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Abstract
Central Asia (CA) is among the most vulnerable regions to climate change due to the fragile ecosystems,
frequent natural hazards, strained water resources, and accelerated glacier melting, which underscores the
need to achieve robust projection of regional climate change. In this study, we applied three bias-corrected
global climate models (GCMs) to conduct 9km-resolution regional climate simulations in CA for the present
(1986–2005) and future (2031–2050) periods. Dynamical downscaling based on multiple bias-corrected
GCM outputs obtains numerous added values not only in reproducing the historical climate but also in
projecting the climate changes in CA, in comparison to the original GCMs. The regional climate model (RCM)
simulations indicate signi�cant warming over CA in the near-term future, with the regional mean increase of
annual daily mean temperature (Tmean) in a range of 1.63–2.01℃, relative to the present period. This
increase is expected to be higher north of ~ 45°N in each season except summer and the high-elevation areas
have a weaker warming signal than the plains through the year. The season with the largest warming rate is
not consistent among the RCM simulations, highlighting the necessity of using multiple GCMs as the
boundary conditions to give a range of the projected climate changes. A slight increase in annual
precipitation is consistently projected in most plain areas, although the changes over few areas are
statistically signi�cant. The climate projections presented here serve as a robust scienti�c basis for
assessment of future risk from climate change in CA.

1. Introduction
Central Asia (hereafter CA), ranging from the Caspian Sea in the west to China in the east and from Russia in
the north to Afghanistan and Iran in the south, is consisted of Kazakhstan, Kyrgyzstan, Tajikistan,
Turkmenistan, and Uzbekistan, with an area of about 4,000,000 km2 (Fig. 1a). There are Tien Shan and Pamir
mountain ranges in the southeast, the vast grassy steppes of Kazakhstan in the north, and the Kyzylkum and
Karakum desert in the south. Located within the Eurasia continent and far from the oceans, this region has
arid and semiarid climate with cold winter and hot summer, sparse precipitation, strong potential evaporation,
and large annual and daily temperature ranges.

CA has experienced a signi�cant warming (0.16℃ per decade) during the past century (1901–2003, Chen et
al., 2009), with an accelerating warming rate (0.36–0.42℃ per decade) in the past ~ 30 years (1979–2011,
Hu et al., 2014), which is detected to be mainly contributed by the anthropogenic forcing, particularly the
greenhouse gases forcing (Peng et al., 2019). Meanwhile, a signi�cant increase in annual precipitation was
observed in CA (Chen et al., 2011).

The warming and wetting trend in CA has increased both exposure and vulnerabilities to natural hazards,
such as heatwaves (Yu et al., 2020;Wang et al., 2020a), landsides, �oods, and droughts (Thurman, 2011). The
World Bank reported that natural disasters lead, on average, to an astounding $10 billion in estimated
economic losses every year (Burunciuc, 2020). The cost is very likely to rise in the future. Water is the most
precious resource in CA and its use is the most con�ict-prone (Frenken, 2013). A warming future can
aggravate the tensions concerning water allocation between upstream and downstream areas in this region.
Climate change has exacerbated the glacier melting in the Tien Shan (Narama et al., 2010). Although in the
�rst instance shrinking glaciers supply ample quantities of water in the form of increased glacier runoff,
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reduced glacier volume will ultimately result in a decrease in glacier and total runoff and eventually transform
glacial-nival runoff regions in the Tien Shan into nival-pluvial regions (Sorg et al., 2012). The local
ecosystems are very sensitive to temperature and precipitation changes (Zhang et al., 2016;Seddon et al.,
2016;Gessner et al., 2013), which are anticipated to vary dramatically in the coming decades.

Due to the severe climate changes, frequent natural hazards, strained water resources, accelerated glacier
melting and fragile ecosystems in CA, it is imperative to project the regional climate change based on
emission scenarios for application to vulnerability, impacts, and adaption assessments. Some efforts have
been devoted on climate change projections in CA with both global climate models (GCMs) and regional
climate models (RCMs). The GCM simulations largely agree on a regionwide precipitation increase in CA by
the end of this century (Huang et al., 2014;Jiang et al., 2020a). The RCM simulations by Mannig et al. (2013)
and Ozturk et al. (2017) consistently show notable warming in the cold season in northern CA. A recent study
with the use of RCM found hot days and extreme drought events will increase signi�cantly over CA in the
future (Zhu et al., 2020).

