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Abstract
The sustainability of ecosystems in Central Asia’s semi-arid and arid regions is increas-
ingly threatened by anthropogenic climate change, with shifts in extreme precipitation 
events playing a pivotal role. Effective adaptation strategies depend on precise forecasting 
of these changes. This study investigates projected trends in mean and extreme precipita-
tion indices across Central Asia (CA) from 1985 to 2100. Utilizing datasets from the fifth 
generation of ECMWF Reanalysis (ERA5), the Climate Prediction Center (CPC), and 
high-resolution National Aeronautics and Space Administration (NASA) Earth Exchange 
Global Daily Downscaled Projections (NEX-GDDP) derived from Coupled Model Inter-
comparison Project Phase 6 (CMIP6) models, we analyzed four Shared Socioeconomic 
Pathway (SSP) scenarios across three distinct time periods. The CMIP6 Multi-Model En-
semble (MME) accurately simulates mean annual precipitation (ANP) for much of the 
region, though it underperforms in mountainous areas. Specifically, it underestimates days 
with precipitation exceeding 10 mm (PD10MM) and the Simple Daily Intensity Index 
(SDII) while overestimating Consecutive Dry Days (CDD) in regions with higher altitudes 
and more precipitation. Projections indicate a potential increase in mean ANP by up to 
50% across most of Central Asia, becoming especially prominent from the mid-century 
onward. Extremes in precipitation, such as the SDII, the maximum 1-day precipitation 
amount (RX1DAY), and days with over 10  mm of rainfall, are expected to rise in fre-
quency and intensity across the region. In contrast, while CDD may decrease in eastern 
CA, it will likely increase in the west by the century’s end. These anticipated changes 
suggest increased wetness under warming scenarios, with more frequent heavy precipita-
tion events and a reduction in prolonged dry periods, particularly under high-emission 
pathways. The data provides a foundation for developing effective adaptation strategies to 
enhance resilience against the impacts of climate change in Central Asia.
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1  Introduction

Central Asia (CA) comprises predominantly semi-arid to arid regions that are especially 
vulnerable to the current climate variability and projected future climate change. The frag-
ile ecosystems of this region are significantly sensitive to shifts in climate patterns, influ-
enced by both natural factors and human-induced greenhouse gas emissions (GHGs). These 
changes pose considerable threats to agricultural systems, food security, water resources, 
and natural environments, livelihoods, human health, crop and livestock production across 
the region. Moreover, the exacerbation of extreme climate events, such as droughts, floods, 
and heat waves, due to global warming, can result in devastating impacts on natural ecosys-
tems. Studies have indicated a marked increase in the frequency and magnitude of extreme 
climate events over the past two decades correlating with human-influenced GHGs (Alex-
ander et al. 2006; Westra et al. 2013; Zhang et al. 2013; Kim et al. 2016; Stott 2016; Donat 
et al. 2016; Yao et al. 2021;).

Given the potential impacts of extreme events, there is a growing interest in predicting 
these events using Earth System Models (ESMs) as a primary tool. However, the projected 
changes in precipitation, particularly extremes, exhibit high uncertainty. Evaluating histori-
cal precipitation events simulated by ESMs is essential to enhance confidence in these pro-
jections. Several initiatives have assessed the effectiveness of General Circulation Models 
(GCMs) in simulating precipitation patterns at both global and regional levels (McMahon 
et al. 2015; Du et al. 2022) including studies focusing on the Indian subcontinent (Jain et 
al. 2019; Gusain et al. 2020) and across Central Asia (Zhang et al. 2019; Dong and Dong 
2022; Liu et al. 2022). These evaluations provided valuable insights for researchers, high-
lighting the challenges of these simulations for impact studies and informing policymak-
ers. Clear uncertainties have been identified in the precipitation simulations of the CMIP5. 
For instance, the consecutive dry days (CDD) and precipitation intensity over Eastern and 
Southern Africa were underestimated (Ayugi et al. 2022), while the precipitation intensity 
and frequency of rainy days were overestimated in the northern parts of the United States 
(Agel et al. 2020). Similarly, CMIP5 models overestimated the interannual variability in 
precipitation across central Asia (Ta et al. 2018).

According to the latest IPCC assessment report (IPCC 2022), global average surface 
temperatures are anticipated to exceed or equal 1.5 °C by 2050, underscoring the urgency 
of addressing climate change impacts. The rising GHGs have resulted in unusual warming 
of the earth leading to increased extreme events. The increased GHGs are expected to have 
different impacts at the regional scale, where the projected climate might have different 
impacts on the local natural ecosystems. Over the past decade, various regions around the 
world have witnessed a significant rise in the frequency of extreme precipitation events, 
posing threats to food security, livelihoods, and potentially leading to cross-border conflicts 
(Carter et al. 2021).

Central Asia, a region highly impacted by climate change, has witnessed an increase in 
extreme events such as droughts, floods, heat waves, and the drying of the Aral Sea (Cheval-
lier et al. 2014; Kenzhebaev et al. 2017; Fallah et al. 2023). The significant shrinkage of the 
Aral Sea has affected the continental climate of Central Asia, intensifying local extremes. As 
a result, summers have become hotter, drier, and longer, while winters have also experienced 
a trend toward drier conditions. These changes have had profound effects on the region’s 
ecological, social, agricultural, and economic stability and have impacted human health due 
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to pollution in drinking water sources(Narbayep and Pavlova 2022). With the loss of the 
Aral Sea’s geochemical runoff regulation, surrounding areas now experience aeolian salt 
transport. Global paleogeographic studies indicate that arid and semi-arid regions, includ-
ing Central Asia, are particularly susceptible to rapid hydrological, geomorphological, and 
biological shifts in response to climate change (Varushenko 1987; Goudie Andrew 1994; 
Lioubimtseva et al. 1998). Projections from advanced CMIP6 models suggest that, under 
high-emission scenarios, Central Asia may experience a reversal in these trends by the end 
of the 21st century. The models indicate a shift towards a rising wetness trend, characterized 
by increased mean precipitation and more frequent extreme precipitation events, particu-
larly in high-emission scenarios. This study utilizes NASA NEX-GDDP CMIP6 models 
to assess how well these projections capture Central Asia’s spatiotemporal precipitation 
patterns and extremes. The results offer valuable insights for hydrological, agricultural, and 
resource management studies, supporting more informed decision-making and the develop-
ment of location-specific adaptation strategies for the sustainable management of natural 
resources.

