA5-Land grid in Türkiye, then the K-S test is applied for every single index value, and
the proportion of the passing values are 0.546, 0.938, 0.973, and 0.975, respectively, for the
raw GCM, QM, DQM, and QDM methods.

K-S test results for the historical period are summarized in Figures 3 and 4 as heat
maps for both the raw GCM and bias-corrected output-driven indices. Over the validation
period, all three methods outperformed the raw GCM outputs according to the K-S test
for the 24 ET-SCI indices. Every single cell in Figures 3 and 4 consists of the entire Türkiye
and all models (~9135 grid × 40+ models). Among the bias correction algorithms, the
QDM exhibits slightly better performance than QM and DQM for the precipitation-based
extreme indices while we could not find a significantly superior method for the temperature-
based extreme indices. For instance, for the PRCPTOT, total precipitation indices, the raw
GCM performance is 0.31 (31% of grids have consistent raw GCM and ERA5 Land CDFs
during the independent validation period based on the K-S test at a 0.01 significance
level), while this ratio increases to approximately 0.94 for all three bias correction methods
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(Figure 3). Considering the temperature, 10 out of 12 indices revealed considerably better
performance with their bias-corrected values. Raw CSDI and WSDI indices on the other
hand did not exhibit any improvement compared to their bias-corrected values, 99% and
98%, respectively (Figure 4).
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The three quantile mapping algorithms were evaluated based on the reduction in the
K-S test statistic (D), which is the maximum difference between CDFs. The success rates of
the algorithms are presented in Figures 3 and 4. Although these algorithms were applied
to daily GCM data, the distributions of the ET-SCI indices were effectively corrected by
the quantile mapping approaches. The bias correction algorithms demonstrated stable
validation performance and showed remarkable improvements across variables. Generally,
all three algorithms proved to be robust and capable of correcting substantial systematic
biases in GCM representations of the ET-SCI indices throughout the historical simulation
period. While the methods were indistinguishable in terms of performance, we opted
to proceed with QDM, as it is consistent with and known to preserve the relative trends
projected by GCMs in the literature [36].

3.2. Performance of the GCM Models

Prior to evaluating future climate projections, it is common practice to assess the
accuracy of historical simulations produced by GCMs against reference data [5,76]. The
performance of the models was determined by deriving the 24 ET-SCI indices from daily
historical raw GCM outputs and then checking to see whether or not distributions of the
24 ET-SCI values are consistent with the relevant index values obtained utilizing ERA5-
Land as a reference dataset. The same methodology mentioned above was also used for
the model performance evaluation. Moreover, four indices (R95pTOT and R99pTOT for
precipitation, WSDI and CSDI for temperature) that have a significantly lower coefficient of
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variance have been excluded from the performance analyses due to a misleading increase
in model weights that will be used in the weighted multi-model ensemble.

Figures 5–7 illustrate the ability of CMIP6 models to simulate the near-surface (air)
temperature and precipitation in Türkiye from 1961 to 2014. As a whole, precipitation-
based index simulations of CMIP6 models outperform temperature-based simulations.
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Among CMIP6 models, the HadGEM and EC-Earth model family members have
better precipitation simulations, having the highest 6 ranking among 47 models (Figure 7).
Furthermore, EC-Earth models also perform better than other CMIP6 models in terms of
minimum temperature indices. On the other hand, there is not a significantly better model
family among the CMIP6 models for the maximum temperature-based indices; instead,
the top performer model is HadGEM3-GC31-MM, which is also the top model for the
precipitation. According to the results of the K-S test, SAM0-UNICON among the CMIP6
models provides the best historical performance for temperature, while HadGEM3-GC31-
MM provides the best performance for precipitation.

According to the latest IPCC report (AR6 report), the likely range of equilibrium
climate sensitivity (ECS; representing the expected global warming following doubling of
the atmospheric CO2 compared to its pre-industrial levels) was estimated to be 2.5–4 ◦C.
The range of 2.3–4.7 ◦C was estimated with a 5–95% probability [77]. It should be noted that
some of the high-performer models, such as HadGEM family members and EC-Earth3-CC,
have higher equilibrium climate sensitivity (ECS) values than the likely ECS range of
2.5–4 ◦C reported by the IPCC AR6 report [31]. Although these high-sensitivity models do
not fall within the likely range, because of their high performance in the historical period,
they are not excluded from the mean ensemble. Even though the ECS of some of the CMIP6
models are out of that likely range, development on the cloud–aerosol interaction and their
climate feedbacks could make the climate system highly sensitive and those higher ECS
values plausible [78]. Nevertheless, it is important to evaluate the consequences of those
less likely but high-risk CMIP6 future climate projections as also stated by Bayar et al. [31].

In Türkiye, a limited number of studies have used the CMIP6 projections and analyzed
their performance up until now. Bagcaci et al.’s [29] study is one of the frontiers and is
highly regarded among the others that have evaluated the CMIP5 and CMIP6 performance
in Türkiye. The model performance results of this study reveal similar findings to Bagcaci
et al. [29] in terms of the list of models that have the highest performances, even though the
number of models examined in that study is 31 while this study investigates over 40 models.
This difference is one of the reasons for the model performance results of both studies
together with the temporal resolution, which is monthly in the aforementioned study.

3.3. Behavior of Indices

The changes in indices between historical and future periods were examined under
two main headings based on precipitation and temperature. Three different periods were
examined, including the near (2015–2040), medium (2041–2070), and far (2071–2100) future,
with 30-year periods for both SSP2-4.5 and SSP5-8.5 scenarios. The results obtained from
the performance-based weighted average model ensemble are presented. In order to make
both the analysis and interpretation of the obtained results easier, changes in indices were
shown for seven geographical regions in Türkiye and for all of Türkiye.

3.3.1. Extreme Precipitation Indices (EPI)

The results for six extreme precipitation indices are given for different time periods
and two projection scenarios in Table 3 (CDD, CWD, R10 mm, R20 mm, R95p, R99p) and
the spatial distribution of CDD for 1961–2014 and 2015–2100 under the two scenarios is
also shown in Figure 8.

The CDD index in Table 3 shows the maximum consecutive number of days with
daily precipitation below 1 mm where higher values indicate longer dry seasons. For
the historical period, the highest CDD values are obtained for Southeastern Anatolia and
Aegean regions while the lowest values are observed in the Black Sea and Eastern Anatolia
regions (Table 3 and Figure 8a,b). When Figure 8a,b are compared, it is shown that regional
patterns are consistent with ERA5-Land references with a slight bias. For Türkiye overall,
the mean value for the historical period is calculated as 53.8 days. Considering Figure 8,
a positive trend is observed in all regions where the difference from the historical period
becomes more distinct during the mid- and late century for both scenarios.
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Table 3. Values of the six EPIs in the seven sub-regions (Aegean (Aeg.), Central Anatolia (Cen. Ana),
Black Sea (Blck.), Eastern Anatolia (East. Ana.), Mediterranean (Med.), Southeastern Anatolia (Se.
Ana.), Marmara (Mar.)), and Türkiye under two scenarios (SSP2-4.5 and SSP5-8.5) for historical and
three future periods (15–40, 41–70, 71–100).

