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Abstract
Understanding the spatial and seasonal redistribution of temperature and precipitation is essential for climate adaptation 
in arid regions. Although recent studies in Iraq have applied statistical downscaling and CMIP6 projections to selected 
watersheds and water-resource systems, province-scale assessments of how seasonal temperature and precipitation classes 
may spatially redistribute across Anbar Province under multi-model CMIP6 scenarios remain limited. To address this gap, 
this study evaluates near-term spatiotemporal changes in precipitation and mean temperature across western Iraq using 
LARS-WG 8.0 and a five-model CMIP6 ensemble. The model was applied to daily NASA POWER/MERRA-2 series 
extracted at seven station-referenced locations for the 1985–2015 baseline period. Climate conditions for 2021–2040 were 
projected using MRI-ESM2-0, CNRM-CM6-1, HadGEM3-GC31-LL, ACCESS-ESM1-5, and MPI-ESM1-2-LR under 
SSP245 and SSP585. Projected mean temperature showed an overall warming tendency, although the magnitude and 
spatial extent of change varied seasonally and between scenarios. Autumn warming under SSP245 and winter warming 
under both scenarios were spatially limited, whereas more extensive spatial shifts occurred during spring and summer, 
particularly under SSP585. The largest warming-related spatial shift occurred in spring under SSP585, when the area 
classified within the 25–30 °C range increased from 71.99% during the baseline period to 96.37%. Seasonal precipitation 
generally increased in autumn, winter, and spring under both scenarios. The most pronounced redistribution occurred 
in autumn under SSP245, when the 30–40 mm precipitation class expanded from 16.44% to 75.23% of the study area; 
in winter, the 40–50  mm class increased from 15.27% to 42.76%. These results provide spatially explicit evidence of 
near-term climate redistribution across Anbar Province and support water-resource planning and adaptation to increasing 
hydroclimatic variability in western Iraq.
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Climate driven shifts in precipitation and mean temperature in 
western Iraq (Anbar Province): spatiotemporal projections using LARS-
WG 8.0 and CMIP6
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Introduction

Climate change, driven by rising greenhouse gas (GHGs) 
concentrations, has significantly altered the water cycle 
(Nie et al. 2019; Nassiri et al. 2020). Climate change has 
also altered precipitation patterns, temperatures, storm fre-
quency, sea levels, and air quality worldwide (Khalaf et al. 
2022). These climate change phenomena negatively impact 
the environment, agriculture, and water resource systems 
(Maghsood et al. 2019; Mahdavi et al. 2021).

In recent years, the Middle East has been significantly 
affected by global climate change, given its arid and 
semi-arid environment. The region has experienced sub-
stantial increases in temperature alongside decreases in 
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precipitation (Mohammed and Hassan 2022). Iraq, situated 
in an arid-to-semi-arid region, is among the Middle East-
ern countries most affected by climate change (Alawsi et 
al. 2022; Khudhair et al. 2022). Iraq faces environmental 
challenges, such as reduced water availability, intense heat 
waves, frequent sandstorms, and unexpected floods (Nile et 
al. 2018). Extreme weather events, which already degrade 
the environment across most of the country, will worsen, 
exacerbating these problems. This highlights the need to 
examine studies from the Middle East, analyse hydrologi-
cal factors, and determine how climate change affects water 
resource availability. Climate change is also increasing the 
frequency of severe weather events in various Middle East-
ern countries, including Saudi Arabia, Syria, Iran, Iraq, and 
Turkey, according to recent research by multiple scholars 
(Tarawneh and Chowdhury 2018; Afshar et al. 2020; Has-
san and Hashim 2020; Usta et al. 2021).

According to Pradhan et al. (2018), Ma et al. (2021), and 
Khalaf et al. (2022), General Circulation Models (GCMs) 
are numerical models that simulate physical processes on 
land surfaces, in the ocean, in the atmosphere, and in the 
cryosphere. GCMs are among the most advanced tools cur-
rently available for conducting large-scale studies of future 
climate change. While Arshad et al. (2019), Hamlet et al. 
(2019), and Munawar et al. (2022) noted that GCMs’ coarse 
resolution limits their local/regional application in assess-
ing climate change impacts. Accordingly, Sha et al. (2018) 
and Lotfirad et al. (2022) urged that, to make GCMs more 
applicable at smaller scales, their spatial resolution should 
be improved through downscaling methods. Two commonly 
used downscaling techniques are dynamic downscaling and 
statistical downscaling. The Long Ashton Research Sta-
tion (LARS-WG) is one statistical downscaling model used 
to project climate data for current and future conditions. 
The newest set of emission scenarios in CMIP6, called the 
shared socio-economic pathways (SSPs), was provided by 
the Working Group on Coupled Modelling (WGCM) (Liu et 
al. 2023). These SSPs are based on multiple socio-economic 
hypotheses (Liu et al. 2023).

LARS-WG is a weather generator model designed to 
simulate time-series weather data for both current and future 
meteorological conditions at a specific station (Hailesilassie 
et al. 2022). It generates long-term data for precipitation, 
maximum and minimum temperatures, and solar radiation 
(Fenta Mekonnen and Disse 2018). Statistical downscal-
ing techniques were chosen over dynamic methods because 
they are less expensive to run, require fewer computational 
resources, and are easier to use (Allani et al. 2020). LARS-
WG has been applied in different regions, such as Asia 
(Khoi et al. 2021; Hailesilassie et al. 2022; Jalal et al. 2025a, 
b), Africa (Allani et al. 2020; Birara et al. 2020), and North 
America (Alam et al. 2018; Awal et al. 2018). A variety of 

statistical tests, including the Kolmogorov-Smirnov (K-S) 
goodness-of-fit and P-value tests, indicated that the LARS-
WG model accurately reproduced the baseline period across 
these studies, despite differences in study locations (i.e., 
semi-arid, humid, or dry).

The selection of LARS-WG 8.0 rather than earlier ver-
sions used in several Iraqi studies is primarily related to the 
climate-model generation required for the present analy-
sis. Previous Iraqi applications using LARS-WG 6.0 were 
predominantly linked to CMIP5 GCMs and RCP-based 
emission pathways (Muhaisen et al. 2024). In contrast, 
LARS-WG 8.0 provides an updated framework compat-
ible with the more recent CMIP6 projections and Shared 
Socioeconomic Pathways (Jalal et al. 2025a). This enables 
the present study to use SSP245 and SSP585 together with 
newer-generation GCMs while retaining the established sto-
chastic representation of local precipitation and temperature 
characteristics. Recent Iraqi applications have consequently 
adopted LARS-WG 8.0 for CMIP6-based climate assess-
ment in western Iraq (Jalal et al. 2025a, b), supporting its 
suitability for the climatic conditions and projection frame-
work considered here.

Previous climate-change assessments in Iraq have shown 
the usefulness of statistical downscaling, but they differ 
substantially in geographic coverage, climate-model gen-
eration, and emission frameworks. Earlier studies predomi-
nantly employed previous generations of LARS-WG with 
CMIP5 GCMs and Representative Concentration Pathways 
(RCPs). For example, Khalaf et al. (2022) used LARS-WG 
6 with five CMIP5 models under RCP4.5 and RCP8.5 at 
six stations in southern Iraq, while Muhaisen et al. (2024) 
applied LARS-WG 6.0 with five CMIP5 GCMs and three 
RCP scenarios to the Mosul Dam watershed in northern 
Iraq. These studies consistently projected rising tempera-
tures but also demonstrated considerable disagreement 
among individual GCMs in precipitation projections. More 
recent investigations have begun adopting the CMIP6–SSP 
framework and LARS-WG 8.0 in western Iraq. Jalal et 
al. (2025a), for example, applied LARS-WG 8 with four 
CMIP6 models to assess temperature and precipitation over 
the Al-Dammam aquifer region, while Jalal et al. (2025b) 
extended this framework to future aridity assessment.

