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ABSTRACT: Central Asia (CA; 35 8–558N, 558–908E) has been experiencing a signi� cant warming trend during the past
� ve decades, which has been accompanied by intensi� ed local hydrological changes. Accurate identi� cation of variations in
hydroclimatic conditions and understanding the driving mechanisms are of great importance for water resource manage-
ment. Here, we attempted to quantify dry/wet variations by using precipitation minus evapotranspiration ( P 2 E) and
attributed the variations based on the atmosphere and surface water balances. Our results indicated that the dry season
became drier while the wet season became wetter in CA for 1982–2019. The land surface water budget revealed precipita-
tion (96.84%) and vapor pressure de� cit (2.26%) as the primary contributing factors for the wet season. For the dry season,
precipitation (95.43%), net radiation (3.51%), and vapor pressure de� cit (2 2.64%) were dominant factors. From the per-
spective of the atmospheric water budget, net in� ow moisture � ux was enhanced by a rate of 72.85 kg m2 1 s2 1 in the wet
season, which was mainly transported from midwestern Eurasia. The increase in precipitation induced by the external cycle
was 11.93 mm (6 months)2 1. In contrast, the drying trend during the dry season was measured by a decrease in the net
in� ow moisture � ux (74.41 kg m2 1 s2 1) and reduced external moisture from midwestern Eurasia. An increase in precipita-
tion during the dry season can be attributed to an enhancement in local evapotranspiration, accompanied by a 4.69%
increase in the recycling ratio. The compounding enhancements between wet and dry seasons ultimately contribute to an
increasing frequency of both droughts and� oods.
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1. Introduction

Central Asia (CA) is one of the largest arid and semiarid
regions [almost the entire area has an aridity index (AI) ,
0.65] in the midlatitudes, characterized by very low volumes
of annual precipitation and soil moisture, except for a few
mountainous areas. Evapotranspiration is strongly restricted
by the supply of water (Fig. 1) (Chen et al. 2011; Hu et al.
2014). As CA is mainly covered by deserts, grasslands, or
shrubs, it is more vulnerable than humid regions to climatic
changes (Li et al. 2015; Huang et al. 2016; Yin et al. 2016).
The annual mean temperature in CA has increased signi� -
cantly in the past hundred years, with an accelerating warm-
ing rate (approximately 0.338C decade2 1) from 1979 to 2011,
which is much stronger than that of global land areas (Chen
et al. 2009; IPCC 2013; Hu et al. 2014; Peng et al. 2019). Previ-
ous investigations have examined the response of hydrological
conditions to warming trends, including an increase in evapo-
transpiration and runoff ( Li et al. 2017), glacial degradation
(He et al. 2015), reduced terrestrial water storage (Chen et al.

2016; Deng and Chen 2017), and rivers appearing to have gla-
cial in� ection points (Chen et al. 2015). However, there has
not been a comprehensive investigation into how the dry and
wet climatic conditions have changed. Identifying this issue is
essential for improving our understanding of the regional
water cycle, formulating water resource management policies,
and improving prediction skills under climate changes. These
factors are all closely associated with implications for socio-
economic development and ecosystem stability.

Previous studies exploring wetting and drying trends have
predominantly focused on precipitation trends (e.g., Shi et al.
2007; Chou et al. 2013; Li et al. 2016; Peng and Zhou 2017;
Wang et al. 2020). Precipitation is a crucial aspect of the water
supply in arid and semiarid regions. Summer precipitation in
CA signi � cantly increased by 20.78% from 1961 to 2013
(Peng et al. 2018), with an abrupt increase in 1998 (Ma et al.
2020). This was caused by a southward movement of the sub-
tropical westerly jet, which led to stronger warm advection
anomalies and caused an anomalous ascending motion over
CA ( Peng et al. 2018; Meng et al. 2021). The wetting trend
during summer in CA was associated with a deepening of
anomalous cyclones in CA, which was in� uenced by theCorresponding author: Haipeng Yu, yuhp@lzb.ac.cn
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negative phase of the east Atlantic/west Russian teleconnec-
tion pattern (EA-WR) ( Ma et al. 2020). The positive phase of
the tropical Indian Ocean also plays a key role in summer pre-
cipitation over southeastern CA. The weakened South Asian
monsoon and reduced summer rainfall in India further caused
positive height anomalies in the Arabian Sea and India
accompanied by negative height anomalies in CA (Huang
et al. 2015; Meng et al. 2021). In addition, the reduced spring
snow cover over the Tibetan Plateau with the northward
expansion of the South Asian high caused enhanced meridio-
nal water vapor � ux from the Arabian Sea and the Bay of
Bengal, which is favorable for summer precipitation in CA
(Zhang et al. 2021). Over the past 40 years, winter precipita-
tion has increased prominently faster than that during sum-
mer (Chen et al. 2011; Yang et al. 2020), which is affected by
multiple large-scale systems. The positive phases of EA-WR
and polar Eurasian extratropical teleconnection patterns
intensi� ed moisture transport from the Arabian Sea, the
northern Indian Ocean, and North Africa and enhanced sur-
face cyclonic activities in semiarid areas of CA (Yin et al.
2014). In addition, the long-term warming of tropical Indo-

Paci� c sea surface temperature (SST) led to a decrease in pre-
cipitation by forcing anticyclonic anomalies over southwest-
ern CA ( Hoell et al. 2015)

