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Abstract

Climate change intensifies extreme weather events, threatening agriculture, water security, and socio-economic stability
in semi-arid regions. This study projects 25 extreme climate indices for the Moghan Plain, Iran, using 1993-2014 data
as baseline and bias-corrected outputs from eight CMIP6 models under SSP1-2.6 and SSP5-8.5 scenarios for 2021-2100.
The three best-performing models (CanESMS, INM-CM5-0, and MPI-ESM1-2-LR) were selected for the ensemble based
on superior skill scores. Trends were evaluated with the Mann—Kendall test and Sen’s slope estimator, and uncertainty
was quantified via bootstrap resampling. Results indicate a shift toward a hotter, more hydrologically stressed climate.
Precipitation extremes intensify but become episodic: heavy rainfall indices (Rxlday+5-6 mm, Rx5day+1-3 mm,
R95p+7-8 mm, R99p+2-3 mm, SDII, R10mm, R20mm) increase, while consecutive wet days (CWD) decline slightly
(from 3.55 to 3.37-3.33 days/year) and consecutive dry days (CDD) lengthen significantly (from 60.77 to 61.72—66.15
days/year). Temperature extremes show strong warming: warm indices (TXx+1.8 to +4.5 °C, TNx+ 1.1 to +3.0 °C, SU25,
TR20, TX90p, TN90p) rise markedly, cold indices (FD—23 to —36 days, ID, TX10p, TN10p, CSDI) decline sharply,
and growing season length (GSL) extends (from 314.9 to 335.6-352.1 days). Diurnal temperature range (DTR) changes
marginally. Uncertainty is higher for precipitation than temperature extremes and increases under SSP5-8.5. These shifts
heighten risks of heat stress, drought, flash floods, and agro-climatic changes. Region-specific adaptation (e.g., integrated
land-water management) is essential to enhance resilience in this vulnerable agricultural region.
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Introduction

Climatic extreme events are intricately linked to various sec-
tors, including ecosystems and agriculture. These events,
such as floods, prolonged periods of hot days, or days with
heavy precipitation, are characterized by their rarity in terms
of intensity and frequency. Changes in their intensity and
duration can lead to significant environmental, agricultural,
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and economic losses. These extreme events exert a consider-
ably greater impact than changes in climatic averages (Wei
et al. 2023). Recent studies demonstrate that the frequency
and severity of climatic extremes have escalated relative to
historical data, with phenomena such as storms exhibiting
increased intensity and droughts and frosts becoming more
severe (Kuinkel et al. 2024; Elliot et al. 2025). These changes
have adversely affected human livelihoods, agricultural pro-
ductivity, and livestock production. Addressing the risks asso-
ciated with climatic extremes necessitates foresight regarding
future extreme events (IPCC 2013). Climate system models,
which account for interactions between the atmosphere, litho-
sphere, and hydrosphere, serve as robust and essential tools
for understanding current regional climates and predicting
future climatic changes (Chen et al. 2019).

Numerous studies worldwide have investigated climate
change and employed climate models to assess its impacts.
The impact of climate change on extreme climatic events
is particularly evident when models project a significant
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rise in both the frequency and upward trend of these events.
Prominent research on the influence of climate change on
the frequency of extreme climatic events includes studies by
Grazzini et al. (2020) in Italy, Aleshina et al. (2021) in Rus-
sia, Shenoy et al. (2022) in the United States, and Zhu et al.
(2024) in China. In northeast Iran, Kouzegaran et al. (2021)
assessed extreme temperature indices for 1991-2016 and
projected future trends based on CMIPS5 scenarios, demon-
strating rises in warm extreme indices and reductions in cold
extreme indices across all scenarios. Sun et al. (2021) dem-
onstrated that extreme precipitation events increased at two-
thirds of global weather stations by 2018, with the proportion
of stations exhibiting statistically significant upward trends
exceeding what would be expected by chance across various
continents. In South Korea, Felix et al. (2021) investigated
trends in nine indices of extreme temperatures and eight indi-
ces of extreme precipitation in the upper Geum River basin
over a 33-year period (1988-2020). Their results indicated
heightened temperature intensity, decreased duration of cold
spells, increased duration of warm spells, intensified precipi-
tation, and prolonged intervals of consecutive wet and dry
days. Fathian et al. (2023) investigated alterations in extreme
temperature events across Iran during the baseline period of
19762005 and the projected period of 2025-2054, employ-
ing outputs from three regional climate models—namely,
CCSM4, MPI-ESM-MR, and NORESMI1-ME—under the
RCP4.5 and RCP8.5 scenarios (CMIP5). Their analysis
revealed upward trends in warm extreme indices (e.g., sum-
mer days and tropical days) and downward trends in cold
extreme indices (e.g., frost days) at the majority of stations.
In northwest Iran, Mohamadi et al. (2023) assessed trends
in WSDI (warm spell duration) and CSDI (cold spell dura-
tion) using SSP scenarios and two optimal general circula-
tion models (GCMs), projecting rising trends in WSDI and
declining trends in CSDI at most stations. In China, Wei et
al. (2023) forecasted extreme climatic events using the SSP
scenarios. Projections suggested that the PTOT and Rx5day
indices in northwest China would increase by over 30%, and
the R20mm index would rise by approximately 4-5 days in
southeast China under the SSP5-8.5 scenario. Temperature-
related extreme indices were projected to increase over time,
while TN10p was expected to decrease by more than 6%
in eastern China. In the United States, Tefera et al. (2024)
forecasted extreme climatic indices in Texas using data from
1985 to 2005 and CMIP5 scenarios for the near (2031-2060)
and far (2070-2099) future. Their results projected increas-
ing trends in temperature and temperature-related extreme
indices under most scenarios, alongside reductions in the
occurrence of cold nights and days, alongside increases in the
occurrence of warm nights and days. Wang et al. (2025) inves-
tigated extreme heat and precipitation events in China using
the CMIP6 models. Results indicated increasing intensity,
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frequency, and duration of extreme heat indices, with greater
intensity at high latitudes and pronounced frequency/duration
increases on the Tibetan Plateau. Extreme precipitation indi-
ces showed stronger increases in coastal areas, less in interi-
ors, with notable rises on the Tibetan Plateau.

