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Study on the spatio-temporal
dynamics of forest carbon
sources and sinks in Xinjiang
based on process models and
their climate response
mechanisms

Jia Zhou'!, Mei Zan'?*', Lili Zhai*, Jian Ke! and
Zhonggqgiong Zhao!

tSchool of Geographic Science and Tourism, Xinjiang Normal University, Urumgi, China, Xinjiang
Laboratory of Lake Environment and Resources in the Arid Zone, Urumgqi, China

Net Ecosystem Productivity (NEP) serves as a critical metric for evaluating
the carbon sequestration capability of forest ecosystems. As a vast territory
forming a vital ecological shield in northern China, Xinjiang possesses notably
complex and varied forest environments, making an assessment of its ecosystem
carbon cycle's spatial patterns and climatic responses highly significant. This
study employed the Integrated Terrestrial Ecosystem Carbon-budget (INTEC)
model, driven by multi-source remote sensing and reanalysis datasets for
meteorology, vegetation, soil, and topography, to simulate the spatiotemporal
dynamics of Xinjiang's forest NEP from 1901 to 2060. Using trend and partial
correlation analyses, this study examined the spatiotemporal evolution of forest
NEP and its response to changing climatic factors under three representative
concentration pathways from the Coupled Model Intercomparison Project
Phase 6 (CMIP6): SSP126, SSP245, and SSP585. The results indicate that: (1)
For the 1901-2022 period, the average forest NEP in Xinjiang was 47.81g
C-m_z-yr_l, demonstrating a fluctuating upward trend at an average rate of
0.52¢ C-m_z-yr_l. The overall spatial pattern showed higher values in the east
and north compared to the west and south. (2) The carbon fixation potential
of Xinjiang's forests under the SSP126 scenario is projected to be considerably
higher than under other scenarios. The mean annual NEP values for 2023-
2060 are estimated to be 122.88, 114.28, and 108.54g C~m*2~yr*1 for the
three respective scenarios. While NEP is expected to increase with fluctuations
until around 2035 in all pathways, a decline may occur after 2045 under high-
emission scenarios, potentially due to elevated temperatures, drought, frequent
extreme events, and substantial increases in nitrogen deposition. This decrease
is anticipated to be concentrated in the piedmont plains of the Tianshan
Mountains and the areas surrounding the Tarim Basin. (3) The positive control of
precipitation on Xinjiang's forest NEP is stronger than that of temperature. The
partial correlation between temperature and NEP shows significant geographical
differentiation, being positive in cool, humid montane forests and negative in
hot, arid regions. Solar radiation and vapor pressure exhibit a distinct positive
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relationship with forest NEP, affecting 76.23% and 63.83% of the study area,
respectively. These findings reveal the centennial-scale spatiotemporal dynamics
of forest NEP in Xinjiang and its future carbon uptake potential, providing a
valuable reference for assessing the region’s carbon sequestration capacity.
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1 Introduction

Forests play a pivotal part in regulating the global carbon
budget and in strategies to counteract climate change (Houghton,
2005; Yin et al., 2015), with alterations in their carbon stock being a
primary determinant of whether the terrestrial biosphere functions
as a carbon source or sink. A dependable assessment of the
contribution and potential of forest carbon sinks provides a crucial
basis for developing climate governance policies and sustainable
forest management plans. A key metric in this assessment is Net
Ecosystem Productivity (NEP), calculated as the balance between
Net Primary Productivity (NPP) and heterotrophic respiration
(Rh). This metric serves as a robust indicator of an ecosystem’s
capacity for carbon uptake and release, thus classifying it as a
carbon sink or source (Keenan et al, 2016; Li et al, 2020).
When NEP is positive, it signifies that carbon accumulation
by vegetation surpasses the respiratory carbon loss from soil
microbes, characterizing the system as a carbon sink. In contrast,
a negative NEP denotes that microbial respiration outpaces
vegetation carbon storage, indicating a carbon source (Lu et al,
2023). Consequently, gaining an accurate knowledge of the spatial
distribution, magnitude, and climatic drivers of forest NEP is
fundamental for understanding carbon cycling mechanisms from
local to global scales, for effective biodiversity conservation, and for
designing policies aimed at carbon offsetting and mitigating global
warming (Fang et al., 2018; Piao et al,, 2022).