Index Scenario&Period Aeg. Cen. Ana. Blck. East. Ana. Med. Se. Ana. Mar. Türkiye

CDD
(days)

GCM BC
Historical 66.5 56.5 29.8 43.9 62.5 82.5 49.6 53.8

GCM SSP2-4.5
14–40 68.9 58.0 32.7 45.1 64.6 84.7 54.4 56.1

GCM SSP2-4.5
41–70 71.9 61.0 35.4 47.3 67.1 87.5 58.6 58.9

GCM SSP2-4.5
71–100 75.9 64.8 38.2 49.0 70.3 89.6 62.3 62.0

GCM SSP5-8.5
14–40 68.1 58.3 33.3 46.2 65.1 85.4 54.5 56.5

GCM SSP5-8.5
41–70 75.7 65.4 39.2 49.4 70.9 89.5 63.2 62.4

GCM SSP5-8.5
71–100 85.4 73.4 47.1 55.9 77.4 96.3 74.4 70.4

CWD
(days)

GCM BC
Historical 8.2 8.3 13.4 11.8 10.0 9.2 9.6 10.1

GCM SSP2-4.5
14–40 7.9 8.0 12.7 11.5 9.2 8.7 9.1 9.7

GCM SSP2-4.5
41–70 7.8 8.0 12.7 11.3 9.0 8.5 9.1 9.6

GCM SSP2-4.5
71–100 7.7 7.9 12.7 11.3 8.8 8.4 9.0 9.5

GCM SSP5-8.5
14–40 8.0 8.1 12.6 11.4 9.3 8.7 9.2 9.7

GCM SSP5-8.5
41–70 7.6 7.9 12.4 11.1 8.8 8.3 8.8 9.4

GCM SSP5-8.5
71–100 6.9 7.3 11.7 10.4 8.0 7.8 8.2 8.7

R10mm
(days)

GCM BC
Historical 18.2 10.8 28.9 19.4 23.7 22.9 21.7 19.7

GCM SSP2-4.5
14–40 17.7 11.0 29.6 20.0 22.2 22.1 21.6 19.7

GCM SSP2-4.5
41–70 17.2 11.3 30.1 20.5 21.5 21.9 21.5 19.8

GCM SSP2-4.5
71–100 17.0 11.5 30.4 20.8 21.1 21.6 21.6 19.9

GCM SSP5-8.5
14–40 17.9 11.2 29.7 20.3 22.5 22.5 21.7 19.9

GCM SSP5-8.5
41–70 16.8 11.2 29.8 20.5 21.0 21.4 21.1 19.5

GCM SSP5-8.5
71–100 14.9 11.0 29.0 20.3 18.7 19.9 19.6 18.5

R20 mm
(days)

GCM BC
Historical 5.4 1.5 6.4 3.7 8.1 7.0 5.4 4.8

GCM SSP2-4.5
14–40 5.5 1.6 7.0 4.1 7.9 7.2 5.7 5.0

GCM SSP2-4.5
41–70 5.4 1.8 7.5 4.4 7.8 7.4 5.9 5.2

GCM SSP2-4.5
71–100 5.4 1.9 7.8 4.6 7.7 7.4 6.1 5.3

GCM SSP5-8.5
14–40 5.5 1.7 7.1 4.2 8.0 7.4 5.8 5.1

GCM SSP5-8.5
41–70 5.3 1.8 7.6 4.5 7.6 7.4 6.0 5.2

GCM SSP5-8.5
71–100 4.9 2.1 8.2 4.9 7.1 7.3 6.0 5.3
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Table 3. Cont.

Index Scenario&Period Aeg. Cen. Ana. Blck. East. Ana. Med. Se. Ana. Mar. Türkiye

R95p (mm) GCM BC
Historical 123.8 89.4 189.7 134.1 176.2 138.4 149.6 137.5

GCM SSP2-4.5
14–40 130.3 95.2 211.4 152.6 178.5 151.4 163.2 154.1

GCM SSP2-4.5
41–70 130.5 102.8 228.8 164.8 179.4 159.5 170.3 162.8

GCM SSP2-4.5
71–100 135.0 107.1 243.6 172.8 181.6 163.5 180.5 170.3

GCM SSP5-8.5
14–40 130.6 97.7 214.6 157.4 180.3 159.0 165.7 157.2

GCM SSP5-8.5
41–70 130.8 103.8 235.5 170.6 176.1 164.9 175.7 166.1

GCM SSP5-8.5
71–100 130.1 111.7 258.7 188.3 178.3 173.6 181.8 177.0

R99p (mm) GCM BC
Historical 35.3 25.9 54.5 37.3 52.7 38.4 44.0 39.5

GCM SSP2-4.5
14–40 40.2 29.5 64.8 48.1 56.7 48.2 52.4 48.2

GCM SSP2-4.5
41–70 42.5 34.0 74.4 54.6 60.1 54.1 57.6 53.9

GCM SSP2-4.5
71–100 46.2 36.6 84.1 59.4 63.2 57.9 64.3 59.0

GCM SSP5-8.5
14–40 40.9 30.3 65.9 50.6 58.6 51.9 53.6 49.7

GCM SSP5-8.5
41–70 43.8 35.4 79.9 59.3 60.9 59.3 61.8 57.2

GCM SSP5-8.5
71–100 48.2 42.5 99.3 73.9 69.8 70.9 70.4 68.5

While the highest CDD value is observed for Southeastern Anatolia and Aegean
regions under the SSP5-8.5 scenario during the late century with 96.3 and 85.4 days,
respectively (Table 3), the highest increase is observed for the Marmara region for the
same scenario and period where the CDD increased from 49.6 to 74.4 days (Figure 8h).
These results indicate the increasing possibility of dry periods for all of Türkiye.

CWD in Table 3 shows the maximum consecutive number of days with daily precip-
itation above 1 mm where higher values indicate longer precipitation windows. For the
historical period, the CWD values range between 8.2 and 13.4 days, where upper and lower
boundaries belong to the Black Sea and the Aegean regions, respectively, while the mean for
all of Türkiye is calculated as 10.1 days (Table 3). A slight decrease is observed in all regions
for both emission scenarios during the projection period; however, SSP5-8.5 (8.7 days)
projects a slightly lower value than SSP2-4.5 (9.5 days). Although the highest decrease is
observed for the Mediterranean region (from 10 days to 8 days), it is not possible to mention
a sharp change in any of the regions (Table 3). Compared to the changes in CDD, the CWD
future change is less in Türkiye. However, when both indices are considered together
increased CDD and decreased CWD values indicate drought conditions will intensify in
the future.

R10 mm shows the number of days with a total precipitation higher or equal to 10 mm.
A higher value indicates heavy precipitation is more common in the region and lower
values indicate that these events are scarcer. For the historical period, the lowest value is
calculated in Central Anatolia with 10.8 days and the highest value is obtained for the Black
Sea region with 28.9 days. The mean for all of Türkiye is found to be 19.7 days (Table 3).

The SSP2-4.5 scenario R10 mm index shows different trends for different regions.
While the values decrease over the Aegean, Mediterranean, and Southeastern Anatolia
regions, an increase is expected in the Eastern Anatolia and Black Sea. Marmara and Central
Anatolia show no remarkable change. Alternatively, the SSP5-8.5 scenario predicts different
trends and more significant changes. While the Aegean, Mediterranean, Southeastern
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Anatolia, and Marmara regions show stronger decreasing trends, the values for other
regions do not change significantly from the historical period (Table 3). The temperature,
GCM-based variations, and changes in precipitation amount and intensity can be shown as
causes of changes in R10 mm values. In addition, the effect of greenhouse gas emissions
and land use changes, which are the leading anthropogenic factors, cannot be ignored.
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The R20 mm in Table 3 indicates the number of days for daily precipitation exceeding
20 mm. Comparison between R10 mm and R20 mm values can also give an idea about
the frequency and severity of heavy rainfall events in this region and periods. During the
historical period, the highest R20 mm values were observed in the Mediterranean (8.1 days)
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and the lowest values in the Central Anatolian region (1.5 days). While R20 mm values
generally increase in the projection periods, the highest values are expected in the Black Sea
and Southeastern Anatolia regions (Table 3). An increase in R20 mm values may indicate
an increase in very heavy rainfall events and may have adverse effects such as flooding
and soil erosion in areas exposed to this increase.

As seen in Table 3, the R20 mm values in the SSP5-8.5 scenario are generally higher
than those in the SSP2-4.5 scenario (Table 3), suggesting that extreme precipitation events
may occur more frequently and severely under high emission scenarios in the future.
Compared to the R10 mm results, the regional distribution of the R20 mm values appears
similar. However, it should be noted that the R20 mm values for Eastern Anatolia and Black
Sea regions are relatively higher than other regions. When the historical period is compared
with future scenarios (Table 3), the relatively higher R20 mm values for the SSP2-4.5 and
SSP5-8.5 scenarios suggest the possibility of an increase in heavy precipitation in the future.
However, it is important to note that the magnitude of the increase varies by region and
scenario. In different regions of Türkiye and in different scenarios, there is generally a
decreasing trend for R10 mm and an increasing trend for R20 mm, indicating a decrease in
the frequency of heavy rains but an increase in very heavy rains.