2  Data and methods

2.1  Study area

Five nations constitute Central Asia, situated in the centre of Eurasia: Kyrgyzstan, Kazakh-
stan, Tajikistan, Turkmenistan, and Uzbekistan. These countries have geomorphological 
landscapes primarily consisting of grasslands and deserts. The continental interior region 
is challenging for marine air currents to penetrate due to its inland location. The impact of 
marine influence on CA is minimal due to the Pamir Plateau and the Tien Shan mountains 
acting as barriers blocking moisture from the Pacific and Indian Oceans. Instead, the region 
is mostly influenced by westerly winds. Due to the prevalence of westerly circulation, the 
Atlantic and Arctic oceans are the primary sources of moisture. The region experiences wide 
variations in precipitation, with basins and plains (rain shadow zones) receiving 150 mm 
of precipitation annually and mountainous areas with windward slopes receiving 1500 mm 
(Fig. 1). Due to the rain shadows created by tall mountain ranges, a significant portion of 
Central Asia’s landmass has an arid or semi-arid climate (Lioubimtseva and Cole 2006). 
This arid-semiarid climate experiences temporal and geographical fluctuations influenced 
by the region’s diverse topography. The temperate continental climate of CA is charac-
terized by dryness, strong evaporation, and abrupt temperature variations (Lioubimtseva 
and Henebry 2009; Li et al. 2015). The region is particularly vulnerable to climate change 
because of its location and limited rainfall.

2.2  Data

Primarily, the CMIP6 models were evaluated for their accuracy in reproducing historical 
climate trends across various time periods and geographic locations. For the evaluation of 
thirty statistically downscaled and bias-corrected precipitation datasets (0.25° x 0.25°) from 
the NEX-GDDP project database, only CPC and ERA5 data were used. This selection was 
made to scrutinize precipitation variability and extremes, considering the extensive avail-
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ability of daily precipitation records. Meanwhile, monthly datasets such as GPCC and CRU 
assessed the spatial and temporal distribution of monthly precipitation across Central Asia.

2.2.1  Assimilated gridded precipitation products

The ERA5(Hersbach et al. 2020) precipitation dataset, a fifth-generation atmospheric 
reanalysis developed by the ECMWF in 2020, offers a complete overview of global climate 
from January 1950 to the present. This dataset was used to analyse the spatial-temporal pre-
cipitation patterns across Central Asia. The ERA5 is widely adopted for observational stud-
ies globally and serves as a valuable resource, especially in regions with limited gauge data 
availability. The high-resolution ERA5 datasets were generated from the forecasts (HRES) 
at a 31-kilometer resolution. ERA5 accurately captures atmospheric dynamics with 137 
levels from the surface up to an altitude of 80 km. Access to the ERA5 data is available for 
download at ​h​t​t​p​s​:​​/​/​w​w​w​​.​e​c​m​w​f​​.​i​n​t​​/​e​n​/​f​​o​r​e​c​a​​s​t​s​/​d​a​​t​a​s​e​​t​s​/​r​e​​a​n​a​l​y​​s​i​s​d​a​t​​a​s​e​t​​s​/​e​r​a​5.

The Climate Prediction Center (CPC), a division of the National Oceanic and Atmo-
spheric Administration (NOAA), provides daily precipitation data at a spatial resolution 
of 0.25° × 0.25° from 1979 to 2022. This dataset is crucial for understanding the observed 
variability. CPC constructed this dataset through optimal interpolation of quality-controlled 
gauge records from the Global Telecommunication System (GTS) network (Fan and van 
den Dool 2008; Chen et al. 2008; Harris et al. 2014). These observations undergo rigorous 
quality control procedures to ensure reliability. The quality control process involves a com-

Fig. 1  Topographic features of the Central Asian countries
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prehensive examination of station data. Further details regarding data development can be 
found on the CPC website at https://psl.noaa.gov/data/gridded/.

A widely used monthly climate dataset, CRU TS (Climatic Research Unit gridded Time 
Series), uses a 0.5° by 0.5° grid to cover terrestrial areas worldwide, except Antarctica. CRU 
TS v4 is based on estimated monthly climatic anomalies from large weather station net-
works (Harris et al. 2014). It incorporates more station data to cover the years 1901–2023, 
with yearly updates scheduled. Monthly observations from land stations contain seven vari-
ables: mean, minimum, and maximum temperatures, precipitation, vapour pressure, wet 
days, and cloud cover, ensuring regular updates.

The Global Precipitation Climatology Centre (Becker et al. 2013) is a leading source for 
global precipitation data collected from gauges. The GPCC compiles its gridded product 
from data provided by 180 institutions, covering approximately 85,000-gauge locations that 
have recorded observations at least once since 1901. The Full (long-term or climatological) 
GPCC analysis aims to deliver a high-quality dataset. To maintain continuous precipitation 
records from individual stations, the GPCC enforces a minimum observation period of 10.

