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A B S T R A C T   

Global climate change and human activities are expected to have far-reaching implications for the associations 
between ecosystem services (ESs), especially in arid regions. Here, Central Asia (CA) was taken as a case study to 
describe the complex relationship among key ESs under the combined effects of future climate change and so-
cioeconomic development. We propose a new framework that integrates the future land-use simulation (FLUS) 
model and integrated valuation of ESs and trade-offs (InVEST) model. A four-model ensemble mean from the 
Coupled Model Intercomparison Project 6 (CMIP6) was chosen to project future (2021–2100) variations in water 
yield (WY), soil conservation (SC), carbon storage (CS) and habitat quality (HQ). Spearman correlation was 
adopted to analyze the trade-offs and synergies between multiple ESs. Results showed that cropland degradation 
(− 4.11% to − 19.93%) and urban (+33.14% to +127.96%) and forestland (+5.31% to +25.52%) expansion will 
be the main forms of future land-use change in CA. Compared with the reference period (1995–2015), four ESs 
will exhibit different decreasing trends across CA under the three scenarios. We observed that the risk of soil 
erosion will increase in the mountainous areas of Kyrgyzstan and Tajikistan; cropland degradation and urban 
expansion would lead to a sharp reduction of CS and HQ in the Amu Darya Basin, Syr Darya Basin and southern 
Turkmenistan, especially in SSP245 scenario. We found that the weak pairwise correlations between HQ, SC and 
CS will be strengthened (R = 0.22–0.58; p < 0.05) in Kyrgyzstan and Tajikistan, whereas the significant positive 
correlation (R = 0.47–0.60; p < 0.01) between WY and SC will be weakened. An important information/ 
recommendation provided by this study is that different management strategies should be designed in accor-
dance with the major interactions among water, soil, carbon and biodiversity services.   

1. Introduction 

Water yield (WY), soil conservation (SC), carbon storage (CS) and 
biodiversity maintenance are often identified as critical ecosystem ser-
vices (ESs) in arid regions (Khosravi Mashizi et al., 2019; Li et al., 2019a; 
Onaindia et al., 2013; Zhou et al., 2017). These four main types of ESs 
exhibit complex interactions and interrelationships (Dymond et al., 
2012; Feng et al., 2021). Under drought conditions, water is the primary 

factor limiting vegetation growth and CS (Xia and Shao, 2008). In the 
process of CS, vegetation growth regulates SC and WY through water 
interception and evapotranspiration (Gahrizsangi et al., 2021; Wen 
et al., 2019). Soil quality reflects the functions of productivity and 
biodiversity maintenance, the regulation of nutrient cycling, and plant 
structural support (Gardi et al., 2002; Miner et al., 2020). Central Asia 
(CA) is one of the largest arid regions in the word and accounts for over 
80% of global temperate desert ecosystems (Li et al., 2019a). Since the 
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collapse of the Soviet Union in 1991, rapid changes in human activities 
and climate have strengthened the complex relationships among water 
(Hu et al., 2021), soil (Borrelli et al., 2020), carbon (Zhu et al., 2019) 
and biodiversity (Zhang et al., 2020) services (Zhou et al., 2019). For 
example, the conversion of grassland to urban areas and cropland has 
directly resulted in habitat loss (Li et al., 2019b). Unsustainable agri-
cultural practices have accelerated soil salinization and desertification, 
and threatened the sustainability of biodiversity (Hamidov et al., 2016). 
Additionally, many rare and endangered species (e.g., Betula halophila) 
have become extinct (Zhang et al., 2020). Furthermore, a recent study 
by Zhu et al. (2019) reported that climate change resulted in a reduction 
of 1.3 Pg C in total carbon in CA from 1980 to 2014. These impacts of 
climate and human activities on ESs may continue to expand as the land 
demand increases (Mahmoud and Gan, 2018; Mooney et al., 2009). 
Therefore, to adapt and mitigate the effects of global change and so-
cioeconomic development (Scarano, 2017; Yin et al., 2021), the pro-
jection of future variations in key ESs and identification of the complex 
relationships among these ESs in CA are urgently needed. 

Studies have demonstrated that the combination of the integrated 
valuation of the ESs and trade-offs (InVEST) model and various land-use 
simulation models can be used to predict regional ES distribution 
(Perović et al., 2018; Sun and Shi, 2020). For example, He et al. (2016) 
combined the InVEST and LUSD-urban models to assess the impacts of 
urban expansion on CS in Beijing from 2011 to 2030. Perović et al. 
(2018) used the InVEST model and the Modules for Land Use Change 
Evaluation (MOLUSCE) model to simulate future (year for 2041) soil 
erosion patterns in the Oplenac wine-producing area of Serbia. Tang 
et al. (2020) integrated the InVEST and CLUE-S models to predict the 
future spatiotemporal evolution of habitat quality (HQ) in Changli 
County, China, in 2028. However, either the socioeconomic develop-
ment factor or the climate change factor, both of which are significant 
driving forces long-term ES patterns, was partially ignored in these 
studies. To address this gap, recent research has proposed integrating 
the future land-use simulation (FLUS) model and InVEST model to 
simulate ES distributions (Liu et al., 2017). Based on the theory of 
cellular automata, the FLUS model has been developed by combining 
“top-down” and “bottom-up” cellular automata demand projection 
methods (Liao et al., 2020), which sufficiently incorporate human and 
natural effects into long-term land-use simulations. 