Since regional water resources are balanced by both water
supply and evaporative demand; precipitation changes alone
may not be able to fully capture the changes in regional dry
and wet conditions. Evapotranspiration is another key com-
ponent of the surface and atmospheric water cycle and,
accordingly, the effect of evapotranspiration should also be
considered. Several studies have focused on evapotranspira-
tion variability and its impact on CA. Evapotranspiration in
CA had a decreasing trend before 2000 and an increasing
trend afterward during 2001–12 (Li et al. 2017). In Xinjiang,
evapotranspiration increased from 1979 to 2013 (Su et al.
2015). Coinciding with melting glaciers that provided addi-
tional evapotranspiration ( Feng et al. 2018; Wu et al. 2019),
terrestrial water storage (TWS) had a decreasing trend from
2003 to 2013 in CA (Yang and Chen 2015; Deng and Chen
2017). Although vegetation is generally sparse in CA, the con-
tribution of evapotranspiration to local precipitation is not
negligible in widely distributed oases (S. Wang et al. 2016).

���D�� ���E��

���F�� ���G�� �$�,Surface soil moisture content

FIG . 1. Mean annual (a) precipitation (mm yr 2 1) based on the Global Precipitation Climatology Centre (GPCC) dataset, (b) evapotrans-
piration (mm yr 2 1) based on the Global Land Evaporation Amsterdam Model (GLEAM) dataset, (c) surface soil moisture content
(m3 m2 3) based on Global Land Data Assimilation System (GLDAS) dataset, and (d) the aridity index (AI) based on the GPCC and
GLDAS datasets for 1981–2019 over central Asia (358–558N, 558–908E). The area enclosed by the black solid line is used in this study.
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Feedback between precipitation and evapotranspiration
resulted in the acceleration of local precipitation recycling
from the early 1980s to the early twenty-� rst century (Yao
et al. 2020b). Studies on lakes in northern Kazakhstan also
indicated that, with local evaporation exceeding precipitation,
the shrinkage of lakes in the endorheic Burabay National
Park between 1986 and 2016 has been observed with a signi� -
cant decline in both areal extent and volume (Yapiyev et al.
2017, 2019). Recent studies that have evaluated the changes
in wet and dry conditions in CA have considered the impact
of potential evapotranspiration (PET) and have used the stan-
dardized precipitation–evapotranspiration index (SPEI) as a
criterion ( Aralova et al. 2018; Hu et al. 2018; Ta et al. 2018).
However, it should be noted that PET is different from actual
evapotranspiration. By considering the in� uence of these fac-
tors, we attempt to identify dry and wet climatic changes in
CA in the last four decades from a more comprehensive per-
spective, which considers the combined effects of precipita-
tion and evapotranspiration.

The regional relationship between precipitation and evapo-
transpiration can be approximated by the Budyko framework
(Budyko 1974; Fu 1981; Choudhury 1999; Roderick et al.
2014). Based on this framework, by combining the elasticity
method, Budyko equations have been widely developed to
estimate the contribution of regional variations in catchment
characteristics/human activities and climate change to runoff,
stream� ow, or evapotranspiration changes (Roderick and
Farquhar 2011; Wang and Hejazi 2011; Xu et al. 2014;
W. Wang et al. 2016; Wu et al. 2017; Tian et al. 2018; Li et al.
2020; Gao et al. 2020). By utilizing Budyko equations in CA,
we aim to acquire a better understanding of the contributions
of climate change to wet/dry trends from the perspective of
the surface water balance.

In addition to the surface water budget, the atmospheric
water budget is another important aspect for measuring dry
and wet changes. Dominguez et al. (2006) derived the
dynamic precipitation recycling model (DRM), which is a
method based on the conservation of the atmospheric water
vapor mass that enables the precipitation recycling ratio and
the origins of moisture to be calculated on an hourly time
scale. The advantage of the DRM is that it includes the mois-
ture storage term. This model has been widely used in previ-
ous studies on land–atmosphere interactions and the water
cycle to analyze precipitation recycling processes in many
regions (Dominguez et al. 2006; Bisselink and Dolman 2008;
Hua et al. 2016, 2017). The DRM detects changes in the
amount of water vapor contained in a unit area of a column
of air, which undergoes multiple processes of absorbing and
releasing moisture along the trajectory of moisture transmis-
sion. Therefore, the quantitative contributions from moisture-
source regions to precipitation in CA can be identi � ed. Peng
et al. (2020) employed the FLEXPART model to track the
source of moisture over 2011–19, and indicated that moisture
from CA and Eurasia played a key role in local precipitation.
The Eulerian source-tagging method implemented in the
Community Atmosphere Model version 5 (CAM5) has also
been used to identify the long-term trend of the moisture
sources in CA during 1956–2005 (Jiang et al. 2020a).

However, studies on the quantitative contribution of recycled
moisture and advected moisture to the CA precipitation vari-
ation in the last four decades are scarce. Combined with
dynamic analysis of atmospheric circulation, we can discuss
dry and wet climatic changes from the perspective of the
atmospheric moisture budget.

Therefore, regional changes in hydrological conditions in
CA can be assessed comprehensively, combining the surface
water balance (Roderick et al. 2014) and atmospheric water
balance (Dominguez et al. 2006) to identify the impact of cli-
mate change on wet/dry trends. The role of precipitation
minus evapotranspiration (P 2 E) as a bridge connecting the
two balances has been investigated to quantitatively estimate
and attribute dry and wet climatic changes in CA. The P 2 E
term refers to the rate of production of local water resources,
generally used as an informative indicator of water conditions
for oceans and land (Held and Soden 2006; Zhang and Sun
2012; Roderick et al. 2014; Y.-S. Zhou et al. 2019), which is
more comprehensive than previous studies of climate change
in central Asia.