To date, the studies about climate change projections in CA are still limited relative to its surrounding areas,
like East Asia, South Asia and the Mediterranean region (Darmaraki et al., 2019;Gao et al., 2006;Kumar and
Dimri, 2018;Niu et al., 2018;Supari et al., 2020;Zittis et al., 2019;Zou and Zhou, 2016, 2017). Most of the
previous RCM simulations used a single GCM as the boundary conditions (Mannig et al., 2013;Zhu et al.,
2020), which harbor high uncertainties in the projected climate changes. The present authors carried out a
study that involving the dynamical downscaling of three different GCMs (CCSM4, HadGEM2-ES, and MPI-
ESM-MR, Table 1) for the CA region with a horizontal resolution of 9km, for the �rst time. The future
(reference or present) simulation period is 2031–2050 (1986–2005) under Representative Concentration
Pathway (RCP) 4.5. As reported in the 1.5℃ special report of the Intergovernmental Panel on Climate Chane
(IPCC), we are on track to exceed 1.5℃ warming between 2030 and 2052 based on the current warming rate,
and hence the near-term future projection becomes more critical to human development than that for the end
of this century. Nevertheless, climate changes in CA in the near-term future have not been investigated yet.
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Table 1
Information about the datasets used in the study

Model Run Spatial
Resolution

Temporal
Resolution

Variables

CCSM4 b40.
[20th\RCP4.5].track1.1deg.012.cam2.h4 0.9° 1.3° 6-hourly Full

HadGEM2-
ES

r1i1p1 1.3° 1.9° 6-hourly Full

MPI-ESM-
MR

r1i1p1 1.9° 1.9° 6-hourly Full

CRU TS v4 - 0.5° 0.5° monthly Tmean/Tmax/Tmin

CPC - 0.5° 0.5° daily Tmean/Tmax/Tmin

ERA5 - 0.25°
0.25°

daily Precipitation

 

All GCMs suffer from some kinds of bias, which can be problematic for the downscaling applications
especially dealing with extreme weather events (Done et al., 2015;Ehret et al., 2012;Liang et al., 2008;Xu and
Yang, 2012). Thus, a bias-correction technique (Bruyère et al., 2014) is applied to correct the climatology of
the GCMs used in this study to reduce their biases before the regional modeling. Three questions need to be
considered:

What improvements or added values do the bias-correction technique and the dynamical downscaling
method obtain respect to the driving GCMs?

What are the basic features of the projected climate changes across the RCM simulations?

How does the use of the RCM driven by the bias-corrected GCMs modulate the climate change signals in
the original global models?

The present paper is, therefore, to evaluate the high-resolution climatology of the downscaled outputs from
three GCMs as well as the GCM outputs; and to demonstrate the projected climate changes in the RCM
simulations with respect to the GCM ones. The remainder of this paper is organized as follows: Sect. 2
describes the data and methods. Model evaluation and projected changes are in Sect. 3. Discussion and
conclusion are in Sect. 4 and 5, respectively.

2. Data And Methods

2.1 Model description and con�guration
In this study, the WRF model is used in a nested domain (Fig. 1b). The outer domain with a resolution of
27km 27km covers a large Central Asia region (much larger than the CA region as de�ned and focused in
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this study), like in the CORDEX project (https://cordex.org/). The inner domain has a high resolution of 9km
9km, covering the CA region. The model has 33 levels in the vertical direction with its top �xed at 50 hPa. The
physical schemes in the regional model are set based on our previous work about the sensitivity study of
different physical parameterizations of the WRF model in simulating the local climate in CA (Wang et al.,
2020b). They comprise the Thompson aerosol-aware microphysics scheme (Thompson and Eidhammer,
2014), the New Tiedtke cumulus scheme (Zhang et al., 2011), the Yonsei University planetary boundary layer
scheme (Hong et al., 2006), the RRTMG shortwave and longwave schemes (Iacono et al., 2008), and the
Noah-MP (multi-physics) land surface model (Niu et al., 2011). Spectral nudging with a weak coe�cient of 3

10−5 is applied in the outer domain (not in the inner one), which relaxes the model simulations of wind,
temperature, and moisture toward the driving conditions, and prevents possible model drift over the long-term
integration. Despite greenhouse gases and solar constants, the WRF model is modi�ed to consider other
external forcing, such as aerosols, volcanoes, and ozone, so as to make its inner external forcing consistent
with the driving GCMs. We evaluated the modi�ed WRF model in East Asia and found that using full external
forcing improves the regional simulation there (Luo et al., 2020).