2.2.2  High-resolution model data

The simulated daily high-resolution statistically downscaled precipitation data were sourced 
from the NASA Earth Exchange Global Daily Downscaled Projections data portal for 33 
CMIP6 models (​h​t​t​p​s​:​​/​/​n​e​x​​-​g​d​d​p​-​​c​m​i​p​​6​.​s​3​.​​u​s​-​w​e​​s​t​-​2​.​a​​m​a​z​o​​n​a​w​s​.​​c​o​m​/​i​​n​d​e​x​.​h​​t​m​l​#​​N​E​X​-​G​
D​D​P​-​C​M​I​P​6​/) (Xu et al. 2023, 2024). These downscaled climate scenarios cover the ​h​i​s​t​o​
r​i​c​a​l period from 1950 to 2014 and future projections from 2015 to 2100 on a global scale. 
These datasets serve as a foundation for evaluating future climate patterns. Derived from 
state-of-the-art Earth System Models (ESMs) simulations developed under the CMIP6, 
these datasets utilize the Bias-Correction Spatial Disaggregation (BCSD) method outlined 
(Wood et al. 2002, 2004; Maurer and Hidalgo 2008; Thrasher et al. 2012, 2022). The infor-
mation on these NEX- GDDP model datasets is provided in Supplementary Table 1.

The CMIP6 models offer numerous large ensemble members, each distinguished by vari-
ant labels indicating realizations (r), initialization (i) schemes, different physics (p), and 
forcing (f) indices. For the analysis, the initial ensemble member (r1i1p1f1) of the historical 
simulation, derived from the pre-industrial control simulation of each model, was consid-
ered. To present a range of end-of-century climate change projections, a set of scenarios 
was selected. The scenarios introduced in CMIP6 are referred to as Shared Socioeconomic 
Pathways (SSPs). They include SSP1-2.6 (low emissions), SSP2-4.5 (medium emissions), 
SSP3-7.0 (high emissions), and SSP5-8.5 (very high emissions). Historical simulations are 
driven by aerosols, man-made greenhouse gas emissions, and external natural variables 
such as solar and volcanic activity. On the other hand, SSP narratives were utilized to facili-
tate simulations for climate projections extending beyond 2014. Societal development indi-
cators, such as population and economy, have been deliberately adjusted in the latest SSPs. 
These pathways were designed to respond effectively to radiative forcing and maintain a 
consistent carbon dioxide concentration over the next century. The twenty-first century was 
segmented into four distinct periods: the historical era (HP; 1985–2014, 30 years), the near 
future (NF; 2021–2050, 30 years), the mid-future (MF; 2051–2080, 30 years), and the far 
future period (FF; 2081–2100, 20 years) to analyse both current climate conditions and 
future climate change estimates.
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2.3  Methods

To ensure uniformity and comparability, data from the CMIP6 model and gridded precipi-
tation products were standardized to the same grid resolution. Re-gridding involves trans-
forming data from one grid resolution to another using the bilinear interpolation method, 
ensuring compatibility and comparability across different datasets. By calculating the Multi-
Model Ensemble (MME), this procedure minimizes the effects of internal variability and 
successfully mitigates the random errors that are inherent in individual models (Harrison et 
al. 2019; Brunner et al. 2020).

2.3.1  Extreme precipitation indices

Operating within the framework of the World Meteorological Organization (WMO), the 
Expert Team on Climate Change Detection and Indicators (ETCCDI) creates a suite of cli-
matic extremes indicators that reflect changes in the frequency, duration, and size of extreme 
occurrences(Donat et al. 2013; YIN and SUN 2018) In this study, we focus on extreme pre-
cipitation indices derived from precipitation data. Table 1 lists the four extreme precipitation 
climate indicators [number of heavy precipitation days (PD10mm), SDII, maximum 1-day 
precipitation (RX1day), and consecutive dry days (CDD) that were selected to understand 
the changes in precipitation extremes based on the ETCCDI. These indices were selected 
due to their relevance to the study area and their widespread use in analysing observed and 
simulated climate data globally (Sillmann et al. 2013a, b; Wilson et al. 2022). This study 
calculated all four precipitation indices annually for each CMIP6 climate model. Subse-
quently, the MME is computed for both historical and future climate periods. The selected 
extreme precipitation climate indices were calculated annually to better understand inter-
annual variability in extreme precipitation across the study regions. This approach recog-
nizes that extreme climate indices are most meaningful when analysed annually (Aerenson 
et al. 2018; Avila-Diaz et al. 2020).

Indices Description Units
CDD The Consecutive Dry Days measures the 

maximum number of consecutive days with 
no precipitation within a specific period 
(season/year)

Days

SDII The Simple Daily Intensity Index measures 
the average intensity of precipitation on wet 
days.

mm/
day

PD10MM The Precipitation Days with more than 
10 mm measures the number of days within 
a specific period (season/year) during which 
the daily precipitation exceeds 10 mm.

Days

RX1DAY The maximum 1-day precipitation amount 
measures the highest amount of precipita-
tion that falls in a single day within a speci-
fied period (season/year)

mm

Table 1  List of extreme indices 
used in the study
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2.3.2  Model evaluation methods

The Sen Slope (Sen 1968) was used to calculate the annual trends in precipitation extremes, 
enabling an understanding of the trends in both historical data and future projections. The 
Mann-Kendall (MK) test, which is non-parametric, was used to assess the significance of 
trends (Kendall 1975). At a predetermined level of statistical significance, typically set at 
p < 0.05, this statistical test was utilized to assess the significance of trends in the data. The 
effectiveness of the simulated precipitation indices over the Central Asian countries was 
measured using four statistical metrics: the Pearson correlation coefficient (CORR), Mean 
Absolute Error (MAE), Root Mean Square Error (RMSE), and Percent Bias.