The R95p in Table 3 represents the annual total precipitation when the daily precip-
itation is above the 95th percentile. The 95th percentile was calculated with respect to
the historical period and kept constant for all projection periods. When we compare the
values between different time periods and regions, it can be seen that under all scenarios,
an increase in extreme precipitation is expected in most of the regions in Türkiye based
on the results of the R95p index. This increase is more evident in regions other than the
Aegean and Mediterranean regions. Especially in the Black Sea and Eastern Anatolia
regions, increases of up to 36% and 40% are expected at the end of the century. The re-
sults in the Aegean and Mediterranean regions do not indicate a significant increase or
decrease in this index. On the other hand, while a general increase is expected in both
the GCM SSP2-4.5 and GCM SSP5-8.5 scenarios in the near, medium, and far future, there
is no significant difference between the scenarios when Türkiye averages are compared.
When the differences between the regions in Türkiye are examined, it is seen that there are
serious differences between the regions (Table 3). For example, when the Black Sea region
(189.7 mm) is compared to Central Anatolia (89.4 mm) in the historical period, a difference
of almost 100 mm is observed, and when the end of the century is reached, these differences
are seen to increase even more under the SSP5-8.5 scenario (369.8 mm–111.7 mm). This
can be seen as an indication that the magnitude of heavy precipitation events in the Black
Sea region today and in the future is greater than in Central Anatolia and the deviation
between these two regions will further increase.

The R99p heavy rainfall index in Table 3. shows the expected changes in the frequency
of extreme rainfall events in different regions of Türkiye in different time periods. During
the observation period, the highest R99p index values were observed in the Black Sea
(54.5 mm) and Mediterranean (52.7 mm) regions, while the lowest values were observed in
the Central Anatolia (25.9 mm) region. Under the SSP2-4.5 and SSP5-8.5 scenarios, the R99p
index starts to increase in all regions compared to the observation period. The magnitude
of these increases is particularly high in the Black Sea, Eastern Anatolia and Southeastern
Anatolia regions. This indicates a significant increase in the frequency of extreme heavy
rainfall events in these regions. In general, the results indicate that the frequency of extreme
precipitation events in different regions of Türkiye may change in the future, but it will
inevitably increase, especially in the distant future.

The results for six extreme precipitation indices are given for different time periods and
two projection scenarios in Table 4 (Rx1day, Rx5day, PRCPTOT, R95pTOT, R99pTOT, and
SDII). Temporal variation of Rx1day in Türkiye and for the sub-regions were represented
for 1961–2100 with two scenarios in Figure 9.
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Table 4. Values of the six EPIs in the seven sub-regions and Türkiye under the two scenarios (SSP2-4.5
and SSP5-8.5) for historical and three future periods (15–40, 41–70, 71–100).

Index Scenario&Period Aeg. Cen. Ana. Blck. East. Ana. Med Se. Ana. Mar. Türkiye

Rx1day
(mm)

GCM BC
Historical 36.3 24.5 34.3 28.8 46.4 38.1 37.7 33.2

GCM SSP2-4.5
14–40 37.2 25.2 36.0 30.3 47.4 39.7 39.7 34.5

GCM SSP2-4.5
41–70 38.0 26.0 37.2 31.5 48.3 41.0 40.7 35.5

GCM SSP2-4.5
71–100 38.9 26.6 38.6 32.2 48.9 41.7 41.7 36.4

GCM SSP5-8.5
14–40 37.7 25.4 36.2 30.9 47.5 40.6 39.5 34.8

GCM SSP5-8.5
41–70 38.4 26.5 38.0 32.1 48.5 42.2 41.6 36.2

GCM SSP5-8.5
71–100 39.5 28.0 40.6 34.2 51.0 44.3 43.7 38.1

Rx5day
(mm)

GCM BC
Historical 75.9 50.5 76.6 66.8 98.3 85.4 77.6 71.9

GCM SSP2-4.5
14–40 77.2 51.3 79.7 70.0 98.6 87.7 80.5 73.8

GCM SSP2-4.5
41–70 77.4 52.4 81.9 70.9 98.4 88.8 81.7 74.9

GCM SSP2-4.5
71–100 77.8 53.3 83.9 72.3 98.6 89.8 83.4 76.0

GCM SSP5-8.5
14–40 77.8 51.7 79.7 70.7 98.6 89.1 80.0 74.2

GCM SSP5-8.5
41–70 76.6 52.9 82.9 71.9 97.7 90.0 82.5 75.3

GCM SSP5-8.5
71–100 75.9 53.9 86.4 74.9 97.7 92.1 84.1 77.0

PRCPTOT
(mm)

GCM BC
Historical 601.4 465.5 973.8 722.3 766.3 679.8 712.1 686.1

GCM SSP2-4.5
14–40 582.2 455.6 969.1 719.9 720.0 661.2 696.3 671.9

GCM SSP2-4.5
41–70 565.6 455.6 974.9 723.8 698.8 654.1 689.9 667.9

GCM SSP2-4.5
71–100 557.5 453.3 979.0 723.4 684.4 645.0 689.6 664.5

GCM SSP5-8.5
14–40 590.0 462.2 970.4 728.7 725.9 673.7 701.6 678.6

GCM SSP5-8.5
41–70 550.7 447.5 958.0 716.5 678.0 643.8 675.1 655.6

GCM SSP5-8.5
71–100 490.8 418.6 922.7 691.6 613.9 603.0 622.8 615.6

R95pTOT
(%)

GCM BC
Historical 20.6 19.2 19.5 18.6 23.0 20.4 21.0 20.0

GCM SSP2-4.5
14–40 22.4 20.9 21.8 21.2 24.8 22.9 23.4 22.9

GCM SSP2-4.5
41–70 23.1 22.6 23.5 22.8 25.7 24.4 24.7 24.4

GCM SSP2-4.5
71–100 24.2 23.6 24.9 23.9 26.5 25.3 26.2 25.6

GCM SSP5-8.5
14–40 22.1 21.1 22.1 21.6 24.8 23.6 23.6 23.2

GCM SSP5-8.5
41–70 23.7 23.2 24.6 23.8 26.0 25.6 26.0 25.3

GCM SSP5-8.5
71–100 26.5 26.7 28.0 27.2 29.1 28.8 29.2 28.8

R99pTOT
(%)

GCM BC
Historical 5.9 5.6 5.6 5.2 6.9 5.6 6.2 5.8

GCM SSP2-4.5
14–40 6.9 6.5 6.7 6.7 7.9 7.3 7.5 7.2
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Table 4. Cont.