CCSM4 (referred as CCSM), HadGEM2-ES (referred as Had), and MPI-ESM-MR (referred as MPI) from Phase 5
of the Coupled Model Intercomparison Project (CMIP5) are selected to drive the WRF model. The RCM
simulations are referred as CCSM-WRF, Had-WRF, and MPI-WRF, respectively. The reference (or present)
simulations are from 1986 to 2005 and the future runs are between 2031 and 2050 under a moderate carbon
emission scenario RCP 4.5, which is arguably the most policy-relevant scenario as the Nationally Determined
Contributions (NDCs) greenhouse gas emissions framework would produce similar temperatures trajectories
(Gabriel and Kimon, 2015).

Since all GCMs suffer from some forms of bias that may propagate down to the RCM outputs, the bias-
correction technique developed by Bruyère et al. (2014) is applied to correct the climatology of the GCMs
used in this study. It blends a 25-year (1981–2005) mean annual cycle from the ERA-Interim Reanalysis data
(ERAI, Dee et al., 2011) with GCM-produced 6-hourly perturbation term to produce initial and lateral boundary
conditions for nested RCMs, showing an improvement in simulating Atlantic tropical cyclones and North
American summer precipitation and temperature. Formulas are as follows:

1

2

3
where overbar terms are the mean annual cycle, primed terms are perturbation from the mean annual cycle,
and  is the revised (bias-corrected) GCM outputs at 6-hourly interval. Note that the bias-corrected

×

×

GCM =
−

GCM +GCM'

ERAI =
−

ERAI +ERAI
'

GCMR =
−

ERAI +GCM
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CCSM4 outputs are available on the Research Data Archive (RDA) of University Corporation for Atmospheric
Research (UCAR,https://rda.ucar.edu/datasets/ds316.1/#!access).

2.2 Climate subregions
Various types of terrain and altitude range from 0 to 7500 m above sea level, lead to diverse climates in CA,
which underscores the need to do model evaluation and assess the projected climate changes on sub-regions
of similar or consistent climate. With the regionalization method used in our previous study (Qiu et al., 2017),
the CA region is divided into four climate sub-regions, each of which is coherent in the seasonal circulation
pattern in precipitation. They are northern CA (NCA), middle CA (MCA), southern CA (SCA), and the
mountainous areas (MT) (Fig. 1c). From NCA to SCA, there is a transition from the cold temperate zone with
wet summer to the subtropical zone with dry summer. The annual precipitation is generally below 400 mm in
the low-elevation areas (NCA, MCA, and SCA); however, it can exceed 1000 mm in the mountainous areas
(MT).

2.3 Observational data
Version 4 of the Climatic Research Unit gridded Time Series (CRU TS v4, Harris et al., 2020) is applied to
evaluate the simulated daily mean/maximum/minimum temperature (referred as Tmean/Tmax/Tmin) on
annual and seasonal scales. CPC (Climate Prediction Center) Global daily temperature from National Oceanic
and Atmospheric Administration (NOAA) is used as a supplementary to evaluate the percentiles of the
simulated daily temperature. Because the rain-gauge-observation merged in the gridded observations like the
CRU dataset is sparse and unevenly distributed over CA, the new generation reanalysis of European Center for
Medium-Range Weather Forecasts (ECMWF), i.e., ERA5 (Hersbach et al., 2020) is used for precipitation
estimation, which has high accuracy in revealing the precipitable water vapor and detecting precipitation
events over CA and its surrounding areas (Jiang et al., 2019;Jiang et al., 2020b). Before the evaluation, all the
observational data are bilinearly interpolated to the WRF model grids.

3. Results

3.1 Model evaluation

3.1.1 Surface air temperature
The observed annual Tmean varies clearly with latitude (Fig. 2a). This is well simulated by the GCMs (CCSM,
Had, and MPI) and RCMs (CCSM-WRF, Had-WRF, and MPI-WRF, Fig. S1). However, the gradient along latitude
in the GCMs is less than that of the observation and RCMs. In addition, the RCMs with �ner resolution bring
more details in describing the cold conditions in the mountainous areas than the global models. The spatial
correlation coe�cients (SCCs) of the RCMs are 0.96–0.97 (Table 2), larger than those of GCMs (0.92). 
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Table 2
Spatial correlation coe�cient (SCC), mean error (ME, ℃), and mean absolute error
(MAE, ℃) of the simulated annual and seasonal Tmean over Central Asia relative

to the observations.