This study seeks to address the limited application of
CMIP6 outputs and the scarcity of comprehensive climate
research on the Moghan Plain. The objectives are three-
fold: (1) to systematically estimate 25 indices of extreme
precipitation and temperature events using the RClimDex
software package; (2) To investigate the historical patterns
of these indices across the reference period of 1993-2014;
and (3) To forecast their future trends until the close of the
21st century employing CMIP6 models under the SSP1-2.6
(optimistic) and SSP5-8.5 (pessimistic) scenarios. Through
this approach, the study aims to improve understanding of
climatic extremes in the Moghan Plain and to inform adap-
tive strategies for regional climate resilience.

Methodology
Geographical context of the study area

The Moghan Plain, spanning over 200,000 hectares, is
located in northwest Iran, in the northern part of Ardabil
Province, along the border with the Republic of Azerbai-
jan (Fig. 1). Renowned as a significant agricultural hub in
Iran, the plain benefits from favorable farming conditions,
including the presence of the Aras River, the Khoda Aarin
and Aslanduz dams, fertile soils, and suitable temperature
and humidity levels. This study utilizes climatic data from
the Parsabad (Moghan) meteorological station, situated in
the Moghan Plain, over 1993-2020. The Parsabad station
is approximately located at 39°37’ N latitude, 47°53” E
longitude, and 72 m asl. The Moghan Plain experiences an
annual mean of 261 mm of precipitation and a temperature
of 15.5 °C, with 78 rainy days per year. According to the
De Martonne index, the region is characterized as semi-arid.

Data Utilized

This study employs daily climatic data from the Parsabad
meteorological station, including precipitation, mean mini-
mum temperature, mean maximum temperature, and actual
sunshine hours, to forecast future climatic conditions and
calculate extreme climatic indices (Table 1). These data
were sourced from the Islamic Republic of Iran Meteoro-
logical Organization (https://irimo.ir/eng/index.php).

Given that GCM simulations from the Sixth Assessment
Report (AR6) extend up to 2014, the observational period up
to this year was consistently adopted as the baseline period.
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Fig. 1 Geographical Location of the Study Area, Parsabad meteorological Station in the Moghan Plain, Northwest Iran

Table 1 Statistical Characteristics of Daily Climatic Variables at the
Parsabad Meteorological Station, Moghan Plain, Iran (1993-2020)

Statistics Trax CC)  Tpin (°C)  Pre- Sunshine
cipitation (Hours)
(mm)

Minimum -3.2 -13.2 0 0

Maximum 44 27.4 65 14

Mean 21.2 10 1 6

Standard Deviation 10.1 8.2 3 4

Missing No. (%) 124 (1%) 336 (3%) 0 175 (2%)

Extreme climatic indices

Extreme climatic indices are defined as occurrences of cli-
matic variables exceeding (or falling below) specific thresh-
olds in a given region (IPCC 2013). Analyzing these indices
and forecasting their future changes are critical for develop-
ing management strategies and adapting to future climatic
shifts. In this study, 25 extreme climatic indices, as estab-
lished by the Expert Team on Climate Change Detection,

Monitoring, and Indices (ETCCDMI), were selected for
analysis in the Moghan Plain for both the base period (1993—
2014) and the future period (2015-2100). The formulation
of these indices originated from a cooperative initiative
led by the World Meteorological Organization (WMO),
encompassing the Commission for Climatology (CCL), the
Climate Variability and Predictability (CLIVAR) program,
the World Climate Research Programme (WCRP), and the
Expert Team on Climate Change Detection, Monitoring, and
Indices (ETCCDMI) (Karl et al. 1999; Peterson et al. 2001).
This collaboration established standardized definitions and
methodologies indices of extreme temperature and precipi-
tation events (Tables 2 and 3). All percentile-based indices
are calculated using fixed thresholds derived from the base-
line period. These thresholds are then consistently applied
to both the historical and future periods to ensure temporal
consistency and comparability of extreme climate indices.

The RClimDex sofiware package, implemented in the R
programming language, was used to calculate and estimate
these extreme climatic indices (Zhang et al. 2004).
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Table 2 Extreme Precipitation Indices Provided by ETCCDMI (Karl

Table 3 Extreme Temperature Indices Provided by ETCCDMI (Karl

et al. 1999) et al. 1999)
Row Index Name of Index Unit Row Type Index  Name of Index Unit
1 Rxlday Maximum l-day precipitation mm 1 Warm SU25  Annual count when daily max  day
2 Rx5day Maximum 5-day precipitation mm temperature>25 °C
3 SDII Simple daily intensity index mm 2 TR20  Annual count when daily min ~ day
per temperature>20 °C
day 3 TX90p Percentage of time when daily  day
4 R10mm Annual count of days when day maximgm temperature>90th
precipitation>10 mm percentile
5 R20mm  Annual count of days when day 4 TN90p Percentage of time when daily ~ day
precipitation>20 mm minimum temperature>90th
6 CDD Maximum number of consecutive days day percentile
with precipitation<1 mm 5 WSDI  Annual count when at least 6 day
7 CWD  Maximum number of consecutive days day consecutive days of max tem-
with precipitation>1 mm perature>90th percentile
8 R95p Annual total precipitation from days>95th  mm 6 TXx Monthly highest value of daily ~ °C
percentile maximum temperature
9 R99p Annual total precipitation from days>99th mm 7 TNx Monthly highest value of daily ~ °C
percentile minimum temperature
8 Cold FD Annual count when daily mini- day
mum temperature <0 °C
Coupled model intercomparison project phase 6 ? ID Annual count when daily maxi-  day
CMIP6 . mum temperature <0 °C
( ) scenarios 10 TXn Monthly lowest value of daily ~ °C
maximum temperature
This study leverages outputs from 9 General Circula- 11 TNn  Monthly lowest value of daily ~ °C
tion Models (GCMs) under the IPCC’s Sixth Assessment minimum temperature
Report (CMIP6) to project daily minimum temperature, 12 TX10p Percentage of time when daily  day
. e . maximum temperature < 10th
maximum temperature, and precipitation for the Moghan percentile
Plam, northwest Iran, fr.om 2021 .to .2.100.. To mltlgatc.: the 13 TNIOp Percentage of time when daily  day
influence of internal climate variability inherent in indi- minimum temperature < 10th
vidual models, the multi-model ensemble mean was com- percentile
puted to evaluate changes in temperature and precipitation 14 CSDI The number of days when day