Despite these advances, a specific gap remains for Anbar 
Province. Previous Iraqi applications have largely focused 
on individual watersheds, aquifer systems, or other parts 
of northern, central, and southern Iraq. At the same time, 
province-scale assessments of the seasonal spatial redistri-
bution of both precipitation and mean temperature across 
Anbar under the CMIP6 SSP framework remain limited. 
Furthermore, previous studies have commonly emphasised 
station-based temporal projections. In contrast, the implica-
tions of projected climate change for the spatial extent and 
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redistribution of seasonal climate classes across this large 
arid province have received less attention. This distinction 
matters because Anbar covers a large, climatically hetero-
geneous part of western Iraq, where spatial differences in 
future temperature and precipitation directly affect water-
resource availability, agricultural planning, and adaptation 
to hydroclimatic risk.

Accordingly, this study aims to quantify the near-term 
spatiotemporal response of precipitation and mean tempera-
ture across Anbar Province to CMIP6-based climate change. 
Specifically, the study seeks to: 

1.	 Quantify the magnitude and seasonal direction of 
change in mean temperature and precipitation between 
the 1985–2015 baseline and the 2021–2040 projection 
period under SSP245 and SSP585.

2.	 Determine how the spatial extent and geographical distri-
bution of seasonal temperature and precipitation classes 
across Anbar Province are projected to change under the 
two emission pathways.

3.	 Evaluate the consistency and inter-model uncertainty 
of projections derived from the five selected CMIP6 
GCMs, thereby distinguishing robust ensemble signals 
from model-dependent variation.

4.	 Interpret the implications of the projected climatic 
changes for water-resource planning in Anbar Province, 
with particular emphasis on seasonal warming, precipita-
tion redistribution, and associated hydroclimatic stress.

Methodology

Area of study and data collection

Iraq shares the arid and semi-arid climates with several 
other Middle Eastern countries. Overall, Iraq is among the 
world’s hottest places (Ewaid et al. 2019). Anbar Province 
is one of Iraq’s largest provinces, covering 137,808 km2, 
which is approximately 32% of Iraq’s total area of 437,072 
km2. It has a population of about 1.3 million (Awadh 2018). 
Situated in western Iraq, Anbar Province spans the west-
ern plateau, which makes up 55% of the country’s total 
area (Noon et al. 2021). Anbar borders Nineveh Province 
(north), Saudi Arabia (south), Najaf, Karbala, and Babylon 
Provinces (east), and Jordan and Syria (west). The Euphra-
tes River flows through its administrative units and serves 
as the primary water source for agricultural areas. Within 
Anbar, the Euphrates River spans 450  km and extends 
1160 km within Iraq (Noon et al. 2022).

The province experiences an arid to semi-arid climate 
characterised by minimal rainfall and significant tempera-
ture variations between day and night, as well as between 

summer and winter. Summer temperatures can soar above 
50 °C, while winter temperatures can drop to 0 °C or lower 
(Sulaiman et al. 2019), leading to severe drought and nega-
tively impacting the quality and quantity of water resources 
(Jasim et al. 2016). Iraq had lower-than-average annual 
temperatures from 1971 to 2020, with some variation in the 
second part of the 1900s. Climate change has been a major 
contributor to the persistent upward trend in Iraq’s average 
temperature that began in the mid-1990s and shows no signs 
of abating. Precipitation in Iraq, however, clearly decreased 
beginning in 1998 (Hashim et al. 2022).

One of the primary challenges in developing countries 
is the lack of meteorological data due to disruptions such 
as wars and terrorism, which significantly affected Iraq; 
accordingly, meteorological records for 1990–2020 have 
large gaps. Satellite data have been regarded as a viable 
and effective option for hydrological and climate studies 
(Tayyeh and Mohammed 2023). Also, these satellite data 
were effectively used to project future climate conditions 
in various investigations, including Oliazadeh et al. (2021) 
and Oviroh et al. (2023). Moreover, Satellite data were 
employed to examine drought; e.g., De Jesús et al. (2016) 
used the Tropical Rainfall Measuring Mission (TRMM) 
3B42 product to assess drought using the SPI index.

Consequently, we obtained daily precipitation and daily 
maximum and minimum 2-m air temperature data for the 
baseline period 1985–2015 from the National Aeronautics 
and Space Administration Prediction of Worldwide Energy 
Resources (NASA POWER) platform. We downloaded 
the data files used in this study in 2024 through the NASA 
POWER Data Access Viewer using the Single Point, Daily, 
and Standard Resolution options. We entered the geographi-
cal coordinates of each of the seven selected meteorologi-
cal station locations separately to retrieve the corresponding 
daily time series. The meteorological variables for the inves-
tigated historical period were derived from the Modern-Era 
Retrospective Analysis for Research and Applications, 
Version 2 (MERRA-2) (Gelaro et al. 2017), which has a 
native spatial resolution of 0.5° latitude × 0.625° longitude. 
Although NASA POWER provides the requested series 
with reference to the entered coordinates, the extracted 
values represent spatially averaged estimates for the cor-
responding MERRA-2 grid cell rather than direct in situ 
measurements at the station point. This station-referenced 
extraction framework was adopted to ensure compatibility 
with LARS-WG, which requires site-specific daily precipi-
tation and maximum and minimum temperature series for 
model calibration, validation, and future climate projection.

The regional applicability of the NASA POWER prod-
uct was independently assessed against ground-based 
meteorological observations by Tayyeh and Mohammed 
(2023) across the Euphrates River Basin, including the 
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geographical region encompassing the present study area in 
western Iraq. Their investigation evaluated daily, monthly, 
and annual precipitation, as well as maximum and minimum 
temperatures. Across the evaluated stations and temporal 
scales, the reported coefficient of determination (R²) ranged 
from 0.74 to 0.91 for precipitation, from 0.74 to 0.94 for 
maximum temperature, and from 0.72 to 0.95 for minimum 
temperature. The corresponding Nash–Sutcliffe efficiency 
values ranged from 0.74 to 0.84, from 0.63 to 0.85, and 
from 0.40 to 0.75, respectively. These independently pub-
lished results provide regional support for the application 
of NASA POWER data in the present study, particularly for 
temperature variables. However, the previous assessment 
also demonstrated that precipitation estimates are compara-
tively more uncertain in arid and semi-arid environments. 
Accordingly, the precipitation results of the present study 

are interpreted as regional climatic tendencies rather than 
exact point-scale measurements.

Essential metrics, including minimum (Min.), maximum 
(Max.), and mean values for the baseline period for all sta-
tions, are statistically described in Table 1. The locations of 
the seven weather stations selected to study climate change 
are shown in Fig. 1 and in Table 2. These stations were scat-
tered across Anbar Province.   