The latest Coupled Model Intercomparison Project 6 (CMIP6) stage 
has been proven to able provide reasonable scenarios for projecting 
future ES dynamics by combining representative concentration path-
ways (RCPs) and shared socioeconomic pathways (SSPs) (Eyring et al., 
2015; Su et al., 2020). RCPs are a set of climate-forcing pathways 
developed by the climate simulation community for scenario modeling 
(van Vuuren et al., 2011). SSPs are used to outline alternative socio-
economic development scenarios proposed by climate change re-
searchers (O’Neill et al., 2014). These couplings (SSPs and RCPs) can be 
used to describe possible alternative conditions of human society and 
nature at the macroscale (Frame et al., 2018). An increasing number of 
studies have started explored the dynamic distributions of ESs under SSP 
and RCP scenarios. For example, Nunez et al. (2020) estimated potential 
biodiversity changes in CA grasslands by contrasting SSPs and RCPs (i.e., 
SSP1-RCP4.5, SSP3-RCP8.5, SSP4-RCP4.5, and SSP5-RCP8.5) in 2100. 
Based on the Global Soil Erosion Modeling platform, Borrelli et al., 
(2020) used three alternative scenarios (SSP1-RCP2.6, SSP2-RCP4.5 and 
SSP5-RCP8.5) to estimate future global soil regulating services for the 
period 2021–2100. Yang et al. (2020) incorporated climate change and 
socioeconomic development into the urbanization process and projected 
CS (2030) in Hubei Province under 6 future urbanization scenarios. 
However, most studies evaluating the future provisioning of ESs have 
limited their analyses to a single service or driver; thus, the complex 
relationships among multiple services under different climate and so-
cioeconomic change scenarios remain unclear. 

In this study, we evaluated future key water-soil-carbon-biodiversity 
services using an integrated scenario-based ES assessment framework. 

Our primary goal was to assess the trade-offs and synergies among 
multiple ESs under a set of feasible future scenarios via the following: (1) 
Based on the new combinations of RCPs and SSPs, we simulated future 
land-use patterns (2021–2100) under three radiative forcing pathways 
(2.6 W/m2, 4.5 W/m2 and 8.5 W/m2) and three alternative policy sce-
narios (SSP1, SSP2 and SSP5). (2) We explored the future variations in 
WY, SC, CS and HQ under the SSP126, SSP245 and SSP585 scenarios. (3) 
We revealed the differences in trade-offs and synergies between ESs in 
different areas. Based on the findings, land-use suggestions and 
ecological management measures were proposed to support the sus-
tainability of ES. 

2. Materials and methods 

2.1. Study area 

Located in the center of Eurasia Continent (Fig. 1a), Central Asia 
(Kazakhstan, Uzbekistan, Turkmenistan, Kyrgyzstan and Tajikistan) 
covers approximately 4 × 106 km2, and is the core region of the Silk 
Road Economic Belt. The study area has a typical temperate continental 
climate with less rainfall, high evaporation and dry climate (Bai et al., 
2019a, 2019b). In the summer, the average temperature is between 
20 ◦C and 30 ◦C in the whole region, while in winter it is lower than 0 ◦C. 
Extreme temperatures below − 20 ◦C occur in the north and moun-
tainous areas. The total annual rainfall decreases gradually from >400 
mm in the mountains to <100 mm at the lowlands (Chen et al., 2020). 
The mian plant functional types (PFTs) include rained/irrigated crop-
land (16.61%), non-phreatophytic/phreatophytic shrubland (22.46%) 
and grassland (47.33%) (Rachkovskaya, 1995; Fig. 1b). 

2.2. Data sets 

2.2.1. Climate data 
Historical climate data (1995–2015) were obtained from climatol-

ogies at high resolution (1 km × 1 km) for the Earth’s land surface areas 
(http://chelsa-climate.org/; Karger et al., 2017). Future climate pro-
jections (2021–2100) were derived from four GCM outputs (CanESM5, 
IPSL-CM6A-LR, MIROC6 and MRI-ESM2-0; Table 1) produced by the 
latest CMIP6 (http://worldclim.org/; Eyring et al., 2015). Current 
climate was used as baseline climate to downscale and calibrate future 
climate projections. First, relative or absolute differences between the 
output of the GCM run for the baseline periods and for the future period 
were calculated. These change are interpolated into grids with high 
resolution (1 km × 1 km). These high resolution changes are then 
applied to high resolution interpolated climate data for the “current 
period”. 

These climate models were obtained based on the availability of all 
the required variables (monthly precipitation, maximum temperature, 
minimum temperature) at the time of writing (May 2020) and the 
involvement of relevant model intercomparison projects within the 
CMIP6 (Su et al., 2020). Recent studies have proven that an ensemble 
driven by the above four GCMs can be adopted to obtain more robust 
and reliable results around CA. For example, Li et al. (2020) successfully 
used this ensemble to project future atmospheric water vapor under 
SSPs-RCPs scenarios in CA. Lü et al. (2020) simulated and evaluated 
climate change using this ensemble under seven combined scenarios in 
the Belt and Road Region. Su et al. (2020) used this ensemble to capture 
drought characteristics for 2021–2100 in eastern CA. The details of the 
four climate models used in this study are described in Table 1. 

These models consider both shared socioeconomic pathways (SSPs) 
and representative concentration pathways (RCPs) for 2021–2100. We 
selected three scenarios in this study, i.e., SSP126, SSP245 and SSP585 
(Table 2). SSP126 represents a sustainable world that takes a green 
pathway, with (SSP1)-RCP2.6 forcing at a low level of greenhouse gas 
emissions; SSP245 represents a moderate world, with (SSP2)-RCP4.5 
forcing at an intermediate level of greenhouse gas emissions; and 
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SSP585 represents a world of rapid fossil fuel development, with (SSP5)- 
RCP8.5 forcing at a high level of greenhouse gas emissions (O’Neill 
et al., 2016). All GCM outputs were been bias-corrected based on current 
climate observation grid data, and were statistically downscaled to a 1- 
km resolution. Multimodel ensemble (MME) technology was used to 
present median-based variables (Dash et al., 2019; Semenov and Stra-
tonovitch, 2010). We calculated the simulated the average values for 20- 
year periods from 2021 to 2040 (2030s), 2041 to 2060 (2050s), 2061 to 
2080 (2070s), and 2081 to 2100 (2090s), and compared them with the 
current climate conditions for 1995 to 2015 (the historical period). 