Index Scenario&Period Aeg. Cen. Ana. Blck. East. Ana. Med Se. Ana. Mar. Türkiye

GCM SSP2-4.5
41–70 7.5 7.5 7.6 7.5 8.6 8.3 8.4 8.1

GCM SSP2-4.5
71–100 8.3 8.1 8.6 8.2 9.2 9.0 9.3 8.9

GCM SSP5-8.5
14–40 6.9 6.6 6.8 6.9 8.1 7.7 7.6 7.3

GCM SSP5-8.5
41–70 7.9 7.9 8.3 8.3 9.0 9.2 9.1 8.7

GCM SSP5-8.5
71–100 9.8 10.2 10.8 10.7 11.4 11.8 11.3 11.1

SDII (mm) GCM BC
Historical 6.9 4.9 6.2 5.8 7.5 7.5 6.6 6.2

GCM SSP2-4.5
14–40 7.1 5.0 6.4 6.0 7.7 7.7 6.9 6.4

GCM SSP2-4.5
41–70 7.2 5.1 6.6 6.1 7.7 7.9 7.0 6.5

GCM SSP2-4.5
71–100 7.3 5.2 6.7 6.2 7.8 8.0 7.1 6.6

GCM SSP5-8.5
14–40 7.1 5.0 6.5 6.0 7.7 7.8 6.9 6.4

GCM SSP5-8.5
41–70 7.2 5.2 6.7 6.2 7.8 8.0 7.1 6.6

GCM SSP5-8.5
71–100 7.4 5.4 6.9 6.5 8.0 8.3 7.4 6.8

The Rx1day in Table 4 shows the maximum daily precipitation that occurred in a
given year. According to the table, the average historical value of the Rx1day index for
Türkiye is 33.2 mm. When the spatial variation of historical values of the Rx1day index is
examined, it shows that the highest values are generally recorded in the Mediterranean
region and the lowest values are recorded in the Central Anatolia and Eastern Anatolia
regions (Table 4). The projections show that the index values are expected to increase for
all regions and scenarios in the future (Figure 9), and the highest increase is expected in
the Black Sea and Eastern Anatolia regions for the 2071–2100 period within the scope of
the SSP5-8.5 scenario (Table 4). The values obtained from the GCM simulations indicate
that the frequency and intensity of extreme precipitation events may increase in the future,
especially under the SSP5-8.5 scenarios. When Figure 9 is investigated, it should also be
noted that, in addition to the increase in ensemble means, the span of the 95% confidence
interval of models also widens when moved from the historical period to the end of the
century. This suggests an increase in the uncertainty and intensity of extreme events. While
interpreting these changes, it should be kept in mind that the projections are subject to the
uncertainties and limitations of GCM simulations, and the impact of complex topographic
elements of a country such as Türkiye on precipitation characteristics cannot be denied on
a regional basis.

While Rx1day shows the maximum precipitation for the daily scale, Rx5day in Table 4
demonstrates 5 days of cumulative maximum precipitation for the year of interest. Consid-
ering the Rx5day extreme precipitation index values, the observation data show that the
Mediterranean region has the highest average with 98.3 mm, while Central Anatolia has
the lowest average with 50.5 mm. For all projection periods, a general trend of increase
in Rx5day extreme precipitation index values emerges in all regions (Table 4). In the late
century, average heavy precipitation increases overall are expected across Türkiye. This
increase is predicted to be 5.5% according to the SPP 2-4.5 and 7% according to SSP5-8.5, but
again, the difference between regions should not be ignored in the evaluations to be made.
Despite the 13% increase seen in the Black Sea region, no significant trend was observed in
the Mediterranean and Aegean regions in the same period. However, it should be noted
that even though there has been no increase, the values of the Mediterranean region are
still much higher than Türkiye’s average. The highest average 5-day excessive precipitation



Sustainability 2023, 15, 7202 20 of 38

increase rates are observed in the Black Sea and Eastern Anatolia regions with 86.4 mm
(13%) and 74.9 mm (12%) in the GCM SSP5-8.5 71–100 period (Table 4).
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The PRCPTOT index in Table 4 gives information about the total amount of precipita-
tion in millimeters at different periods and regions in Türkiye. Also, spatial and temporal
distributions of PRCPTOT for 1961–2014 and 2015–2100 under the two scenarios are shown
in Figures 10 and 11 respectively. For the historical data, the highest total precipitation is
observed in the Black Sea region (973.8 mm), while the lowest precipitation is observed in
the Central Anatolia region (465.5 mm). On the other hand, the average total amount of
precipitation in Türkiye is 686.1 mm (Table 4). The SSP2-4.5 scenario predicts a decrease in
total precipitation for all regions except the Black Sea and Eastern Anatolia, while it shows
a slight increase in total precipitation in the Black Sea.
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Figure 10. Spatial distributions of the PRCPTOT (a,b) during historical period and percent differences
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and SSP5-8.5.

Figure 10 shows the greatest decrease in total precipitation in the Mediterranean region
among the regions, where the total precipitation decreased from 766.3 mm to 684.4 mm in
the SSP2-4.5 late-century period (Table 4). The SSP5-8.5 scenario also predicts a reduction
in total precipitation for all regions, and the reduction in the total precipitation is generally
larger compared to the SSP2-4.5 scenario (Table 4 and Figure 10). Similarly, the greatest
decrease in total precipitation is predicted for the Mediterranean region, where it dropped
from 766.3 to 613.9 mm in the SSP5-8.5 late-century period. Additionally, a decrease of
more than 100 mm is expected in the Aegean region. It is also estimated that the whole of
Türkiye will have an average total precipitation of 615.6 mm, corresponding to a decrease
of 70 mm during the SSP5-8.5 late-century period. The time series in Figure 11 shows that
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regional means for both scenarios have similar trends up to the late century (2071–2100).
However, after that point, the scenarios display a diverging trend wherein SSP5-8.5 predicts
significant drops in most of the regions. The difference predicted between the two scenarios
is relatively smaller for Eastern and South Eastern Anatolia regions. In general, projections
show that the total precipitation in Türkiye is predicted to decrease in the future, especially
in late periods; however, it should also be noted that Figure 10g suggests that almost half
of the country might have no significant trend or slight increases by the end of the century
according to the SSP2-4.5 scenario (Figures 10 and 11).
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The R95pTOT index (fourth in Table 4) is found by dividing the R95p index by the
PRCPTOT index. In other words, it gives the ratio of precipitation above the 95th percentile
to the total precipitation. When the values are examined, it can be said that for the
observation period, all regions have values close to Türkiye’s average. However, the
highest R95pTOT value in the historical period was calculated in the Mediterranean (23%)
region. It can be seen from the table that there is a general upward trend in this index as
well as in the R95p value. When Türkiye averages are examined, it is seen that this increase
is close to 30% for the SSP2-4.5 scenario at the end of the century, and 43% for the SSP5-8.5
scenario in the same period. In summary, although the R95pTOT extreme precipitation
index values differ between different regions and time periods, the general trend is that
the values increase over time and reach the highest values observed in the GCM SSP5-8.5
2071–2100 period.

The R99pTOT in Table 4 shows the ratio of precipitation above the 99th percentile to
total precipitation, similar to R95pTOT. When the values are examined, an R99pTOT value
of 5.8% is seen for the Türkiye average during the observation period. The R99pTot index
differs from the R95pTot index with its increase rates. For the 2071–2100 period, an 8.9%
R99pTOT value is obtained for Türkiye in the SSP2-4.5 scenario, while this value is 11.1%
for the SSP5-8.5 scenario (Table 4). When both values in the table are compared with the
observation period, the expected increase at the end of the century for the SSP2-4.5 scenario
is over 50%, while this increase prediction approaches 100% for the SSP5-8.5 scenario.
Although values vary between regions, the general trend is that there is an increase in
R99pTOT as the time period increases under both the SSP2-4.5 and SSP5-8.5 scenarios.
This indicates that the percentage of extreme precipitation events in total precipitation will
increase in the future. Especially in the SSP85 scenario, the Black Sea, Eastern Anatolia,
and Southeastern Anatolia regions attract attention with their increase rates for the end of
the century.

As the final precipitation index in Table 4, the SDII index is obtained by dividing
the total precipitation by the number of rainy days (PR >= 1 mm). The intensity values
in Table 4 show that the historical mean SDII varies between 4.9 and 7.5 mm in different
regions of Türkiye, where the highest-intensity values are observed in the Mediterranean
and Southeastern Anatolia regions and the lowest values are found in the Central Anato-
lia region. Future projections based on the SSP2-4.5 and SSP5-8.5 scenarios predict that
SDII may increase in all regions and time periods in the future, with the largest increases
in the SSP5-8.5 scenario. However, while the magnitude of the increases in SDII varies
according to different regions, it is expected to reach its highest values in the Mediter-
ranean, Southeastern Anatolia, Aegean, and Marmara regions. When these changes are
evaluated together with the PRCPTOT and Rx1day indices, it can be concluded there is a
decrease in the number of rainy days and an increase in extreme precipitation resulting
from higher intensity.

3.3.2. Extreme Temperature Indices (ETI)
Minimum Temperature Indices

The results for six extreme minimum temperature indices are given for different
time periods and two projection scenarios in Table 5 (FD, TR, CSDI, TNn, TNx, TNm),
and the spatial distribution of FD is represented for 1961–2014 and 2015–2100 under
the two scenarios in Figure 12.