In this study, we aim to answer the following questions:
1) What are the wetting and drying trends in CA, and which
factors are the main contributors to changes in wet and dry
conditions? 2) Which moisture source regions have contrib-
uted to the drying and wetting trends in CA? This paper is
organized as follows. In section 2, we introduce the reanalysis
datasets, the Budyko–Penman budget equation, the dynamic
precipitation recycling model, and the moisture-source track-
ing method. The evaluation of reanalysis datasets is shown in
section 3. In section 4, we show the detection of wet/dry
trends in CA. Sections 5and 6 discuss the attribution of the
changes from the perspective of land water balance and atmo-
spheric water balance, respectively. The conclusions and dis-
cussion are given insection 7.

2. Data and methods

a. Data description

1) REANALYSIS DATASETS

Reanalysis datasets used in this study include the following:

(i) The Japanese 55-year Reanalysis (JRA-55) is maintained
by the Japan Meteorology Agency’s (JMA) operational
data assimilation and numerical weather model (Kobaya-
shi et al. 2015). JRA-55 has a resolution of 1.2583 1.258,
covering the period from 1958 to the present.

(ii) The monthly precipitation and evapotranspiration dataset
provided by the � fth generation of the European Centre
for Medium-Range Weather Forecasts (ECMWF) reanal-
ysis (ERA5), having a spatial resolution of 0.258 3 0.258
from 1979 to the present.

(iii) The Modern-Era Retrospective Analysis for Research
and Applications, version 2 (MERRA-2) ( Gelaro et al.
2017). This dataset is released by the NASA Global
Modeling and Assimilation Of � ce, providing products
with a long-term period from 1980 to the present on a
0.62583 1.258horizontal resolution.
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2) PRECIPITATION DATASETS

Three sets of monthly gauge-based precipitation datasets
were used in this study:

(i) Monthly mean precipitation Climate Research Unit
(CRU) time series version 4.0.3. This dataset was
derived from the interpolation of worldwide station
data, covering the period from 1901 to 2018, having a
0.583 0.58spatial resolution.

(ii) The National Oceanic and Atmospheric Administration
(NOAA) Precipitation Reconstruction over Land
(PREC/L) dataset spans 1948 to the present day, having
a 0.583 0.58resolution.

(iii) The Global Precipitation Climatology Centre
(GPCC) Full Data Reanalysis full version of 2018
(1891–2016) and version 6 (from 2017 through the
present) consist of monthly land surface precipitation
data covering the period from January 1891 to the
present. GPCC is based on both real-time (e.g.,“ First
Guess Monthly” and “ First Guess Daily” ) rain gauge
data as well as non-real-time (e.g.,“ Full Data Month-
ly” and “ Climatology ” ) sets of data, which is 1.08 3
1.08horizontal resolution ( Becker et al. 2013).

3) EVAPOTRANSPIRATION DATASETS

By comparing the following three evapotranspiration data-
sets with the reanalyses, we selected the best performing rean-
alysis data of evapotranspiration.

(i) The Penman–Monteith –Leuning version 2 (PML_V2)
global evapotranspiration and gross primary production
dataset provided coupled global evapotranspiration with
8-day temporal and 500-m spatial resolutions and spanning
July 2002–December 2017, which is calibrated against 8-
day measurements at 95 widely distributed� ux towers for
10 plant functional types (Y. Zhang et al. 2019).

(ii) The surface energy balance–based global land evapo-
transpiration (EB-ET) dataset records monthly
evapotranspiration of the global land surface
obtained using satellite data and the Surface Energy
Balance System (SEBS) (Chen et al. 2013, 2019). This
dataset has a spatial resolution of 5 km3 5 km, cov-
ering the period from 2000 to 2017.

(iii) Version 3 of the Global Land Evaporation Amsterdam
Model (GLEAM v3) provides terrestrial evapotranspi-
ration on a 0.2583 0.258latitude–longitude grid, having
a monthly temporal resolution spanning 1980–2018
(Martens et al. 2017).

4) OTHER DATASETS

(i) The Extended Reconstructed Sea Surface Temperature
(ERSST) for 1982–2019 is obtained from the International
Comprehensive Ocean–Atmosphere Dataset (ICOADS).
The dataset is on a 183 18latitude–longitude grid.

(ii) The surface soil moisture content (m3 m2 3) is provided
by the Global Land Data Assimilation System (GLDAS)

dataset on a 18 3 18 latitude–longitude grid, having a
monthly temporal resolution spanning from 1948 to 2014.

(iii) The third-generation normalized difference vegetation
index (NDVI) is obtained from the Global Inventory
Monitoring and Modeling System (GIMMS) on a 1/12 83
1/128 latitude–longitude grid, covering the period from
1982 to 2015.

b. Method description

1) BUDYKO –PENMAN BUDGET DESCRIPTION

Budyko’s hypothesis is the most general statistical approach
relating to E and P on land (Budyko 1974). This hypothesis
describes the dependence of evapotranspiration on the energy
supply (usually represented by potential evapotranspiration)
and water supply (usually measured by precipitation) (Fu
1981; Roderick and Farquhar 2011; Roderick et al. 2014). The
equation that is widely used for this hypothesis was proposed
by Choudhury (1999), as

E �
E0P

Pn1 En
0

� �1=n
, (1)

where P, E0, E, and n are precipitation, potential evapotrans-
piration, actual evapotranspiration, and catchment properties
parameters, respectively;n represents the effect of soil condi-
tion, vegetation, and topography changes.