    CCSM CCSM-WRF Had Had-WRF MPI MPI-WRF

ANN SCC 0.92 0.97 0.92 0.96 0.92 0.96

  ME 2.37 0.21 -0.74 0.93 2.60 0.69

  MAE 2.82 1.01 1.43 1.46 2.92 1.27

DJF SCC 0.86 0.95 0.89 0.95 0.93 0.96

  ME 1.56 -2.06 -2.58 -0.71 4.12 -0.31

  MAE 2.84 2.61 3.35 1.73 4.35 1.42

MAM SCC 0.91 0.95 0.90 0.95 0.89 0.96

  ME 1.51 1.39 -1.35 1.95 2.90 1.46

  MAE 2.35 1.99 1.87 2.50 3.31 2.00

JJA SCC 0.88 0.96 0.89 0.96 0.91 0.96

  ME 4.73 1.87 1.04 1.87 0.94 1.60

  MAE 5.02 2.28 1.97 2.28 1.74 2.00

SON SCC 0.89 0.96 0.91 0.96 0.93 0.96

  ME 1.16 -0.93 -0.48 0.17 2.27 -0.20

  MAE 1.90 1.41 1.38 1.18 2.56 1.11

 

The bias patterns of annual Tmean are distinct between the GCMs (Fig. 2b, d and f). CCSM and MPI severely
overestimate the annual Tmean over the whole region except some parts in the southeast; however, Had has
large areas of cold bias. On the contrary, the RCMs have similar bias pattern (Fig. 2c, e, and g). In them, warm
biases are found over the low-elevation areas except the northernmost part; in the mountainous areas, annual
Tmean is overestimated in the foothills and valleys and underestimated along the mountain ranges and over
the plateau.

The probability distribution function (PDF) plot of the bias in annual Tmean (Fig. 3a) reveals that the
distribution of CCSM-WRF and MPI-WRF is much closer to the zero line than that of the corresponding GCMs.
The mean errors (MEs) and mean absolute errors (MAEs) of annual Tmean over CA are all above 2℃ in
CCSM and MPI, and largely reduced in the downscaled results (Table 2).

CA has cold winter and hot summer (Fig. 4a and c). It is below − 12℃ in the north in winter and above 32℃
in the south in summer. Spring and autumn have similar spatial pattern in Tmean (Fig. 4b and d). The three
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different GCM outputs and their downscaled results are all close to the observed seasonal Tmean in CA (Fig.
S2 and S3), but the latter have larger SCCs for each season (Table 2).

As found in the annual results, the RCMs also have similar bias patterns of seasonal Tmean (Fig. 4), with
large areas of warm (cold) bias over CA during spring and summer (winter). In autumn, the RCM simulated
Tmean is slightly warmer (colder) in the southern (northern) part of the low-elevation areas. In addition,
warmer foothills and valleys and colder mountain ranges and plateau are detected in the RCMs for each
season. However, the bias patterns of seasonal Tmean are distinct between the GCMs (Fig. S4). For instance,
warm biases prevail through the year in CCSM and MPI while cold biases occur in all seasons expect summer
in Had.

The PDF plots of the bias in seasonal Tmean show that the bias-correction technique and the dynamical
downscaling method reduced the biases in the GCMs, especially in winter and summer (Fig. 3b-e). For
instance, the ME and MAE of summer Tmean in CCSM are 4.73℃ and 5.02℃ respectively, which are reduced
by more than half in the downscaled results (Table 2). The PDF plots also indicate that the RCM simulations
have smaller biases in autumn than in other seasons. The annual and seasonal Tmax and Tmin are also
evaluated and the results are similar to those of Tmean (not shown here).

The 1th, 5th, 10th, 30th, 50th, 70th, 90th, 95th, 99th percentiles of the GCM and RCM simulated Tmax and
Tmin averaged over CA and its climate subregions are also compared with the observations (Figs. 5 and 6).
Figure 5 reveals that the RCMs have excellent performance in simulating all the percentiles (except the 1th
percentile) of Tmax averaged over CA, NCA, and MCA, with the points on or close to the dotted line of y = x.
They slightly overestimate Tmax in the higher percentiles in the SCA region and largely underestimate Tmax
in all the percentiles in the MT region. Figure 6 indicates that the RCMs slightly overestimate (underestimate)
Tmin in higher (lower) percentiles in CA and all the subregions except the MT region, generally with < 25%
difference from the observations. In the MT region, all the percentiles of Tmin are colder in the RCMs.

