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Abstract: The robust carbon storage (CS) capacity of terrestrial ecosystems is crucial in mitigating
climate change and holds indispensable significance for global sustainable development. The diverse
topography of Central Asia (CA), comprising oases, grasslands, forests, deserts, and glaciers, has
fostered industries like animal husbandry, irrigation agriculture, and mining. However, the fragile
arid ecosystems of CA render it highly sensitive to climate change and human activities, with their
impact on the sustainable development of multifunctional landscapes in this region remaining
ambiguous in the future. This study linked land use changes with multiple socio-economic and
ecological indicators to predict the dynamics of land use and changes in CS in CA. The findings
reveal a significant spatial heterogeneity in CS, with considerable variations among five countries
driven by differences in landscape composition. Kyrgyzstan and Kazakhstan, characterized by
grasslands, demonstrate higher CS per unit area, whereas Turkmenistan, dominated by barren land,
exhibits the lowest CS per unit area. Strategies involving innovative development and improved
biodiversity conservation have proven effective in augmenting CS. Meanwhile, high economic and
population growth stimulates the expansion of cropland and urban land, reducing the CS capacity of
ecosystems. This study contributes to a more precise assessment of CS dynamics in CA. Furthermore,
by elucidating the interrelationships between future socio-economic development and environmental
conservation in CA, it offers solutions for enhancing the conservation of multifunctional landscapes
in CA.
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simulation

1. Introduction

With human activities accelerating the exploitation and utilization of land resources,
improper land use practices have altered the structure and function of terrestrial ecosys-
tems [1,2]. This alteration has resulted in various issues, including global warming, de-
creased biodiversity, heightened probability of disasters and diseases [3], and carbon loss [4].
By 2030, urban areas worldwide are projected to expand to three times their size in 2000,
which will result in a loss of 1.38 Pg C of vegetation biomass [5]. Additionally, by 2050, the
expansion of croplands is expected to cause a carbon loss equivalent to 2.9 times the annual
global carbon emissions [6]. These significant changes have brought formidable challenges
to achieving sustainable development worldwide.

Multifunctional landscapes represent complex and diverse systems influenced by both
human and natural factors [7]. Due to their capacity to provide various benefits including
regulating, provisioning, and cultural services [8], they have emerged as crucial agents for
achieving global sustainable development, thereby attracting widespread attention. Carbon
storage (CS), as one of the crucial regulating functions of multifunctional landscapes, plays
an indispensable role in maintaining ecological equilibrium since the ecosystems absorb
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and store carbon from the atmosphere, making a significant contribution to mitigating
climate change and other related issues [9]. Drylands, including arid, semiarid, and dry
sub-humid areas [10], cover 45% of the global land area [11], are a vital part of terrestrial
ecosystems, and govern the global land carbon sink [12]. Soil organic carbon (SOC) at a
2 m depth accounts for approximately 32% of global SOC [13]. The more active surface
SOC that is 0-30 cm deep accounts for 44% of global SOC. The overall CS, which includes
the aboveground and belowground plant CS and surface soil CS, constitutes about 30% of
the global carbon reservoir [14].

However, long-term water scarcity and intense solar radiation render dryland ecosys-
tems particularly vulnerable, making them more sensitive to environmental changes [15,16].
Precipitation has been demonstrated as a primary driving factor for vegetation growth in
arid regions [17,18], and meanwhile, the effect of temperature on CS in drylands remains
uncertain [18]. Drylands not only sustain over 30% of the global population, but 70% of it
is located in developing countries [13]. Given the projected exacerbation of global aridity in
the future and the estimated expansion of drylands from 45% to 50-56% of the global land
area by 2100 [11,19], there is a need to study the role of dryland ecosystems in maintaining
carbon balance. Additionally, further exploration is required to understand the response
of dryland ecosystems to climate change. The ecological processes of CS interact with
the evolving irrigation agriculture, animal husbandry, and mining industries, as well as
the dramatic shifts in climate conditions, underscoring their significant role in the global
carbon cycle.

Central Asia (CA) encompasses 80-90% of the world’s cold/temperate deserts, po-
sitioning it as a prominent arid region globally. Since its CS accounts for 18-24% of the
total CS of deserts and arid shrublands worldwide [20], CA plays a significant role in the
global carbon cycle. However, the strong heterogeneity in its vegetation and soil and the
lack of observational data have made it challenging to estimate its CS. The combined usage
of land use models and the Integrated Valuation of Ecosystem Services and Trade-offs
(InVEST) model has shown wide applicability in CS estimation studies. Remote sensing
methods offer extensive high-resolution surface information, thus aiding in providing a
comprehensive understanding of the spatial distribution and variations in CS from global
to local scales. Land use and land cover change (LUCC) is an intricate and dynamic mecha-
nism closely related to multiple factors such as socio-economic development and ecological
environment [21,22]. The Patch-generating Land Use Simulation (PLUS) model integrates
human and natural driving forces for land use simulation [23], thus offering a foundation
for novel approaches that can be used to study future land use and CS dynamics. Previous
studies have highlighted the impact of economic development and population growth on
CS as a key research focus. Recently, with increasing attention on climate issues, numerous
studies have utilized land use models and the InVEST model to predict changes in CS under
various climate scenarios [24]. While these studies provide valuable insights for developing
strategies to protect and enhance CS, CS dynamics are influenced by the interplay between
socio-economic development and natural environmental factors. Given the complexity
of these influences, the precise changes in CS remain uncertain. To promote harmonious
development of the society, economy, and environment, the United Nations General As-
sembly established 17 Sustainable Development Goals (SDGs) and provided 169 specific
targets in 2015 [25], while stipulating explicit indicators for the simulations of complex land
use system changes. The System Dynamics (SD) model enables the integration of multiple
dimensions within a land use system [26] while exhibiting a higher simulation accuracy
than other models [27].