Another widely used equation for Budyko ’s hypothesis is
derived from Fu (1981)as

E � P 1 E0 2 Pv 1 Ev
o

� �1=v , (2)

where v performs a similar role to n in Eq. (1).
By using Fu’s method with Choudhury’s equation [Eq. (1)],

Yang et al. (2008) found that the two catchment property
parameters have a linear relationship, as

v � n 1 0:72, (3)

where there exists a linear relationship betweenv and the cli-
matological normalized difference vegetation index [Eq. (4)]
(Weier and Herring 2000; Li et al. 2013):

NDVI �
(NIR 2 VIS)
(NIR 1 VIS)

, (4)

v � 2:36
NDVI 2 NDVI min

NDVI max 2 NDVI min

� �
1 1:16: (5)

In Eq. (4), VIS and NIR stand for the spectral re � ectance
measurements acquired in the visible and near-infrared
bands, respectively. The NDVI index can be used to quan-
tify the density of plant growth. In Eq. (5), NDVI min and
NDVI max represent the maximum and minimum values of
NDVI during the given period, respectively. Therefore,
parameter n can be obtained by calculating NDVI. Since
our research period is relatively short, we do not consider
the change ofn (dn = 0) (Roderick et al. 2014). Under this
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assumption, the total differential of P 2 E can be shown
as

d(P 2 E) � 12
� E
� P

� �

dP 2
� E
� E0

dE0, (6)

where E0 can be calculated using the Penman–Monteith (P-M)
equation recommended by the Food and Agriculture Organization
(FAO) ( Allen et al. 1998):

E0 �
Rn 2 G( )D Ta( ) 1 r aCpDCH u| |

� �

D Ta( ) 1 g 11 rsCH u| |( )
� �

�
L y, (7)

where Rn (MJ m2 2 day2 1) is net surface radiation; G (MJ m2 2

day2 1) is the heat � ux into the ground; Ta (K) is air temperature
at 2-m height; D (Pa) is saturated water pressure de� cit; u (m s2 1)
is wind speed at 2-m height;g (Pa K2 1) is the psychometric cons-
tant; r a (kg m2 3) is air density; Cp (J kg2 1 K2 1) is speci� c heat of
air at a constant pressure;D(Ta) (Pa K2 1) is the slope of the satu-
rated water pressure with respect to temperature;L y (MJ kg2 1) is
the latent heat of vaporization of water; rs (s m2 1) is surface resis-
tance; andCH is the bulk transfer coef� cient.

As E0 is a function of Ta, D, u, and Rn 2 G, the contribu-
tions of Ta, D, u, and Rn 2 G to E0 changes can be approxi-
mated as

dE0 �
� E0

� Rn 2 G( )
d Rn 2 G( ) 1

� E0

� Ta
dTa 1

� E0

� u
du 1

� E0

� D
dD:

(8)

By substituting Eq. (6) into Eq. (8), the contributions of
various factors to changes inP 2 E can be calculated as

d P 2 E( ) �
� P 2 E( )

� P
dP 1

� P 2 E( )
� Rn 2 G( )

d Rn 2 G( )

1
� P 2 E( )

� Ta
dTa 1

� P 2 E( )
� u

du 1
� P 2 E( )

� D
dD;

(9)

where d(P 2 E), dP, d(Rn 2 G), dTa, du, and dD are mean
changes over a given period forP 2 E, P, Rn 2 G, Ta, u, and
D, respectively. The terms � P2 E( )=� P

� �
dP, � P2 E( )=

�

� Rn 2 G( )]d Rn 2 G( ), � P2 E( )=� Ta
� �

dTa, � P2 E( )=� u
� �

du,
and � P2 E( )=� D

� �
dD represent the contributions to

the changes inP 2 E. The relative roles of individual climate
drivers to P 2 E changes can be quanti� ed by comparing the
contributions of individual factors in Eq. (9). The partial dif-
ferentials in Eq. (9) are given by

� (P 2 E)
� p

� 12
E
P

En
0

Pn 1 En
0

� �
, (10a)

� (P 2 E)
� Rn 2 G( )

� 2 1( )
E
E0

Pn

Pn 1 En
0

� �

3
D Ta( )

L y D Ta( ) 1 g 11 rsCH u| |( )
� �

	 


, (10b)

� P 2 E( )
� Ta

� 2 1( )
E
E0

Pn

Pn 1 En
0

� �
Rn 2 G

L y D Ta( ) 1 g 11 rsCH u| |( )
� �

	

2
D Ta( ) Rn 2 G( ) 1 r aCpDCH u| |

L y D Ta( )1 g 11 rsCH u| |( )
� � 2




3 610:83 17:273 237:33 exp
17:27 Ta 2 273:16( )

Ta 2 35:86

� �


3
17:273 237:32 2 Ta 2 35:86( )

Ta2 35:86( )4




, (10c)

� P 2 E( )
� u

� 2 1( )
E
E0

Pn

Pn 1 En
0

� �
r aCpDCH

L y D Ta( ) 1 g 11 rsCH u| |( )
� �

	

2
grsCH Rn 2 G( )D Ta( ) 1 r aCpDCH u| |

� �

L y D Ta( )1 g 11 rsCH u| |( )
� � 2




, (10d)

� P 2 E( )
� D

� 2 1( )
E
E0

Pn

Pn 1 En
0

� �
r aCpDCH

L y D Ta( ) 1 g 11 rsCH u| |( )
� �

	

2
grsCH Rn 2 G( )D Ta( ) 1 r aCpDCH u| |

� �

L y D Ta( )1 g 11 rsCH u| |( )
� � 2




: (10e)

Equation (10) shows the sensitivity of individual factors to
changes inP2 E, in which each variable is the mean climatologic
value.