3.1.2 Precipitation
Annual precipitation is highly unevenly distributed over CA (Fig. 7a). The deserts in the southwest have the
least annual value (< 0.5mm/day), followed by the southern (0.5-1.0mm/day) and northern (1.0-1.5mm/day)
part of Kazakhstan. Annual precipitation is more than 1.5mm/day in the mountainous areas, with the
maximum values mainly located in west and central Tajikistan and north Kyrgyzstan. The exception is that
the eastern part of the Pamir has scarce precipitation. Compared with the observation, the RCMs have good
skills in simulating the spatial pattern of annual precipitation in CA and with a high resolution of 9km they
even produce more details than the observation (0.25° 0.25°) in the areas of complex terrain (Fig. S5c, e,
and g). The low-resolution GCMs are able to simulate the distribution of annual precipitation over the plains
while they missed most of the details in the high-elevation areas (Fig. S5b, d, and f), with their SCCs much
smaller than those of the RCMs (Table 3).

 

×
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Table 3
Spatial correlation coe�cient (SCC), mean error (ME, mm/day), and mean absolute

error (MAE, mm/day) of the simulated annual and seasonal precipitation over
Central Asia relative to the observations.

    CCSM CCSM-WRF Had Had-WRF MPI MPI-WRF

ANN SCC 0.64 0.83 0.75 0.84 0.74 0.85

  ME -0.04 -0.18 -0.06 -0.11 -0.19 0.02

  MAE 0.32 0.23 0.24 0.20 0.29 0.17

DJF SCC 0.48 0.85 0.64 0.86 0.76 0.86

  ME 0.24 -0.06 -0.12 -0.03 -0.02 0.07

  MAE 0.48 0.17 0.24 0.17 0.26 0.18

MAM SCC 0.75 0.85 0.79 0.86 0.76 0.87

  ME -0.11 -0.20 0.11 -0.08 -0.26 0.05

  MAE 0.31 0.31 0.36 0.25 0.42 0.23

JJA SCC 0.62 0.78 0.74 0.77 0.57 0.80

  ME -0.34 -0.22 -0.21 -0.13 -0.42 -0.04

  MAE 0.42 0.33 0.36 0.34 0.47 0.30

SON SCC 0.57 0.80 0.69 0.80 0.74 0.81

  ME 0.04 -0.25 -0.02 -0.20 -0.07 -0.01

  MAE 0.32 0.27 0.23 0.24 0.23 0.16

 

All the GCMs have large negative biases (<-1.0mm/day) in annual precipitation over most of the
mountainous areas and the biases over the plains are relatively small (Fig. 7b, d, and f). The bias-correction
technique and dynamical downscaling method signi�cantly reduced the biases of the GCMs over the whole
region (Fig. 7c, e, and g), which is also re�ected by the PDF plot of the bias (Fig. 8a) in which the curves of the
RCMs are narrower with their peaks closer to the zero line.

Figure 9a-d display the observed precipitation in each season and Fig. 10 shows the mean annual cycle of
the observed monthly precipitation averaged over CA and its climate subregions (the grey solid lines). From
them, we can see that the NCA region has a typical continental climate with the precipitation mainly
concentrated in summer (Fig. 10b) and the SCA region has a Mediterranean climate with the rainfall events
mainly occur in late winter and spring (Fig. 10d). The MCA region has a transitional climate between that of
the SCA and NCA region (Fig. 10c) and the MT region has the most abundant precipitation (Fig. 10e). In
addition, the high-precipitation (> 3.0mm/day) areas move eastward along the Tien Shan from winter to
summer and almost vanish in autumn (Fig. 9a-d), dominated by the midlatitude westerlies (Bothe et al.,
2012). 
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The RCMs well simulated precipitation in each season (Fig. S7) and the mean annual cycle in CA and its
climate subregions (Fig. 10). For instance, they well reproduce the dry (wet) summer in the southern
(northern) part of CA (Fig. S7g, k, and o) and capture the peak of rainfall in March in the SCA region
(Fig. 10d). Respect to the driving GCMs, the bias-correction technique and dynamical downscaling method
have numerous improvements in simulating precipitation on seasonal and monthly scales, including
substantially reducing the seasonal biases (e.g., Fig. 8b and e) and improving the simulation of annual cycles
(e.g., Fig. 10b and d). In addition, the downscaled results generally have larger SCCs and smaller MAEs than
the GCM outputs for all seasons (Table 3).