2.2.2. Land-use data 
Historical land use data (1995–2015) was provided by European 

Space Agency climate change initiative (ESA-CCI; 300 m; Table 3). 
Future land-use projections (2021–2100) were obtained from the Land- 
Use Harmonization database (LUH2; http://luh.umd.edu/). As a part of 
the World Climate Research Program (CMIP6), LUH2 dataset with a 
spatial resolution 0.25◦ provided different land-use scenarios (SSP1- 
SSP6) from 850 to 2100 (Hurtt et al., 2020). To obtain high-resolution 
future projections, the 300-m ESA-CCI-LC was used as the initial land- 
use map to drive the simulation (Liao et al., 2020). 

However, differences in land-use classes and amounts between ESA- 
CCI-LC and LUH2 needed to be harmonized before application to land- 

use simulation models. First, we classified the initial land-use types 
from ESA-CCI-LC (22 types) and LUH2 (12 types) into 6 categories 
(Supplementary Materials 2: Table S1). Because the change in the 
amount of water area is not projected in the LUH2 datasets, this study 
did not simulate water area change under the different scenarios. Sec-
ond, we calibrated the land use amounts in 2015 provided by LUH2 
based on the historical land-use data for 2015 from ESA-CCI-LC. Third, 
the original growth rates of each land-use type under different scenarios 
were retained according to the relative change changes in LUH2 in 2015. 
Fourth, the trajectories of land-use demand for forestland, grassland, 
barren, cropland, and urban areas across CA were calibrated based on 
the 2015 ESA-CCI-LC land-use map in the future four period (2030s, 
2050s, 2070s and 2090s) under three scenarios (SSP126, SSP245 and 
SSP585) (Fig. 2). Finally, all land-use projections (300 m) were resam-
pled to 1 km using ArcGIS 10.2 and used as the basic input data for the 
ES evaluation in the next step. 

2.2.3. Other data 
We obtained the topographic map (i.e., elevation, slope and aspect) 

with a spatial resolution of 1 km from WorldClim v2.1 (Table 3). The soil 
data (1 km) was provided by the Harmonized World Soil Database 
(HWSD). Population density data (1 km) was generated from Gridded 
Population of the World (GPW), v4 (https://sedac.ciesin.columbia.edu 
/). Road network data was provided from Global roads open assess 

Fig. 1. Map showing the location and spatial pattern of elevation (a) and main plant functional types-PFTs (b) in Central Asia. NDF: Needleleaf forest; BDF: Broadleaf 
forest; GRS: Grassland; NPS: Non-phreatophyte shrubland; PS: Phreatophyte shrubland; IC: Irrigate cropland; RC: Rainfed cropland; MEW: Meadow; and NV: No 
vegetation. National boundary data was acquired from the National Administration of Surveying, Mapping and Geoinformation with No. GS (2016) 1665. 

Table 1 
List of climate models provided by the CMIP6 in this study.  

Model 
name 

Longitude ×
Latitude 

Period Institute 

CanESM5 2.8125◦ ×

2.7906◦

2021–2040, 
2041–2060, 
2061–2080, 
2081–2100 

Canadian Centre for Climate 
Modeling and Analysis (CCCMA), 
Canada 

IPSL- 
CM6A- 
LR 

2.5◦ ×

1.2676◦

Institute Pierre Simon Laplace 
(IPSL), France 

MIROC6 1.4063◦ ×

1.4008◦

Japan Agency for Marine-Earth 
Science and Technology 
(JAMSTEC), Japan 

MRI- 
ESM2-0 

1.125◦ ×

1.1215◦

Meteorological Research Institute 
(MRI), Japan  

Table 2 
Shared Socioeconomic Pathways (SSPs) and the Representative Concentration Pathways (RCPs) scenarios used in this study (√ represents different SSPs and RCPs 
scenarios we have chosen).   

Sustainability Middle of the road Regional rivalry Inequity Fossil-fueled development 

Shared socio-economic pathways SSP1√ SSP2√ SSP3 SSP4 SSP5√ 
Representative concentration pathway RCP 1.9 RCP 4.5√ RCP 7.0 RCP 3.4 RCP 8.5√ 

RCP 2.6√ – – RCP 6.0 – 
SSPs-RCPs scenarios used in this study SSP126 SSP245 – – SSP585  

Table 3 
Datasets used in this study.  

Data Year Resolution Resource 

Climate 1995–2015 1 km Climatologies at High Resolution for 
the Earth’s Lands Surface Areas 

2021–2100 1 km WorldClim v2.1 
Land use 1995–2015 300 m European Space Agency climate 

change initiative 
2021–2100 0.25◦ Land-Use Harmonization 

Elevation – 1 km WorldClim v2.1 
Soil – 1 km Harmonized World Soil Database 
Population 

density 
2015 1 km Gridded Population of the World 

(GPW), v4 
GDP 2015 5 km Kummu et al., 2018 
Road network 2015 Vector Global roads open assess data set  
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data set (https://sedac.ciesin.columbia.edu/). The GDP data (5 km) was 
provided by Kummu et al. (2018) and resampled to 1-km by ArcGIS 
10.2. Maps of slope, aspect, annual mean temperature and precipitation, 
and distance were calculated using the Surface Analysis, Raster Calcu-
lator and Euclidean Distance tools in ArcGIS 10.2, respectively. 

2.3. SSPs/RCPs-FLUS-InVEST 

By integrating the FLUS and InVEST models, we examined the syn-
chronous response of climate change and socioeconomic development to 
key ESs under SSPs-RCPs scenarios. First, based on historical land-use 
data, the land demand amounts under SSPs-RCPs scenarios were 
applied to the FLUS model to predict the future land-use map. Second, 
future land-use simulations produced by FLUS and future climate pro-
jections generated by an ensemble of GCMs were prepared as basic pa-
rameters of the InVEST model. Third, we used the InVEST model to 
project the dynamic changes in water yield (WY), soil conservation (SC), 
carbon storage (CS) and habitat quality (HQ) services in the future four 
periods (2030s, 2050s, 2070s and 2090s) under SSP126, SSP245 and 

SSP585 scenarios. The framework of the SSPs/RCPs-FLUS-InVEST 
model has been presented in Fig. 3. 