In response to future climate change, the Intergovernmental Panel on Climate Change
has introduced a range of scenarios to predict the development of human societies. The
Coupled Model Intercomparison Project Phase 6 (CMIP6) combines Representative Concen-
tration Pathways (RCPs) with shared socio-economic pathways (SSPs) [28,29], providing
diverse scenarios for climate change and socio-economic impacts [30]. Researchers have
utilized these scenarios to simulate changes in CS, revealing substantial differences in
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CS dynamics across different scenarios [24,31]. Given the escalating environmental con-
cerns, these scenarios hold significant implications for achieving carbon neutrality and
global sustainable development. Accordingly, this study proposes a framework that inte-
grates population—economic—social-environmental indicators for land use forecasting while
elucidating the future patterns of CS in CA under varying socio-economic and climatic
contexts. This framework will enable the formulation of development strategies for CA
and contribute to sustainable development in the region.

2. Materials and Methods
2.1. Study Area Description

In this study, CA includes Kazakhstan, Kyrgyzstan, Tajikistan, Turkmenistan, and
Uzbekistan (Figure 1). It spans an area of about 4 x 10° km? and is located at the center
of the Eurasian continent, implying that it is positioned far from any ocean. The vast
mountain ranges in the western part of CA obstruct the moist air currents from the Atlantic
Ocean [32]. The region exhibits a typical continental climate, with hot and dry summers
as well as cold and humid winters. The geographical landscape of CA is intricate since
it spans from the Caspian Sea to the Altai Mountains and the Tien Shan Mountains, with
elevations gradually increasing from —134 to 6918 m. It encompasses various terrain types
including deserts, basins, oases, and mountainous regions.
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Figure 1. Topography map of CA.

2.2. Methods
2.2.1. Establishing a Framework for Population-Economy-Society—Environment Indicators

The introduction of shared socio-economic pathways (SSPs) has provided a new
developmental context for land use and land cover change (LUCC). These pathways, which
involve various aspects such as economy, population, energy, technology, education, and
environment, are closely related to LUCC. Based on the descriptions of SSP scenarios and
land use under these scenarios by Popp et al. [33] and O’Neil et al. [34], the related SDGs
are categorized into four primary groups: population, economy, society, and environment.
Specifically, population and economy are crucial factors in land system modeling [35].
Economic development encompasses various industries such as agriculture, fisheries,
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livestock, and forestry, with their outputs and values (SDGs 2, 8; for detailed definitions of
the specific goals, see Table S1 in Supplementary File S1) closely linked to the intensity of
land development [36].

Food security, infrastructure development, education, and innovation are key aspects
of social progress. The future food demand (SDG 2) is expected to continue increasing [37],
placing higher demands on the intensity of agricultural land use and agricultural tech-
nological innovation, which in turn leads to changes in cropland and forestland [38,39].
Infrastructure development (SDGs 7, 9) is a significant indicator of urbanization and tech-
nological progress, influencing both urban and rural development and indirectly affecting
other land types [40]. Education levels (SDGs 1, 4) impact population size and structure [40],
indirectly affecting land use changes. Innovation is primarily reflected in resource use
efficiency (SDGs 6, 7) and technological advancements (SDGs 8, 9). In terms of resource effi-
ciency, improving water use efficiency is crucial for maintaining sustainable ecosystems [41],
while land use and related human activities influence water resource distribution [42]. Re-
garding energy efficiency, promoting clean energy and enhancing energy use efficiency can
reduce reliance on fossil fuels, thereby mitigating the dramatic LUCC caused by energy
extraction and contributing to achieving negative emissions [39,43].

In terms of the environment, greenhouse gas (GHG) emissions (SDG 13) are one
of the core indicators of SSP scenarios, closely linked to climate change and land use
changes [44]. Additionally, biodiversity (SDG 15) is a critical environmental issue. With
increasing urbanization, habitats for various species have faced significant reduction and
fragmentation [45]. SDG 15 provides specific quantitative targets for habitat protection,
reflecting changes in forests, water bodies, and other habitats.

Accordingly, we have categorized the relevant indicators from SDGs into four primary
groups (population, economy, society, and environment), which are further subdivided
into six secondary indicators; overall, there are twenty-two specific indicators (Table S1).
To assess the development level of CA across different population, economic, social, and
environmental dimensions, we have normalized the abovementioned indicators. The
calculation method follows the guidelines presented in the SDG Index and Dashboards
Detailed Methodological Paper [46].

This intricate model was constructed as a System Dynamics (SD) model using Vensim
PLE 9.4.0 (https:/ /vensim.com, accessed on 7 June 2023) and encompasses four subsystems:
population, economy, society, and environment. Historical data from 2001 to 2015 were
processed using ridge regression methods to eliminate collinearity and determine the
relationships between various variables (Figure S1). Owing to the different development
levels and development patterns among the five countries, the regression equations used
for the indicators within the model exhibit variations (Table S2). During Uzbekistan’s
economic development from 2001 to 2015, the protection of aquatic areas was overlooked,
leading to a drastic reduction in these areas at a rate of 47.2%. This led to negative values
for the projected aquatic area under SSP245 and SSP585 scenarios. To address this issue,
the projected aquatic area for 2015 was treated as a constant to represent the aquatic area
for the SSP245 and SSP585 scenarios from 2015 to 2030.