Table 1  Details of key metrics from the baseline period for every station are presented statistically
Stations Tmin (°C) Tmax (°C) Rainfall (mm month− 1)

Max. Min. Mean Max. Min. Mean Max. Min. Mean
Ramadi 30.04 -0.13 21.33 45.69 11.49 29.75 52.48 0 7.75
Heet 30.38 -0.08 16.50 46.45 11.66 30.32 57.49 0 9.55
Rutba 25.11 -2.38 11.75 41.50 8.84 26.49 42.26 0 5.16
Haditha 29.44 -0.79 15.23 45.14 10.77 28.84 71.91 0 6.95
Nukhaib 28.54 -0.66 14.79 44.62 11.29 29.30 58.54 0 3.04
Alqaem 26.95 -1.59 13.45 42.90 9.33 27.37 75.85 0 6.89
Anah 28.13 -1.32 14.24 43.60 9.78 27.73 76.53 0 6.94

Table 2  Detail of the meteorological stations
Station Longitude Latitude Elevation
Ramadi 43.19 33.27 91
Heet City 43.75 33.633 59
Rutba 40.17 33.02 689
Haditha 42.48 34.2 177
Nukhaib 42.15 32.02 328
Alqaem 41.01 34.23 233
Anah 41.57 34.22 282

Fig. 1  Study area map with meteo-
rological stations
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Downscaling using LARS-WG

The LARS-WG, a widely used stochastic weather genera-
tor, was used to downscale GCM outputs. The model is a 
weather generator that stochastically generates climate 
variables, such as maximum and minimum temperatures, 
precipitation, and solar radiation, over any period (Li et 
al. 2019; Hosseini Baghanam et al. 2022). The efficiency 
of the LARS-WG model was evaluated and certified at 
eighteen weather stations located in the US, Europe, and 
Asia by Semenov et al. (1998). The present research used 
five GCMs (Table 3) and two scenarios (SSP245, SSP585) 
(Table 4) from the Coupled Model Inter-comparison Project 
6 (CMIP6) to reduce climate projection uncertainty. 

The five CMIP6 GCMs—ACCESS-ESM1-5, CNRM-
CM6-1, HadGEM3-GC31-LL, MPI-ESM1-2-LR, and 
MRI-ESM2-0—were selected according to four crite-
ria. First, they were available within the CMIP6 scenario 
library implemented in LARS-WG version 8.0. Second, 
each model provided the precipitation and minimum and 
maximum temperature variables required for both SSP245 
and SSP585 over the selected projection period. Third, 
five distinct modelling centres in Australia, France, the 
United Kingdom, Germany, and Japan developed the mod-
els, which differ in model structure and spatial resolution, 
providing a structurally diverse ensemble rather than rely-
ing on a single modelling system. Fourth, the same GCM 
ensemble has previously been applied in a regional LARS-
WG assessment in Iraq (Abdulsahib et al. 2024). The use 
of multiple GCMs is also consistent with previous studies 
demonstrating that multi-model ensembles provide a more 
robust central estimate than individual model projections, 

although averaging does not eliminate model-related uncer-
tainty (Tebaldi and Knutti 2007; Sperna Weiland et al. 2012; 
Ishaque et al. 2023). The use of five GCMs is consistent 
with previous climate-change assessments conducted in 
different regions of Iraq using LARS-WG. Hassan et al. 
(2023) employed five GCMs to project precipitation and 
temperature in central and western Iraq, including Anbar 
Governorate, while Muhaisen et al. (2024) used five GCMs 
to assess future climatic changes in the Mosul Dam water-
shed in northern Iraq. These studies demonstrate that a five-
model ensemble has previously been adopted in Iraq as a 
practical multi-model framework for representing a range 
of plausible climate responses and reducing dependence on 
projections from a single GCM. Furthermore, Abdulsahib 
et al. (2024) applied the same five CMIP6 GCMs used in 
the present study within LARS-WG version 8.0, thereby 
providing direct regional methodological support for the 
selected ensemble.

To prevent the ensemble mean from obscuring differ-
ences among the individual GCMs, we retained the sepa-
rate annual outputs of the five models before averaging. 
Inter-model uncertainty was quantified using the ensemble 
mean, population standard deviation (SD), maximum–mini-
mum interval, and coefficient of variation (CV). For each 
projected year, the coefficient of variation was calculated 
as CV=(SD/

−
𝑋𝑋)×100, where 

−
𝑋𝑋 is the five-model ensemble 

mean. The ensemble mean was subsequently used as the 
central estimate for spatial mapping, whereas the dispersion 
statistics were used to evaluate the magnitude of disagree-
ment among the GCMs. 

In the case of limited warming, SSP245 represents a man-
aged scenario where emissions are reduced, aiming to limit 
climate change to 2 °C by 2100. In contrast, SSP585 depicts 
a scenario with no significant climate mitigation actions, 
resulting in higher emissions and a wide range of potential 
warming outcomes. Scenario files for LARS-WG 8.0 were 
developed using various CMIP6 SSP scenarios to update 
model parameters and account for how weather elements 
may respond to climate change. It will predict the duration 
of precipitation, solar radiation, and the frequency of dry 

Table 4  The two SSP scenarios were chosen for this research
No. SSP Description
1 SSP245 Moderate GHG emissions: CO2 emis-

sions will remain at current levels until 
2050, after which they will decline but 
not completely disappear by 2100.

2 SSP585 Extremely high GHG emissions: by 2075, 
CO2 emissions will quadruple. 2.4 °C 
4.4 °C 3.3–5.7 GHG: Greenhouse gas.

GCMs Research center Countries Grid resolution
ACCESS-ESM1-5 the Bureau of Meteorology,

Australian universities
Australia 1.8758˚× 1.258˚

CNRM-CM6-1 Centre National de Recherche’s
Meteorologiques, Toulouse

France 1.4° × 1.4°

HadGEM3-GC31-LL United Kingdom (UK)
Meteorological Office

UK 1.25° ×1.875˚

MPI-ESM1-2-LR Max Planck Institute
for Meteorology

Germany 1.875° × 1.875°

MRI-ESM2-0 Meteorological Research
Institute

Japan 1.125° × 1.125°

Table 3  The five CMIP6 GCMs 
were used in this study
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and wet events using a Semi-Empirical Distribution (SED). 
The model uses dry and wet sequences in precipitation 
simulations, with wet days defined as those with more than 
0 mm of precipitation. Each month, the LARS-WG model 
randomly determines the duration of dry and wet sequences 
using a SED. Similarly, solar radiation is simulated using 
an independent SED for both wet and dry days, ensuring 
a realistic representation of solar radiation patterns along-
side precipitation (Semenov et al. 1998). Furthermore, sto-
chastic predictions of daily minimum (Tmin) and maximum 
(Tmax) temperatures are based on daily mean and standard 
deviation, accounting for whether the day is wet or dry. The 
model assigns values to climate variables vi based on their 
respective probabilities Pi, as shown by Eq. (1).

𝑣𝑣𝑣𝑣 𝑣 min {𝑣𝑣 𝑣 𝑣𝑣 (𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜 ≤ 𝑣𝑣) ≥ 𝑃𝑃𝑃𝑃} ; 𝑖𝑖𝑖  𝑖𝑖 𝑖 𝑖𝑖 𝑖𝑖� (1)

Here, P ( 𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜≤ v) relies on observed 𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜 . Constants, 𝑝𝑝0,
and, 𝑝𝑝𝑛𝑛, are fixed; 𝑝𝑝0 = 0, and 𝑝𝑝𝑛𝑛  = 1. The values for 𝑣𝑣0,= 
min 𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜, and 𝑣𝑣𝑛𝑛= max 𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜, vary based on climatic fac-
tors. Correctly simulating extreme values of meteorological 
variables involves assigning a probability Pi close to 0 for the 
lowest value and close to 1 for the highest. The remaining Pi 
values are evenly distributed across the probabilities, accu-
rately reflecting the likelihood of extreme occurrences. For 
precipitation, three values that are near 1 are selected: 𝑝𝑝𝑛𝑛𝑛𝑛
= 0.999, 𝑝𝑝𝑛𝑛𝑛𝑛 = 0.995, and 𝑝𝑝𝑛𝑛𝑛𝑛 = 0.985. These values 
enable a more precise estimate of extremely low-probability 
but significantly high daily precipitation events. LARS-WG 
(8.0) was employed in this study to generate projections for 
future rainfall, maximum temperature, and minimum tem-
perature. Using daily observed weather data from a specific 
location, the Weather Generator computes parameters for 
probability distributions and correlations of meteorologi-
cal variables. For further insights into the functionality of 
the LARS-WG model, Semenov and Stratonovitch (2010) 
offer additional information. Figure 2 illustrates the general 
methodology diagram. 