2.3.1. Future land use simulation 
Based on the theory of Cellular Automata, the FLUS model can suf-

ficiently identify the non-linear features among multiple drivers from 
different land use types (Liu et al., 2017). The model has good 
computing power and simulation performance, and has been success-
fully applied to the simulation of regional land use and land cover 
change (Wang et al., 2019; Yan et al., 2018). Compared with the 
traditional land use models, the FLUS model has two main advantages in 
space simulation: (1) ANN-based probability of occurrence estimation 
module. (2) The adaptive inertial competition mechanism of roulette 
selection. 

2.3.1.1. ANN-based probability of occurrence estimation module. The 
artificial neural network (ANN) of the FLUS model is a machine learning 
model based on biological neural network simulation (Liu et al., 2017). 
Through a large number of learning and recall iterations, the module can 

Fig. 2. Trajectories of land use demand for cropland (a), forestland (b), grassland (c), urban (d), and barren (e) in Central Asia under historical periods and future 
scenarios, which were calibrated based on the 2015 ESA-CCI land use map. 

Fig. 3. The framework of SSPs/RCPs-FLUS-InVEST model.  
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continuously fit the complex relationship between training targets and 
the input data, ensure the generation of a higher appropriate probability 
distribution, and establish the association between the driving factors 
and the probability of each land type (Liao et al., 2020). We used the 
ANN-based probability of occurrence estimation module to obtain the 
occurrence probability of each land use type (Fig. 5a–f) from several 
natural forces (Fig. 4a–e), socioeconomic forces (Fig. 4f and g) and 
distance forces (Fig. 4h–k). 

2.3.1.2. The adaptive inertial competition mechanism of roulette selection. 
The adaptive inertial competition mechanism of roulette selection is an 
important part of the FLUS model, which combines the conversion rules 
and neighborhood weight (Wang et al., 2021). According to the occur-
rence probability of each land-use type, the land-use demand is adap-
tively adjusted in the iterative process and allocated in a reasonable 
space to make the amount of all kinds of land develop towards the 
predetermined goal (Liu et al., 2017). The neighborhood weight was 
obtained by trial-and-error analysis (Supplementary materials: 
Table S2). We used a 3 × 3 Moore domain in this study. The number of 
iterations was set to 300. The formula of inertia coefficient (Inertiat

k) is as 
follows: 

Inertiat
k =

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

Inertiat− 1
k , if

⃒
⃒Dt− 1

k

⃒
⃒ ≤

⃒
⃒Dt− 2

k

⃒
⃒

Inertiat− 1
k ×

Dt− 2
k

Dt− 1
k

, if Dt− 1
k < Dt− 2

k < 0

Inertiat− 1
k ×

Dt− 1
k

Dt− 2
k

, if 0 < Dt− 2
k < Dt− 1

k

⎫
⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎭

(1)  

where, Dt− 1
k refers to the difference between the allocation amount of 

land use type k and the land use demand at iteration time t-1. Based on 
this, the total probability (TPt

k,l) of a conversion from the original land 

use type c into the target land use type k at iteration time t in grid pixel l. 
The total probability can be expressed as follows: 

TPt
k,l = Pk,l×Ωt

k,l × Inertiat
k × conc→k (2)  

where, Pk,l refers to the occurrence probability of land use type k in grid 
pixel l; t refers to iteration time; Ωt

k,l refers to the neighborhood effect of 
land use type k in grid pixel l; and conc→k is a binary conversion cost 
(land use type c to k) (Table S3). 

2.3.1.3. Model validation. To validate the effectiveness of our land use 
simulation model, we first simulated the land-use distribution for 2015 
based on the land-use map in 1995. Then, the simulated 2015 land use 
map was compared with the actual 2015 land use map to evaluate the 
simulation performance of the FLUS model. Kappa coefficient and 
Figure of Merit (FoM) were used to measure the goodness of fit for land 
use simulation. The calculation formula can be described as follows: 

kappa =
p0 − pc

1 − pc
(3)  

where p0 and pc refers to the actual simulation accuracy and the ex-
pected simulation accuracy in a random state, respectively. 

FoM = B/(A+B+C+D) (4)  

where A refers to the error area in which the observed change is simu-
lated as persistence, B refers to the correct area in which the observed 
change is simulated as change, C refers to the error area in which the 
observed change is simulated as change in the wrong classification, and 
D refers to the error area in which the observed persistence is simulated 
as change. 

Fig. 4. Driving factors affecting land use distribution. Natural forces (a–e), socioeconomic forces (f and g) and distance forces (h–k).  
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2.3.2. Assessment of key ESs 

2.3.2.1. Water yield (WY). Based on water balance equation and the 
Budyko curve (Sharp et al., 2018), the WY module of the InVEST model 
is designed to estimate the water storage of ecosystems in the area of 
interest, viz. precipitation minus the fraction that undergoes evapo-
transpiration. The formula for calculation is as follows: 

Yx,y =

(

1 −
AETx,j

Px

)

× Px (5)  

where Yx,y refers to the WY for land use type j on grid x;Px refers to the 
annual rainfall on grid x; AETx,jrefers to the annual actual evapotrans-
piration for land use type j on grid x. The specific calculation process has 
been given in Supplementary Materials. 1. 

2.3.2.2. Soil conservation (SC). SC refers to the prevention of soil loss 
caused by water erosion in this study. The Revised Universal Soil Loss 
Equation (RUSLE) with strong operability and applicability was adopted 
to calculate long time series of SC in CA (Renard et al., 1997). The 
calculation formula is as follows: 

A = R× K × LS× (1 − C × P) (6)  

where A represents to the annual soil conservation amount (t/km2/a); R 
is the rainfall erosivity factor (MJ⋅mm/ha⋅h⋅a); K represents the soil 
erodibility factor (t⋅ha⋅h/ha⋅MJ⋅mm); LS represents to the topographic 
factor, including slope length and steepness; C represents to the vege-
tation practice factor (Supplementary Materials 2: Table S4); and P 
represents to the soil management factor (Table S4). More information 
about RUSLE can be found in Supplementary Materials 1. 