2.2.2. Evaluation of the SD Model
Accuracy Test

To test the model, accuracy verification was conducted by comparing simulated data
with actual area measurements from 2001 to 2015 for all five countries [47].

Global Sensitivity and Uncertainty Analysis

Sensitivity analysis identifies the contribution of each parameter to the output, while
uncertainty analysis assesses the range of output uncertainty, both of which are crucial for
model validation and confirmation [48]. Sensitivity analysis includes both local sensitivity
analysis and global sensitivity analysis [49,50]. While local sensitivity analysis involves
changing one parameter at a time, global sensitivity analysis allows multiple parameters
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to vary simultaneously, comprehensively assessing the impact of individual parameters
and their combinations on the output [51]. Therefore, this study employs Sobol sensitivity
analysis to examine the sensitivity of different factors to the output [52].

In terms of uncertainty analysis, Monte Carlo simulation is commonly used to calculate
cumulative distribution functions for assessing output uncertainty [51,53].

2.2.3. Assessment of Future Development under Various Scenarios in CA

For 2023 to 2030, future land use quantities have been projected based on the different
scenarios of SSPs by taking into account each country’s development level. SSPs, which
describe the future changes in population trends, human development, economy and
lifestyles, policies and institutions, technology, environment, and natural resources [34],
align closely with the framework of population-economy-society—environment established
in this study. CMIP6 combines SSPs with Representative Concentration Pathways (RCPs),
with SSP126, SSP245, and SSP585 scenarios representing sustainable development, the
continuation of historical trends, and high-speed development, respectively, each embody-
ing typical characteristics [47,54]. Therefore, this study selects these three scenarios for
simulation purposes.

The SSP126 scenario outlines a sustainable pathway with low GHG emissions [29,43].
Its core features involve a commitment to achieving SDGs with a strong focus on human
well-being. This scenario emphasizes infrastructure development and investments in
education and healthcare, thus aiming to achieve a slowdown in population growth. It
also places an emphasis on technological advancements and the utilization of renewable
energy sources. Consequently, economic development gradually accelerates and resource
efficiency improves. Additionally, an increased environmental consciousness leads to
enhanced air quality and biodiversity [34].

In the SSP245 scenario, which represents the “middle of the road” pathway, there are
no significant departures from the historical trends of social, economic, and technologi-
cal factors [34]. Consequently, the indicators for this period are set to at least reach the
maximum levels of the current era. If a given indicator has already reached its maximum
level or is near it, the historical trend is continued. The process of achieving SDGs is
slower in this scenario, which is reflected in areas such as education and infrastructure
development. Technological advancements are not radical and only moderately improve
resource efficiency while lacking any significant technological innovation. The required
demographic transition is successfully achieved, resulting in moderate population growth.
However, insufficient progress in education levels contributes to the persistence of pop-
ulation growth [34]. The moderate development trend leads to a continuous decline in
pollution control and biodiversity enhancement. Environmental indicators in this scenario
are set to be slightly higher than SSP585 if historical trends are positive; however, if they
are negative, the indicators continue to exhibit historical trends [29,43].

The SSP585 scenario portrays a pathway of rapid development and high GHG emis-
sions. In this scenario, countries heavily invest in education and infrastructure develop-
ment [34], and these indicators are set higher than those in the SSP1 scenario due to rapid
economic growth. Economic growth is driven by energy-intensive industries and heav-
ily relies on fossil fuels. Therefore, resource efficiency improvements are relatively slow,
positioned between the first two scenarios. Given that SSP5 exhibits a higher economic
growth rate than SSP1 and emphasizes competitive markets and sustainable development
innovation, technological advancements are rapid and exceed those achieved under the
SSP1 scenario. Fertility rates drop rapidly in developing countries, and the lowest popu-
lation growth rate is observed in this scenario. While technology development alleviates
local environmental issues, global environmental concerns are less prioritized, leading to a
lower habitat quality [54,55]. Greenhouse gas emissions are significantly higher in SSP5
compared to those in other scenarios [29], resulting in two environmental indicators being
lower than the current levels.
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Based on the development levels and various scenarios in the SD model, scores are
assigned to each indicator to determine the future land usage quantities for the five Central
Asian countries (Figure 2).
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Figure 2. Indicator scores under different scenarios in five Central Asian countries. FS: food security;
IN: infrastructure; ED: education; WE: water efficiency; EE: energy efficiency; TI: technology inno-
vation; PC: pollution control; BI: biodiversity. Due to the absence of statistical data, the impact of
education indicators was not considered for Turkmenistan.

2.2.4. Spatial Simulation of LUCC and Validation

The spatial simulation of land use was performed in the PLUS model V1.4 by using
multi-year land use, natural, and socio-economic data (Table 1). After undergoing projection
transformation and clipping in ArcGIS 10.8, the aforementioned data were uniformly
transformed into raster data at a spatial resolution of 1 km x 1 km (Figure 3). Initially, the
relationship between LUCC and various driving factors was explored using historical land
use data from two periods, which yielded development probabilities for different land use
types and unveiled the contributions of different driving factors. Subsequently, using the
multi-type random patch seeds, simulation patches were autonomously generated based
on the abovementioned development probabilities and neighborhood weights for each
land use type by adhering to the constraints imposed by these probabilities [23].