	
Bias =

∑
n
i=1 (Si − Oi) x100∑

n
i=1Oi

� (1)

where Oi is the value of the observed precipitation, and Si is the simulated precipitation.

	
RMSE =

√∑ n
i=1(Si − Oi)2

n − 1
� (2)

where n is the number of observations, and Si and Oi are the simulated and observed values, 
respectively.

	
MAE = 1

n

∑n

i=1
⌊Si − Oi⌋� (3)

	

CORR =
∑

n
i=1(Si − S )( Oi − O)√∑

n
i=1

(
Oi − O

) √∑
n
i=1

(
Si − S

) � (4)

where Oi is the observed value, Ôi is the mean of observed data, Si is the simulated value, 
Sî is the mean of simulated.

The term “bias” describes the extent to which an observational dataset either overesti-
mates or underestimates data. While lower values indicate better performance, the RMSE 
is a common statistical tool for evaluating model performance. The average absolute dif-
ference (MAE) between simulated and observed values in a dataset was used to indicate 
the proximity of predictions to actual values. Lower MAE values indicate a closer model 
prediction to the actual values. A CORR value of 0 suggests no relationship between the 
simulated (Si) and observed (Oi) data; in contrast, a value of 1 (or −1) indicates a strong 
positive (or negative) correlation between the variables.

To gain insight into potential variations in precipitation levels and extreme occurrences, 
we calculated the relative error (RE) using Eq. 5, as adapted from Gleckler et al. 2008; 
Scherrer 2011. The RE quantifies the accuracy of modeled values by comparing them to 
observational data.
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RE = Simulation − Observed

Observed
x 100� (5)

Where, Simulation and Observed are 30 years average of precipitation and extreme events 
except for far-future (20 Years).

Furthermore, the comparison between the interannual variability of the simulations and 
the observations was evaluated using the Interannual Variability Skill Score (IVS) (Gleckler 
et al. 2008; Scherrer 2011). The IVS quantifies the agreement between the interannual vari-
ability patterns of the simulated and observed data.

	
IV S =

(
STDm

STDo
− STDo

STDm

)2

� (6)

The terms STDm and STDo represent the interannual standard deviation of the model simu-
lation and observation, respectively. A lower IVS score suggests that the selected model 
aligns more closely with the observed interannual variations. IVS, a symmetric measure 
of variability, quantifies the similarity between interannual variations in simulations and 
observations.

3  Results

The study results are presented under three main sections: observed variability and 
extremes, model validation, and future projected changes. Initially, the historical simula-
tions of CMIP6 models are compared against four observed gridded datasets to validate 
long-term and interannual variability. Subsequently, the model’s ability to replicate histori-
cal precipitation extremes was assessed. Furthermore, the analysis was extended to examine 
future projected changes in precipitation amounts and extremes.

3.1  Observed precipitation climatology

Spatial and temporal variations in ANP across CA were investigated over a 43-year period 
(1979 to 2022) using four gridded datasets: CPC, CRU, GPCC, and ERA5. High-altitude 
regions, receiving annual rainfall ranging from 1000 to 1500 mm, were notably identified. 
Particularly, the south-central Pamir Plateau exhibited high mean ANP exceeding 1000 mm 
(Fig. 2). Both CRU and ERA5 exhibited the highest annual precipitation amounts in the 
high-altitude regions of CA, while CPC and GPCC (Supplementary Fig. 1) showed similar 
spatial patterns, with ANP levels ≥ 700 mm/year, as depicted in Fig. 2a. The mean ANP in 
the region varied from 100 mm in the arid regions to 1500 mm in the mountainous regions. 
A decreasing trend in ANP was observed with ERA5 data. At the same time, the other three 
gridded products displayed non-significant increasing trends (Fig. 2e). The trends in spatial 
precipitation data for the four gridded products are provided in the Supplementary Fig. 1.

The study highlighted the significant spatial and temporal variability and increased stan-
dard deviation of ANP patterns. Thus, an in-depth analysis of extreme precipitation events 
is essential to understand the precipitation patterns across the CA region. We exhibit the 
precipitation extremes over CA using gridded precipitation data from 1979 to 2022 from 
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CPC and ERA5. The CPC and ERA5 gridded dataset were utilized to calculate the extreme 
precipitation events (SDII, CDD, PD10MM, and RX1day) to analyse the inter-annual vari-
ability and detect any significant patterns in these events. The findings showed substantial 
declining trends in PD10mm index, while the CDD index exhibited increasing patterns. 
However, no discernible trends were shown by either the RX1DAY or the SDII indices 
(Fig. 3). On the other hand, the CPC dataset displayed a significant increase in SDII across 
CA with no significant trends for RX1Day, PD10MM, and CDD (Supplementary Fig. 2).

Fig. 3  ERA5 inter-annual variability in a: SDII, b: CDD, c: PD10MM and d: RX1DAY precipitation 
indices over Central Asia. The blue dotted line represents the linear trend observed from 1979 to 2022

 

Fig. 2  Central Asian mean ANP climatology pattern, 1979–2022, a: ERA5, b: CPC, c: CRU, and d: 
GPCC. ANP trend during the same time period (e)

 

1 3

Page 9 of 23     29 



Climatic Change          (2025) 178:29 

3.2  Simulations of historical and future projected changes

We compared the NEX-GDDP CMIP6 models’ simulation of historical precipitation data 
with ERA5 and CPC data. This assessment aims to determine how well these models can 
simulate mean and extreme precipitation patterns that have been observed. Similarly, three 
alternative time periods are used to assess the future precipitation mean and extreme pre-
cipitation changes, as modeled by the CMIP6 models under four SSPs.