The 90th, 95th, and 99th percentiles of the simulated daily precipitation averaged over CA and its climate
subregions are compared with the observation to evaluate the performance of the models in simulating
precipitation extremes. Figure 11 shows that the accuracy of the RCMs in simulating the 90th and 95th
percentiles of daily precipitation is comparable to that of the GCMs in CA and all the subregions except the
MT region, with the points intertwined with each other. In the MT region, the 90th and 95th percentiles of the
RCMs are more realistic (Fig. 11e). The 99th percentiles are discrete among the GCM/RCM simulations in
each region, making it hard to do the comparison on this percentile between the GCMs and their downscaled
results.

In Sect. 3.1, the simulated Tmean/Tmax/Tmin and precipitation both in the GCMs and RCMs are compared
with the observations on various time scales. To sum up, the high-resolution RCMs driven by multiple bias-
corrected GCMs are very reliable in simulating the local temperature and precipitation in CA despite some
systematic biases and obtain substantial added values respect to the original GCMs, which provides a good
base for projecting climate changes in CA.

3.2 Projected changes

3.2.1 Surface air temperature
Figure 12 shows the projected changes in annual Tmean over CA during the near-term future (2031–2050)
relative to the reference period (1986–2005) in the GCMs and RCMs and their ensemble means. Note that the
slashed areas in Fig. 12a-c and f-h indicate where the changes passed the signi�cant test at the 95%
con�dence level using the two-tailed Student’s t test and those in Fig. 12d and i indicate where the signals
(+/-) of the projected changes in the GCMs/RCMs are consistent. Meanwhile, a modi�ed coe�cient of
variance (CV) is de�ned to assess the uncertainties of the projected changes in the GCMs/RCMs. The
formula is as follows:

4
where  and  are the standard deviation and mean of the projected changes on each model grid in the
GCMs/RCMs.  instead of  is used to limit .  is added with a very small constant  to
avoid the denominator is equal to zero.

CV =
σ

|μ| + C

σ μ

|μ| μ CV ≥ 0 |μ| C = 10−3
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All the RCMs (CCSM-WRF, Had-WRF, and MPI-WRF) show signi�cant warming over CA in the near-term future
(Fig. 12f-h), with the annual Tmean increase averaged over the entire area by 1.89, 2.01, and 1.63℃,
respectively. And they commonly show the temperature will rise faster north of ~45°N and the high-elevation
areas have a weaker warming signal than the plains. Based on the ensemble mean (see the red bars in Fig.
13), the NCA (MT) region has the highest (lowest) regional mean increase of annual Tmean by 2.05℃
(1.56℃) among the four climate subregions. And the annual Tmean increase is strongest (weakest) in
Kazakhstan (Kyrgyzstan) among the �ve countries in CA.

Comparison of the ensemble mean of the GCMs and RCMs (referred as GCM-Ens and RCM-Ens, Fig. 12d vs
12i) shows that they have similar change patterns in annual Tmean despite some differences. The major
differences between them are over the mountainous areas where the GCM-Ens has a strong warming signal
(1.8-2.0℃) in west Tajikistan and west Kyrgyzstan, which is not found in the RCM-Ens. Therefore, the GCM-
Ens has an annual Tmean increase averaged over the MT region 0.19℃ larger than the RCM-Ens (Fig. 13).

The RCMs also show signi�cant warming over CA in each season except some areas in winter (Fig. 14). They
commonly show stronger warming in the northern part of CA in all seasons except summer and the
regionwide weak warming in the high-elevation areas through the year. However, they disagree on which
season has the highest Tmean increase averaged over CA (Fig. 15). CCSM-WRF indicates that autumn has
the strongest warming while Had-WRF and MPI-WRF point to summer and spring, respectively. The CV of the
projected changes is larger in winter than in other seasons (Fig. 14q-t), which indicates that the RCMs have
larger uncertainties in projecting the changes of temperature in winter. The projected changes in annual and
seasonal Tmax/Tmin are also analyzed and the results are similar to those of Tmean (not shown here). 

3.2.2 Precipitation
The RCMs projected weak changes in annual precipitation over CA in the near-term future and the changes
over few areas passed the signi�cance test (Fig. 16f-h). However, they consistently show that the annual
precipitation will slightly increase over most of the plains (see the slashed areas in Fig. 16i). The CV is greater
than 0.5 over most parts of CA (Fig. 16j), which suggests that the three downscaled results have very large
uncertainties in projecting the changes of annual precipitation. Some strong drier/wetter signals are found on
seasonal scale (Fig. 17). However, few areas passed the signi�cance test and have the common signals of
the changes between the regional simulations for each season. 

We compared the projected changes of the seasonal precipitation in the GCM and RCM simulations and
found the downscaled results are consistent with the driving GCMs in some RCMs and seasons (e.g., Fig. 17g
vs Fig. S10g, Fig. 17l vs Fig. S10l) while the opposite circumstances also exist (e.g., Fig. 17a vs Fig. S10a).