To explore the influence of future climate change on CS dynamics, future precipitation
and temperature data were obtained by the CMIP6 project (SSP126 SSP245 SSP585) by
using 100 km of climate datasets (https://esgf-node.llnl.gov/search/cmip6/, accessed on
28 June 2023). To unify data accuracy, the results were resampled for a 1 km x 1 km area,
which ensures consistency with the resolution of the 2015 dataset.
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Table 1. Data used in the PLUS model and their sources.

Category Data/Maps Year Description Data Source
European Space Agency Climate Change Initiative
Land use Land cover data 2015 300 m https:/ /www.esa-landcover-cci.org/
(accessed on 21 June 2023)
WorldClim version 2.1
Elevation 2000 30” http:/ /www.worldclim.org/
(accessed on 11 June 2023)
Slope 2000 30” Calculated from DEM
Aspect 2000 30” Calculated from DEM
Natusal A?;r;iglej;eur :ege 1970-2013 - Climatologies at high rfesolution for the earth’s land
: S surface areas
en;l;i‘(()ir;rtr;en- Annual Precipitation https:/ /chelsa-climate.org/ (accessed on 21 June 2023)
Topsoil pH FAO, Harmonized World Soil Database v 1.2
Topsoil sand fraction 2008 30" https:/ /www.fao.org/soils-portal /
Topsoil clay fraction (accessed on 21 June 2023)
Institute of Geographic Sciences and Natural Resources
River 2005 Research, CAS
https:/ /www.resdc.cn/ (accessed on 21 June 2023)
Earth Observation Group Annual VIIRS
. . . ” nighttime lights V2.1
Nighttime lights 2015 15 https:// eogdﬁta.mines‘.gedu /products/vnl/
(accessed on 21 June 2023)
Kummu, Matti; Taka, Maija; Guillaume, Joseph H. A.
(2020). Data from: Gridded global datasets for Gross
s " Domestic Product and Human Development Index over
e GbP 2015 30 19902015 [Dataset]. Dryad.
https:/ /doi.org/10.5061/dryad.dk1j0
(accessed on 21 June 2023)
NASA, Gridded Population of the World, v4
Population 2015 30” https:/ /sedac.ciesin.columbia.edu/
(accessed on 21 June 2023)
Road 2005 CAS
Railway 2005 https:/ /www.resdc.cn/ (accessed on 21 June 2023)

(a) Elevation A (b) Slope A (e) Aspect, A (d) Temperature A

(e) Precipition A (f) Topsoil pH

I (h) Nighttine 1ights i
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Figure 3. Driving factors.
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2.2.5. Assessment of CS

The CS and sequestration module of the InVEST 3.1.3.0 model was used to estimate
and analyze the CS in all five countries under multiple scenarios. The carbon sink estimates
determined using the InVEST model included four basic carbon pools [56]. Meanwhile, CS
values were calculated by formulas given in Supplementary File S2.

2.2.6. Identification of Spatial Patterns of CS

In ArcGIS, the Getis-Ord Gi* statistic is used to identify cold spots (low-value cluster-
ing) and hot spots (high-value clustering), which in turn elucidate the spatial distribution
characteristics and time variation rules of CS.

Furthermore, the factor detector in the GeoDetector model system is used to analyze
the relationship between climate factors and CS as follows:

L 2
N,
g=1- Li—1 Nuy =1— SWW 1)
No? SST
L
SSW = Y_ Nyoj, SST = No* 2)
h=1

where h =1, ..., L represents the classification of variables; Nj, and N are the number of
units in layer / and the entire area, respectively. 02 and o are the variances of layer h and
CS, respectively. SSW and SST represent the sum of squares and the total sum of squares,
respectively. The range of g is [0, 1]; the larger the value, the stronger the explanatory
power of climate factors for CS.

3. Results
3.1. LUCC from 2001 to 2030 under Various Scenarios

Comparing the actual value from 2001 to 2015 with the predicted results of the SD
model reveals that the errors are mostly within 5% (Table S3 in Supplementary File S1).
Owing to the smaller construction land area in Turkmenistan (128.7 km?) in 2001, an error
of 6.19% is observed, which is still reasonable. Meanwhile, the simulation accuracy is
relatively high, which demonstrates the reliability of the SD model.

The results of the global sensitivity analysis indicate significant differences in the
factors influencing LUCC among different land use types and across the five countries
(Figure S2 in Supplementary File S1). Total sensitivity index (ST;) and the first order
sensitivity index (S;) were closely aligned, showcasing the degree of sensitivity of the
output to different parameters. Overall, croplands exhibited a heightened sensitivity to
factors such as food demand, food security, biodiversity, and water efficiency. Meanwhile,
forested areas demonstrated a high sensitivity to infrastructure development, cropland,
energy efficiency, and biodiversity. Grasslands were particularly sensitive to population
dynamics, the gross output value of livestock, and biodiversity. Urban areas showed
primary sensitivity to GDP, infrastructure development, and pollution control. Additionally,
water exhibited sensitivity to resource efficiency and biodiversity. Uncertainty analysis
demonstrated the output ranges and the probability of output for different land use types
from 2001 to 2015 (Table S4, Figure S3 in Supplementary File S1).