2) DRM DESCRIPTION

The dynamic precipitation recycling model (DRM) is applied
in this study to describe the regional precipitation recycling
ratio variations and source of water vapor to local precipitation
over CA for different seasons. The DRM is derived from the
conservation of atmospheric water vapor mass:

� W
� t

1 = · Q � E 2 P 1 res: (11)

In Eq. (10), W is the amount of water vapor contained in a
unit area column of air; Q represents the water vapor conver-
gence and res represents the residual term.

The DRM is developed under the assumption that water
vapor of local evapotranspiration and advected moisture are
well mixed in the vertical direction in the atmosphere. Under
this assumption, Eq. (11) was vertically integrated to derive
the equation for the recycling ratio, as

� r
� t

1 V · =r �
12 r( )E

W
, (12)

where r and V are respectively the recycling ratio and water
vapor velocity. The expression for local recycling ratio was
calculated by integrating Eq. (11) for the moisture transmis-
sion trajectory s, as

r s( ) � 12 exp 2
� s

s0

E
W

� �

ds

� �

, (13)
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where s0 is the original point of the moisture trajectory. The
precipitation recycling ratio within the region consisting of z
cells was then calculated as

r �
Pm

P
�

� z

i� 1

r iPiDAi

� z

i� 1

PiDAi :
(14)

3) MOISTURE -SOURCE TRACKING METHOD

To identify moisture sources of CA precipitation, we used a
valid “ moisture source attribution” method developed by Sode-
mann et al. (2008). This method considers the change of moisture
in a trajectory from origins to the target area, quantifying the
contribution of evapotranspiration along the trajectory to precip-
itation at the target area in the Lagrangian framework, which is
widely applied in previous investigations (Martius et al. 2013;
Sun and Wang 2014; Peng et al. 2020). It should be noted that
the DRM differs from FLEXPAT as it is a two-dimensional
model. Therefore, we altered Soderman’s method. Soderman’s
method is a three-dimensional tracking method in which a large
number of particles (e.g., one million) of equal mass are released
to become randomly distributed in the entire global atmosphere.
When reaching the target area from the moisture source regions,
the moisture of an air particle may increase or decrease owing to
the precipitation or evaporation processes. However, because
the DRM is a two-dimensional model, we mainly use W to track
backward and calculate the changes of the moisture in the air
column where multiple processes of absorbing and releasing
water vapor occurs. Therefore, our altered version of Soderman’s
method consists of the following three steps:

(i) According to the results of the DRM, we identify all target-
bound trajectories that have moisture released in the target
area.

(ii) When reaching the target area from the moisture-uptake
location, the moisture of the air column may increase or
decrease because they may undergo multiple cycles of
evaporation and precipitation process. Calculating DW =
W(t) 2 W(t 2 6 h) by time for the kth backward trajectory,
the point where DW . 0 is recorded for the � rst time is
de� ned as the starting point for the tracking.

In regions where DW . 0, evapotranspiration in this location
results in the whole air column removing moisture from the
area. The fractional contribution ( fn) of DW to the moisture in
a unit area air column (Wn) in that moment n is shown as

f k
n �

DWk
n

Wk
n

· (14)

When moving toward the target area, the air column under-
goes multiple processes of absorbing and releasing water vapor.
New moisture uptake reduces the contribution of previous
uptakes, and the moisture contribution at previous times (m)
should be updated as

f k
m �

DWk
m

Wk
n

, m , n, (15)

where fm is the fractional contributions of all moisture uptakes at
previous times m with respect to new moisture in a unit area air
column in the moment n.

When DW , 0, precipitation results in the whole air column
releasing moisture at that location, therefore also reducing all
previous contributions of DW to moisture in a unit area air col-
umn. Thus, moisture uptake DW is discounted in proportion to
precipitation, as

DWk�

m � DWk
m 1 D Wk

nf k
m, for all m , n · (16)

When the air column reaches the target region, the sum of the
latest fractional contributions of all uptake points constitutes
the total contribution of all points on the trajectory during the
entire period of time. One trajectory can determine some moisture
origins, and the contribution of water vapor origin to precipitation
is dominated by the sum of all trajectories (Peng et al. 2020).

(iii) The contribution percentage of the jth moisture source
region to CA precipitation is calculated as

CPj �

�ktot

k� 1

DWk j( )

�ktot

k� 1

Wt� 2 6 h

3 100%, (17)

where CP is the sum of the contributions of all trajectories for
the jth moisture source region.

4) CUMULATIVE ANOMALY TEST

To determine the interdecadal transition, the cumulative
anomalies were calculated (Sun et al. 2020). The formula is

x̂t �
� t

i� 1

xi 2 x( ), t � 1, 2, 3,:::, l( ) , (18)

where xi (1, 2, 3, … , l), x, l, and x̂t are the original time series,
the average over a period, the length of time, and the cumula-
tive anomaly at time t, respectively.