2.3.2.3. Carbon storage (CS). The carbon density, including the above 
ground carbon density, below ground carbon density, soil organic car-
bon density and dead organic carbon density, determining the CS of 
different land cover types (Li et al., 2015). The CS can be calculated in 
InVEST by configuring the carbon density parameters (Supplementary 
Materials 2: Table S5) and land use maps, the formula for calculation is 
as follows: 

Ctot = Cabove +Cbelow +Csoil +Cdead (7)  

Ctot is total CS; Cabove is the above ground CS; Cbelow is the below ground 
CS; Csoil is the soil organic CS; Cdead is dead organic CS. 

2.3.2.4. Habitat quality (HQ). HQ refers to the ability of ecosystems to 

support the survival conditions of species (Sharp et al., 2018). The HQ 
module of the InVEST is a powerful tool for assessing biodiversity in-
dicators, and can be applied to monitor the dynamic changes of HQ. The 
parameters involved in the module, such as the scope of influence of 
threat factors, weights of threat factors, correlation of linear degrada-
tion, and the sensitivity of different habitat types to threat factors, can be 
found in Supplementary Materials 2 (Table S6 and Table S7). The above 
parameters were determined by comprehensively considering the pre-
vious similar studies in arid areas (Li et al., 2021; Wei et al., 2018) and 
reference values in the user guide of the InVEST model. The formula 
used to calculate HQ is as follows: 

Qxj = Hj

(

1 −
D2

xj

k2 + D2
xj

)

(8)  

where Qxj refers to the HQ for land use type j on grid x; Dxj is the total 
threat level for land use type j on grid x; The k refers to half of the 
maximum value of Dxj. Hj refers to the habitat suitability of land use type 
j. 

2.4. Trade-offs and synergies between ecosystem services 

To eliminate unit differences between ESs, the ES values were 
normalized to 0 to 1 using the minimum–maximum normalization 
method. The Create Random Points and Extract Multi Values to Points 
tools in ArcGIS 10.2 were used to sample the ES values of 10,000 random 
points in each administrative unit. We adopted Spearman Correlation 
coefficient to analyze the spatial correlation variation among ESs over 
the historical period and future scenarios (Locatelli et al., 2013). R 
version 3.5.2 was used to perform all of these analyses. 

3. Results 

3.1. Land-use simulation 

The simulation performance evaluation showed that the kappa co-
efficient was 92.15%. The computed FoM was 25.91%, which is 
acceptable and comparable to previous values, e.g., from 7% to 49% in 
Chen et al. (2014), Liu et al. (2017) and Pontius et al. (2008). The results 
indicate that our model established a reliable dynamic simulation and 
can be reliably used to predict future land use. 

During the historical period (1995–2015) (Fig. 6a–c), CA experi-
enced rapid expansion of urban (+223.45%) and cropland (+16.06%) 
areas and obvious losses in water area (− 19.71%). Fig. 6a–c shows that 

Fig. 5. The probability distribution maps of different land use types. (The deeper the blue, the more suitable the land use is.) (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.) 
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the reduction in water area mainly occurred in the Aral Sea. Urban 
expansion was mainly concentrated in capitals or economically devel-
oped cities (Fig. 6a–c), such as Toshkent, CA’s largest city and an 
important economic and cultural center. 

During the future four periods (Fig. 6d–o), the urban area in CA will 
continue to expand, with growth rates of 55.61%–127.96% (SSP126), 
33.14%-84.76% (SSP245), and 46.42%–92.98% (SSP585) (Fig. 7a). 
These increased areas will remain concentrated in capitals (e.g., Tash-
kent, Bishkek and Almaty) and large cities in CA (Fig. 6d–o; red repre-
sents urban expansion area). Forestland area will obviously increase by 
5.31%− 25.52% in CA under the three scenarios (Fig. 7a). Fig. 6d–o and 
Fig. 7b–f show that cropland will undergo various levels of loss in five 
counties. Among the three future scenarios, SSP245 yields the most was 
the most extensive loss, especially in Uzbekistan (–32%– to 102%) and 
Turkmenistan (− 54.26% to 73.67%) (Fig. 7c and d). Overall (Fig. 7a), 

cropland degradation (− 4.11% to − 19.93%) and urban (+33.14% to 
+127.96%) and forestland (+5.31% to +25.52%) expansion will be the 
main forms of future land-use change in CA. 

3.2. Projection of future ESs 

3.2.1. Water yield (WY) 
The average annual WY was 73.31 mm/km2 in 1995 and 106.35 

mm/km2 in 2015 (Fig. 8a and c), indicating that the overall WY of CA 
increased by 31.07%. High WY was observed in the northern and 
mountainous areas in CA, while low WY was mainly distributed in the 
desert and bare land areas (Fig. 8a–c). It was predicted that in the future 
four periods (Fig. 9a), the average annual WY across CA will signifi-
cantly decrease by 11.76%–21.44% under the three scenarios, while the 
annual average WY of Turkmenistan, Kyrgyzstan and Tajikistan will 

Fig. 6. Land use patterns in Central Asia (a-c: historical period (1995–2015); d-o: future four periods (2030s, 2050s, 2070s and 2090s) under SSP126, SSP245 
and SSP585.) 

Fig. 7. Percentage of change in different land use areas for Central Asia under future scenarios (SSP126, SSP245 and SSP585) relative to 2015.  
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increase by 7.56%–14.71%, 3.49%–11.01% and 42.59%–48.92%, 
respectively. The map of WY change (Fig. 8d–o) shows that the pre-
dicted areas of increase are mainly concentrated in eastern Kazakhstan 
and mountains in southeast CA. 