The FD index in Table 5 shows the total number of days with a minimum temperature
below zero in a year. As can be seen in Table 5., the FD index takes its greatest values
during the historical period. In this period, the Eastern Anatolia Region comes first with
162.6 days. While Aegean, Mediterranean, Marmara, and Southeastern Anatolia regions
were below Türkiye’s average (105.1 days), Marmara has the lowest value (49.1). Under
the GCM SSP2-4.5 scenario, it is seen that the FD index is predicted to decrease in all seven
regions of Türkiye compared to the observation period. Similarly, a decrease is predicted
in all seven regions of Türkiye under the SSP5-8.5 scenario, but the magnitude of the
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decrease is generally larger than in the GCM SSP2-4.5 scenario. When the decreases are
considered proportionally, it is seen that the highest decreases are predicted for Marmara
(75%), Aegean (65%), and Southeastern Anatolia (65%) regions. In terms of absolute change,
the decrease in Eastern Anatolia, where the FD dropped from 162.6 to 91.4 days (Table 5), is
the most affected region. These results indicate that in both scenarios, the frequency and
duration of FD in Türkiye are likely to decrease over the century, but the rate of decline
will be sensitive to future scenario changes (Figure 12).

Table 5. Values of the six ETIs in the seven sub-regions and Türkiye under the two scenarios (SSP2-4.5
and SSP5-8.5) for historical and three future periods (15–40, 41–70, 71–100).

Index Scenario&Period Aeg. Cen. Ana. Blck. East. Ana. Med Se. Ana. Mar. Türkiye

FD (days) GCM BC
Historical 67.1 119.2 118.2 162.6 71.4 81.1 49.1 105.1

GCM SSP2-4.5
14–40 50.8 100.4 99.4 141.1 56.5 59.2 34.1 86.6

GCM SSP2-4.5
41–70 44.0 90.4 88.9 130.7 49.1 51.3 27.8 77.6

GCM SSP2-4.5
71–100 38.1 80.9 79.4 121.4 42.6 44.5 22.8 69.6

GCM SSP5-8.5
14–40 47.9 96.7 97.2 134.5 54.5 56.0 32.4 83.1

GCM SSP5-8.5
41–70 37.2 79.4 79.5 116.1 42.4 42.6 22.4 68.0

GCM SSP5-8.5
71–100 24.3 58.0 57.4 91.4 28.3 28.2 12.4 49.4

TR (days) GCM BC
Historical 18.4 2.1 1.2 3.2 22.4 42.5 15.5 11.7

GCM SSP2-4.5
14–40 36.4 8.5 4.8 7.8 39.4 64.1 37.2 22.9

GCM SSP2-4.5
41–70 48.5 15.5 8.8 12.1 51.4 77.2 50.8 31.3

GCM SSP2-4.5
71–100 58.7 23.3 13.5 16.6 61.7 86.9 62.6 39.2

GCM SSP5-8.5
14–40 38.2 9.9 5.9 8.3 40.9 65.0 39.4 24.2

GCM SSP5-8.5
41–70 61.2 25.7 15.4 17.6 63.8 88.1 64.5 41.1

GCM SSP5-8.5
71–100 94.1 56.6 39.4 38.5 97.3 117.1 97.6 69.6

CSDI
(days)

GCM BC
Historical 8.7 7.9 7.6 7.9 9.1 10.0 9.3 8.4

GCM SSP2-4.5
14–40 2.3 2.6 2.6 2.1 2.4 2.5 2.3 2.4

GCM SSP2-4.5
41–70 1.1 1.3 1.2 0.9 1.1 1.1 1.2 1.1

GCM SSP2-4.5
71–100 0.6 0.8 0.6 0.6 0.6 0.6 0.6 0.6

GCM SSP5-8.5
14–40 2.4 2.6 2.9 2.0 2.6 2.7 2.8 2.6

GCM SSP5-8.5
41–70 0.7 0.8 0.7 0.6 0.7 0.7 0.6 0.7

GCM SSP5-8.5
71–100 0.1 0.2 0.1 0.1 0.1 0.1 0.1 0.1

TNn (◦C) GCM BC
Historical −9.7 −17.2 −16.4 −21.4 −10.4 −12.7 −9.1 −15.0

GCM SSP2-4.5
14–40 −7.7 −14.6 −14.3 −19.1 −8.2 −10.0 −7.1 −12.7

GCM SSP2-4.5
41–70 −6.5 −13.1 −13.1 −17.8 −7.1 −8.8 −5.8 −11.4
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Table 5. Cont.

Index Scenario&Period Aeg. Cen. Ana. Blck. East. Ana. Med Se. Ana. Mar. Türkiye

GCM SSP2-4.5
71–100 −5.7 −12.0 −11.9 −16.8 −6.3 −7.6 −4.8 −10.4

GCM SSP5-8.5
14–40 −7.4 −14.2 −14.0 −18.7 −7.8 −9.9 −6.8 −12.3

GCM SSP5-8.5
41–70 −5.7 −11.9 −11.9 −16.6 −6.2 −7.5 −4.8 −10.3

GCM SSP5-8.5
71–100 −3.5 −8.7 −8.9 −13.4 −3.9 −4.5 −2.3 −7.4

TNx (◦C) GCM BC
Historical 21.2 18.8 17.6 17.0 21.1 23.9 21.5 19.6

GCM SSP2-4.5
14–40 23.3 20.9 19.5 19.0 23.2 26.0 23.5 21.6

GCM SSP2-4.5
41–70 24.4 22.1 20.5 20.1 24.3 27.1 24.4 22.7

GCM SSP2-4.5
71–100 25.3 23.1 21.3 21.1 25.1 28.1 25.2 23.6

GCM SSP5-8.5
14–40 23.6 21.1 19.7 19.2 23.6 26.3 23.9 21.9

GCM SSP5-8.5
41–70 25.6 23.3 21.6 21.2 25.6 28.4 25.6 23.9

GCM SSP5-8.5
71–100 28.5 26.2 24.1 24.2 28.2 31.3 28.1 26.7

TNm (◦C) GCM BC
Historical 7.7 4.1 3.8 1.0 7.5 7.9 8.7 5.1

GCM SSP2-4.5
14–40 9.2 5.7 5.3 2.8 9.1 9.6 10.1 6.7

GCM SSP2-4.5
41–70 10.0 6.6 6.2 3.8 10.0 10.6 10.9 7.6

GCM SSP2-4.5
71–100 10.7 7.4 7.0 4.6 10.7 11.4 11.7 8.4

GCM SSP5-8.5
14–40 9.2 5.8 5.4 3.0 9.2 9.7 10.2 6.8

GCM SSP5-8.5
41–70 10.8 7.4 7.0 4.8 10.8 11.5 11.7 8.5

GCM SSP5-8.5
71–100 13.0 9.7 9.1 7.2 13.0 14.0 13.8 10.7

The TR index is the number of days when the minimum temperature is above 25 ◦C
in a year. In Table 5, it is possible to see that the TR Index values have increased over
time for all regions and scenarios, and accordingly, it can be said that the risk of extreme
temperature has increased. When analyzed regionally, although the highest rate of increase
is seen in the Central Anatolia, Black Sea and Eastern Anatolia regions, the increases on
a daily basis in these regions are mostly in the Marmara, Aegean, Mediterranean and
Southeastern Anatolia regions. The average for Türkiye, on the other hand, increases from
11.7 days to 69.6 days by the end of the century, according to the SSP5-8.5 scenario.