In addition, signi � cance testing was performed using Stu-
dent’s t test method for differences and regression coef� cients
on interdecadal time scales.

3. Evaluation of reanalysis datasets

To produce results with higher reliability, multiple reanaly-
sis datasets were compared to identify the dataset with the
closest agreement with the observations. Detailed compari-
sons indicate thatE and P generally exhibit large � uctuations
from 1982 to 2019 in all six datasets (Figs. 2a,b). The trends of
E exhibited in MERRA-2 [54.3 mm (38 yr) 2 1; p , 0.01],
GLEAM [40.4 mm (38 yr) 2 1, p , 0.01], and JRA-55 [26.0
mm (38 yr)2 1; p , 0.05] were much stronger and more signi� -
cant than those in the other E datasets (Fig. 2a). GLEAM is
suitably and widely used for global changes in hydrological con-
ditions (e.g., trend, time series, and spatial analyses) (Miralles
et al. 2013; Greve et al. 2014; Martens et al. 2018). Therefore,
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FIG. 2. Intercomparison of six datasets of precipitation and evapotranspiration obtained from GLEAM, CPC, CRU, MERRA-2, GPCC,
EB-ET, PML_V2, and JRA-55. Temporal variations in regionally averaged (a) evapotranspiration (mm yr 2 1) and (b) precipitation (mm yr 2 1)
over CA from 1982 to 2019. (c) Taylor diagrams of each evapotranspiration data, with GLEAM as a reference. (d) Taylor diagrams of each
precipitation data, with GPCC as a reference. Also shown are the statistical distributions of area-averaged annual mean (e) evapotranspiration
(mm yr2 1) calculated from 2003 to 2016 and (f) precipitation (mm yr2 1) calculated from 1982 to 2019.
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we selected GLEAM as the reference in the Taylor diagram.
The correlation coef� cients of GLEAM and JRA-55, ERA5,
MERRA2, PML_V2, and EB-ET are 0.746, 0.768, 0.823, 0.519,
and 0.778, respectively. The standard deviations of GLEAM
and JRA-55, ERA5, MERRA2, PML_V2, and EB-ET are
0.977, 1.072, 0.916, 1.854, and 0.797, respectively. Although the
standard deviation of MERRA2 is slightly larger than that of
EB-ET, MERRA-2 has the strongest correlation (0.823) with
GLEAM ( Fig. 2c). Moreover, the statistical distribution of the
area-average annual meanE obtained from the GLEAM JRA-
55, ERA5, MERRA2, PML_V2, and EB-ET datasets also
record large differences, with the medians being 221.05, 377.68,
340.77, 229.51, 318.88, and 184.12 mm yr2 1, respectively, in
which MERRA-2 is in good agreement with GLEAM ( Fig. 2e).
Between 1982 and 2019, the results for precipitation record� uc-
tuations that are greater than those ofE, with no obvious trends
for CRU, CPC, and ERA5. GPCC has a signi� cant increasing
trend of 23.5 mm (38 yr)2 1 ( p , 0.1), which is similar to
MERRA2 and JRA-55 ( Fig. 2b). Considering that the gridded
GPCC datasets have fused the largest number of gauge-
observation datasets from more than 70 000 different stations
and the capacity to qualitatively identify wet and dry years in
southwestern Asia on a regional scale (Schiemann et al. 2008;
Hoell et al. 2015), we selected GPCC as the reference object in

the Taylor diagram for precipitation ( Fig. 2d). The correlation
coef� cients of GPCC and JRA-55, ERA5, MERRA2, CRU,
and PREC/L are 0.739, 0.764, 0.888, 0.875, and 0.914, respec-
tively. The standardized deviations of GPCC and JRA-55,
ERA5, MERRA2, CRU, and PREC/L are 1.357, 1.793, 0.908,
0.857, and 0.859, respectively. Precipitation from MERRA-2
has the highest correlation and the minimum deviation with
GPCC among the three reanalysis datasets, and they exhibit
similar variability ( Figs. 2b,d). In terms of median amount,
GPCC, CRU, PREC/L, and MERRA2 all perform similarly,
which are 244.54, 254.93, 230.09, and 224.69 mm yr2 1, respec-
tively. However, the values of JRA-55 and ERA5 are higher,
440.33 and 374.48 (Fig. 2f). As seen from the above results,E
and P from MERRA-2 adequately capture the characteristics
of satellite and observation data. Thus, we selected MERRA-2
from 1982 to 2019 for analysis and calculation among the three
reanalysis datasets.