3.2.1  NEX-GDDP-CMIP6 historical simulations

Figure 4 presents the evaluation of the MME annual mean precipitation climatology using 
ERA5 data for the historical period spanning from 1985 to 2014. The mean precipitation 
obtained from ERA5 (Fig. 4a) and MME (Fig. 4b), and the bias between the two datasets 
(Fig. 4c) is presented in Fig. 4. Across CA, the MME tends to underestimate precipitation 
amounts. The mean precipitation pattern is captured by MME, with a larger bias observed in 
areas with higher mean precipitation (Fig. 4c). The average yearly precipitation in mountain-
ous and desert regions varied from 100 to 700 mm. The MME showed a bipolar bias, with 
a dry bias over Kazakhstan’s central and western regions and a wet bias over the country’s 
southern and eastern portions and Tajikistan’s mountainous regions. Slight dry biases of 
approximately 15% were observed over Turkmenistan and the central plains of Uzbekistan, 
indicating an underestimation of precipitation by the MME in those areas. Nonetheless, the 
biases observed in precipitation patterns can be partially attributed to uncertainties in the 
observation dataset, owing to the intricate geographic nature of the region. The statistically 

Fig. 4  Spatial distribution of mean ANP over CA during 1985–2014 (a) ERA5, (b) MME, (c) Bias (MME-
ERA5), d (CPC), e (MME) and (f) bias (MME- CPC)
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downscaled, bias-corrected datasets significantly reduced biases compared to the original 
CMIP6 datasets, with bias values typically falling within the range of ± 10% for most loca-
tions. These findings indicate that the MME offers a more dependable estimate of mean 
precipitation compared to individual models when evaluated against observations. In com-
parison, both the CPC and MME exhibit very similar spatial distributions of precipitation 
across the CA region (Fig. 4d and e). The MME closely simulated the precipitation across 
most arid regions of Uzbekistan, Turkmenistan, and the south-central parts of Kazakhstan, 
where mean annual rainfall ranged from 100 to 300 mm/year according to CPC data. In 
addition, the MME model captured similar amounts ranging from 150 to 400  mm/year. 
However, the MME overestimated the precipitation in the mountainous regions of CA and 
northeastern parts of Kazakhstan.

The analysis of historical precipitation data from the MME focused on evaluating its 
representation of extreme precipitation indices, including SDII, CDD, PD10MM, and 
RX1DAY. This comprehensive assessment compared the MME data with the gridded ERA5 
product over a 30-year period from 1985 to 2014, presenting their relative biases in Supple-
mentary Fig. 3. Throughout the evaluation, it was consistently observed that the MME his-
torical simulation tends to underestimate PD10MM and SDII while overestimating CDD, 
particularly in regions of higher elevation where greater precipitation is typically observed. 
However, the MME exhibits reasonable performance in simulating one-day highest precipi-
tation amounts (Supplementary Fig. 3K), showing similar characteristics to precipitation 
intensity. Regarding heavy precipitation days (PD10MM), the MME accurately captures 
occurrences in mountainous regions like Tajikistan and Kyrgyzstan, typically ranging 
between 15 and 20 days. Other dry areas experience fewer than five days (Supplementary 
Fig. 3h). The distribution of PD10MM during the period closely resembles observed data, 
although with a slight positive bias over plains and a negative bias over high altitudes. The 
MME generally overestimated the spatial pattern of CDD (Supplementary Fig. 3e), espe-
cially over arid regions such as Turkmenistan and central Uzbekistan. However, there is a 
slight underestimation of CDD in northern Kazakhstan and southeastern Kyrgyzstan, with 
the potential for further overestimation in other regions compared to observations. These 
findings instill confidence in suggesting that the NEX-GDDP CMIP6 dataset can effec-
tively replicate the spatial patterns of precipitation extremes across Central Asia. Further 
comparison with the CPC dataset reveals that the MME tends to overestimate PD10MM, 
particularly in the high-altitude regions of Tajikistan and Kyrgyzstan. Additionally, daily 
rainfall intensity demonstrates significant spatial variability, with higher intensity observed 
over Tajikistan and Kyrgyzstan. As previously noted, the MME tends to overestimate CDD, 
particularly in the south-central parts of Central Asia, with a notable spatial extent over 
Turkmenistan and Uzbekistan (Fig. 5).

As per the above instigation, models perform very differently for various precipitation 
indices (Figs.  4 and 5; Supplementary Fig.  4). Therefore, a more thorough examination 
is necessary to evaluate the models’ ability to simulate precipitation indices precisely. To 
pursue this goal, two additional metrics, namely Interannual Variability Skill (IVS) and 
Relative Error (RE), were utilized to evaluate model performance and corresponding indi-
ces over a 30-year period from 1985 to 2014. Initially, the IVS assessed how the models 
reproduce observed interannual variability. Furthermore, the relative error (RE) was utilized 
to validate each model’s mean error. Accurately reproducing temporal variations is cru-
cial in assessing model performance within the study region. The IVS values for ANP and 
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Fig. 5  The spatial distribution of extreme precipitation indices across CA is depicted in three columns: 
CPC (1st column), CMIP6 MME (2nd column), and BIAS (3rd column) for the period 1985–2014. Rows 
indicate extreme precipitation events, SDII (a, b, c), CDD (d, e, f), PD10MM (g, h, i) and RX1DAY (j, 
k, l)
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indices across the CA are shown in Supplementary Fig. 4a, along with their MME equiva-
lents for each model run. The IVS values of every grid point were first calculated and then 
averaged. The results show that CMIP6 models’ capability to replicate intense precipita-
tion varies consistently. Specifically, Supplementary Fig. 5a illustrates that most individual 
models revealed IVS values lower than 2.0 for annual rainfall amounts, CDD, and SDII. In 
comparison, the RX1DAY and PD10 MM IVS values were above 2.0. This variation among 
RX1DAY and PD10MM simulation contrasts with the MME’s more reliable estimation of 
interannual variability. A reasonable simulation of observed interannual variability is shown 
by low IVS values, which are particularly noticeable in the MME for all precipitation indi-
ces except for PD10MM and RX1DAY.