(Chen et al. 2019; Yu et al. 2020). This approach enhances
the robustness of the analysis by averaging outputs across
multiple General Circulation Models (GCMs), thereby
reducing the impact of model-specific variability and pro-
viding a more reliable assessment of projected climatic
trends (Wang et al. 2025). The projections are based on
two Shared Socioeconomic Pathways (SSPs): SSP1-2.6,
representing an optimistic scenario with strong climate
policies that limit warming to approximately 2 °C, and
SSP5-8.5, representing a pessimistic scenario character-
ized by high greenhouse gas emissions and minimal miti-
gation efforts. To improve spatial resolution for regional
climate impact assessments, the LARS-WG was used to
downscale the coarse outputs of General Circulation Mod-
els (GCMs). LARS-WG generates synthetic daily weather
data by integrating historical observations with GCM pro-
jections, capturing interactions between the atmosphere,
lithosphere, and hydrosphere. The LARS-WG model
downscales climate projections from GCMs by incorpo-
rating local-scale changes in mean climate, variability, and
extreme events. This is achieved by adjusting the statis-
tical distributions of weather variables at each site using
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daily minimum temperature is
below the 10th percentile of the
baseline period for at least six
consecutive days

15 Difference DTR Annual mean difference °C
between daily max and min
temperature

16 Duration  GSL Annual count between first day

span of at least 6 days with
daily mean temperature>5 °C
and first span after 1 July

of 6 days with daily mean
temperature <5 °C

delta-changes derived from the GCM outputs (Semenov
2021). The performance of the LARS-WG weather gen-
erator in reproducing observed climate characteristics
was evaluated during the baseline period using statistical
comparison of monthly distributions of daily precipitation,
minimum temperature (Tmin), and maximum temperature
(Tmax). The Kolmogorov—Smirnov (KS) test results indi-
cated no significant differences (p-value>0.05) between
observed and simulated data for all months and variables,
demonstrating the capability of LARS-WG to reliably
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reproduce the statistical properties and extremes of the
observed climate. Detailed monthly statistics are provided
in Supplementary Table S1.

GCMs, critical for global climate research, simulate
climatic variables across past, present, and future periods,
accounting for varying GHG concentrations. The CMIP6
models, an advancement over previous iterations, fea-
ture increased vertical layers for improved stratospheric
simulation accuracy (Chen et al. 2020). The 8 GCMs
were selected for their diverse modeling approaches,
addressing uncertainties in model structure and param-
eterization. Based on their performance over the Moghan
Plain, Iran, climate sensitivity, and the distribution of
GCMs, a subset of the three best-performing GCMs—
CanESM5, INM-CM5-0, and MPI-ESM1-2-LR—was
selected. These models are evenly distributed within the
CMIP6 ensemble, capturing the uncertainty in future cli-
mate projections. Using this subset considerably reduces
computational time for impact assessment studies while
still allowing an explicit estimation of uncertainties in
impacts arising from GCM-related climate projection
variability (Semenov et al. 2025). Specifications and
developing institutions of the selected models are pro-
vided in Table 4.

The SSP1-2.6 scenario represents strong mitigation
and sustainable development, resulting in reduced radia-
tive forcing by 2100, whereas SSP5-8.5 corresponds to a
fossil-fuel-intensive pathway associated with substantial
warming (Dinpashoh and Allahverdipour 2025). By ana-
lyzing temperature and precipitation under these scenarios,
the study provides insights for agriculture, water manage-
ment, and policy planning in the Moghan Plain. The down-
scaled data support region-specific strategies to mitigate the
impacts of climate extremes, highlighting the importance of
robust climate policies to minimize adverse effects under
high-emission scenarios.

Bias Correction of GCM Outputs

To reduce systematic biases in the downscaled GCM out-
puts, an Empirical Quantile Mapping (EQM) bias correction
was applied to daily precipitation, maximum temperature
(Tppay)> and minimum temperature (T,,;,) variables, as this
is one of the most reliable methods for bias correction (Raj-
kumar et al. 2026). EQM is a non-parametric approach that
maps the cumulative distribution function (CDF) of model
simulations to that of observed data during the baseline
period (Sarkar and Maity 2022; Choudhary et al. 2025).
For each grid cell and calendar month, the bias-corrected
value ( P, ) is derived as Eq. (1) (Cannon et al. 2015):

Peor = Fo_bi (Fmod(Praw)) (1)

Table 4 Characteristics of the GCMs used in this study
No Model Country

Horizontal
resolution
(lon x lat)
192 x 145

Institutions

1 ACCESS-ESM1-5  Australian
Community
Climate

Australia

2 CanESM5 Canadian Canada 128 x 64
Centre for

Climate Mod-

elling and

Analysis,

Environment

and

Climate

Change

Canada

Euro-Mediter- Europe
ranean Centre
on Climate
Change-
Earth System
Mode
Administra-
tion, Geo-
physical Fluid
Dynamics
Laboratory
Institute for
Numerical
Mathemat-
ics, Russian
Academy

of Science,
Moscow

3 CMCC-ESM2 362x292

4 GFDL-ESM4 USA 288 %180

5 INM-CM5-0 Russia 180> 120

6 MIROC6 Japan 256x128
Agency for
Marine- Earth
Science and
Technology
Max Planck
Institute for

Meteorology

Japan

7 MPI-ESM1- 2-LR Germany 384x192

8 MRI-ESM2-0 Meteorologi- 320x 160
cal Research

Institute

Japan

where, P,q,, is the raw GCM output, F},,.q is the CDF of the
model data during the baseline period, and F (;7; is the inverse
CDF of the observed data. Supplementary Figs. S1-S3 show
the probability density functions of precipitation, minimum
temperature, and maximum temperature before and after bias
correction, demonstrating improved agreement with observa-
tions for both mean values and extremes (Cannon et al. 2015).

Trend analysis

The aim of the trend analysis is to identify whether a time
series exhibits a consistent increasing or decreasing pattern.
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For hydrological and meteorological variables, assumptions
such as normality, stationarity, and independence of the
observation series do not hold. Therefore, non-parametric
methods are employed. Non-parametric methods are less
sensitive to extreme values compared to parametric meth-
ods, and these types of tests can be applied without consid-
ering whether the trend in the data is linear or nonlinear. The
non-parametric MK test was introduced by Mann (1945)
and further developed by Kendall (1948).