4. Wetness/dryness changes

Dry and wet climatic trends in CA over the past four deca-
des were examined. The climatological annual meridional
mean and trends of P, E, and P 2 E are shown in Fig. 3. The
meridional mean monthly P in CA ranges from less than

���D�� ���E�� ���F��

���G�� ���H�� ���I��

FIG. 3. The meridional mean (a)–(c) climatology [mm (6 months) 2 1] and (d)–(f) 38-yr changes [mm (6 (months)2 1 (38 yr)2 1]
in the (left) P, (middle) E, and (right) P 2 E over CA during 1982–2019. The black shaded slash indicates that the changes are
signi� cant at the 0.1 level. The latitudinal range for meridional mean is 358–508N.
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4 mm to greater than 40 mm. With 728E as the demarcation
line, P over western CA is relatively large from November to
April; over eastern CA, it is higher from May to October
(Fig. 3a). Studies have suggested that if the wet and dry sea-
sons are de� ned in terms of precipitation, the periods of dry
and wet seasons are opposite for western and eastern CA
(Peng et al. 2020). We used the least squares method to

calculate the linear changes of each variable during
1982–2019. Notably,P exhibits a signi� cant increase in almost
all months for the 38 years, except for July–September in
western CA (Figs. 3d and 4a,b). The meridional mean
monthly total E ranges from less than 5 mm to greater than
50 mm. Unlike P, E is mainly higher from April to July ( Fig.
3b); the 38-yr positive changes inE are found in almost all

���D�� ���E��

���F�� ���G��

���H�� ���I��

FIG. 4. (left) Wet and (right) dry season 38-yr changes in (a),(b),P (c),(d) E, and (e),(f) P 2 E [mm (6 months)2 1 (38 yr)2 1]
for 1982–2019 over CA. The dots indicate changes over CA in (a)–(f) are statistically signi� cant at the 0.1 level.
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months, with a peak concentrated in May–July (Figs. 3eand
4c,d). The distribution of P 2 E is seasonal, withP 2 E , 0
from April to September and P 2 E . 0 from October to
March (Fig. 3c). Therefore, based on P 2 E, we de� ned
April –September as the dry season and October–March as
the wet season. In CA, the dry season became drier and the
wet season became wetter based on the 38-yr changes in
P 2 E (Fig. 3f). It should be noted that the changes in the
meridional mean P 2 E did not pass the signi� cance test due
to opposite changes in Xinjiang and eastern Kazakhstan
(458–528N, 728–908E): the former is positive (negative) but the
latter is negative (positive) in the dry (wet) season (Figs. 4e,f).
These two opposing changes are offset in the meridional
mean, which leads to insigni� cant dry/wet changes in eastern
CA ( Fig. 3f). From the spatial 38-yr changes inP 2 E (Figs.
4e,f), the phenomenon of the dry season getting drier and wet
season getting wetter is evident.

To assess how the change inP 2 E in different seasons
dominates the dry and wet climatic changes, we calculated the
cumulative anomalies to determine the interannual and
decadal variability in P 2 E. During the wet season, cumula-
tive anomalies of P, E, and P 2 E record a downward trend
before 2001 and an upward trend afterward, indicating that an
obvious decadal variation in P 2 E occurred in approximately
2001 (Fig. 5a). Cumulative anomalies of P 2 E in the dry sea-
son records an increasing trend before 2000 and a decreasing
trend afterward ( Fig. 5b), while E and P are the opposite to
P 2 E, and the multidecadal variability of E is of greater mag-
nitude than that of P. Therefore, we divided the study period
into two periods: 1982–2000 and 2001–19. Based on the above
analysis of the interdecadal averageP, E, and P 2 E, the cor-
responding surface water budget was analyzed to reveal the
underlying mechanism responsible for the changes.

5. Surface water budget analysis

By considering seasonal and regional results gained for
P 2 E, the Budyko–Penman budget based on the surface
water balance was studied separately in the dry and wet
seasons. The area-averaged Budyko–Penman budget com-

ponents of P 2 E are shown in Fig. 6. During the wet season,
the magnitude of changes in P 2 E between 2001–19 and
1982–2000 directly calculated by MERRA-2 was 12.57 mm
(6 months)2 1 ( p , 0.01), and the sum of the climate factors
obtained by decomposition was 13.29 mm (6 months)2 1, hav-
ing small differences between the two results. By farP had
the largest positive contribution to the wetting trend (12.87
mm 6 month2 1; 96.84%), followed by D [0.30 mm
(6 months)2 1; 2.26%], Rn 2 G [0.09 mm (6 months)2 1;
0.70%], U [0.06 mm (6 months)2 1; 0.47%], andTa [2 0.04 mm
(6 months)2 1; 2 0.31%] (Fig. 6a). Although the contribution
of E0 was positive, it was notably less than that of precipita-
tion. For the dry season, the magnitude of changes inP 2 E
between 2001–19 and 1982–2000 calculated directly by
MERRA-2 was 2 6.83 mm (6 months)2 1 ( p , 0.1), and the
sum of the contribution of the climatic factors obtained by
decomposition was2 5.69 mm (6 months)2 1. The impacts of
individual climatic factors on P 2 E change were P [2 5.43
mm (6 months)2 1; 95.43%],Rn 2 G [2 0.20 mm (6 months)2 1;
3.51%], D [0.15 mm (6 months)2 1; 2 2.64%], Ta [2 0.12 mm
(6 months)2 1; 2.11%], and U [2 0.08 mm (6 months)2 1;
1.41%] (Fig. 6b). During the 38-yr period, P 2 E in the wet
season had a trend of initially decreasing before increasing
(Fig. 6c). In contrast, P 2 E had a slight initial increase before
having a downward trend in the dry season (Fig. 6d). For arid
regions, the limiting effect of water is much greater than the
limiting effect of energy ( Roderick et al. 2014). Compared to
the wet season, the contribution of precipitation in the dry
season declined slightly, but it was still dominant. Although
the role of E0 is small, the spatial effects of E0 varied by
region and need further exploration.