The model used in this study was validated and calibrated 
through a series of statistical tests. The (K–S) test was 
employed to verify the similarity between the dry-wet series 
(DW Series) and (D precipitation) derived from downscaled 
and observed data. This test evaluated daily temperature 
and precipitation distributions to determine their similari-
ties. A small p-value and high KS-value suggest differences 
between expected and actual data (i.e., NASA POWER/
MERRA-2 baseline), potentially challenging the model’s 
validity. The p-value of 0.01, as stated by Semenov and 
Barrow (1997), serves as a critical threshold for interpreting 
model results. A p-value below 0.01 indicates a significant 
discrepancy between generated and observed climates. A 
p-value of 1.0 indicates a perfect match; above 0.7 indicates 

a very good match; between 0.4 and 0.7 indicates a decent 
match; and below 0.4 indicates a poor fit (Table 5). The study 
applied the K–S test to evaluate consistency in monthly 
mean precipitation, daily maximum temperature, and daily 
minimum temperature. Differences between observed and 
simulated data (i.e., reference reanalysis and synthetic data) 
may be attributed to model smoothing, observational errors, 
random variability, and exceptional local climatic events.

According to Zhai et al. (2018), a sign of warming is a 
rise in the mean temperature. Climate change in tempera-
ture is shown as differences from the mean temperature 
over time (Kolyvas et al. 2023). Kolyvas et al. (2023) also 
investigated geometric, arithmetic, and harmonic methods 
for calculating mean temperature. Methods were evalu-
ated using six statistical metrics, including mean absolute 
error, root mean squared error, mean absolute percentage 
error, root mean squared percentage error, symmetric mean 
absolute percentage error, and symmetric root mean squared 
percentage error. Regarding the average of the 2 observa-
tions, the findings show that the geometric method (Eq. 2) is 
marginally superior to the others.

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 𝐺 𝐺 𝐺 √𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚� (2)

 
To complement the distribution-based K–S assessment, 

we calculated three additional statistical indicators between 
the NASA POWER/MERRA-2 reference temperature and 
rainfall series and the corresponding synthetic baseline 
series generated by LARS-WG: root mean square error 
(RMSE), mean absolute error (MAE), and mean bias error 
(MBE). As an additional representative validation, RMSE, 
MAE, and MBE were calculated for the paired monthly 
NASA POWER/MERRA-2 and LARS-WG series at Heet 
Station during 1985–2015. The Brier Score was addition-
ally calculated for monthly rainfall occurrence at the same 
station. RMSE and MAE quantified simulation error mag-
nitude, and MBE identified systematic overestimation or 
underestimation. Monthly means were also compared to 
further assess the model’s ability to reproduce tempera-
ture. The Brier Score was additionally calculated to evalu-
ate the ability of LARS-WG to reproduce the probability 
of monthly rainfall occurrence during the baseline period. 
A rainfall event was defined as a monthly precipitation 
amount exceeding 0.1  mm. For each calendar month, the 
simulated rainfall-event probability was calculated as the 
proportion of the 31 LARS-WG-generated years in which 
rainfall exceeded this threshold and was compared with the 
corresponding binary NASA POWER/MERRA-2 rainfall 
occurrence.
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Results

Calibration and validation of LARS-WG model

Validation and calibration of the LARS-WG model were 
conducted using historical (i.e., NASA POWER/MERRA-
2) daily maximum/minimum temperature and precipita-
tion data extracted for seven station-referenced locations in 
Anbar Province, Iraq, between 1985 and 2015. A statistical 

test was used to investigate the model’s capability to down-
scale GCMs in the study region. The distributions of daily 
climate variables were compared using the Kolmogorov-
Smirnov (K-S) test, which assessed whether the distributions 
of the synthetic series generated by LARS-WG matched 
those of the corresponding NASA POWER/MERRA-2 ref-
erence series for the baseline period. The p-value was used 
to assess whether the synthetic series generated by LARS-
WG and the corresponding NASA POWER/MERRA-2 ref-
erence series for the baseline period could be considered to 
originate from the same statistical distribution (Semenov et 
al. 1998). The statistical tests for all stations are shown in 
Tables S1-S4.

The tables show that, except for a few very good (V G) 
cases, the model performs perfectly (P) in modelling the 
distributions of wet and dry seasons, daily maximum and 
minimum temperatures, and rainfall. However, the model 

Table 5  The significance of P-value tests for the consistency of climate 
data
P-value Fit interpretation
1 Perfect match
0.7 a 1< Very good match
0.4 a 0.7< Good match
0.4> Poor fit

Fig. 2  The general flow chart of the 
methodology
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performs worse (P O) in summer due to the dry weather 
conditions typical of that season (i.e., no rainfall).

Based on these analyses, the LARS-WG model shows 
acceptable performance in predicting daily climatic data for 
the study area. This indicates its suitability for conducting 
impact studies related to climate change in the Middle East. 
The model’s acceptable performance is consistent with find-
ings reported in other regions of the world, such as Europe, 
America, and Asia, which further enhances confidence in 
its application as a downscaling tool in this study (Semenov 
2008) in Europe, Gitau et al. (2018) in America, and Sheikh-
babaei et al. (2022) and Muhaisen et al. (2024) in Asia. This 
validation underscores LARS-WG’s reliability in generat-
ing precipitation and temperature data, supporting its use in 
climate impact assessments and future climate projections.

To independently assess the repeated K–S results and 
further evaluate LARS-WG performance during the base-
line period, we calculated additional statistical measures 
for Heet Station using 372 paired monthly records from 
NASA POWER/MERRA-2 and the corresponding LARS-
WG simulations for 1985–2015 (Table  6). For minimum 
temperature, the NASA and LARS-WG mean values were 
16.261  °C and 16.219  °C, respectively, with an MAE of 
1.153  °C, RMSE of 1.450  °C, and a negligible MBE of 
− 0.042  °C. Similarly, the mean maximum temperature 
was 29.747 °C for the NASA series and 29.719 °C for the 
LARS-WG series, while the MAE, RMSE, and MBE were 
1.177 °C, 1.506 °C, and − 0.028 °C, respectively. The very 
small differences between the reference and simulated mean 
temperatures, together with the low bias values, indicate 
that LARS-WG reproduced the thermal characteristics of 
the baseline climate at Heet Station with limited systematic 
error. These independent error measures therefore support 
the high p-values and low K–S statistics reported for Tmin 
and Tmax in Tables S2 and S3.