As the CSDI index values show in Table 5, a lower CSDI value indicates that cold
events have a shorter duration, while a higher value indicates events that last longer.
Overall, the duration of cold events is expected to decrease in all regions compared to
the observation period. In particular, the values of the GCM SSP5-8.5 scenario during
2071–2100 indicate that CSDI is expected to decrease significantly across the whole of
Türkiye. This is also an indication that the cold blocks will decrease in length and may also
mean that they will not be seen in some years. When the differences between the scenarios
are examined, although the SSP2-4.5 and SSP5-8.5 values are close to each other in the near
future, the SSP2-4.5 scenario values calculated for the end of the century are reached in
the middle of the century in the SSP5-8.5 scenario. These changes, observed throughout
Türkiye without the difference between regions, may also be the harbinger of severe hot
periods and drought in the future.
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When the TNn results, which represent the minimum value of the daily minimum
temperatures in a year, are examined in Table 5, it is seen that the temperature values are in
an increasing trend for all periods and scenarios, although there are regional differences.
Values that were in the range of −9.1 ◦C (Marmara) to −21.4 ◦C (Eastern Anatolia) in the
historical period ranged from −4.8 (Marmara) to −16.8 (Eastern Anatolia) according to the
SSP2-4.5 scenario, and −2.3 ◦C (Marmara) to −13.4 ◦C (Eastern Anatolia) according to the
SSP5-8.5 scenario at the end of the century. Although the values remain below 0 ◦C at the
end of the century, it is seen that there are significant increases.

While the TNn index shows the lowest value of daily minimum temperatures during
the year, the TNx index in Table 5 shows the maximum of the daily minimum temperature.
During the observation period, TNx values ranged from 17.0 ◦C to 23.9 ◦C in Eastern
Anatolia and Southeastern Anatolia, respectively. For the GCM SSP2-4.5 scenario, the TNx
values are higher in all regions compared to the historical period. The highest TNx value
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of 28.1 ◦C was observed in the Southeastern Anatolia, as it was in the historical period.
In the GCM SSP5-8.5 scenario, the TNx values are even higher compared to the SSP2-4.5
with the highest value at 31.3 ◦C. In conclusion, the results of this study show that the
maximum value of the daily minimum temperature is likely to increase in Türkiye in the
future, with the increase being more significant in the higher greenhouse gas emission
scenario (SSP5-8.5). The highest increase in TNx values is expected to be 43% and 40% in
Eastern Anatolia and Central Anatolia regions by the end of the century. At the end of the
century, Türkiye’s average temperature is expected to increase by 4 degrees and 7.1 degrees
according to SSP2-4.5 and SSP5-8.5 scenarios, respectively.

The average values of the daily minimum temperatures, TNm in Table 5, show that
they are predicted to increase over time in Türkiye, especially in the late periods. Also, tem-
poral variations in TNm in Türkiye and for the sub-regions are represented for 1961–2100
with two scenarios in Figure 13.
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seven sub-regions and across Türkiye. The top and bottom boundaries of shaded area are the 97.5th
and 2.5th percentiles of the GCMs.

Considering the changes, what is striking is that the increases in this index are lower
than the changes in the TNn and TNx indices. Considering the Türkiye average, the value
was 5.1 ◦C in the historical period, reaching 8.4 ◦C and 10.7 ◦C in the SSP2-4.5 and SSP5-8.5
scenarios at the end of the century, which means 3.3 ◦C and 5.6 ◦C increases (Figure 13).
However, both scenarios predicted higher increases for TNn and TNx indices. This shows
that the extremes are affected more than the average when the minimum temperatures
are evaluated.

Maximum Temperature Indices

The results for six extreme maximum temperature indices are given for different time
periods and two projection scenarios in Table 6 (ID, SU, WSDI, TXx, TXn, TXm) and the
spatial distribution of SU is represented for 1961–2014 and 2015–2100 periods under the
two scenarios in Figure 14.

Table 6. Values of the six ETIs in the seven sub-regions and Türkiye under the two scenarios (SSP2-4.5
and SSP5-8.5) for historical and three future periods (15–40, 41–70, 71–100).

Index Scenario&Period Aeg. Cen.
Ana. Blck. East.

Ana. Med Se. Ana. Mar. Türkiye

ID (days) GCM BC
Historical 5.8 27.0 35.4 64.9 12.5 13.7 5.2 27.7

GCM SSP2-4.5
14–40 3.7 19.5 26.5 48.7 8.2 8.1 2.6 20.1

GCM SSP2-4.5
41–70 2.7 15.5 22.0 40.5 6.2 6.1 1.8 16.3

GCM SSP2-4.5
71–100 2.0 12.1 17.9 32.6 4.6 4.6 1.2 13.0

GCM SSP5-8.5
14–40 3.6 19.5 26.4 47.7 8.1 7.8 2.6 19.8

GCM SSP5-8.5
41–70 2.1 12.6 18.5 33.6 4.9 4.7 1.2 13.4

GCM SSP5-8.5
71–100 0.9 6.5 10.6 18.6 2.2 2.1 0.4 7.2

SU (days) GCM BC
Historical 102.6 73.9 31.6 46.8 96.7 131.8 81.7 74.9

GCM SSP2-4.5
14–40 124.8 100.1 56.4 68.7 120.1 147.3 109.4 98.4

GCM SSP2-4.5
41–70 134.4 110.7 67.5 80.4 130.2 155.7 119.0 108.7

GCM SSP2-4.5
71–100 142.1 119.0 77.0 89.6 137.8 162.3 126.6 117.0

GCM SSP5-8.5
14–40 127.7 103.8 61.3 72.2 123.9 149.3 113.0 101.9

GCM SSP5-8.5
41–70 144.9 122.8 82.1 92.5 141.3 163.9 130.4 120.5

GCM SSP5-8.5
71–100 168.2 146.8 109.6 117.9 164.3 183.9 152.7 144.5

WSDI
(days)

GCM BC
Historical 14.5 14.2 10.6 16.6 16.4 19.0 11.3 14.6

GCM SSP2-4.5
14–40 52.1 48.9 37.3 59.1 62.2 67.5 41.1 51.0

GCM SSP2-4.5
41–70 84.5 76.8 58.3 90.1 98.3 106.0 67.4 80.4
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Table 6. Cont.

Index Scenario&Period Aeg. Cen.
Ana. Blck. East.