The IVS values were particularly elevated for the CMIP6 models and CPC datasets, with 
ANP amounts ranging between 1.5 and 2.7. Similar results were noted for the PD10mm, 
CDD, and RX1DAY indices. However, IVS values for SDII were consistently below 2.1. 
Similarly, CMIP6 models and MME exhibited a consistent IVS in the SDII values, with 
the exception of a few models, which are primarily below 1.8. Higher IVS values, ranging 
from 1.8 to 4.9 and 1.6 to 3.9, respectively, were noted for extreme precipitation indices 
RX1DAY and PD10MM. In comparison, the MME consistently outperforms individual 
models in reproducing the interannual variability of ANP, highlighting its superior perfor-
mance in this aspect. The MME’s consistent and superior performance instills confidence 
in its reliability. The model’s performance was further assessed to ascertain the Relative 
Error (RE) between ERA5/CPC gridded precipitation and CMIP6 models across CA (Sup-
plementary Fig.  5b; Fig.  6b). The RE values indicate overestimated and underestimated 
precipitation indices based on positive and negative RE values. A RE value close to zero 
signifies a close alignment between the modelled and observed datasets. All CMIP6 mod-
els consistently underestimated ANP amounts, ranging between − 25.4% to −31.7%, with 
the MME displaying − 29% compared to ERA5 data. Conversely, CPC results consistently 
diverged from ERA5 datasets, with ANP amounts showing RE values ranging from − 2.5% 
to −24.9% and the MME displaying a −16.2% RE (Fig. 6). In most cases, CMIP6 models 
underestimated precipitation indices, with MME RE values underestimated compared to 
ERA5 datasets. Particularly, RE of RX1DAY and PD10MM displayed − 24% and − 44%, 
respectively, while SDII exhibited < 10%. Furthermore, both CMIP6 models and the MME 
overestimated CDD, with RE values ranging from 30 to 44% compared with the ERA5 
reanalysis, while it ranged from 8.6 to 20 compared with the CPC dataset.

3.3  Future projected changes in mean precipitation

The bias-corrected and statistically downscaled CMIP6 models revealed a consistent upward 
trend in annual mean precipitation across CA throughout the 20th and 21st centuries under 
various climate change scenarios (Fig. 7). Spatial patterns of the MME indicate an increase 
of up to 16% in the near future (2021–2050), notably over central Uzbekistan, southeastern 
Tajikistan, and southwestern Kyrgyzstan. This trend intensifies in the very high emission 
scenario (SSP5-8.5) compared to the historical period (1985–2014). The results further indi-
cate a rise in precipitation levels in the mid and far future under SSP2-4.5, SSP3-7.0, and 
SSP5-8.5, particularly over Turkmenistan, Uzbekistan, Tajikistan, Kyrgyzstan, and southern 
and central regions of Kazakhstan. The most substantial increase was observed during the 
far future, under SSP3-7.0 and SSP5-8.5, with over a 50% rise in annual mean precipitation 
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over southeastern CA (Fig. 7i and l). Equally, no significant change was observed across 
different time periods and SSPs in Northern Kazakhstan.

Under all the Shared Socioeconomic Pathways (SSPs), it is predicted that the average 
projected mean ANP across CA will increase by up to 33% during the mid-century com-
pared to the historical period, especially over central Uzbekistan and the high altitudes of 
Tajikistan and Kyrgyzstan. While, in the near-future, the region’s annual total precipitation 
will probably stay the same. Changes in atmospheric thermodynamics, circulation patterns, 
and heightened variability may contribute to wetter conditions than the present average 

Fig. 6  Using CPC gridded precipitation data, a series of portrait diagrams showing the model perfor-
mance of (a) Interannual Variability Score (IVS) and (b) Relative Error (RE), for precipitation extreme 
indices area-averaged over CA from 1985 to 2014
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precipitation. The mean precipitation over CA (area-weighted) is expected to rise by up to 
25% in the future compared to the MME baseline, as shown in the Supplementary Fig. 6.

The temporal anomalies of mean ANP (area-weighted over the CA), depicted in Supple-
mentary Fig.  6, reveal that both ERA5 and CPC exhibited relatively higher interannual 
variability compared to the MME historic precipitation anomalies. The mean ANP over 
CA throughout the historical period (1950–2014) was approximately 365 mm/year with a 
standard deviation of 6.7. In contrast, ERA5 and CPC illustrated 467 mm/year values and 
282 mm/year, respectively. Precipitation quantities are expected to rise significantly during 
the 20th and 21st centuries across all four SSPs. These increasing trends in precipitation 
anomalies suggest a slight wetting tendency in the future. Specifically, in the near-future, 
precipitation amounts may range from 332 ± 6.3 mm to 345 ± 10.4 mm. Similarly, in the 
mid-future and far-future the range was projected to be 350 ± 6.5 mm to 354 ± 9.8 mm, and 
354 ± 5.2 mm to 365 ± 8.6 mm, respectively. These changes in precipitation amounts repre-
sent possible ranges under different SSPs and time periods.