For rainfall, the mean monthly precipitation was 
7.754 mm month⁻¹ in the NASA POWER/MERRA-2 series 
and 8.362 mm month⁻¹ in the LARS-WG simulations. The 
corresponding MAE and RMSE were 7.365 and 11.910 mm 
month⁻¹, respectively. At the same time, the MBE was only 
0.608 mm month⁻¹, indicating a relatively small overall ten-
dency of LARS-WG to overestimate precipitation despite 
the larger month-to-month variability characteristic of rain-
fall. In addition, the Brier Score for monthly rainfall occur-
rence was 0.0676. Because a Brier Score approaching zero 

indicates greater agreement between simulated probabilities 
and reference events, this low value provides further evi-
dence that LARS-WG adequately reproduced the occur-
rence pattern of rainfall during the baseline period. Taken 
together, the K–S results and the additional error, bias, and 
probabilistic measures provide complementary evidence 
supporting the suitability of the calibrated LARS-WG 
model for reproducing the principal temperature and pre-
cipitation characteristics at Heet Station. 

After calibration and validation, LARS-WG generated 
five separate future time series for each climatic variable 
and emission scenario, corresponding to the five selected 
GCMs. The individual model outputs were retained before 
calculating the multi-model ensemble mean. Figure S1 
illustrates the projected annual precipitation series at Heet 
station under SSP585, while Table S5 provides a quantita-
tive assessment of the associated inter-model uncertainty. 
The five GCMs exhibited broadly similar interannual fluc-
tuations but differed noticeably in the magnitude of pro-
jected precipitation. The annual ensemble mean ranged 
from 86.72 mm year⁻¹ in 2036 to 205.82 mm year⁻¹ in 2035. 
The annual inter-model coefficient of variation ranged from 
15.08% to 22.11%, indicating moderate but non-negligible 
disagreement among the models. Over the complete 2021–
2040 period, the individual GCM mean projections ranged 
from 120.04 to 181.29  mm year⁻¹, while the multi-model 
ensemble mean was 138.27  mm year⁻¹. The correspond-
ing inter-model SD was 23.16 mm year⁻¹ and the CV was 
16.75%. HadGEM3-GC31-LL consistently produced the 
upper precipitation estimates, whereas ACCESS-ESM1-5, 
CNRM-CM6-1, and MPI-ESM1-2-LR generally occupied 
the lower part of the ensemble. These results demonstrate 
that the ensemble mean provides a useful central estimate 
but does not fully represent the spread of plausible GCM 
outcomes. Therefore, interpret the ensemble-based projec-
tions in the spatial maps alongside the reported inter-model 
uncertainty.

Projection results

Based on its verification and calibration (Sect.   3.1), the 
LARS-WG model’s accuracy in downscaling and predicting 
daily max/min temperatures and precipitation at the seven 
meteorological sites was deemed sufficient. Using 5 GCMs 
and 2 SSPs, specifically SSP585 and SSP245, the model 

Table 6  Statistical measures outcomes for model calibration considering baseline period at Heet Station
Variable NASA mean (°C) LARS-WG mean (°C) MAE (°C) RMSE (°C) MBE (°C) Brier score
Tmin 16.261 16.219 1.153 1.450 -0.042 -
Tmax 29.747 29.719 1.177 1.506 -0.028 -
Variable NASA mean

(mm month⁻¹)
LARS-WG mean (mm month⁻¹) MAE

(mm month⁻¹)
RMSE
(mm month⁻¹)

MBE
(mm month⁻¹)

Brier Score

Rainfall 7.754 8.362 7.365 11.910 0.608 0.0676
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predicted daily climatic variables for each station from 2021 
to 2040. Seasonal assessments of climate change effects are 
well established in the field. To reflect this, we transformed 
the weather time series yearly, from monthly to seasonal, 
by averaging monthly temperature readings for each season 
and summing rainfall values. As a result, the baseline and 
projected data (i.e., SSP585 and SSP245) are divided into 
4 seasons: autumn (Sep.–Nov.), winter (Dec.–Feb.), spring 
(Mar.-May), and summer (Jun.–Aug.). At this point, sea-
sonal data were produced for each year. By averaging the 
climate variables (mean temperature and rainfall) for each 
season across all years, each selected site received 4 mean 
temperature values and 4 rainfall values. These values show 
seasonal differences in mean temperature and rainfall for 
each site. All prior analyses were done separately on each 
location up to this point. The data were spatially represented 
in ArcGIS 10.8.2 and Python code. The Inverse Distance 
Weighting (IDW) technique is used to spatially interpolate 
all baseline and predicted climate factors over the study area 
(Awchi and Kalyana 2017; Sheikhbabaei et al. 2022). The 
authors divided classes using cartographic expertise and 
previous research (Muhire et al. 2016; Merabti et al. 2017; 
Alasow et al. 2023; Bayatavrkeshi et al. 2023). For instance, 
some key factors were taken into account when determin-
ing mean temperature map classes: 1- Classes should vary 
from the greatest to the smallest mean temperature value so 
that colour themes can be consistent throughout all maps 
and the target audiences can distinguish them by looking 
at them. 2- The research focused on seven distinct classes 
to improve class-colour distinction. 3- To effectively make 
the map as informative as possible, no less than seven clas-
sifications were selected since the map can only display a 
limited amount of information when classes are reduced.

In accordance with earlier investigations (Bahrami et al. 
2020; Alasow et al. 2023), after identifying the rainfall and 
mean-temperature classes, the area (km²) occupied by each 
class was calculated. The seasonal spatial extent of each 
class was then determined, and its proportion (%) relative 
to the total study area was calculated to quantify changes in 
spatial coverage over time.

The seasonal mean temperature (Tmean) is symbolised 
by the letter T, whereas the letter R stands for the seasonal 
rainfall. Finally, the numbers 1–4 refer to the four seasons: 
autumn, winter, spring, and summer. The following 8 fig-
ures show the spatial-temporal distributions of predicted 
and baseline rainfall and Tmean for the given time frame.

Projection of mean temperatures

This section presents the results of spatial-temporal Tmean 
maps created using a seven-class seasonal time scale, with 
the lowest class representing temperatures of (5–10 °C) and 

the highest class measuring (35–40 °C). The next step was 
to use spatial distribution maps to get the percentages of 
each temperature class’s area. Figure 3 displays the gener-
ated temperature maps for the Autumn season (T1), includ-
ing both actual (i.e., baseline period (a)) and forecasted 
data (i.e., SSP245 (b) and SSP585 (c)). Under SSP245 and 
SSP585, the spatial extent of the dominant 15–20 °C Tmean 
class changes from 96.97% during the baseline period to 
100% and 98.68%, respectively. During the baseline period, 
the remaining 3.03% of the study area, corresponding mainly 
to the Rutba region, falls within the cooler 10–15 °C class. 
Under both future scenarios, Rutba shifts from the 10–15 °C 
class to the warmer 15–20 °C class. Under SSP585, an addi-
tional spatial shift occurs around Heet, where 1.32% of the 
study area moves from the 15–20 °C class to the warmer 
20–25 °C class. Therefore, both scenarios indicate localised 
autumn warming relative to the baseline period, although 
the spatial shift is more pronounced under SSP585. 

For the winter season (T2), Fig. 4 shows that the 10–15 °C 
class, which covered 80.98% of the study area during the 
1985–2015 baseline period, remains the dominant tempera-
ture class under both SSP245 and SSP585. Therefore, the 
study projects no province-wide upward shift in the domi-
nant winter temperature class. However, localised warm-
ing occurs at Rutba, where the area classified within the 
5–10  °C range during the baseline period (19.02%) shifts 
to the warmer 10–15 °C class under both future scenarios. 
Thus, the winter projections indicate spatially limited warm-
ing rather than an absence of temperature increase. 