The combined area of each land type from the five countries indicates significant
differences in future land use changes under different scenarios in CA (Figure 4). Rapid
growth in population and economy leads to the fastest increase in cropland with a growth
rate of 6.89% (Figure 4a) and urban land with a growth rate of 336.73% (Figure 4d) under
the SSP585 scenario. Meanwhile, due to the significance of livestock husbandry as a major
economic source in CA, the growth rate of grasslands (2.31%) also reached its peak under
SSP585. Forested areas are effectively protected under the SSP126 scenario (Figure 4b),
exhibiting a growth rate of 17.37% and providing a 0.34% increase in the proportion
of land area for SDG15.1.1. However, forestlands suffer varying degrees of loss, with
rates of —3.21% (SSP245) and —8.8%(SSP585), respectively, in the other two scenarios
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(Figure 4b). Despite a continuous increase in water areas from 2015 to 2030 in the SSP126,
there remains a declining trend compared to the 2000s (—7.21%), with a more severe
reduction in water areas (—17.07% to —17.4%) under other scenarios (Figure 4f). Owing to
ongoing urban development and different degrees of land use conversion, the area of bare
lands consistently decreases (—9.6% to —6.19%) across all three scenarios (Figure 4e).

:23’888“ (a) Cropland 95,000, (b) Forestland
bl 90,000
& 870,000
£ 860,000/ 85,0001
g 850,000 80,000
< 840,000
830,000 75,0001
820,000 70,000
2000 2005 2010 2015 2020 2025 2030 2000 2005 2010 2015 2020 2025 2030
2 070.000] (c) Grassland 18,000 (d) Urban
—~ 2,060,000 15,000
E 2,050,000 12,000
% 2,040,000 5000
3 2,030,000 1
2,020,000 6000
2,010,000 3000
2000 2005 2010 2015 2020 2025 2030 2000 2005 2010 2015 2020 2025 2030
1,040,000 (e) Barren p— (f) Water
1,020,000 g
€ 1,000,000 140,000+
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920,0001— ; : , , ; ; ; ; ; : : : :
2000 2005 2010 2015 2020 2025 2030 2000 2005 2010 2015 2020 2025 2030
Year Year
—— SSP126 —— SSP245 —— SSP585

Figure 4. Predictions of various land use types in multiple scenarios.

Based on the land use areas predicted above, the PLUS model simulated the future
distribution of land use (Figure 5). After verification, the kappa coefficients and overall
accuracy of LUCC in all five countries exceeded 90%, indicating the excellent applicability
of the model. From a spatial perspective, grasslands dominate the central and southeastern
regions of CA, while barren land is concentrated primarily in the southwest. Forestland
is mainly located in the Altai Mountains, Tian Shan Mountains, and Pamir Plateau areas.
Cropland is predominantly distributed in the northern and southern parts of CA. Water
bodies and urban land are scattered throughout the region.

(c) 2030, SSP126 (d) 2030, SSP245 (e) 2030, SSP585

N Legend
0 500 1000 2000
A — — T Cropland [l Forestiand [ Grassland [l Urban [ | Barren Il Water

Figure 5. Actual spatial land use patterns: (a) 2001, (b) 2015; simulated spatial land use patterns:
(c) SSP126, (d) SSP245, (e) SSP585.
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3.2. Simulated Carbon Storage in CA

By adopting the Integrated Valuation of Ecosystem Services and Trade-offs (InVEST)
model, CS and its spatial distribution for the year 2030 were calculated under three different
scenarios. Overall, CS in CA shows an increasing trend. CS exhibits the highest growth
in the SSP126 scenario (1033.5 Tg), which is followed by that in SSP245 (700.7 Tg) and
SSP585 (617.2 Tg). According to the land use conversion matrix between 2001 and 2030 in
CA (Figure 6), various scenarios of land use conversion have shown differing intensities
and characteristics. Notably, urban expansion has encroached upon over half of cultivated
lands, with proportions of 57.6% in SSP126, 51.1% in SSP245, and 67.6% in SSP585, leading
to a significant decrease in SOC. In the SSP126 scenario, 11.34% of grasslands are converted
to urban land, with 4.57% converted to cropland. This is followed by the SSP245 scenario,
where grasslands are encroached upon by urban areas (17.35%) and cropland (7.36%). The
rapid economic growth depicted in SSP585 leads to better preservation of grasslands, with
only 5.66% and 4.46% being converted to urban and cropland, respectively. Additionally,
barren land partially compensates for the loss of grasslands, contributing to the restoration
of carbon storage. Forested areas suffer the most severe losses in the SSP585 scenario (0.77%),
followed by SSP245 (0.56%) and SSP126 (0.46%), making them significant contributors
to carbon loss in CA. Moreover, restored barren lands represent substantial proportions,
accounting for 21.71%, 10.92%, and 12.85% of the total area in SSP126, SSP245, and SSP585,
respectively. The recovery of forests and grasslands facilitates an increase in CS, with this
effect particularly pronounced in the SSP126 scenario.
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Figure 6. Chord diagrams representing the conversion rates of different land use types and land
covers during 2001-2030: (a) SSP126, (b) SSP245, and (c) SSP585.

There are notable differences in CS changes among the states or regions of the five
countries (Figure 7). The main country contributing to the increase in CS in CA is Kaza-
khstan. In all scenarios, CS in all regions of Kazakhstan demonstrates a positive growth
trend. Based on the land use transition matrix and global sensitivity analysis results
(Figure S2 in Supplementary S1), it is projected that, driven by future economic growth,
18.92% to 28.54% of barren land in Kazakhstan will be converted to grassland, thereby
increasing CS. Forestland shows high sensitivity to changes in energy efficiency and urban
land use, with 0.15% to 0.37% of cropland being restored to forest. Karaganda, Qyzylorda,
and Mangghystau stand out with the most pronounced increases in CS. The substantial
expansion of cropland in Qyzylorda, driven by rapid economic growth, has led to a re-
markable surge in CS, surpassing the SSP126 scenario (35.8 Tg) in SSP585 (53.8 Tg), while
in most regions, the CS increase in the SSP126 scenario exceeds that in other scenarios.
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Figure 7. CS change in the states, provinces, or regions of five countries under different scenarios,
excluding those with unchanged CS.