3.2.2. Soil conservation (SC) 
The average annual SC was 1256 t/km2/y in 1995 and 1473 t/km2/y 

in 2015, representing an increase of 14.73% (Fig. 10a and c). The areas 
in the northern and southeastern mountains of CA have high SC capacity 
(>800 t/km2/y) (Fig. 10a–c). Compared with that in the historical 

period (1995–2015), the average annual SC in CA under SSP126, 
SSP245 and SSP585 was predicted to decrease by 31.63%–46.59%, 
32.98%–43.33% and 5.74%–37.23%, respectively (Fig. 9b). Fig. 10d–o 
shows that 52.23%–61.54% of the whole region was projected to remain 
a stable level of SC change (− 20 t/km2/y to 20 t/km2/y), mainly in 
desert, bare land and sparse steppe areas of southwestern CA. Notably, 
the risk of soil erosion in the mountainous areas of Kyrgyzstan and 
Tajikistan will increase in the future (Fig. 10d–o). 

Fig. 8. a–c: The spatial distribution of the water yield across Central Asia during the historical period (1995–2015); d–o: The spatial change of the water yield across 
Central Asia in the future four periods (2030s, 2050s, 2070s and 2090s) under SSP126, SSP245 and SSP585 scenarios relative to the historical period. 

Fig. 9. Percentage of change in four ecosystem services for Central Asia in the future four periods (2030s, 2050s, 2070s and 2090s) under SSP126, SSP245 and 
SSP585 scenarios relative to the historical period (1995–2015). 
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3.2.3. Carbon storage (CS) 
The total CS of CA decreased from 49.17 pg in 1995 to 47.28 pg in 

2015, representing a loss of 0.39% (Fig. 11a and c). The total CS will 
continue to decrease from the levels observed in 1995 to 2015 in the 
future three scenarios (Fig. 9c). The percentage loss varies by scenario, 
ranging from − 3.06% to − 4.35% under SSP126 to 3.66%–5.08% under 
SSP245, and to 3.94%–4.01% under SSP585 (Fig. 9c). According to the 
future CS change maps (Fig. 11d–o), approximately 48.36% of the total 

area will remain in a manageable fluctuating state. Notably, under the 
SSP245 scenario (Fig. 11h–k), CS will decrease sharply in the Amu Darya 
Delta, along the Syr Darya and in southern Turkmenistan due to crop-
land degradation. In addition, urban expansion (e.g., Tashkent, Bishkek 
and Almaty) will lead to further loss of CS (Fig. 11h–k). 

3.2.4. Habitat quality (HQ) 
The average annual HQ was 0.62 in 1995 and 0.59 in 2015 (Fig. 12a 

Fig. 10. a–c: The spatial distribution of the soil conservation across Central Asia during the historical period (1995–2015); d–o: The spatial change of the soil 
conservation across Central Asia in the future four periods (2030s, 2050s, 2070s and 2090s) under SSP126, SSP245 and SSP585 scenarios relative to the histori-
cal period. 

Fig. 11. a–c: The spatial distribution of the carbon storage across Central Asia during the historical period (1995–2015); d–o: The spatial change of the carbon 
storage across Central Asia in the future four periods (2030s, 2050s, 2070s and 2090s) under SSP126, SSP245 and SSP585 scenarios relative to the historical period. 
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and c), representing a decrease of 4.83% (Fig. 12d). HQ will exhibit a 
downward trend from the level in the historical period (1995–2015) in 
the future three scenarios (Fig. 9d; Fig. 12d–o). The loss percentages 
range from 1.74%–2.72% under SSP126 to 1.67%–3.31% under SSP245, 
and then to 0.46%–0.87% under SSP585. Notably, the average annual 
HQ in the two mountainous countries will continue to decrease by 
3.28%–13.58% under SSP126, SSP245 and SSP585 (Fig. 9d). The 
degradation of grassland and cropland will lead to the expansion of bare 
land and habitat loss (Fig. 12d–o). Urban expansion will also be a main 
cause of habitat degradation (Fig. 12d–o). 

3.3. Trade-offs and synergies among multiple ESs 

Through spatial correlation analysis, the relationships among ESs in 
five countries during the historical period and future scenarios were 
revealed (Fig. 13; Supplementary material 2: Table S8). In Kazakhstan 
(Fig. 13a–c), strong synergies (R = 0.62–0.74; p < 0.01) were identified 
between pairwise WY, CS and SC (Table S8), and these synergistic re-
lationships were projected to continue to strengthen (R = 0.65–0.86; p 
< 0.01) in the future three scenarios. In Uzbekistan (Fig. 13d–f) and 
Turkmenistan (Fig. 13g–i), significant positive correlations (R > 0.42; p 
< 0.01) were found between all ES pairs (Table S8). However, the 
positive relationships between WY and HQ will weaken (R = 0.32–0.4; p 
< 0.01) (Table S8), especially in the SSP245 scenario (Fig. 13e and h). 
For the two mountainous countries (Fig. 13j–o), SC was positively 
correlated (R = 0.28–0.6; p < 0.05) with WY and CS during the historical 
period (Table S8), but no significant correlation between the remaining 
services was found (Table S8). Most notably, the weak correlations be-
tween pairwise HQ, SC and CS will be strengthened under SSP126, 
SSP245 and SSP585 (Fig. 13j–o), especially in Tajikistan (R = 0.33–0.58; 
p < 0.05), while the significant positive correlations between WY and SC 
will be weakened (R = 0.21–0.29; p < 0.05) (Table S8). 

4. Discussion 

4.1. The impact of driving forces on ecosystem services 

Previous studies have demonstrated that the ES distribution is often 
affected by natural factors and human activities (Pham et al., 2019; 
Schirpke et al., 2017). In this study, we analyzed the correlation between 
socio-ecological variables and ESs in 2015 (Fig. 14), and found that 
there were similarities and differences in the effects of various driving 
forces on ESs. 