Figure 5 illustrates the spatial-temporal distribution 
of projected Tmean changes in the spring season (T3) 
relative to the baseline period (1985–2015), where class 
(25–30 °C) is dominant during the baseline period and is 
likely to remain the same in the future under both SSPs. 
This class covered 71.99% of the study area during the 
baseline period and is projected to cover 91.20% and 
96.37% under SSP245 and SSP585, respectively. More-
over, both future scenarios will display a spatial shift in 
Alqaem Station. 

Turning to the summer season (T4), Fig.  6 shows 
the average Tmean for two additional degree-Celsius 
classes: (30–35) and (35–40). For the observed period 
(1985–2015), class (30–35) °C had the highest area per-
centage (91.07%), followed by class (25–30) °C, which 
accounted for about 8.93%. For the future period (2021–
2040), class (30–35) °C of Tmean is expected to domi-
nate in both scenarios, covering 93.52% and 81.55% for 
SSP245 and SSP585, respectively. Also, the Tmean class 
(35–40) °C will cover Heet Station with a spatial extent 
of 6.48% for SSP245, while it will cover Ramadi, Heet, 
and Haditha Stations with a spatial extent of 18.45% for 
SSP585. Generally, both future scenarios will display a 
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spatial shift in Rutba Station from class (25–30) in the 
observed period to class (30–35) °C. Both projection sce-
narios also show higher temperatures than the observed 
maps, with a limited spatial distribution (to the east) over 
the period under consideration. Unmitigated GHGs cause 
a greater rise in the SSP585 than in the SSP245. 

Overall, both projection scenarios indicate a gen-
eral warming tendency relative to the baseline period, 
although the magnitude and spatial extent of the changes 
vary by season. Autumn under SSP245 and winter under 
both scenarios show relatively limited and localised class 
shifts, whereas spring and summer project more exten-
sive warming, particularly under SSP585. Additionally, 
for observed and projected Tmean in each season, the 
study area shows two to three temperature classes, with 
one dominant. Rutba is also the coldest station during 
the observed period across all seasons and is likely to be 
most impacted by climate change, as its class is likely to 
be downgraded to a warmer class in the future. Moreover, 
the eastern side of the study area is expected to experi-
ence the warmest class in summer in both scenarios, with 

varying percentages. Furthermore, during spring and 
summer, SSP585 is more likely to increase Tmean than 
SSP245.

Projection of precipitation

A comprehensive understanding of future precipita-
tion trends in Iraq can be gleaned by analysing the spa-
tial-temporal distribution of precipitation changes. To 
achieve this, maps illustrating variations in precipitation 
from the base period (1985–2015) to future projections 
(i.e., SSP245 and SSP585) were generated. Figures 7, 8, 
9 and 10 depict these maps, showing seasonal precipi-
tation variation across all seven stations. The maps are 
classified from lowest to highest, with 0–10 mm as the 
lowest and 60–70 mm as the highest. The next step was to 
use geographic distribution maps to obtain the area ratios 
for each rainfall class.

The generated spatial-temporal distribution of rainfall 
maps for actual (i.e., NASA POWER/MERRA-2 base-
line) and anticipated (i.e., SSP585 and SSP245) data in 

Fig. 3  Zoning map, spatial-tempo-
ral distribution of average tempera-
ture patterns during baseline period 
and under two scenarios SSP245, 
SSP585 (2021–2040) in autumn
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the autumn season (R1) are displayed in Fig. 7. It can be 
seen that during the baseline period, the recorded rain-
fall varied from class (10–20) to class (40–50) mm. Class 
(20–30) mm covers the majority (72.67%) of the selected 
area, followed by classes (30–40), (10–20), and (40–50) 
mm with 16.44, 10.31, and 0.57%, respectively. Heet 
City had the highest rainfall; Nukhaib had the lowest. 
Under the SSP245 scenario, the ensemble mean of multi-
GCM models indicates rainfall is expected to fall within 
classes (10–20) and (50–60) mm. Class (30–40) mm will 
represent the dominant class that covers around 75.23% 
of the total area and increased (58.79%) compared with 
the baseline period. Class (20–30) mm will also decline 
noticeably, from 72.67% in the observed data to 16.55%. 
Meanwhile, Classes (40–50), (10–20), and (50–60) mm 
are expected to receive small percentages with 5.57, 1.93, 
and 0.7%, respectively.

The SSP585 scenario shows rainfall will probably fall 
within the (10–20) and (40–50) mm classes, based on the 
ensemble mean of multi-GCM models. About (73.05%) 
of the research zone will fall within the (30–40) mm 

class, about (56.61%) higher than the same class in his-
torical data. The occurrence of class (20–30) mm has been 
predicted as (19.54%), which is reduced (53.13%) when 
compared to the same class in historical data—followed 
by classes (40–50) and (10–20) mm with 4.06 and 3.36%, 
respectively. Generally, the research field is expected to 
receive the highest rainfall percentage, except at Anah 
Station for SSP585 and at Nukhaib Station for both 
scenarios. Also, according to the SSP245 scenario, the 
Alqaem Station is anticipated to have an increase in pre-
cipitation from class (20–30) to class (40–50) mm, while 
the Heet Station is anticipated to experience a rise from 
class (40–50) to class (50–60) mm. 

Maps of seasonal spatial-temporal rainfall for both 
actual (i.e., NASA POWER/MERRA-2 baseline) and 
predicted winter data are shown in Fig. 8. Generally, the 
winter maps (R2) rainfall classes vary from (10–20) to 
(50–60) mm for the baseline period, and it is predicted 
to be from (20–30) to (60–70) mm for both scenarios. 
Class (30–40) mm had the highest precipitation ratios 
in the historical period and will be the same for SSP245 

Fig. 4  Zoning map, spatial-tempo-
ral distribution of average tempera-
ture patterns during baseline period 
and under two scenarios SSP245, 
SSP585 (2021–2040) in winter
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and SSP585 at 62.4, 47.3, and 50.57%, respectively. In 
general, rainfall is likely to increase in both scenarios. 
The region’s eastern part recorded the highest rainfall, 
and this will remain the case in both scenarios. Also, 
Heet Station is expected to increase from class (50–60) to 
(60–70) mm in both scenarios. Moreover, precipitation is 
likely to shift across stations from the historical period to 
the SSP245 and SSP585 scenarios. Furthermore, winter 
precipitation is greater than autumn precipitation. 

Figure 9 shows the generated seasonal spatial-tem-
poral rainfall maps for the baseline period and expected 
data for both scenarios for the spring season (R3). The 
historical map has two classes: (0–10) in the northern 
area and (10–20) mm in the southern area, with spatial 
extents of 46.79% and 53.21%, respectively. Rainfall 
is expected to increase in both scenarios, with the same 
class distribution but slightly different percentages. In 
the SSP245 scenario, the percentages of classes (0–10), 
(10–20), and (20–30) mm are 9.37, 89.51, and 1.12%, 
respectively. In the SSP585 scenario, the correspond-
ing percentages are 9.8, 88.44, and 1.77%. Generally, all 

stations will experience higher rainfall, except Nukhaib 
Station, in both scenarios. Also, the precipitation in the 
research field during spring is substantially lower than 
in autumn and winter. Moreover, two shifts are likely at 
Rutba and Heet Stations in both scenarios. Rutba Station 
will shift from class (0–10) to (10–20) mm, while Heet 
Station will go from class (10–20) to (20–30) mm. 