Kyrgyzstan is responsible for the highest carbon losses in the SSP245 and SSP585
scenarios, which lead to the largest reductions in CS in CA. Influenced by infrastruc-
ture development, biodiversity, and resource efficiency, 4.37% to 7.44% of forestland is
projected to be converted to cropland. Additionally, under the SSP126 scenario, 36.45%
of barren land is expected to be restored to forest, particularly in the Naryn (37.9%).
Driven by biodiversity and pollution control, cropland is anticipated to expand by 0.6% to
2.23%, resulting in some carbon loss, especially in Jalal-Abad under the SSP585 scenario
(—83.01 Tg).

In all regions of Turkmenistan, significant positive growth is observed across different
scenarios. Biodiversity and resource efficiency primarily drive the restoration of 4.17%
to 14.13% of grassland, particularly under the SSP126 scenario, where 12.38% of barren
land is restored to grassland, increasing CS. The most significant increases are seen in the
Balkan (128.5 Tg) and Lebap (43.86 Tg). Urban expansion is mainly influenced by energy
efficiency, with the least expansion under the SSP126 scenario (1.51%). Under the SSP585
scenario, 2.29% of other land is projected to be converted to urban land, resulting in some
carbon loss. All regions of Turkmenistan are experiencing significant positive growth, with
Balkan (128.5 Tg) and Lebaq (43.86 Tg) showing a particularly notable increase in CS due
to rapid grassland expansion in SSP126. Similar situations are observed in regions such as
Lebap (43.9 Tg) and Mary (15.3 Tg). The changes in CS are not significant in most regions
of Tajikistan and Uzbekistan, while Qaraqalpagstan and Navoiy experienced some increase
under S5P245 and SSP585 due to the conversion of water to barren land and the expansion
of cropland.
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3.3. Spatial Patterns and Climate Change Response of CS

From a spatial perspective, the overall distribution of CS is similar across the three
scenarios; that is, a lower CS is observed in the southwest region, and a higher CS is
observed in the northern and northeastern regions (Figure 8).

(a) SSP126, 2030

(b) SSP245, 2030 (c) SSP585, 2030

CS per pixel (Mg)
0 8000 8100 9000 10,000 50,251

(d) SSP126, 2030

(e) SSP245, 2030 (f) SSP585, 2030

N
A 0300 1000 2000km CS change per pixel (Tg) .

0.05 -0.05

Figure 8. Spatial distribution of CS (a—c) and CS change (d—f) in CA under three scenarios.

To further explore the spatial distribution characteristics of CS, the Getis-Ord Gi
statistic was employed to assess the spatial variation of CS from 2001 to 2030 (Figure 9).
Over the past 30 years, cold spots have consistently clustered in the southwestern region
of CA, including Mangghystau and Qyzylorda in Kazakhstan, the northwestern region of
Uzbekistan, and the entire territory of Turkmenistan. Apart from the confidence level of
Mangghystau increasing from 95% to 99% in the SSP585 scenario, these cold spots remained
stable throughout the 30-year period.

Hot spots are mainly gathered in the southeastern region of CA, encompassing south-
eastern parts of Kazakhstan, Kyrgyzstan, and a significant portion of Tajikistan. Within
these hot spots, South Kazakhstan exhibits an unstable hot spot pattern. The changes in
CS hot spots are comparable in the SSP126 and SSP245 scenarios. In Almaty, the confi-
dence level transitions from 95% to 99%. The hot spot confidence levels associated with
the Districts of Republican Subordination and Khatlon in Tajikistan shift from 95% to an
insignificant value. In the SSP585 scenario, the hot spot confidence level of East Kazakhstan
increases from 90% to 95%.

Overall, the spatial distribution of CS exhibits relatively stable cold and hot spot
patterns from 2001 to 2030. There is a strong spatial heterogeneity, and the spatiotemporal
changes in CS vary across different scenarios.

The CS patterns are closely related to climate change [57,58]. By using the GeoDetector
model system to explore the factors influencing the average CS values from 2001 to 2030, it
was found that temperature and precipitation passed the significance tests (p < 0.05) across
all three scenarios. Moreover, these climate factors exhibited strong explanatory powers
(q value) for the spatial distribution of CS (Table 2).
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Figure 9. Distribution of cold and hot spots for CS in 2001, 2010, 2020, and 2030 (for three scenarios).

Table 2. g values of climate factors influencing CS.

S . Temperature Precipitation
cenaro q Statistic p Value q Statistic p Value
SSP126 0.491 0.000 0.528 0.000
SSP245 0.324 0.028 0.490 0.000
SSP585 0.505 0.000 0.439 0.000

Comparing the temperature and precipitation data revealed that the spatial distribu-
tion of hot and cold spots associated with CS aligns with the distribution of temperature
hot spots and precipitation cold spots. Temperature hot spots roughly coincide with the CS
cold spots, while temperature cold spots and precipitation hot spots generally overlap with
the CS hot spots (Figure 10).
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Figure 10. Distribution of the cold-hot spots for climate factors in CA.