Dry season spatial patterns of the Budyko–Penman budget
components (Fig. 7) indicate that P was enhanced over almost
all CA, with the largest trend being over Tien Shan (Fig. 7c).
As shown in Eq. (10), � � P2 E( )=� P� was determined by the
climatology of P, E, n, and E0 [Eq. (10a)]. Apart from north-
western Xinjiang and northeastern CA, the contribution of P
to the P2 E change was negative (Fig. 7a). An insigni � cant
decrease in Ta was recorded in Kazakhstan and the Tarim
Basin (Fig. 7f). The term � � P2 E( )=� Ta� consists ofE, P, E0,

���D�� ���E��

FIG. 5. Cumulative anomalies ofP, E, and P 2 E [mm (6 months)2 1] during 1982–2019 in (a) the wet season and (b) the dry season.
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Rn 2 G, Ta, and U [Eq. (10c)], which was less than 0 in the
south of Kazakhstan and the mountains (Fig. 7e). Due to the
canceling effect with negative and positive trends of Ta and
� � P2 E( )=� Ta� distribution in Uzbekistan and other regions,
the Ta term only had a minor contribution to P2 E changes
(Figs. 7dand 6c). In addition, the changes in wind speed were
negative over Xinjiang (Fig. 7i). The term � � P2 E( )=� U� was
determined by P, E, n, E0, RH , U, Rn 2 G, and Ta [Eq. (10d)],
and it was uniformly negative across CA (Fig. 7h). As a
strengthened surface wind was conducive to evaporation, its
contribution to P2 E was negative, resulting in opposite dis-
tributions ( Figs. 7g,i). Notably, D had a prominent decline
and increase along central CA and the east–west boundary
(Fig. 7l), with changes in D being associated with changes in
Ta (Fig. 7f). The term � � P2 E( )=� D� is a function of P, E, n,
E0, Ta, U and Rn 2 G [Eq. (10e)], and decreasingD was the
result of enhanced evaporation, which can affect evaporation
demand, thereby promoting an increase in P2 E (Fig. 7j).
The results indicated signi� cant positive trends in Rn 2 G
over the majority of regions in central and northern CA ( Fig.

7o). As � � P2 E( )=� Rn 2 G( )� is a function of P, E, n, E0, and
Ta [Eq. (10b)], it was negative across the entire area (Fig. 7n).
An increase (decrease) in Rn 2 G resulted in an increase
(decrease) in E, resulting in a decrease (increase) inP2 E;
the contribution of Rn 2 G was contrary to the change in
Rn 2 G (Figs. 7m,o).

During the wet season, the spatial patterns of Budyko–
Penman budget components (Fig. 8) indicated that precipita-
tion had a signi� cant increasing trend in CA, except for Tajik-
istan (Fig. 8c). The term � � P2 E( )=� P� is of opposite sign
between the � ve countries in CA and Xinjiang ( Fig. 8b),
resulting in a similar contribution of P to the distribution of
� � P2 E( )=� P� (Figs. 8a,b). As observed in the results whenTa

was weakened (Fig. 8f), a weakening of D was recorded in
eastern Kazakhstan and the Tarim Basin (Fig. 8l). Compared
with the dry season, wind speed during the wet season
declined in most areas (Figs. 7i and 8i), with � � P2 E( )=� U� ,
� � P2 E( )=� D� , and � � P2 E( )=� Rn 2 G( )� having negative val-
ues across the entire area (Figs. 8h,k,n). A decrease in U and
D was accompanied by a decrease inE, U, and D, and
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FIG. 6. (a) The regional area-averaged contributions of Budyko–Penman budget components for the difference ofP2 E [mm (6 months)2 1]
between the 2001–19 and 1982–2000 periods (the former minus the latter) in wet season over CA. The term “ P-E_MERRA2 ” is the change in
P2 E calculated directly by precipitation and evapotranspiration of MERRA2; “ P-E_SUM” is the sum of the contributions of the factors
obtained by the decomposition. (b) As in (a), but for the dry season. (c) Changes in 6-month total P2 E relative to the 1982–88 baseline and
contributions of individual climate factors [mm (6 months) 2 1] affecting it in the wet season over CA. The color lines of P, D, U, Rn 2 G, Ta,
and E0 represent their contribution to P2 E changes rather than their own changes. (d) As in (c), but for the dry season. The climate factors
include precipitation ( P), pressure de� cit (D), wind speed (U), the net radiation ( Rn 2 G), near-surface air temperature (Ta), and potential
evapotranspiration (E0).
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therefore had positive contributions to the change in P2 E in
many areas (Figs. 8g,i,j,l). One difference, however, was that
the positive contribution of wind speed was mainly evident in
Xinjiang and Kazakhstan, while that of D was mainly

evident in the north-central part of CA. The changes in
Rn 2 G varied across the region (Fig. 8o) and were condu-
cive to higher P 2 E in central CA; other areas had oppo-
site trends (Fig. 8m).
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FIG . 7. The spatial patterns of Budyko–Penman budget components forP 2 E changes between 2001–19 and 1982–2000 for the dry sea-
son. The results from (a)–(c) precipitation [mm (6 months) 2 1], (d)–(f) near-surface temperature (K), (g) –(i) wind speed (m s2 1),
(j) –(l) vapor pressure de� cit (Pa), and (m)–(o) net radiation (W m 2 2). The components of (left) contribution to P 2 E change
[mm (6 months)2 1], (center) sensibility, and (right) difference in themselves between 2001–10 and 1982–2000.
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