Ana. Med Se. Ana. Mar. Türkiye

GCM SSP2-4.5
71–100 115.3 104.1 81.5 121.2 131.4 140.3 94.2 109.2

GCM SSP5-8.5
14–40 59.7 56.9 45.4 66.9 72.1 75.6 49.5 59.3

GCM SSP5-8.5
41–70 120.9 111.3 89.5 127.5 137.8 144.5 101.2 115.8

GCM SSP5-8.5
71–100 203.4 189.6 163.1 210.5 221.3 227.9 179.4 195.5

TXx (◦C) GCM BC
Historical 35.6 33.5 30.4 30.5 34.0 38.8 33.9 33.4

GCM SSP2-4.5
14–40 37.5 35.7 32.4 32.9 36.0 41.1 35.7 35.5

GCM SSP2-4.5
41–70 38.8 37.0 33.6 34.0 37.2 42.2 36.9 36.7

GCM SSP2-4.5
71–100 39.9 38.0 34.7 34.9 38.2 43.1 38.1 37.7

GCM SSP5-8.5
14–40 37.7 36.1 32.7 33.4 36.3 41.5 35.9 35.8

GCM SSP5-8.5
41–70 39.9 38.3 34.9 35.5 38.4 43.5 37.9 38.0

GCM SSP5-8.5
71–100 42.9 41.2 38.0 38.3 41.1 46.2 41.1 40.9

TXn (◦C) GCM BC
Historical −1.2 −7.7 −7.1 −10.3 −2.2 −1.9 −2.1 −5.6

GCM SSP2-4.5
14–40 0.4 −5.9 −5.5 −8.4 −0.5 0.2 −0.4 −3.8

GCM SSP2-4.5
41–70 1.2 −5.0 −4.8 −7.8 0.4 1.0 0.5 −3.0

GCM SSP2-4.5
71–100 1.9 −4.1 −4.0 −6.9 1.2 1.9 1.3 −2.2

GCM SSP5-8.5
14–40 0.7 −5.6 −5.3 −8.3 −0.2 0.5 −0.2 −3.6

GCM SSP5-8.5
41–70 1.9 −4.1 −3.9 −6.8 1.2 1.9 1.3 −2.2

GCM SSP5-8.5
71–100 3.8 −1.7 −2.0 −4.5 3.3 4.2 3.2 0.0

TXm (◦C) GCM BC
Historical 18.4 15.2 13.0 11.5 17.5 19.6 17.3 15.5

GCM SSP2-4.5
14–40 20.1 17.0 14.7 13.4 19.2 21.5 19.0 17.2

GCM SSP2-4.5
41–70 21.0 18.0 15.6 14.5 20.2 22.5 19.8 18.2

GCM SSP2-4.5
71–100 21.8 18.9 16.4 15.4 21.0 23.4 20.6 19.0

GCM SSP5-8.5
14–40 20.3 17.2 14.9 13.7 19.5 21.7 19.2 17.5

GCM SSP5-8.5
41–70 21.9 19.0 16.5 15.5 21.1 23.6 20.7 19.2

GCM SSP5-8.5
71–100 24.3 21.5 18.8 18.2 23.4 26.1 22.9 21.6

The ID index in Table 6 shows the number of days where the maximum temperature
is below 0 ◦C in a year. In the historical period, the following values can be seen: Aegean,
5.8 days; Central Anatolia, 27.0 days; Black Sea, 35.4 days; Eastern Anatolia, 64.9 days;
Mediterranean, 12.5 days; Southeastern Anatolia, 13.7 days; Marmara, 5.2 days; and
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Türkiye, 27.7 days (Table 6). Overall, the data show a decrease in the number of icy days
in each region in the future time periods compared to the historical period. This decrease
is more pronounced in the mid- and late century. The most serious decrease was seen
at the end of the century under the SSP5-8.5 scenario in Eastern Anatolia, where the ID
dropped from 64.9 to 18.6. In the Aegean and Marmara regions, where the ID was already
low during the historical period, values were almost reduced to 0 days.

When the SU index values, which show the number of days with the maximum
temperature above 25 ◦C, are considered, the highest values were observed in Southeastern
Anatolia (131.8) and the lowest values were in the Black Sea (31.6 days) and Eastern Anatolia
(46.8 days) regions in the historical period (Table 6). Considering the difference between the
highest values and the lowest values, it should be noted that there is significant variation
between regions. When different SSP scenarios are compared, it can be seen that SU values
increase over time in all regions and the biggest increase is observed at the end of the
century under the SSP5-8.5 scenario (Figure 14). When this scenario is examined, it is
observed that the regional changes are close to each other and there is an average 70-day
increase in all regions. As a result of this increase, it is predicted that at the end of the
century, more than half of the year in Southeastern Anatolia can be classified as SU.

Considering the WSDI values in different regions of Türkiye, the Aegean, Central
Anatolian regions and Türkiye averages have similar WSDI values ranging from 14.2 days
to 14.6 days during the historical period (Table 6). While the lowest value is seen in the
Black Sea regions with 10.6 days, the WSDI value reaches 19.0 days in the Southeastern
Anatolia region. In the GCM SSP2-4.5 and SSP5-8.5 scenarios, WSDI values for different
regions increased in the future periods as the time range progressed from 2015–2040 to
2041–2070 and 2071–2100, showing strong increases by the end of the century, especially
in the SSP5-8.5 scenario. When the increase rate is taken into account, the Black Sea and
Marmara regions emerge while the Southeastern Anatolia, Eastern Anatolia, Mediterranean,
and Aegean regions stand out in terms of the amount of increase by the end of the century.
Compared to the observation period, it is seen that Türkiye’s average has increased above
109 days in the SSP2-4.5 scenario and above 195 days in the SSP5-8.5, especially in the
distant future, and this causes an expectation of an increase in both the periods of drought
and the frequency of these periods (Table 6). In general, the SSP5-8.5 scenario indicates
more severe water stress than the SSP2-4.5 scenario, especially in the future.

The TXx in Table 6. represents the yearly maximum of daily maximum temperatures.
When the changes in the TXx values for various regions of Türkiye are examined, in the
historical period, results of the Southeastern Anatolia region are the highest among all
regions with a value of 38.8 ◦C, while the lowest values are observed in the Black Sea
and Eastern Anatolia regions with 30.4 ◦C and 30.5 ◦C, respectively. It is notable that the
temperatures attained at the end of the century in the SSP2-4.5 scenario were reached at
the halfway point of the SSP5-8.5 scenario. In Türkiye’s average, which was 33.4 ◦C in the
historical period, increases of 4.3 ◦C and 7.5 ◦C degrees were projected for the SSP2-4.5 and
SSP5-8.5 scenarios by the end of the century.

The TXn index in Table 6 shows the minimum value of the maximum daily tempera-
tures during the year. It is seen that the TXn index in different regions varies from −1.2 ◦C
to −10.3 ◦C during the historical period. Although it is observed that the TXn index in-
creases under all scenarios, in all regions, and in all time periods, the highest increase is
observed at the end of the century under the SSP5-8.5 scenario. According to this scenario,
while seven regions were below 0 degrees in the past, this number decreases to 3 at the
end of the century. The Türkiye average, which was −5.6 ◦C during the observation pe-
riod, rises to −2.2 ◦C and 0 ◦C levels, respectively, according to the SSP2-4.5 and SSP5-8.5
scenarios by the end of the century.

When we look at the last index (TXm) in Table 6, which shows the annual average of
maximum temperatures, we can see that it is expected to increase over time in all regions.
Also, temporal variations in TXm in Türkiye and for the sub-regions are represented for
1961–2100 with two scenarios in Figure 15.
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The rate of increase and the specific value of the maximum temperature varies between
regions and time periods. For example, TXm values of the Eastern Anatolia Region are
expected to experience the greatest increase (6.63 ◦C), while the Marmara and Black Sea
regions are expected to experience the smallest increases (5.51 ◦C and 5.78 ◦C) in this index.
In addition, the differences between the SSP2-4.5 and SSP5-8.5 scenarios show how different
scenarios can affect future temperatures. Overall, the SSP5-8.5 scenario, which represents
a future with higher levels of economic growth, technology development, and resource
use, is expected to result in higher temperatures compared to the SSP2-4.5 scenario. When
Turkiye’s averages are evaluated, the value that was 15.5 in the historical period is expected
to increase by 3.5 ◦C and 5.1 ◦C for SSP2-4.5 and SSP5-8.5 scenarios at the end of the century
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(Figure 15). This shows that the TXn and TXm indices can move in parallel, while the TXx
extremes may be more affected by the changes in TXm.
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4. Discussion

Bagcaci et al. [29] examined the performances of CMIP5 vs. CMIP6 models in Türkiye
for precipitation and temperature in detail and produced performance rankings for both
variables of the examined models. In that study, ERA5 reanalysis data was used as a
reference and it was concluded that CMIP6 models were more successful than CMIP5
models for both variables. The model performance ranking created in this study and the
ranking created by Bagcaci et al. [29] differs on both the time scale, the compared values
(yearly indices vs. monthly means), and performance metrics. Although it can be expected
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that there will be serious differences in the rankings given these differences, the results are
similar especially for top-performing models. When the common global climate models
used in only two studies are evaluated, it is revealed that 8 of the 10 most successful models
for the precipitation variable are common in both studies. When the top 10 models with
the best temperature performance in the two studies were compared, it was seen that seven
of them were common. These results show that models that are successful in capturing
monthly seasonality are also successful in annual indices. As Baghel et al. [9] pointed out,
characterizing a model’s performance using statistics may be insufficient and dependent on
a number of variables. Agel and Barlow [79] also outlined variations in the CMIP6 model’s
ability to simulate different aspects of regional precipitation, seasonality, and distribution
and underlined the importance of assessing circulation in association with precipitation.