4. Discussion

Remote sensing methods are commonly used to assess the CS of an ecosystem. Pre-
vious studies have mainly focused on either LUCC [59] or the changes in CS that occur
due to LUCC under different population and economic influences [47,60]. However, LUCC
combines complex interactions among population, economy, society, and environment;
thus, the mechanisms that govern CS changes are highly intricate and have not been ad-
equately considered in previous studies. In this study, based on the actual development
status of the five Central Asian countries and by taking into account the high uncertainty
of the future climate in CA [61], we utilized SDGs to quantify multiple indicators such as
technical innovation, education, and pollution control, which are involved in SSPs and
RCPs. In different scenarios, CS in CA is expected to undergo varying changes, providing
crucial references for future development.

4.1. Progress in Socio-Economy and Environment Influences on CS in CA

High GDP growth rates often lead to ecological degradation and reduced CS [62,63].
In this study, the economic growth rate of SSP126 is higher than that of SSP245; however,
the CS of SSP126 is 1.71 times that of SSP245. This result has also been observed in recent
studies: Wang et al. (2022) [47] utilized the PLUS model to predict the CS changes in
Bortala, Xinjiang, demonstrating that a moderate GDP growth rate and a low population
growth rate favor an increase in CS based on LUCC. Similar views were proposed by Yang
et al. (2020) [26], who concluded this result as an outcome of moderate urbanization and
technological development. Building upon previous research findings, we substantiate
that innovative development indeed promotes CS growth. Furthermore, education and
environmental factors also play significant roles in this regard.

1. Innovative development, which is one of the driving forces behind LUCC [64],
influences energy efficiency, industrial structure, consumption patterns, etc. Central Asian
countries are rich in natural resources such as oil, coal, and natural gas [65]; however,
extraction processes involving heavy equipment such as vehicles have caused surface
disruption, leading to the replacement of vegetation and soil with impermeable surfaces.
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Such replacements damage the carbon sequestration function of the vegetation and result in
water resource losses, thereby contributing to artificial carbon emissions [66]. Technological
innovations and energy transitions can reduce dependence on fossil fuels and alleviate
the ecological footprint [67]. However, the current progress of energy transition in the
five Central Asian countries is sluggish [68], and active transitions can aid in ecosystem
restoration and enhance carbon sequestration.

2. Education, a crucial determinant of population structure and size [69], is a necessary
prerequisite for economic growth [70] since it drives social innovation, development, and
progress [71]. Simultaneously, educational attainment also shapes people’s understanding
of forestry production [72,73], thereby preventing forest resource degradation or defor-
estation to some extent [74]. This contributes positively to the sustainable management of
forest resources and can have profound indirect impacts on CS.

3. The relationship of environmental factors and land use with carbon is intricate and
complex [75]. On one hand, anthropogenic activities such as fossil fuel combustion and
agricultural practices have led to climate warming since the advent of the Anthropocene,
while significantly reducing soil organic matter globally and decreasing NPP in arid forest
regions due to water limitations [76]. Reducing greenhouse gas emissions not only controls
urban expansion resulting from industrial activities but also enhances the CS capacity of
ecosystems. On the other hand, biodiversity is a crucial component of global sustainable de-
velopment. Plant diversity influences the balance between gross primary productivity and
respiration, thus impacting the overall productivity of ecosystems [77]. Strong correlations
have also been observed between biomass carbon and amphibian, avian, and mammalian
diversities (rs = 0.82) [78], highlighting the connection of biodiversity conservation with
CS enhancement. In many developing countries, economic growth takes precedence over
everything else. However, our research indicates that improving education levels, increas-
ing energy efficiency, focusing on technological innovation, and pursuing environmental
sustainability can incentivize economic growth and realize ecological preservation, thereby
promoting the increase in CS.

4.2. Enhance Water Resource Management to Better Address the Challenges of Complex
Climate Change

Temperature and precipitation, which are key factors influencing vegetation growth,
tend to promote CS accumulation [75,79]. However, between 1979 and 2011, the warm-
ing rate in CA (0.4 °C decade™!) was significantly higher than the global warming rate
(0.29 °C decade!) and precipitation sharply decreased (5.8 mm a~!) [20,80]. By the end of
this century, more frequent extreme heat events and intensified droughts are projected [81].
These adverse factors collectively impact the stability of arid ecosystems, leading to is-
sues such as vegetation degradation and soil quality decline [82]. Yan and Li (2023) [83]
demonstrated that among climate variables, precipitation has a stronger impact on the
NPP of arid land vegetation than temperature. Using a geographic detector, we found
that under the SSP126 (qprec = 0.52, gtemp = 0.49) and SSP245 (gprec = 0.49, Gtemp = 0.32)
scenarios, precipitation has a greater influence on CS; this is unanimous with the results
of previous studies. Additionally, Li et al. (2013) [84] indicated that climate has a positive
impact on the vegetable organic carbon (VEGC) content in temperate coniferous forests
of the mountain belt in northern Xinjiang, while reducing the VEGC content in lowland
temperate broadleaf forests. This suggests that climate has complex impacts on regional
carbon dynamics in arid areas. However, given the intricate climatic context of CA, the
response of CS to climate remains uncertain.