Fig. 7  The Projected changes in annual mean precipitation (%) across CA are examined under various 
climate change scenarios within the CMIP6 framework, spanning near (2021–2050), mid (2051–2080), 
and far future (2081–2100) timeframes, with reference to the baseline period (1985–2014)
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3.3.1  Projected changes in extreme precipitation indices

The analysis of projected changes in extreme precipitation indices compared to CMIP6 
historic simulations provides insights into potential impacts on hydrological, agricultural 
systems, and society. Such investigations aid in developing tailored adaptation strategies to 
effectively address the adverse effects of extreme precipitation events resulting from global 
warming.

Supplementary Fig. 7 illustrates the expected percentage changes in simulated SDII rela-
tive to historical simulations. SDII is anticipated to increase across the CA under different 
SSPs and time periods. The MME predicts more frequent and intense SDII events across the 
CA by the end of the twenty-first century, with noticeable intensity in the far-future under 
SSP3-7.0 and SSP5-8.5, particularly over the mountainous regions of Uzbekistan, Tajiki-
stan, and Kyrgyzstan. The estimated intensity shift is expected to range from − 10 to 25% 
relative to the baseline, particularly in the mid and far future under SSP3-7.0 and SSP5-8.5. 
Across all scenarios, the near-future climate projection predicted less intensity in the CA 
region, with an increase of less than 5%. However, in the mid-term, strong precipitation 
events are expected to rise, particularly in the southeastern sections of CA, by more than 
15%. Similarly, in the far future under all SSPs, intensity is expected to be significantly 
higher in SSP5-8.5, with an increase of above 25% for such events.

Further examination of changes in heavy precipitation days (> 10  mm/day) revealed 
an upward trend across the CA (Supplementary Fig. 8). In the near future under different 
SSPs, these heavy precipitation days are anticipated to increase by 15–35% over Uzbeki-
stan, particularly in the central lowlands extending towards the northwestern parts, and the 
south-central parts of Kazakhstan. During the mid-future, intensified heavy precipitation is 
projected to gradually increase from SSP1-2.6 to SSP5-8.5, exceeding 40%. This increase 
is primarily observed in the central region of CA, covering the northern parts of Turkmeni-
stan, Uzbekistan, the central highlands of Kazakhstan, and the high altitudes of Tajikistan 
and Kyrgyzstan. The highest increase is noted in the far future, mostly under SSP3-7.0 
and SSP5-8.5 across CA, exceeding 45%. These findings suggest that in the future, the 
CA region may experience a rise in heavy precipitation, particularly during wet periods, 
potentially contributing to the overall increase in ANP amounts under changing climatic 
conditions.

Understanding the frequency, intensity, and spatial distribution of the one-day highest 
precipitation amount (RX1DAY) is crucial for assessing potential impacts across vari-
ous sectors. In CA, the projected increase in RX1DAY toward the end of the 21st century 
suggests a higher likelihood of intense precipitation events, raising concerns about more 
frequent and severe flooding, surface runoff, and soil degradation, which pose significant 
challenges for agriculture in the region (Supplementary Fig.  9). A projected increase in 
RX1DAY of up to 10% is anticipated across CA in the near future, particularly over moun-
tainous regions. By the mid-future, intensified RX1DAY occurrences are expected in south-
ern parts of CA, including Turkmenistan, Uzbekistan, Tajikistan, and Kyrgyzstan, as well 
as central and southern parts of Kazakhstan. By the end of the 21st century, a significant 
rise exceeding 30% is projected, indicating a substantial shift in precipitation patterns. 
The regional distribution of RX1DAY suggests that precipitation will become increasingly 
intense and less frequent in the future, with significant geographic variations across CA, 
highlighting the complexity and diversity of future precipitation trends in the region.

1 3

   29   Page 16 of 23



Climatic Change          (2025) 178:29 

Projected changes in multi-year averages of Consecutive Dry Days (CDD) across Cen-
tral Asia (CA) are summarized in Supplementary Fig.  10 under various SSPs and time-
frames. During the historical period (1985–2014), the MME of CDD ranged from 20 to 180 
days, with higher values in the south-central regions and lower values in northern and high-
altitude areas. As an indicator of dryness and the length of dry spells, CDD suggests a mild 
dryness pattern across CA, with reductions of up to 6 days anticipated in the near future. In 
the mid-future, CDD increases become evident over Uzbekistan and Turkmenistan under 
SSP3-7.0 and SSP5-8.5. By the far future, under the high-emission scenario SSP5-8.5, CDD 
is expected to rise by up to 8 days, particularly in the highlands of Tajikistan, Kyrgyzstan, 
Uzbekistan, and western CA. Although general precipitation pattern changes are consistent 
across scenarios, variability intensifies with higher SSPs, with the most pronounced shifts 
occurring in SSP5-8.5. Most precipitation metrics show an increasing trend across CA in 
MME forecasts for the 21st century. Mean anomaly time series for historical simulations, 
observed data (CPC and ERA5), and modeled future precipitation indices averaged over CA 
are presented in the supplementary materials (Fig. 5; Supplementary Fig. 4).