4.1.1. Drivers of change in water yield (WY) service 
The results showed that precipitation had the most significant (R >

0.90; P < 0.01) effect on WY (Fig. 14), which is consistent with the re-
sults of Bai et al. (2019a), Bai et al. (2019b), Chang and Bonnette. (2016) 
and Li et al. (2021). Precipitation affects the WY by changing the hy-
drological process and distribution of moisture-energy (Saifullah et al., 
2016). As shown in Fig. 8d–o and Fig. 9a, due to the increase in rainfall, 
the average annual WY in Kyrgyzstan and Tajikistan was predicted to 
increase by 3.49%–11.01% and 42.59%–48.92%, respectively (Fig. 8a). 
In addition, the results of this study coincided with those of previous 
research about the trade-offs between the proportion of forests and WY 
(Fig. 14). This result was mainly because forestland can reduce surface 
runoff and increase groundwater due to its capacity to intercept rainfall 
and increase infiltration (Ray et al., 2010; Yang et al., 2019). 

4.1.2. Drivers of change in soil conservation (SC) service 
SC was observed to be closely related to the DEM, slope, precipitation 

and vegetation coverage (Fig. 14). These findings were in line with 
recent studies showing that soil erosion often occurs in areas with steep 
terrain and strong variability in rainfall and runoff (Carretier et al., 
2013; Mohamadi and Kavian, 2015). It is predicted that these moun-
tainous areas in Kyrgyzstan and Tajikistan will face soil water erosion 
risk due to changes in precipitation patterns (Fig. 10d–o), especially in 
the late 21st century. More studies have proven that a dense vegetation 
community can effectively weaken the kinetic energy of raindrops and 
soil erosion by intercepting rainfall (Niu et al., 2014; Zhang et al., 2015), 

Fig. 12. a–c: The spatial distribution of the habitat quality across Central Asia during the historical period (1995–2015); d–o: The spatial change of the habitat 
quality across Central Asia in the future four periods (2030s, 2050s, 2070s and 2090s) under SSP126, SSP245 and SSP585 scenarios relative to the historical period. 
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which is similar to our results (Fig. 14). By comparison, we found that 
the percentage of forestland was positively correlated (R > 0.67, P <
0.01) with SC (Fig. 14), which indicated that an increase in forest 
coverage could effectively prevent the loss of soil regulation services 
(Cao et al., 2015; Descheemaeker et al., 2006). 

4.1.3. Drivers of change in carbon storage (CS) service 
The results showed that precipitation (R = 0.56; P < 0.01) played a 

more dominant role in CS than did temperature in Kazakhstan, Uzbe-
kistan and Turkmenistan (Fig. 14a–c). This finding is supported by 
several previous studies (Zhou et al., 2015; Zhu et al., 2019), which 
indicated that ephemeral plants determine approximately 75 percent of 
the water/carbon and biomass dynamics in temperate desert commu-
nities (Gang et al., 2015), and their biomass is closely correlated with the 
rainfall fluctuations during the growing season (Huang et al., 2015). In 

contrast, we found that temperature had a greater impact on CS in the 
two mountainous countries (Kyrgyzstan and Tajikistan) (Fig. 14d and e). 
This result is because low temperature is the main factor limiting the 
distribution of vegetation at the maximum vertical height in moun-
tainous areas with high seasonal precipitation and low water stress (Li 
et al., 2015; Zhang et al., 2021). In general, the internal metabolic ac-
tivity of vegetation in alpine areas will accelerate with increasing tem-
perature (Wang et al., 2014). In addition, negative relationships (R <
− 0.42; P < 0.05) between CS and the proportion of urban were 
observed, as shown in Fig. 14. For example, in the Tashkent and Fergana 
basins (Fig. 6d–o), urban expansion seems to be profitable, but its long- 
term consequences will reduce regional CS (Fig. 11d–o; Eigenbrod et al., 
2011; Xie et al., 2018). 

Fig. 13. Trade-offs and synergies between four ecosystem services (WY: water yield; SC: soil conservation; CS: Carbon storage; HQ: Habitat quality) in five Central 
Asian countries (Supplementary materials 2:Table S8). 
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4.1.4. Drivers of change in habitat service 
Previous studies have revealed that fragile habitats in mountainous 

areas are more sensitive to human activities (Arkema et al., 2014; Li 
et al., 2021), which is similar to our results. We found that HQ was 
significantly negatively correlated with population density (R = − 0.21 
to − 0.43; P < 0.05), GDP (R = − 0.55 to − 0.59; P < 0.05), and the 
percentage of urban and cropland (R = -0.32 to − 0.78; P < 0.05) in 
Kyrgyzstan and Tajikistan (Fig. 14d and e). With population growth, and 
urban and agriculture development, human activities can lead to habitat 
degradation by dramatically altering the Earth’s surface (Adhikari and 
Hansen, 2018). We predicted that cropland degradation (− 4.26% to 
− 72.33%) and urban expansion (+21.97% to +83.51%) would lead to a 
decrease in HQ (3.28%–13.58%) in the two mountainous countries 
(Fig. 7e and f; Fig. 9d; Fig. 12d–o), especially in the SSP245 scenario 
(Fig. 12h–k). 

4.2. Implications and suggestions for ecosystem-based management 

In the context of increasing future climate and socioeconomic un-
certainties, the interrelations between ecological processes need to be 
considered in ecosystem management policies (Groot et al., 2018; 
Morán-Ordóñez et al., 2020). Our research can be used to identify and 
alleviate future crises in ecological conservation areas caused by climate 
change, and provide reasonable management practices and measure-
ments for the public and policymakers. 