Lastly, Fig.  10 displays the generated seasonal spatial-
temporal rainfall maps for both the actual (i.e., NASA 
POWER/MERRA-2 baseline) and forecast summer (R4) 
data. Neither of the two forecast scenarios nor the NASA 
POWER/MERRA-2 baseline rainfall exceeded the class 
(0–10) mm at any of the seven stations, except at Anah 
Station, which recorded class (10–20) mm with slight 
percentages of 0.38% and 0.2% for the SSP245 and 
SSP585 scenarios, respectively. The lack of summer pre-
cipitation in the research region likely explains this find-
ing. Overall, rainfall is expected to increase across all 
three seasons. Rainfall varies by season and scenario, but 
SSP245 generally provides more rainfall than SSP585. 

Fig. 5  Zoning map, spatial-tempo-
ral distribution of average tempera-
ture patterns during baseline period 
and under two scenarios SSP245, 
SSP585 (2021–2040) in spring
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Discussion

This study analysed the spatial-temporal impacts of climate 
change in western Iraq by comparing the period (2021–2040) 
with the baseline period (1985–2015). The research used the 
LARS-WG 8.0 program with CMIP6 GCMs (SSP585 and 
SSP245) to project weather factors at seven meteorological 
stations in Anbar Province. Multiple GCMs and SSPs are 
recommended in climate research to mitigate uncertainties.

LARS-WG calibration and maps’ preparation

Following calibration and validation using the K–S statistics 
and p-values reported in Tables S1–S4, additional error, bias, 
and probabilistic measures were evaluated for the represen-
tative Heet case (Table 6), daily climatic variables were pro-
jected. GCM projections for the local/regional region may 
be uncertain due to the impact of micro/regional climate, as 
shown in Fig. S1. To address these uncertainties, five GCMs 
(MRI-ESM2-0, CNRM-CM6-1, HadGEM3-GC31-LL, 

ACCESS-ESM1-5, and MPI-ESM1-2-LR) were chosen 
from the CMIP6 in this study to determine the average of 
the multi-GCM ensemble for each variable. The inter-model 
assessment indicates that ensemble averaging reduced the 
influence of individual high and low projections but did not 
eliminate structural differences among the GCMs. In the 
representative Heet precipitation assessment under SSP585, 
the period-level CV of 16.75% indicated moderate inter-
model dispersion. HadGEM3-GC31-LL was systematically 
wetter than the remaining models and consequently raised 
the ensemble mean, whereas several other GCMs provided 
comparatively lower estimates. This result confirms that the 
ensemble mean should not be interpreted as a deterministic 
forecast but as a central estimate within a range of physi-
cally plausible model outcomes. The precipitation projec-
tions therefore include measures of dispersion to provide a 
more transparent interpretation of forecast uncertainty.

This inter-model spread is particularly important for 
interpreting precipitation, because rainfall projections are 
generally more sensitive than temperature projections to dif-
ferences in GCM structure, parameterisation, and regional 

Fig. 6  Zoning map, spatial-tempo-
ral distribution of average tempera-
ture patterns during the baseline 
period and under two scenarios, 
SSP245 and SSP585 (2021–2040) 
in summer
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circulation. Therefore, apparent differences between 
SSP245 and SSP585 should not necessarily be interpreted 
as a linear response to increasing radiative forcing, partic-
ularly when the magnitude of the scenario difference lies 
within the inter-model spread.

The resulting seasonal temperature and precipitation 
fields were subsequently interpreted in terms of spatial redis-
tribution among climate classes rather than only changes in 
station-specific values. This approach enables the discus-
sion to distinguish between changes in climatic magnitude 
and changes in the geographical extent of the affected areas.

Future precipitation

The projected increase in seasonal precipitation in Anbar 
does not imply a transition from an arid to a humid cli-
matic regime. Rather, the results indicate a redistribu-
tion and intensification of rainfall within the existing 
wet seasons, while summer remains almost entirely dry. 
Under SSP245, for example, the spatial coverage of the 
30–40 mm class in autumn increases from 16.44% during 

the baseline period to 75.23%, while the 40–50 mm class 
in winter increases from 15.27% to 42.76%. A physi-
cally plausible explanation is that atmospheric warming 
increases the atmosphere’s moisture-holding capacity 
and can intensify precipitation when moisture supply 
and lifting conditions are present, even in regions that 
remain climatologically dry. Previous research has like-
wise shown that precipitation extremes can intensify in 
dry regions under warming conditions, although changes 
in total precipitation remain substantially more uncer-
tain (Donat et al. 2016). The present projections are also 
quantitatively consistent with regional Iraqi evidence. 
Hassan et al. (2023), for example, projected average pre-
cipitation increases of 6.09–14.31% under RCP4.5 and 
11.25–20.97% under RCP8.5 across middle and western 
Iraq. Therefore, the projected increase found here should 
be interpreted as an increase in seasonal rainfall amount 
and spatial extent within a persistently arid hydrocli-
matic setting, rather than as evidence of a fundamental 
climatic-regime shift.

Fig. 7  Zoning map, spatial-tem-
poral distribution of precipitation 
patterns during baseline period 
and under two scenarios SSP245, 
SSP585 (2021–2040) in autumn

 



1 3

Page 15 of 21  271Modeling Earth Systems and Environment (2026) 12:271

The finding that SSP245 produces higher seasonal pre-
cipitation than SSP585 in parts of the study area should 
not be interpreted as a direct inverse relationship between 
greenhouse-gas forcing and rainfall. Unlike tempera-
ture, regional precipitation does not necessarily respond 
monotonically to increasing emissions because circula-
tion patterns, moisture transport, storm-track behaviour, 
convective processes, and structural differences among 
GCMs also control it. The inter-model analysis per-
formed in this study supports this interpretation: at Heet 
under SSP585, the period-level coefficient of variation 
reached 16.75%, indicating a moderate but non-negligi-
ble spread among the five GCMs. Similar non-monotonic 
scenario behaviour has been reported independently in 
Iraq. Abdulsahib et al. (2024), using LARS-WG 8 and 
CMIP6, found that SSP245 produced more precipita-
tion than SSP585 in spring, whereas SSP585 produced 
more precipitation in winter. Jalal et al. (2025a) likewise 
reported strong spatial and seasonal variability in west-
ern Iraq, with precipitation increases in some locations 
but reductions or stagnation in others. Accordingly, the 

relatively wetter SSP245 outcome obtained here is best 
interpreted as a season- and model-dependent regional 
response rather than as evidence that moderate forcing 
systematically produces more precipitation than high 
forcing.

Future mean temperature

The projected temperature fields indicate an overall warm-
ing tendency across Anbar Province, although the magni-
tude and seasonal expression of warming vary spatially 
and between the two SSP scenarios. The strongest spatial 
redistribution is projected for spring, particularly under 
SSP585, when the 25–30 °C class expands from 71.99% 
of the study area during the 1985–2015 baseline period 
to 91.20% under SSP245 and 96.37% under SSP585. In 
summer, the higher 35–40 °C class is projected to cover 
6.48% of the study area under SSP245 and 18.45% under 
SSP585, including Heet under SSP245 and extending to 
Ramadi, Heet, and Haditha under SSP585. The stronger 
warming under SSP585 is physically consistent with its 

Fig. 8  Zoning map, spatial-tem-
poral distribution of precipitation 
patterns during the baseline period 
and under two scenarios, SSP245 
and SSP585 (2021–2040) in winter
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higher radiative forcing and greenhouse-gas concentra-
tions. In an arid environment such as Anbar, limited soil-
moisture availability also restricts evaporative cooling, 
allowing a greater proportion of available surface energy 
to contribute to sensible heating, particularly during 
warm, dry seasons. Therefore, the stronger spring and 
summer warming should be interpreted as the combined 
response to increased radiative forcing and the high sen-
sitivity of dry-land surfaces to additional atmospheric 
heating.