If the number of time series data points in the period
under investigation is n, the statistic .S is initially calculated
from Eq. (2):

S = Z iy Z i—kg1sgn (zj — ) ()

where x; and xj, are the j-th and k-th data values, respec-
tively, and sgn (6 ) is the sign function defined by Eq. (3):
if (xj —xg) >0

+1
Sgn(9)={ 0 if (zj—axr) =0 3)
-1 if (zj—xx) <0

Next, the variance of S, denoted as Var (s) is calculated
from Eq. (4):

nn—1)2n+5)—> 2 t;(t; —1)(2t; — 5)

Var(s) = 18

(4)

where t; represents the number of identical data points in
the i-th group, and P denotes the total number of groups
with tied observations. The Mann-Kendall (MK) test statis-
tic Z is then calculated using Eq. (5):

\/3%(8) if S>0
Z={ 0 if S=0 5)
\/5%1() if S <0

A positive value of Z indicates an increasing trend, while
a negative value indicates a decreasing trend in the data.
Additionally, a is the significance level considered for this
test. The null hypothesis (,), which assumes no trend,
is not rejected if the absolute value of the calculated Z
statistic is smaller than the critical Z value from the
standard normal distribution at the chosen significance
level (a/2 for a two-tailed test). Otherwise, H,, is rejected
and the alternative hypothesis, indicating the presence of a
significant trend, is accepted (Mann 1945; Kendall 1948).
In this study, the trend was evaluated at a 5% significance
level (p <0.05).

In trend studies, the presence of significant autocorrela-
tion coefficients can lead to misleading results. Therefore,
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to eliminate the effects of significant autocorrelation coef-
ficients from the time series, the modified MK test was
employed (Hamed and Rao 1998). According to this
method, the autocorrelation coefficient of order &k (rg) is
first obtained from Eq. (6):

1 —k o o
R i (mi— 53) ($i+k— 17)
) N
D (xi_ :c)

Ty =

(6)

where n is the number of data points and k is the lag order.
where n represents the total number of data

points and k denotes the lag order. If the condition
1-Z « vn—k—1 1+Z o vn—k—1
= /2 /9

k n—~k

po
fied, the data series is assumed to be independent at the «
level, and calculations are performed using the original MK
test. However, if the autocorrelation coefficient of order k

falls outside this range, the modified variance, denoted as
Var (s)", is first calculated using the Eq. (7):

IS satis-

< rp <

Var (s)" = Var(s) x% (7)

where the ratio -+ is derived from Eq. (8):

n*

%:1+m Psin=i)(n—i—=1)(n—i—-2)m (®)
Subsequently, the computed Var (s)” is substituted in place
of Var (s), and the statistic Z is recalculated. Finally, the
significance of the trend is assessed (Hamed and Rao 1998;
Dinpashoh et al. 2011).

To calculate the magnitude of trend slope, the non-para-
metric Sen’s slope estimator was employed. This method
is especially valuable in disciplines such as environmental
science, hydrology, and climatology, where the data may
not satisfy the assumptions required for parametric tests,
including normality and homoscedasticity. The Sen’s slope
estimator (Sen 1968) can be described by the Eq. (9):

s = Median {X; — ;X] . (G>) 9)
where s represents the slope estimator of the trend line, and
X; and X; are the observed values at indices 7 and j in
the dataset, respectively. A positive value of s indicates an
upward slope of the trend line, while a negative value signi-
fies a downward slope in the data series.

A positive s value indicates an upward trend, whereas
a negative s value corresponds to a downward trend in the
data series.



Earth Science Informatics (2026) 19:79

Page70f18 79

Due to the large number of simultaneous statistical
tests performed on the 25 ETCCDI indices, the risk of
false positive trend detection increases substantially;
therefore, the Benjamini—Hochberg false discovery rate
(FDR) procedure was applied at q=0.05 to control the
expected proportion of erroneous rejections. g-values rep-
resent the false discovery rate (FDR)-adjusted p-values.
They are obtained by applying the Benjamini—-Hochberg
procedure (Benjamini and Hochberg 1995) to control
the expected proportion of false positives (Type I errors)
when performing multiple hypothesis tests simultane-
ously (Haynes 2013).

In contrast to the conventional p-value (which controls
the probability of a Type I error for a single test), the g-value
accounts for the fact that 25 ETCCDI indices were tested at
the same time. A g-value of 0.03, for example, means that
among all tests declared significant at <0.03, we expect at
most 3% to be false positives. The procedure works as fol-
lows (Haynes 2013):

1. Compute the original (uncorrected) p-values from the
Mann—Kendall test for all 25 indices.

2. Rank the p-values in ascending order (p(1)<p(2)<... <
p(25)).

3. For each ranked p-value p(i), calculate the q-value as:
q(i)=min ((p(i)) *x m/ 1, q(i-1)), where m=25 (number
of tests), starting from the largest p-value and moving
backward.

4. Trends with q<0.05 are considered statistically signifi-
cant after FDR correction.

Trends are classified as (Haynes 2013):

e Significant after FDR correction — q<0.05.

e Significant before FDR correction only — p<0.05 but
q>0.05.

e Not significant — p>0.05 (and thus g>0.05).

Results and discussion

Ranking of CMIP6 models

Model performance in reproducing observed ETCCDI
indices during the baseline period (1993-2014) was
evaluated using RMSE, MAE, and PBIAS as primary
metrics. The RMSE values, broken down separately for
groups of indices with identical units, are presented in
Figs. 2, 3 and 4, while the complete values of RMSE,
MAE, and PBIAS for all models and all indices are
provided in Supplementary Table S2 to avoid excessive
length in the main text. In addition, the boxplot
distributions of all observed and model-simulated indices
during the baseline period, illustrating their statistical
dispersion and consistency across models, are provided
in Supplementary Fig. S4.

The multi-model ranking (Fig. 5) shows clear differ-
ences in performance across indices and models. CanESMS5
achieved the best overall performance with the lowest sum
of ranks (90) and mean rank of 3.56, followed by INM-
CM5-0 (sum=96, mean rank=3.93) and MPI-ESM1-2-LR

RMSE - Precip_mm

- 180
159.649 165.061 154.068 178.758 -160

- 140
79.682 79.739 77.247 96.869

- 120

- 100
17.033 17.181 17.129

180.648 167.664 169.980 164.037

R95p

112.101 93.208

16.125 18.721

Index
Rx5day Rxlday R99p

SDII

ACCESS-ESM1-5 |
CMCC-ESM2 -
CanESM5 -
GFDL-ESM4 |

Model

30.861 37.683 29.852 26.938 22.443 24.505 25.799 24.196
1.607 1.845 1.294 1.457 1.447 1.596 1.469 1.729

18 667

80
60
40
20

INM-CM5-0 -
MIROC6 -
MPI-ESM1- 2-LR |
MRI-ESM2-0 -

Fig.2 Root Mean Square Error (RMSE) of the eight CMIP6 models in simulating precipitation-related ETCCDI indices compared to observations
during the baseline period (1993-2014). Lower RMSE values indicate better model performance
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RMSE - Temp_C

DTR

- 3.733 3.440 3.741 3.849

TNn

Index
TNx

3.091 2.760 2.446

TXn

TXx

ACCESS-ESM1-5 -
CMCC-ESM2 -|
CanESM5 -
GFDL-ESM4 -|

Model

Fig.3 Asin Fig. 2 but for temperature-related ETCCDI indices

(sum=98, mean rank=4.04). These three models consis-
tently ranked among the top performers across both tem-
perature and precipitation extremes.