4. Discussion
In model evaluation, we found that the three downscaled results have similar bias patterns of annual and
seasonal Tmean (e.g., Fig. 2c, e, and g) while the original GCMs are distinct between each other (e.g., Fig. 2b,
d, and f). The reason is that the biases in the RCM outputs mainly come from the ERA-Interim reanalysis
which is the climatology component of the WRF inputs. This �nding also suggests the use of state-of-the-art
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reanalysis dataset like ERA5 in the bias correction in the future so as to make the downscaled results more
reasonable.

A strong warming signal (1.8-2℃) is found in the GCMs over the western part of the mountainous areas
(Fig. 12d), which is not detected in the RCMs (Fig. 12i) and reported by the previous studies about the
temperature changes in this region both during the past and in the future (Hu et al., 2014;Mannig et al.,
2013;Ozturk et al., 2017). We suspect that it is a fake signal possibly caused by the inaccurate depicting of
the terrain in the low-resolution GCMs. This founding indicates that the use of the RCM brings added values
not only in simulating the historical climate but also in projecting climate changes in CA. The possible reason
why the elevation-dependent warming (EDW) observed or projected in other mountainous regions (Palazzi et
al., 2019;Rangwala et al., 2013;Pepin et al., 2015) is not detected in CA is that the important mechanisms that
contribute towards EDW, like snow albedo and surface-based feedbacks, are lacked in the Tien Shan and
Pamirs, which needs further studies.

Though the RCMs have similar change patterns of annual Tmean, they disagree on which season has the
highest Tmean increase averaged over CA (e.g., Fig. 15), suggesting large uncertainties among the three
downscaled results and the necessity of using multiple GCMs as the boundary conditions to provide a range
of the projected climate changes.

Contrast to the signi�cant increase in temperature over CA in the near-term future, the projected changes in
precipitation is weak over CA with few areas passing the signi�cance test (e.g., Fig. 16f-h). A possible reason
is that the natural climate variability still plays a major role in uncertainty in CA for projections of precipitation
in the near future.

5. Conclusion
In this study, three different GCMs (CCSM4, HadGEM2-ES, and MPI-ESM-MR) from CMIP5 are selected to
conduct high-resolution (9km) dynamical downscaling over CA with the regional climate model WRF for the
near-term future (2031–2050) relative to the reference period of 1986–2005, under the carbon emission
scenario of RCP4.5. Before the downscaling, a bias-correction technique is used to correct the climatology of
the GCMs.

Firstly, we carefully evaluated the simulated Tmean/Tmax/Tmin and precipitation both in the GCMs and
RCMs and found that the high-resolution RCMs are excellent in simulating the local temperature and
precipitation in CA despite some systematic biases, and obtain substantial added values respect to the
original GCMs. In particular, the downscaled results signi�cantly reduce the biases of the GCMs, reproduce
the spatial distribution of the local climatology with higher accuracy and more details, better capture the
percentiles of Tmax, Tmin and daily precipitation, and produce more realistic annual cycle of precipitation.

Then, the projected changes of annual and seasonal Tmean/Tmax/Tmin and precipitation are analyzed. All
the RCMs (CCSM-WRF, Had-WRF, and MPI-WRF) show signi�cant warming over CA in the near-term future,
with the annual Tmean increase averaged over the entire area by 1.89, 2.01, and 1.63℃, respectively. They
commonly show the temperature will rise faster north of ~ 45°N and the high-elevation areas have a weaker
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warming than the plains. However, the three downscaled results point to different season that has the largest
Tmean increase averaged over CA. Though the projected changes in precipitation is weak over CA with the
changes over few areas passing the signi�cance test, the RCMs commonly shows a slight increase of annual
precipitation over most of the plains, with is consistent with the ensemble means of multiple GCMs (Huang et
al., 2014;Jiang et al., 2020a). Comparison with the projected changes in the GCM and RCM simulations
shows that they have similar change patterns in annual Tmean and precipitation while the seasonal results in
some RCMs are not consistent with the corresponding GCMs.