Water resources, which are a critical limiting factor for vegetation growth in arid
lands [85-87], directly govern the productivity of plants by influencing their photosynthetic
characteristics and rates [88,89]. Meanwhile, increased precipitation can affect microbial
activity, accelerate soil chemical reactions, reduce soil respiration rates, and increase SOC
content [90]. Between 2001 and 2030, the cold spots of CS in CA radiate outward from
the core regions of the Karakum Desert and the Kyzylkum Desert. These areas are the
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hottest and driest regions in CA, where inadequate precipitation has led to substantial
biomass loss in the deserts [91]. The Amu Darya and Syr Darya rivers, which are crucial
water sources for these deserts, have been excessively exploited since as early as 1960. The
reduced flow of these rivers due to climate change and the shrinking of the Aral Sea have
transformed the delta regions of these rivers into unproductive deserts [92]. The delta soils
of Amu Darya are heavily salinized, exacerbating desertification problems and significantly
reducing ecosystem productivity [93,94].

CS hot spots are notably concentrated in the Altay Mountains, Tien Shan Mountains,
and Pamir Plateau. Abundant water from glaciers, suitable climate, and vertical zonation
have fostered rich grassland and forest resources in this region [95]. CS is significantly
higher in this area than in other regions. However, regions such as Almaty, East Kazakhstan,
Khatlon, and the Districts of Republican Subordination are unstable high-CS areas and
are more susceptible to the impacts of climate change and human activities in the future.
Although Kyrgyzstan is a CS hot spot, it exhibits the most severe carbon loss within the
studied 30-year period under the SSP245 and SSP585 scenarios primarily due to intense
human activities such as agriculture and energy extraction.

Interestingly, results for the SSP585 scenario differ from the findings of previous
studies; that is, temperature has a greater impact on CS than precipitation (qpm = 043,
Gtemp = 0.50), which indicates that there may be a tipping point for the impact of climate on
dryland CS. Although plants can obtain some limited relief through rainfall when subjected
to high temperature stress [96], excessive temperatures can injure plants and lead to other
irreversible effects [97,98]. Meanwhile, Albaladejo et al. (2013) [99] revealed that there is
no significant relationship between the SOC content in farmlands and precipitation, while
concluding that the impact of precipitation on shrubs is unknown. However, they did
confirm that an increase in temperature reduces the SOC content of farmland and shrubs;
thus, our result is reasonable.

The climate and CS in CA are highly heterogeneous; thus, targeted measures are
needed to protect and restore the ecosystems in these regions and mitigate the adverse
effects of climate change. Strengthening water resource management is bound to be a
key strategy, while appropriate land management and conservation measures also need
to be implemented to maintain the stability of CS and promote the health of ecosystems.
Agriculture in CA is primarily focused on irrigated farming and animal husbandry. Water
resources are crucial for the development of irrigation farming. In order to address the
challenges posed by future climate change and the scarcity of water resources in arid areas,
it is essential to enhance water utilization efficiency to reduce the risk to food security in CA.
On the other hand, the expansion of croplands releases a significant amount of carbon [6].
Additionally, the extra fertilizer production, transportation, and electricity consumption
generated by irrigation agriculture also contribute to carbon emissions [100]. Therefore,
sustainable agricultural practices such as straw recycling and regulated fertilization need
to be adopted to mitigate the negative environmental impacts of irrigated agriculture [101].

Furthermore, since grassland ecosystems are highly fragile and water resources in CA
are scarce, intensive grazing can reduce NPP of plants and generate an unknown amount
of carbon emissions [102,103]. Thus, despite their excellent CS capacity, grasslands can
still become carbon sources [104]. Livestock husbandry is one of the key industries in CA
because its vast grasslands encompass the world’s largest continuous pastureland [103].
Although rapid economic growth has prompted the sustained expansion of grasslands,
over the past 12,000 years, degraded pastures in arid lands have been a major hot spot
for global carbon loss [105]. Therefore, in addition to controlling the grazing intensity,
avoiding overgrazing, and regular rotation of grazing areas, enhancing water resource
efficiency through proper irrigation management and water conservation to maintain
adequate water supply for grasslands is also crucial for reducing grassland degradation
and carbon emissions.
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There are many transnational water bodies distributed in CA; thus, future research and
policy development will need to strengthen transnational and interdisciplinary cooperation
to address these complex issues, enhance CS, and achieve SDGs.

4.3. Limitations and Future Prospects

Although the seasonal variability of climate significantly impacts the CS of any ecosys-
tem, the INVEST model does not account for the influence of seasonal changes on carbon
density, and diverse climate conditions across different seasons introduce considerable
variation. This limitation restricts the accuracy of predictive outcomes. In the future, a more
comprehensive integration of process-based modeling methods is necessary to simulate CS
and its dynamics in drylands. Furthermore, investigating the response mechanisms of CS
in arid land toward climate change requires additional research.

5. Conclusions

This study established a comprehensive framework integrating population, econ-
omy, society, and environment to predict LUCC and future CS dynamics under three
typical scenarios in CA. The results indicate that population and economic growth, so-
cial development, and environmental protection influence future CS changes. Unre-
stricted growth in economy and population would decrease CS; however, promoting
CS enhancement through innovative development, education, and environmental protec-
tion, while simultaneously considering economic development, is essential for achieving
sustainable development.

Under the backdrop of future climate and socio-economic changes, drylands will face
sustained challenges, necessitating enhanced water resource management and human-
induced activities such as agriculture and mining to strengthen the ecological stability and
service capacity of multifunctional landscapes. The CS prediction framework established in
this study provides a comprehensive reference for the future development direction of CA,
contributing to the enhancement of CS in multifunctional landscapes and the realization of
sustainable development in CA.
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