In contrast, CMCC-ESM2 exhibited the weakest over-
all performance (sum of ranks=132, mean rank=>5.11),
particularly in precipitation-related indices such as R95p,
R99p, and Rx5day, where it ranked 7th or 8th in most cases.
ACCESS-ESM1-5 and MRI-ESM2-0 showed balanced
but intermediate performance (mean ranks 4.83 and 4.97,
respectively), with strengths in temperature extremes (e.g.,
TXx and TNx) but relatively poorer performance in some
precipitation indices.

The heatmap (Fig. 5) highlights structural differences:
CanESM5 and INM-CM5-0 dominate in warm extremes
(TXx, TNx, SU25) and growing season length (GSL), while
MPI-ESM1-2-LR and GFDL-ESM4 perform better in cold
extremes (FD, ID, TNn). Precipitation indices show greater
inter-model spread, with no single model consistently excel-
ling across all precipitation metrics.

The ranking results (Fig. 5; Table 5) demonstrate that
CanESMS5, INM-CM5-0, and MPI-ESM1-2-LR provide the
most skillful representation of the observed ETCCDI indi-
ces in the study region during the baseline period. The supe-
rior performance of these three models in extremes (e.g.,
high ranks in TXx, TNx, Rx5day, and GSL) supports their
selection as the final ensemble members for future projec-
tions. Conversely, CMCC-ESM2’s consistently poor perfor-
mance in precipitation extremes (high ranks in R95p, R99p,
Rxlday) suggests structural limitations in its representa-
tion of convective and orographic precipitation processes,
which is a known issue in some CMIP6 models. The greater
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inter-model spread in precipitation indices compared to
temperature indices reflects the higher uncertainty and com-
plexity in simulating extreme precipitation events, partic-
ularly in regions with complex topography like the study
area. This spread underscores the importance of using a
multi-model ensemble rather than relying on a single GCM
for impact assessments.

Effects of climate change on extreme climate indices

Table 6 presents the projected multi-year mean values of
the 25 ETCCDI extreme climate indices for the Moghan
Plain under the baseline period (1993-2014) and the two
future periods (2015-2100) for the SSP1-2.6 and SSP5-8.5
scenarios.

Precipitation extremes show a clear tendency toward
intensification and greater temporal concentration. The
mean values of most heavy precipitation indices (Rx1day,
Rx5day, SDII, R10mm, R20mm, R95p, and R99p) are
projected to increase under both scenarios, with generally
larger changes under SSP5-8.5. At the same time, the mean
consecutive wet days (CWD) index is projected to decrease
slightly from 3.55 days in the baseline to 3.37 and 3.33
days under SSP1-2.6 and SSP5-8.5, respectively, while the
mean consecutive dry days (CDD) index is projected to rise
from 60.77 days to 61.72 and 66.15 days, respectively. This
combination indicates a future climate with more intense
but less frequent precipitation events and longer dry spells,
which is consistent with thermodynamic arguments for
increased moisture-holding capacity and the expected pole-
ward expansion of subtropical dry zones.
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Temperature extremes exhibit a very strong warming sig-
nal, particularly in the warm tail of the distribution. Warm
spell duration (WSDI) is the only warm extreme index pro-
jected to decrease (from 1.82 days to 0.20 and 0.48 days
under SSP1-2.6 and SSP5-8.5, respectively), most likely
due to the very large baseline values in certain years being
replaced by a more uniformly warm climate. All other warm
indices (TXx, TNx, SU25, TR20, TX90p, TN90p) increase
substantially, with changes under SSP5-8.5 being markedly
larger than under SSP1-2.6.

The cold extremes (FD, ID, TX10p, TN10p, CSDI)
decrease dramatically, with the largest relative reductions
occurring under the high-emission scenario. For example,
the mean frost days (FD) index is projected to fall from 49.5
days to 26.1 and 13.9 days under SSP1-2.6 and SSP5-8.5,
respectively. The diurnal temperature range (DTR) shows
only a marginal increase (<0.5 °C) under both scenarios,
suggesting that minimum temperatures are warming at a
rate comparable to or slightly faster than maximum tem-
peratures. The growing season length (GSL) is projected to
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Model Ranks for ETCCDI Indices
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Fig.5 Heatmap of model ranks across 25 ETCCDI indices during the baseline period (1993-2014). Lower rank (blue) indicates better performance

Table 5 Model overall ranks across 25 ETCCDI indices during the baseline period (1993-2014). Lower rank indicates better performance

Index

ACCESS-ESM1-5 CMCC-ESM2 CanESMS GFDL-ESM4 INM-CMS5-0 MIROC6 MPI-ESMI-2-LR MRI-ESM2-0

Overall Rank 6 8

—

4

2

W

3 7

lengthen significantly from 314.9 days to 335.6 and 352.1
days under SSP1-2.6 and SSPS5-8.5, respectively, which
may benefit certain agricultural activities in the short to
medium term but will also increase exposure to heat stress
during critical crop growth stages.

Overall, the projected changes point to a future climate
in the Moghan Plain characterized by more intense pre-
cipitation extremes, longer dry periods, substantially fewer
cold days, and a marked intensification of warm extremes,
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especially under the high-emission SSP5-8.5 pathway.
These shifts are expected to have important implications for
water resources, agriculture, ecosystems, and human health
in the region.