The study conducted by Cannon et al. [36] investigated whether the relative changes
in the GCM models in quantiles and extremes are preserved by quantile mapping methods
when it comes to precipitation. Since QDM, which is the downscale method used in the
estimation periods in this study, was also suggested by Cannon et al. [36], it is important
to compare the results. The mentioned study used three CMIP6 global climate models
(MIROC5, CanESM2, and CCSM4) over the Canadian domain and 1/12◦ grid size pre-
cipitation data obtained by Natural Resources Canada as reference data. In this study,
when precipitation is in question, more than 40 CMIP6 climate models are used for the
GCM historical period, while ERA5-Land precipitation data with 0.1◦ grid size is used
as reference data. There are also differences between the periods studied. However, the
biggest difference is that this study is a downscaling study, while Cannon et al. [36] focus
on bias correction. In the case of bias correction, the three climate models and reference
data are regridded into 1.4◦ grids so that they have the same size. In this application, all
small observation grids falling into a GCM grid become the same size as the GCM, thus
reducing the possible GCM observation differences. In downscaling, which is the basis of
this study, all observation grids are directly matched with the large GCM grids they fall into
without a regridding process. Because of this, the variations that may occur in reference
grids that are located at two different ends of a GCM grid are accepted as they are.

When the K-S test results are compared with Cannon et al. [36], it is seen that the
successes of all three raw GCMs used by Cannon et al. [36] are higher than those in this
study. As mentioned, we think that the main reason for this difference is the difference
between bias correction and downscaling. When the results obtained after the quantile
mapping methods are compared, it is possible to say that the results are much closer and
that the methods applied in both studies made significant corrections. This demonstrates
the success of the applied methods. Furthermore, Kumar et al. [66] demonstrated the
skill of QM methods in downscaling precipitation and found promising results. Enayati
et al. [80] also indicated the potential of the QM methods when coping with precipitation
and temperature; however, they also pointed out the impact of topographic features of the
studied region besides transformation functions and parameter sets. This could be one of
the reasons why QM methods exhibit regional differences in precipitation and temperature
results in Türkiye, which has a comparatively complex and diverse topography.

Different studies, considering the Mediterranean region and Türkiye, investigated
the effects of climate change on temperature and precipitation in the past. Barcikowska
et al. [81] revealed that simulated climate changes suggest pronounced warming and drying
over most of the Mediterranean region. Todaro et al. [45] also confirmed the progressive
increase in temperature over the Mediterranean region, which is also supported by the
findings of this study. Turkeş et al. [47] demonstrated a strong decrease in precipitation
for almost all parts of the Türkiye and increasing intense drought conditions based on the
projections of Regional Climate Model, RegCM4.4 of the International Centre for Theoretical
Physics (ICTP) with MPI-ESM-MR global climate model. In this study, a decrease in the
precipitation also revealed with variations in terms of the magnitude of this decrease among
the regions. Nevertheless, the results of Uzuner and Dengiz’s [48] research highlight the
desertification risk in Türkiye, which shows the increasing fragility of the region when
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taking account the drying conditions mentioned above. Furthermore, a recent study from
Ozturk [49], using the HIRHAM5 regional climate model driven by CMIP5 global climate
models EC-EARTH, HadGEM2-ES, and NorESM1-M, calculated the extreme indices in the
entire Mediterranean basin at the end of the century (2071–2100) and compared them to the
reference period (1971–2000). For this reason, it is similar to this study in terms of the study
area and the variables examined. However, it should be noted that there is both a dynamic
statistical downscaling and a CMIP5-CMIP6 GCM generation difference between studies.

When the results in Türkiye are compared with Ozturk [49], although there are differ-
ences between the models, it is possible to say that there is a consensus in terms of both
the regional distribution and magnitude of climate change trends. When the results for the
TXx index are examined, the averages of the three models used by Ozturk [49] show that
this index will increase by 7–8 ◦C by the end of the century under the RCP 8.5 scenario in
Türkiye, while the models driven by EC-EARTH and NorESM1-M show that the temper-
ature changes will be equally distributed across Türkiye. However, the model driven by
HadGEM2-ES predicted increases of about 10 ◦C for the Eastern Anatolia region while the
rest of Türkiye increased by 8 ◦C. The multi-model ensemble produced in this study shows
that the TXx index will increase by 7.5 ◦C at the end of the century under the SSP5-8.5
scenario in Türkiye, and the regional changes will be distributed almost equally. When the
PRCPTOT index, which examines the total precipitation, is investigated, the most striking
result is that the regions with the highest decrease are common in both studies. While
the Aegean and Mediterranean regions will experience the highest precipitation decreases
under the RCP 8.5 scenario according to all three of the models used by Ozturk [49], in
this study, the multi-model ensemble obtained as a result of downscaling of more than
30 CMIP6 models with QDM predicted that the highest decreases will also occur in these
two regions.

In addition, Ozturk et al. [82] also investigated the future changes in extreme climate in-
dices over the Middle East and North Africa (MENA) and showed that as radiative forcing
increases, the extreme temperature indices experience increasing intensity. They showed
that while the Mediterranean region was anticipated to be particularly impacted, the entire
region was projected to see significant increases in the daily maximum temperatures. Mis-
try [83] pointed out that detecting such common hotspot areas that potentially experience
extreme weather conditions can be beneficial for policymakers, insurance providers, and
urban planners to evaluate the exposure of regions to weather-related disasters. Thus,
it is a significant result that should be taken into account that this study and different
studies on Türkiye, and Mediterranean in which climate models of different generations
are used with different downscaling methods [49,82], point to danger in the similar regions.
Nonetheless, indices alone cannot convey the complete picture, and they may require exam-
ination alongside other indicators such as the use of variables and indicators, particularly
for the implications of future projections of change, as outlined by Alexander et al. [84].
Increasing SDII, decreasing total precipitation, and displayed dry day conditions and their
spatio-temporal variations displayed in this study also support Alexander et al. [84].

5. Conclusions and Remarks

This study aimed to investigate the spatiotemporal variations in temperature and
precipitation extremes in Türkiye between 1961 and 2100, using the recently released CMIP6
GCM data. Model biases were corrected based on the European Centre for Medium-Range
Weather Forecasts Reanalysis 5-Land (ERA5-Land) dataset whose accuracy in representing
temperature and precipitation has already been evaluated and confirmed as sufficient. Bias-
corrected high-resolution datasets were then used to produce the selected ET-SCI indices of
the two future scenarios of SSP2-4.5 and SSP5-8.5. The downscaling of temperature and
precipitation data from over 40 GCMs showed satisfactory performance in reproducing the
12 EPIs and 12 ETIs during the historical period. The primary findings of this study include:
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• In general, all three bias correction algorithms are robust and capable of correcting
large systematic biases that are present in the GCM representations of the ET-SCI
indices over the historical simulation period.

• Intermodel agreement is better for temperature simulations compared to
precipitation simulations.

• The temporal variations of the 12 EPIs and 12 ETIs from 2015 to 2100 consistently
suggest drier conditions, yet more frequent and severe precipitation extremes and
warming temperature extremes in Türkiye, under the two scenarios. The changes in
the 12 EPIs and 12 ETIs were more significant for SSP5-8.5.

• Considering the dry day conditions, the Black Sea and Marmara regions emerge with
greater dry periods compared to the Türkiye average, which means greater sensitivity
to climate change than the other regions. In general, the SSP5-8.5 scenario indicates
more severe water stress than the SSP2-4.5 scenario, especially in the future.

• Precipitation extremes indicate a decrease in the frequency of heavy rains but an
increase in very heavy rains and an increasing contribution of very heavy rain days
to the total precipitation. The increasing SDII and decreasing total precipitation also
support these findings.

• Temperature extremes such as the coldest, warmest, and mean daily maximum tem-
perature are expected to increase in all regions across Türkiye, indicating warming
conditions. Additionally, the coldest daily maximums exhibit higher sensitivity to
climate change in the Aegean, Southeastern Anatolia, Marmara, and Mediterranean
regions of Türkiye, while the mean daily maximum temperature showed greater
sensitivity in the Black Sea, Central Anatolia, and Eastern Anatolia regions.

The results of the analyses conducted with the most current CMIP6 climate models in
this study are consistent with those of other studies of the Mediterranean climate in the
literature. For sustainable developments in hydrological systems, forestry, and agriculture,
these results are of great significance. It should be noted that understanding climate change
is essential for both adapting to the changes and avoiding their negative effects when
carrying out sustainable sectoral projects.
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