To sum up, the use of the RCM driven by the bias-corrected GCMs achieves a fairly good balance between
assuring the high accuracy of the RCM outputs and preserving the climate variances from the original global
models. While this paper demonstrates the basic features of the simulated and projected climatology in CA
from multi-GCMs-driven RCMs, more analyses of the downscaled results will be bene�cial. The simulated
changes of the extreme weather events, such as heatwaves, dry spells, and extreme precipitation events,
deserves a further study, among many more potential applications to climate change risk assessment for the
region.
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Figure 1

Study area and its surrounding (a), nested domains in the WRF model (b), and climate sub-regions in Central
Asia (c). Note: The designations employed and the presentation of the material on this map do not imply the
expression of any opinion whatsoever on the part of Research Square concerning the legal status of any
country, territory, city or area or of its authorities, or concerning the delimitation of its frontiers or boundaries.
This map has been provided by the authors.
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Figure 2

The observed annual Tmean in Central Asia during the reference period (1986-2005, a) and the biases in the
GCM and RCM simulations (b-g). Note: The designations employed and the presentation of the material on
this map do not imply the expression of any opinion whatsoever on the part of Research Square concerning
the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of its
frontiers or boundaries. This map has been provided by the authors.
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Figure 3

The Probability Density Functions (PDFs) of the bias in the simulated annual and seasonal Tmean over
Central Asia during the reference period (1986-2005).
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Figure 4

The observed seasonal Tmean in Central Asia during the reference period (1986-2005, a-d) and the biases in
the RCM simulations. DJF: December-January-February, MAM: March-April-May, JJA: June-July-August, SON:
September-October-November. Note: The designations employed and the presentation of the material on this
map do not imply the expression of any opinion whatsoever on the part of Research Square concerning the
legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of its
frontiers or boundaries. This map has been provided by the authors.
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Figure 5

Comparison of Tmax percentiles (1th, 5th, 10th, 30th, 50th, 70th, 90th, 95th, 99th) from the GCM and RCM
simulations against the observations in Central Asia and its climate subregions. Dashed line indicates a
perfect description of the percentiles.
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Figure 6

Same as Fig. 5, but for Tmin.
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Figure 7

The observed annual precipitation during the reference period (1986-2005) in Central Asia (a) and the biases
in the GCM and RCM simulations (b-g). Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.
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Figure 8

The Probability Density Functions (PDFs) of the bias in the simulated annual and seasonal precipitation over
Central Asia during the reference period (1986-2005).
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Figure 9

The observed seasonal precipitation in Central Asia during the reference period (1986-2005) (a-d) and the
biases in the RCM simulations (e-p). Note: The designations employed and the presentation of the material
on this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.
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Figure 10

Mean annual cycle of the monthly precipitation averaged over Central Asia and its climate sub-regions in the
observation and model simulations.
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Figure 11

Comparison of daily precipitation percentiles (90th, 95th, 99th) from the GCM and RCM simulations against
the observations in Central Asia and its climate subregions. Dashed line indicates a perfect description of the
percentiles.
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Figure 12

Projected changes (2031-2050 vs 1986-2005) in annual Tmean over Central Asia in the GCM and RCM
simulations (a-c, f-h), and the ensemble means (d, i) and the coe�cient of variation (CV, e, j) of the changes.
The slashed areas in subplots a-c and f-h indicate where the changes passed the signi�cance test at the 95%
con�dence level using the two-tailed Student’s t test. The slashed areas in subplot d and i indicate where the
signals (+/-) of the changes in the GCM/RCM simulations are consistent. Note: The designations employed
and the presentation of the material on this map do not imply the expression of any opinion whatsoever on



Page 31/36

the part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by the
authors.

Figure 13

Projected changes (2031-2050 vs 1986-2005) in annual Tmean averaged over Central Asia, its climate
subregions, and countries (Ka: Kazakhstan, Ky: Kyrgyzstan, Ta: Tajikistan, Tu: Turkmenistan, and Uz:
Uzbekistan) based on the ensemble mean of the GCM and RCM simulations.
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Figure 14

Projected changes (2031-2050 vs 1986-2005) in seasonal Tmean over Central Asia in the RCM simulations
(a-l), and the ensemble means (m-p) and the coe�cient of variation (CV, q-t) of the changes. The slashed
areas in subplots a-l indicate where the changes passed the signi�cance test at the 95% con�dence level
using the two-tailed Student’s t test. The slashed areas in subplot m-p indicate where the signals (+/-) of the
changes in the RCM simulations are consistent. Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research Square
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concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.

Figure 15

Projected changes (2031-2050 vs 1986-2005) in seasonal Tmean averaged over CA in the GCM and RCM
simulations and their ensemble means.



Page 34/36

Figure 16

Same as Fig. 12, but for annual precipitation. Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.
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Figure 17

Same as Fig. 14, but for seasonal precipitation. Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.
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