The magnitude and direction of these projected changes 
are consistent with recent quantitative assessments for 
western Iraq. Jalal et al. (2025a), using LARS-WG 8.0 
and a multi-model CMIP6 framework at stations includ-
ing Ramadi, Haditha, and Rutba, reported mean Tmax val-
ues of 32.1 ± 0.2 °C under SSP245 and 33.0 ± 0.3 °C under 
SSP585, while mean Tmin increased from 19.0 ± 0.3  °C 
under SSP245 to 19.8 ± 0.5  °C under SSP585. Thus, the 
~ 0.9 °C scenario difference reported in that regional assess-
ment supports the stronger warming response under SSP585 

in the present study. This agreement is particularly relevant 
because both studies represent the arid and semi-arid cli-
matic conditions of western Iraq using CMIP6-based statis-
tical downscaling.

Rutba requires particular clarification because its lower 
absolute temperatures relative to the other stations may oth-
erwise be interpreted as evidence of cooling. The present 
results do not indicate a systematic decrease in temperature 
at Rutba. Rather, Rutba remains the coolest location in the 
study area but shifts toward warmer temperature classes 
in several seasons: from 10 to 15  °C during the baseline 
period to 15–20 °C in autumn, from 5 to 10 °C to 10–15 °C 
in winter, and from 25 to 30  °C to 30–35  °C in summer 
under the future scenarios. Its comparatively low absolute 
temperature is physically consistent with its higher eleva-
tion (689  m), which is substantially greater than that of 
most other stations in the study area. Accordingly, the Rutba 
results represent warming superimposed on a relatively 
cool high-elevation baseline rather than a systematic tem-
perature decline. This interpretation is also consistent with 

Fig. 9  Zoning map, spatial-tem-
poral distribution of precipitation 
patterns during the baseline period 
and under two scenarios, SSP245 
and SSP585 (2021–2040) in spring
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recent western-Iraq studies identifying Rutba as one of the 
cooler high-elevation locations while still projecting future 
warming.

The temperature and precipitation maps also show par-
tial spatial co-occurrence of projected changes during some 
seasons. However, because no formal statistical correlation 
analysis was conducted between the two climatic variables, 
interpret these similarities only as spatially coincident pat-
terns, not as evidence of a statistically significant tempera-
ture–precipitation relationship. Their simultaneous changes 
may nevertheless have important implications for evapo-
transpiration, soil-moisture availability, agricultural water 
demand, and other hydroclimatic indicators. They should 
therefore be considered jointly in future climate-impact 
assessments.

Adaptation strategy for climate change

The projected increase in wet-season precipitation may 
create additional opportunities for rainwater harvesting 
and managed water storage; however, higher precipitation 

should not automatically be interpreted as improved water 
security. The concurrent warming projected across much 
of Anbar is likely to increase atmospheric water demand 
and evapotranspiration. In contrast, the strong seasonal 
concentration of rainfall may increase runoff losses and 
flood risk rather than groundwater or soil-water availabil-
ity. Adaptation planning should therefore consider both 
sides of the projected hydroclimatic change: potential 
capture of additional wet-season rainfall and increasing 
water demand associated with higher temperatures. The 
study area is predominantly desert terrain. To mitigate 
these adverse effects, it should be crucial to develop 
comprehensive plans to address the potential impacts 
of rising temperatures. (1) Implement improved water 
management techniques to optimise water usage. (2) 
Conserve water resources through increased irrigation 
efficiency and reduced wastage. (3) Continue monitoring 
the region’s temperature trends to understand better and 
prepare for future climate change impacts. This proac-
tive approach will help ensure the region’s resilience in 
the face of rising temperatures and the challenges they 

Fig. 10  Zoning map, spatial-
temporal distribution of precipita-
tion patterns during the baseline 
period and under two scenarios, 
SSP245 and SSP585 (2021–2040) 
in summer
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pose. The findings are valuable to policymakers as they 
develop adaptation strategies to manage climate change 
impacts in the region. They can also guide future plan-
ning for irrigation and agricultural resource management 
in Iraq.

Limitations and potential future directions

One important limitation of this study is its reliance on 
NASA POWER/MERRA-2 gridded reanalysis data rather 
than continuous ground-based observations, which were 
unavailable for the seven station locations during the base-
line period due to conflicts and interruptions in meteorologi-
cal monitoring. An additional source of uncertainty arises 
from structural differences among the selected GCMs. 
Although the multi-model ensemble mean reduces the 
influence of individual model extremes, it does not remove 
uncertainty associated with model physics, parameterisa-
tion, spatial resolution, and internal climate variability. The 
quantitative uncertainty assessment presented for Heet sta-
tion under SSP585 should be considered a representative 
diagnostic case; inter-model spread may differ by location, 
climatic variable, season, and emission scenario. Further-
more, the present study did not explicitly analyse atmo-
spheric circulation, moisture transport, storm tracks, or 
convective processes; therefore, the physical explanations 
proposed for the projected precipitation changes should be 
regarded as plausible mechanisms supported by the litera-
ture rather than processes directly diagnosed by the present 
modelling framework. Despite these limitations, the present 
study improves the understanding of the potential conse-
quences of climate change in Anbar Governorate by apply-
ing CMIP6 projections and statistical downscaling. Future 
research should therefore focus on: (1) evaluating NASA 
POWER/MERRA-2 against alternative climate datasets 
and, where available, longer ground-based observations; (2) 
comparing LARS-WG results with additional statistical and 
dynamical downscaling approaches; (3) extending inter-
model uncertainty analysis to all stations, climatic variables, 
seasons, and SSP scenarios; and (4) applying complemen-
tary drought indices, including SPI, aSPI, RDI, and eRDI, 
to assess the implications of projected climate change for 
future drought severity and water-resource stress in Anbar 
Province.

Conclusions

This study demonstrates clear seasonal and spatial changes 
in precipitation and mean temperature across Anbar Prov-
ince during 2021–2040 relative to the 1985–2015 baseline. 
Projected mean temperature generally increases across the 

study area, with the strongest spatial warming occurring in 
spring under SSP585, when the 25–30  °C class expands 
from 71.99% of the study area during the baseline period 
to 96.37%. In summer, the warmer 35–40 °C class expands 
to 6.48% under SSP245 and 18.45% under SSP585. Sea-
sonal precipitation is projected to increase mainly during 
autumn, winter, and spring, while summer remains pre-
dominantly dry. The largest precipitation redistribution 
occurs in autumn under SSP245, where the 30–40 mm class 
expands from 16.44% to 75.23% of the study area; dur-
ing winter, the 40–50 mm class increases from 15.27% to 
42.76%. Precipitation responses are not consistently greater 
under SSP585 than under SSP245, indicating that regional 
rainfall projections are scenario- and model-dependent 
rather than a simple linear response to increasing radia-
tive forcing. The representative inter-model assessment of 
precipitation at Heet under SSP585 yielded a coefficient of 
variation of 16.75% for 2021–2040, indicating moderate 
inter-model spread for this representative case. Overall, the 
results identify pronounced seasonal redistribution of both 
temperature and precipitation across Anbar and provide spa-
tially explicit information that can support climate-sensitive 
water-resource planning in western Iraq.
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