Trend analysis

The results of the Mann—Kendall trend analysis and
Sen’s slope estimates for the baseline period and future



Earth Science Informatics (2026) 19:79

Page 110f 18 79

Table 6 Means of Extreme Precipitation and Temperature Indices for
the Moghan Plain During the Baseline Period (1993-2014) and Future
Period (2015-2100) Under SSP1-2.6 and SSP5-8.5 Scenarios

Row  Index Unit 1993—  2015-2100  2015-2100
2014 (SSP1-2.6)  (SSP5-8.5)
1 Rxlday mm 28.25 33.88 33.72
2 Rx5day  mm 41.76 43.06 44.28
3 SDII mm per 5.94 7.23 7.14
day
4 R10mm  day 7.86 9.74 9.51
5 R20mm  day 1.91 2.94 2.63
6 CDD day 60.77 61.72 66.15
7 CWD day 3.55 3.37 3.36
8 R95p mm 58.81 66.53 66.24
9 R99p mm 17.38 19.99 20.28
10 Su25 day 144.73  163.07 178.71
11 TR20 day 45.32 63.58 88.78
12 TX90p day 9.51 9.98 10.22
13 TN90Op day 9.08 9.83 10.23
14 WSDI day 1.82 0.20 0.48
15 TXx °C 38.7 40.52 43.18
16 TNx °C 25.49 26.57 28.52
17 FD day 49.5 26.10 13.92
18 ID day 1.09 0.09 0.07
19 TXn °C 0.37 1.78 3.60
20 TNn °C -8.05 -6.86 -4.66
21 TX10p day 11.03 9.96 10.04
22 TN10p day 10.67 9.87 10.03
23 CSDI day 2.59 0.08 0.08
24 DTR °C 11.08 11.37 11.53
25 GSL day 31486  335.60 352.08
Fig.6 Extreme Climatic Indices
Changes Trends for the Moghan
Plain During the Baseline Pe?riod GSL
(1993-2014) and Future Period
(2015-2100) Under SSP1-2.6 DTR
and SSP5-8.5 Scenarios (at the
5% significancy level) CSDI
TN10p
TX10p
TNn -
\
¢
TXn
ID
FD
TNx

WSDI

Z Value (Mann-Kendall)

projections under the SSP1-2.6 and SSP5-8.5 scenarios
are presented in Figs. 6 and 7, while detailed numeri-
cal values (including Z statistics, Sen’s slopes, p-values,
g-values, and autocorrelation metrics) are provided in
Supplementary Tables S3-S5 to avoid excessive length in
the main manuscript.

The baseline period (1993-2014) shows limited evi-
dence of statistically significant trends in extreme climate
indices. Most precipitation-related indices, including
Rx1day, Rx5day, R95p, and R99p, do not exhibit signifi-
cant trends, indicating relative stability in extreme pre-
cipitation characteristics during the observational period.
The only marginal signal is observed in SDII, which
shows a weak increasing trend significant at the 5% level
(»<0.05), although this significance disappears after
FDR correction. In contrast, temperature extremes show a
more distinct signal, with TN90p (warm nights) exhibit-
ing a strong and statistically significant increasing trend
that remains robust after FDR correction. This indicates
that nighttime warming is already a detectable feature of
the regional climate, while other indices of temperature
extremes show non-significant tendencies consistent with
gradual warming.

In future projections, a clear intensification of
trends is observed, particularly under the SSP1-2.6
scenario. Several precipitation indices, including
Rxlday, Rx5day, SDII, and R95p, show statistically
significant increasing trends that remain robust after

—o— base (1993-2014)
—@— 2015-2100 (SSP1-2.6)
— @ —2015-2100 (SSP5-8.5)
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R10mm
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Fig. 7 Sen’s Slope of Extreme Indices for the Moghan Plain: (a) the
baseline period (1993-2014), (b) under the SSP1-2.6 scenario, and
(¢) under the SSP5-8.5 scenario for the future period (2015-2100).
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FDR correction, suggesting an intensification of heavy
precipitation events and rainfall intensity under this
scenario. However, indices such as R10mm, CDD, and
CWD remain non-significant, indicating that changes in
precipitation frequency and dry/wet spell duration are
less pronounced. Under SSP1-2.6, temperature-related
indices exhibit widespread and statistically significant
changes. Warm extremes, including SU25, TR20, TX90p,
TN90p, TXx, and TNx, show strong positive trends, while
cold-related indices such as FD, TX10p, and TN10p show
significant decreasing trends. These results indicate a
coherent warming signal characterized by more frequent
and intense warm extremes and a decline in cold events.
Additionally, the growing season length (GSL) shows a
significant increase, suggesting important implications for
agriculture and ecosystem dynamics.

Under the high-emission SSP5-8.5 scenario, these
patterns become more pronounced and, in some cases,
more complex. Precipitation extremes show mixed
behavior: Rx5day exhibits a significant increasing trend
after FDR correction, while indices such as SDII, R95p,
and R99p show weaker significance that does not persist
after FDR adjustment. This suggests increased variability
and uncertainty in precipitation responses under stronger
forcing. In contrast, temperature extremes show a stronger
and more consistent response compared to SSP1-2.6.
Indices such as SU25, TR20, TXx, TNx, TXn, TNn, and
GSL exhibit statistically significant trends after FDR
correction, indicating substantial intensification of both
warm extremes and seasonal changes. The frequency of cold
events (FD) continues to decline significantly, while TX10p
and TN10p also show decreasing tendencies, although their
significance weakens after FDR correction. Notably, the
diurnal temperature range (DTR) becomes significantly
increasing under SSP5-8.5, suggesting differential warming
between daytime and nighttime temperatures under stronger
radiative forcing.

Across all scenarios, autocorrelation is generally weak
for most indices; however, several temperature indices in
future projections exhibit significant lag-1 autocorrelation,
leading to reduced effective sample sizes. This highlights
the importance of applying the modified Mann—Kendall
approach to ensure robust trend detection.

In summary, while the baseline period reflects relatively
stable extreme climate behavior with limited significant
trends, future projections indicate a clear shift toward inten-
sified extremes, particularly in temperature-related indices.
The results consistently demonstrate that warming-driven
changes—especially increases in warm extremes and reduc-
tions in cold events—are more robust and widespread than
changes in precipitation extremes, with stronger signals
under higher emission scenarios.

Uncertainty Analysis

To assess the uncertainty associated with projected changes
in extreme climate indices, a bootstrap resampling approach
was employed using 2000 iterations, a moving window size
of 10 years, and a 95% confidence level. Uncertainty met-
rics including the average and maximum width of the 95%
confidence interval (CI) and the d-factor were calculated for
all indices under both SSP1-2.6 and SSP5-8.5 scenarios.
Given the large number of indices (25 ETCCDI indices) and
the inclusion of two future scenarios, only the uncertainty
metrics (Table 7) and uncertainty plot of a representative
index is presented in the main text (Fig. 8) for brevity, while
the remaining plots are provided in the Supplementary
Material (Fig. S5 and Fig. S6).