4  Discussion

The dynamic shifts in spatially and temporally precipitation patterns exert detrimental 
effects on agricultural systems, water resources, hydroelectric power generation, and the 
environment at local and global scales (Abbas et al. 2021). Comparison of spatiotemporal 
simulation performance between CMIP6 models and MME with ERA5 and CPC reveals 
significant dry bias in most CMIP6 models across CA when contrasted with ERA5, consis-
tent with other findings that noted ERA5’s tendency to overestimate precipitation across CA 
by 20 to 60% (Song et al. 2022). Conversely, ERA5 overestimated low precipitation events 
while underestimated high-intensity precipitation and concluded ERA5’s relatively poor 
performance in reproducing interannual variability over Asia (Dong and Dong 2022; Xin et 
al. 2022). The intricate nature of precipitation poses challenges for predicting and project-
ing future changes, which is crucial for understanding projected impacts and developing 
mitigation strategies for severe socio-economic consequences due to climate change. The 
complex geography of CA adds another layer of intricacy, with research suggesting distinct 
variations in precipitation patterns between its plains and mountainous regions (Hu et al. 
2014, 2016). Topography plays a crucial role in shaping precipitation distribution, as seen 
in the spatial differences in precipitation levels (Li et al. 2020; Jin et al. 2024). Despite being 
widely used in arid CA, ERA5’s accuracy falters in mountainous terrain (Li et al. 2022; 
Song et al. 2022), prompting the need to rely on two global gridded monthly datasets (CRU/
GPCC). This approach becomes necessary due to sparse observational data in the region, 
helping better comprehend the spatial and temporal variations in precipitation. Precipitation 
data sourced from global precipitation products are paramount for data-scarce or ungauged 
regions, such as CA.

Alternatively, while gauge-based CPC precipitation tends to underestimate precipitation 
amounts across CA, it adeptly captures spatial distribution, particularly notable in plains 
(Dilinuer et al. 2021). Across various time scales (daily, monthly, yearly), ERA5 generally 
outperforms CPC in capturing precipitation patterns across both plains and mountainous 
regions. Access to precipitation data from global sources is crucial for regions with limited 
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data availability, such as CA, due to the scarcity of weather station data and variations 
in interpolation methods. ERA5 performs well in regions with sufficient precipitation but 
poorly in mountainous and high-altitude areas. Simulating precipitation in such regions, 
particularly the Tian Shan and Pamir mountains, is challenging (Zhang et al. 2020; Hu 
and Yuan 2021). Additionally, ERA5 underperforms on wet and extremely wet days, as 
extremely heavy precipitation involves complex mechanisms and variable processes (Alex-
ander et al. 2020; Bador et al. 2020; Dai and Nie 2020; Nguyen et al. 2020). Reanalysis 
datasets, including ERA5, exhibit significant uncertainties in capturing extremely heavy 
precipitation (Huang et al. 2016). Consequently, different global gridded precipitation prod-
ucts yield varying results in California (Schiemann et al. 2008). However, CMIP6 models 
and MME exhibit a strong negative bias, particularly in consecutive dry days (CDD) and 
maximum 1-day precipitation (RX1DAY), while overestimating mean and variability of 
extreme precipitations such as SDII and the count of heavy precipitation days (PD10MM). 
Similar overestimation tendencies of CMIP6 models were observed in East Africa and 
contiguous regions of the United States (Srivastava et al. 2020; Akinsanola et al. 2021). 
Higher resolution models show advantages in simulating extreme precipitation, especially 
in regions with complex topography (Luo and Guo 2022), where extreme precipitation is 
closely linked to convection and cloud microphysics (Keupp et al. 2019), complicating attri-
bution of simulation differences among models across different global regions. The CA dis-
played an increase in ANP amounts across the time periods (near, mid, and far-future) under 
different SSP scenarios. The variability in precipitation changes across models is greater 
for higher emission scenarios. This can be partially attributed to the increased uncertainty 
in surface air temperature changes associated with higher radiation forcing (Roe and Baker 
2007; Zhou and Xiaolong 2015). Moreover, examining changes in extreme precipitation 
indices reveals a general trend towards increased intensity as radiative forcing increases. 
These indices, including SDII, CDD, RX1DAY, and PD10MM, represent cumulative pre-
cipitation from heavy rainfall events and their contribution to ANP totals. Notably, discern-
ible anthropogenic influences are evident in these extreme indices. Analysing long-term 
shifts in precipitation-based metrics, as employed here, offers a sophisticated perspective 
distinct from that of ANP alone. It captures the Consolidated impact of alterations in both the 
frequency and intensity of heavy rainfall occurrences. However, this analytical advantage 
is tempered by a significant challenge: disentangling the effects of frequency changes from 
intensity alterations proves intricate. Establishing a straightforward relationship between 
these indices and global warming levels becomes notably complex. For instance, while 
changes in RX1DAY closely adhere to the Clausius–Clapeyron relationship in observations 
and model simulations, elucidated by various studies (Westra et al. 2013; Li et al. 2020; 
Yao et al. 2021), pinpointing causality remains challenging. Recent research by (Yao et al. 
2021; Zhang et al. 2022) indicates that the escalation in total ANP primarily stems from the 
intensification of extreme precipitation events, concurrent with the attenuation of lighter 
precipitation. This phenomenon leads to an overcompensation of increased evaporation due 
to concurrent global warming trends.
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5  Summary and concluding remarks

This study used ERA5 reanalysis, CPC daily precipitation data, and 33 CMIP6 models 
from NASA’s NEX-GDDP, downscaled to 0.25° × 0.25°, to analyze extreme precipitation 
indices in Central Asia. Most models accurately captured the spatial patterns of mean ANP, 
though RMSE values varied by dataset, with higher errors against ERA5 data, particularly 
in mountainous areas. The MME generally underestimated indices PD10MM and SDII 
while overestimating CDD, especially in high-altitude regions, with inconsistent perfor-
mance across indices like PD10MM and RX1DAY. By the century’s end, under all SSPs, 
APN is projected to increase up to 50%, with extreme events intensifying, particularly under 
SSP5-8.5, where SDII could rise over 25%, indicating a shift to wetter conditions, more 
heavy rainfall, and fewer dry days in parts of Central Asia. High-resolution data is essential 
for accurately understanding these changes, especially in climate-sensitive areas influenced 
by local factors; this analysis supports future impact studies and informs adaptation and 
mitigation policies for the region.
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