An important information/recommendation provided by this study is 
that the promotion and restriction between ESs should be treated as 
concerns for the integrity of the environment in CA, and different 
management strategies should be designed in accordance with the major 
interactions among the ESs. For example, the weak correlations between 
pairwise HQ, SC and CS were predicted to be strengthened in the two 
mountainous counties under future scenarios (Fig. 13j–o). This result is 
mainly because the increase in forestland (+5.3% to +30.25%) offsets 
the negative effects of degradation in cropland (− 4.26% to − 72.36%) 

and grassland (− 2.35% to − 5.96%) (Fig. 7e and f), which indicates that 
planting forestland can effectively promote synergy among biodiversity 
maintenance, carbon sequestration and erosion control (Fig. 14; Diaz 
et al., 2009; Domke et al., 2020; Matthews et al., 2002). Forestland has 
high tree species richness, high above and underground carbon den-
sities, and a high proportion of endangered vertebrate habitats (Buotte 
et al., 2020). Moreover, through the root system, dense canopy and 
litter-humus layer, forestland can effectively intercept rainfall and 
greatly reduce runoff and sediment losses (Liu et al., 2020). 

However, the increase in a large area of woodland could reduce the 
WY by breaking the balance among precipitation, evapotranspiration 
and runoff response of the system (Filoso et al., 2017), especially in areas 
vulnerable to long-term drought (Yu et al., 2010). Sun et al (2006) re-
ported that forestation practices may reduce WY by 50% in the semiarid 
Loess Plateau region in northern China. In this study, we observed that 
the significant positive correlations between WY and SC would be 
weakened (R = 0.21–0.29; p < 0.05) in Kyrgyzstan and Tajikistan 
(Fig. 13j–o; Table S8). Therefore, the spatial optimization of the pro-
portional allocation of different land-cover types is crucial for balancing 
multiple service relationships (Eichner and Pethig, 2006; Fagerholm 
et al., 2016). We suggest that (1) planting a certain proportion of 
woodland, water-saving shrubs and grassland on steep slopes would 
promote the synergy among water, carbon, soil and biodiversity services 
(Feng et al., 2020). (2) Land use policy makers should strictly protect 
croplands and strengthen the construction of basic croplands to ensure 
sustainable food supply in this region (Thenkabail et al., 2009). (3) 
Urban green space can be increased to reduce the negative effects of 
urban expansion on ESs (Chang et al., 2017). (4) A series of compen-
sation for ES (PES) policies can be implemented, including “Returning 
Grazing Land to Grassland”, to reduce the economic losses of residents 
through government subsidies (Zhang et al., 2019). 

Fig. 14. Impact of socio-ecological factors on the four ecosystem services. PPT: precipitation; TEM: temperature; DEM: digital elevation model; SL: slope; VC: 
vegetation coverage; PD: population density; GDP: gross domestic product; PC: percentage of cropland; PF: percentage of forestland; PG: percentage of grassland; PU: 
percentage of urban. 
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4.3. Strengths and uncertainties 

By linking climate, socioeconomic development and land-use de-
mand, we proposed a research framework coupling the SSPs-RCPs, FLUS 
and InVEST models (Fig. 3), and this framework provides powerful 
support for future ecosystem protection and sustainable development. 
Based on future land-use demand, the FLUS model had good perfor-
mance in capturing the heterogeneity of land-use patterns and exhibited 
a reasonable spatial distribution of land-use change under different 
scenarios (Fig. 6a–o). Unfortunately, some transition rules, such as a 
well-trained ANN model and conversion cost, are assumed to be fixed in 
the process of FLUS simulation, while these rules will be changed in the 
next 20 or 50 years (Liu et al., 2017). It is important to note that only 
four GCMs (CanESM5, IPSL-CM6A-LR, MIROC6 and MRI-ESM2-0 were 
used in this study (Table 1). Climate projections generated by different 
GCMs are one of the important sources of uncertainty in our assessment 
(Kim et al., 2020; Yazdandoost et al., 2020). To address these un-
certainties, we adopted multiple climate models to project a more 
comprehensive picture of climate change in the future. When combining 
RCPs and SSPs, we selected three scenarios (SSP126, SSP245 and 
SSP585), even if this approach limited the possibility of the other sce-
narios (O’Neill et al., 2016). We will put more effort into meeting this 
challenge in future work. 

In addition, the InVEST model has been widely considered to be 
suitable for multiple-scale ES assessment (Li et al., 2021; Redhead et al., 
2016), while the limitations of this model must be recognized. For 
example, based on the data available and the limited information for CA, 
we considered only the difference between precipitation and evapo-
transpiration, and ignored the eco-hydrological process caused by snow 
melt and glacier melt (Cong et al., 2020). In addition, the CS module 
does not consider changes in CS based on each land-use type (Sharp 
et al., 2018). The HQ module also ignores the collective impact of 
multiple threats and assumes only that all threats are additive (Moreira 
et al., 2018). In the future work, we need to open up the black box 
underlying the model tool and integrate more land surface ecological 
process models, such as arid ecosystem models (AEM; Zhang et al., 
2013) and Biome-BGCs (Han et al., 2018). 

Despite the above limitations, our study reveals the possible future 
land-use patterns and dynamic changes of key ESs in CA. These analysis 
results provide a solid scientific basis for coping with future climate 
change and socioeconomic development to achieve the coordination of 
social development and eco-environmental protection. 

5. Conclusions 

By integrating the FLUS and InVEST models, we projected the future 
(2021–2100) dynamic variations of WY, SC, CS and HQ services in CA 
under the SSP126, SSP245 and SSP585 scenarios. Future land-use sim-
ulations showed that cropland degradation and urban and forestland 
expansion will be the main forms of land-use change in CA. The 
spatiotemporal dynamics of ESs indicated that the four ESs exhibited an 
obvious decreasing trend across CA, especially in the SSP245 scenario. 
The correlation analysis demonstrated that similarities and differences 
in the synergies and trade-offs between ESs existed among different 
counties. Notably, the weak correlation between pairwise HQ, SC and CS 
will be strengthened in the two mountainous countries, while the sig-
nificant positive correlations between WY and SC will be weakened. 
Driver factor analysis suggested that WY, SC and CS were closely related 
to natural factors, while HQ was more easily disturbed by human ac-
tivities. To promote ecological environmental management, several 
suggestions were proposed for policy makers to strike a balance between 
natural resource protection and socioeconomic development. 
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