The results indicate that uncertainty levels vary substan-
tially across different indices and between scenarios. In gen-
eral, precipitation-related indices exhibit larger uncertainty
compared to temperature-related indices. For instance,
extreme precipitation indices such as R95p and R99p show
the highest uncertainty ranges, with average 95% CI widths
of 58.88 mm and 34.61 mm under SSP1-2.6, increasing
to 63.59 mm and 34.46 mm under SSP5-8.5, respectively.
Their maximum CI widths are also considerably large,
reaching up to 119.96 mm for R95p under SSP5-8.5, indi-
cating high variability and lower confidence in projections
of extreme precipitation intensity. Similarly, indices such as
Rx1day and Rx5day show notable increases in uncertainty
under the high-emission scenario, reflecting the enhanced
variability of short-duration extreme rainfall events.

In contrast, temperature-related indices generally exhibit
lower uncertainty and more consistent behavior across sce-
narios. Indices such as TXx, TNx, TXn, and TNn show
relatively small CI widths, indicating higher confidence
in projections of temperature extremes. However, some
temperature indices, particularly those related to percen-
tile thresholds (e.g., TX90p and TN90p), show increasing
uncertainty under SSP5-8.5, suggesting that the variabil-
ity of extreme temperature occurrence may intensify under
stronger radiative forcing.

The d-factor values further support these findings by
quantifying the relative spread of uncertainty. Precipitation
indices generally have higher d-factor values, particularly
R20mm and R95p, indicating a wider spread of model out-
puts relative to observed variability. Conversely, indices
such as CSDI and ID show very low d-factor values, sug-
gesting limited variability and higher robustness in projec-
tions. Notably, the d-factor for several indices increases
under SSP5-8.5, highlighting that uncertainty generally
amplifies under higher emission scenarios.

Indices related to temperature extremes and heat events,
such as SU25 and TR20, show moderate increases in
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Table 7 Uncertainty metrics of ETCCDI extreme climate indices under SSP1-2.6 and SSP5-8.5 scenarios, including average and maximum width
of 95% confidence intervals and d-factor derived from bootstrap analysis

Index Unit Avg 95% CI Width ~ Max 95% CI Width ~ d-factor Avg 95% CI Width ~ Max 95% CI Width ~ d-factor
SSP1-2.6 SSP1-2.6 SSP1-2.6  SSP5-8.5 SSP5-8.5 SSP5-8.5

Rxlday mm 13.35 24.83 1.12 14.81 36.92 1.24
Rx5day mm 12.62 24.77 0.67 15.93 33.28 0.85
SDII mm/day 1.52 2.42 1.28 1.53 2.33 1.28
R10mm  day 3.1 433 0.93 3.26 5.17 0.98
R20mm  day 2.09 3.33 1.6 2.21 3.5 1.69
CDD day 24.7 37.85 1.11 27.24 385 1.22
CWD day 0.93 1.27 1.02 1.01 2 1.1
R95p mm 58.88 114.02 1.37 63.59 119.96 1.48
R99p mm 34.61 85.68 1.18 34.46 71.55 1.17
Su25 day 6.38 10.57 0.67 7.91 14.55 0.83
TR20 day 5.32 8.71 0.62 7.63 15 0.9
TX90p day 1.97 3.99 0.62 2.89 9.23 0.91
TN90p day 2.02 4.93 0.49 3.28 11.87 0.8
WSDI day 0.46 6.83 0.13 1.05 6.17 0.3
TXx °C 0.68 2.82 0.55 0.9 2.85 0.73
TNx °C 0.91 1.43 0.94 1.07 2.14 1.1
FD day 5.92 23.33 0.48 5.01 23.33 0.41
ID day 0.19 1.67 0.12 0.16 1.67 0.1
TXn °C 1.34 3.28 0.68 1.45 33 0.74
TNn °C 2.13 5.1 0.85 2.11 5.1 0.84
TX10p day 2.33 6.5 0.54 2.93 8.69 0.67
TN10p day 1.79 4.81 0.53 2.71 7.98 0.8
CSDI day 0.2 35 0.04 0.2 3.5 0.04
DTR °C 0.3 0.43 0.69 0.29 0.4 0.69
GSL day 17.06 25.72 0.59 9.16 25.17 0.31
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Fig. 8 Bootstrap-based uncertainty envelopes (95% confidence intervals) of Rx1day index under the SSP1-2.6 scenario
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uncertainty under SSP5-8.5, consistent with the stronger
warming signal and increased variability of heat extremes.
Meanwhile, the growing season length (GSL) shows a rela-
tively high uncertainty range under SSP1-2.6 but a lower
average uncertainty under SSP5-8.5, suggesting a more
consistent directional change under stronger forcing despite
variability in magnitude.

Overall, the results demonstrate that uncertainty is sys-
tematically higher for precipitation extremes than for tem-
perature extremes, and that uncertainty generally increases
under the high-emission SSP5-8.5 scenario. This pattern
reflects the inherently higher variability and model sensi-
tivity associated with precipitation processes compared to
temperature. These findings highlight the importance of
considering uncertainty in interpreting future projections,
particularly for extreme precipitation indices, where large
variability may limit the robustness of projected changes.

Discussion

The projected changes in extreme climate indices for the
Moghan Plain are broadly consistent with regional pat-
terns documented in recent CMIP6-based studies over
Western Asia and neighboring countries, while also
revealing some sub-regional specificities that highlight
local vulnerability.

Zareian et al. (2024) analyzed temperature and precipi-
tation extremes across eight West Asian countries using a
regional CMIP6 ensemble. They reported Tmax increases
of +1.8 to +2.6 °C for Iran under SSP1-2.6 to SSP5-8.5,
closely matching our projected warming in warm extremes
(TXx+1.8 to +4.5 °C, TNx+1.1 to +3.0 °C) and sharp
declines in cold extremes (FD: —23 to —36 days). Their
P, . increase of +11 to +17% for Iran under SSPS5-
8.5 aligns with our intensified short-duration extremes
(Rxlday: +5—-6 mm, Rx5day: +1-3 mm) and heavy pre-
cipitation totals (R95p: +7-8 mm, R99p: +2—3 mm). They
also noted TX90p increases of +3.1 to +10.1% for Iran
under SSP5-8.5, supporting our projected rises in SU25,
TR20, TX90p, and TN9Op.

Usta et al. (2022) and Darand (2020) documented stron-
ger warming over Iran relative to global averages, particu-
larly under high-emission scenarios, consistent with our
pronounced increases in warm extremes. Goodarzi et al.
(2024) and Khansalari and Mohammadi (2024) projected
increases in extreme precipitation intensity (R95p and AEPI)
across Iran, with Khansalari and Mohammadi (2024) report-
ing an almost certain rise in R95p (up to 10%) under all
scenarios and periods, aligning with our findings of heavier
but less frequent rainfall events. Jiang et al. (2020) reported
precipitation increases in Central Asia under high-emission

scenarios, while Majdi et al. (2022) and Ali et al. (2023)
highlighted rising temperature extremes and variable pre-
cipitation in the Middle East and Pakistan, supporting our
results for warm indices and precipitation intensification.

Shahrezaei et al. (2026) found increasing minimum tem-
peratures and variable precipitation along Iran’s coasts, cor-
roborating our decline in cold extremes. Hong et al. (2021)
noted heterogeneous precipitation changes across Iran, with
some regions showing no clear trend in R95p; however, our
station-based results indicate consistent increases in R95p
and related indices in the Moghan Plain, likely due to local
orographic and convective effects. Tavosi et al. (2024) and
Yousefi et al. (2024) projected intensified meteorological
droughts under CMIP6 scenarios, aligning with our length-
ening of dry spells (higher CDD). Also, multivariate risk
assessments for rainfed agriculture have been conducted
in semi-arid regions of Iran. For instance, a copula-based
study in East Azerbaijan Province modeled the dependence
between wheat yield and key climatic variables (precipita-
tion, temperature, relative humidity), reporting below-aver-
age yield probabilities of 0.92-29.99% across 27 scenarios,
with return periods ranging from 2 to 109 years (Allahver-
dipour and Fakheri-Fard 2026). These findings align with
our observed high uncertainty in precipitation extremes and
drought persistence in the Moghan Plain, particularly under
SSP5-8.5, where prolonged CDD and intensified heavy
rainfall events are projected.

Compared to neighboring countries, the magnitude of
warming in the Moghan Plain (especially under SSP5-8.5)
is similar to or slightly higher than the regional average
for Iran, while precipitation intensification appears more
pronounced than the multi-country ensemble means. This
difference likely reflects local topographic and convec-
tive influences that amplify extreme rainfall intensity in
the semi-arid lowlands of northern Iran, highlighting the
vulnerability of this region to both prolonged drought and
flash-flood risk.

These consistencies across multiple studies reinforce
the robustness of the projected trends, while the differ-
ences underscore the value of high-resolution, station-based
assessments for capturing sub-regional heterogeneity in
Western Asia. Future research should continue to refine
downscaling techniques and incorporate more local obser-
vations to better resolve such variations.

Conclusions

This study provides a comprehensive analysis and future
projection of extreme temperature and precipitation indi-
ces in the Moghan Plain using eight CMIP6 global climate
models under the SSP1-2.6 (low-emission) and SSP5-8.5

@ Springer



79 Page 16 of 18

Earth Science Informatics (2026) 19:79

(high-emission) scenarios. The baseline period (1993—
2014) was selected based on the availability of high-quality,
homogenized observational data, and all model evalua-
tions and future projections were consistently benchmarked
against this 22-year period to ensure methodological coher-
ence. Although shorter than the conventional 30-year clima-
tological normal, this period remains statistically adequate
for model validation and baseline characterization (Arguez
et al. 2012).

The results indicate a clear shift toward more extreme
climatic conditions in the coming decades. Precipitation pat-
terns are projected to become more intense but less frequent,
with increases in heavy rainfall indices (Rx1day, Rx5day,
R95p, R99p, SDII, R10mm, R20mm) and a simultaneous
lengthening of dry spells (higher CDD) and slight reduc-
tion in wet spells (lower CWD). These changes point to a
deterioration in the temporal distribution of rainfall and an
increased risk of hydrological stress. Temperature extremes
show a strong warming signal: warm indices (TXx, TNx,
SU25, TR20, TX90p, TN90p) are projected to rise signifi-
cantly, while cold indices (FD, ID, TX10p, TN10p, CSDI)
decline markedly. The growing season length (GSL) is
expected to extend substantially (from 314.9 days to 335.6
and 352.1 days under SSP1-2.6 and SSP5-8.5, respectively),
while the diurnal temperature range (DTR) remains rela-
tively stable with only marginal increases. These projected
changes are markedly stronger under the high-emission
SSP5-8.5 pathway, underscoring the critical role of emis-
sion trajectories in determining the magnitude of future cli-
mate impacts.

This study is subject to several sources of uncertainty that
should be considered when interpreting the results. First,
inter-model variability introduces uncertainty, as different
models may produce a range of responses due to differences
in their structural formulations and parameterizations. This
model spread reflects inherent uncertainties in representing
complex climate and environmental processes. Second, the
downscaling approach introduces additional uncertainty.
The assumptions made during the downscaling procedure,
including the stationarity of relationships between large-
scale climate drivers and local-scale responses, may not
fully capture future changes in regional climate dynamics.
Third, uncertainty arising from emission scenarios (emis-
sion pathway variability) also plays a significant role.
Different socio-economic pathways lead to substantially
different forcing conditions, which in turn affect the mag-
nitude and direction of projected changes. Finally, it should
be noted that these uncertainties, along with other data and
methodological limitations, may influence the precision of
the results. Nevertheless, the overall patterns and conclu-
sions of the study remain robust across the range of consid-
ered scenarios and models.
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Overall, the Moghan Plain is projected to experience a
hotter, more variable, and hydrologically stressed climate
in the future. These findings highlight the urgent need for
proactive adaptation strategies, including improved water
management, heat-resilient crop varieties, adjusted agri-
cultural calendars, enhanced early warning systems, and
integrated land-use planning to build regional climate
resilience.

While the present study provides a robust index-based
assessment of climate extremes, it does not incorporate
extreme value theory (e.g., GEV modeling or return period
analysis) to quantify the probabilistic behavior of rare, high-
impact events. Future work should expand the spatial scope
(e.g., to watershed or provincial scales), integrate EVT-
based approaches for tail risk characterization, and explore
compound events (e.g., concurrent heat and drought) to
support more comprehensive climate risk assessments and
adaptation planning in the region.

This work contributes to a better understanding of future
climate risks in the Moghan Plain and underscores the
importance of aligning mitigation and adaptation efforts
with the projected intensification of extremes under differ-
ent emission pathways.
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