Scientific inquiry into forest ecosystem NEP has grown
substantially in recent years (Piao et al, 2012), positioning its
estimation as a central goal in carbon source-sink analysis.
Investigations at broad spatial scales have significantly advanced
our comprehension of shifts in global and regional carbon budgets
(Li et al, 2021). While methods for assessing forest carbon
budgets include field plots, micrometeorological techniques,
remote sensing, and simulation modeling (Zheng et al., 2019),
the inherent spatial limitations of in-situ surveys and observations
prevent them from fully capturing internal ecosystem mechanisms
or forecasting future productivity distributions. Consequently, for
studies covering extensive spatial areas or long temporal durations,
simulation modeling has become the predominant methodology
for NPP and NEP research (Feng et al, 2014). These models
are typically grouped into empirical, parametric, and process-
based classes (Mao et al, 2022). It has been well-established
that stand age is a critical parameter that exerts a profound
influence on ecosystem productivity, making it indispensable for
the simulation and prediction of forest carbon storage and sinks
(Bradford et al., 2008; Li et al., 2016). The InTEC model, which
is founded on the physiological and biochemical processes of the
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carbon cycle, explicitly incorporates the effects of forest disturbance
and age dynamics, positioning it as a state-of-the-art tool for
simulating the spatiotemporal variability of forest NEP (Zhao
et al,, 2019). The model is also capable of reconstructing historical
carbon cycle characteristics and drivers, as well as projecting
future spatiotemporal evolutions (Mao et al., 2022). It operates
by iteratively calculating long-term carbon cycle trends based on
reference-year NPP-Age relationships while integrating the impacts
of climate change, rising CO, concentrations, forest disturbances,
and nitrogen deposition (Zheng et al., 2019). Concurrently, remote
sensing technology provides an essential macroscopic approach for
carbon cycle studies, valued for its capacity to deliver consistent,
reliable, and repetitive measurements over large to global scales
(Mngadi et al., 2022). The synergy achieved by integrating remote
sensing with process-based models is particularly advantageous,
as it facilitates large-scale simulations that capture both ecological
and physiological vegetation processes. This combined approach
effectively addresses the challenges posed by spatiotemporal
heterogeneity and scale complexity in forest ecosystems, thereby
substantially enhancing the reliability of terrestrial carbon cycle
estimations at regional and global scales (Pan and Dong, 2018; Zhao
etal, 2011).

The InNTEC model has broad applicability in forest carbon
cycle research, with its application spanning multiple spatial scales
from global and national to provincial levels. At the global and
national scales, the model has been successfully applied to assess
forest carbon dynamics in Canada (Chen J. et al,, 2000) and the
United States (Zhang et al., 2012), and has also been used to
simulate the century-long carbon balance (1901-2001) of Chinese
forests (Wang et al., 2007) as well as soil organic carbon density
(Shao et al., 2007). At the regional and provincial scales, it has
been used to simulate the spatiotemporal patterns of forest NEP
in Zhejiang Province from 1979 to 2079 (Mao et al., 2022), as well
as to assess carbon stock changes in the Poyang Lake region (Zhao
et al., 2013), with effective validation.

The forests of Xinjiang constitute a significant component
of the northern forest belt that extends across Central Asia and
the Eurasian continent, playing a crucial role in maintaining the
ecological security of the entire arid region (Chen et al, 2023).
As a typically arid and ecologically fragile area, Xinjiang’s vast
territory and complex topography result in pronounced variations
in climate and soil conditions. These natural gradients, combined
with anthropogenic activities such as cultivation and irrigation
in oasis zones, have fostered diverse forest types. This unique
context highlights the importance of quantitatively investigating
the region’s ecosystem NEP and its response to climatic factors
(Zan, 2022).
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A substantial body of international and domestic literature has
explored the spatiotemporal patterns of NEP and its response to
driving factors (Marc et al, 2018; Li et al, 2014; Zhang et al,
2020). However, there is a marked scarcity of reports on the
carbon sink and its spatial distribution in Xinjiang. Research
on the ecological impacts of climate change in this region has
predominantly concentrated on NPP (Hao et al., 2025; Wang
et al,, 2023; Jiang et al., 2021), leaving a significant gap in studies
on NEP, which more directly reflects the carbon sink function.
Existing NEP-related work is often confined to localized areas
(Lu et al, 2023; Li et al, 2024) and tends to lack process-
based or mechanistic methodologies, thus failing to uncover the
underlying carbon cycling principles. Critically, while projecting
future forest carbon dynamics is paramount in the context of
global climate change, no predictive research has yet addressed
the future spatiotemporal evolution of forest NEP in Xinjiang.
Based on the aforementioned background, this study focuses on
Xinjiang forests as the research subject, using the process-based
InTEC model in combination with multi-source remote sensing
and reanalysis data to systematically simulate the spatiotemporal
evolution of forest NEP from 1901 to 2060 and explore its response
mechanisms to climate factors. The specific research objectives
include: (1) to reveal the spatiotemporal variation characteristics
of forest NEP in Xinjiang from 1901 to 2022 and predict the NEP
evolution trends under three climate scenarios (SSP126, SSP245,
SSP585) for the period 2023-2060; (2) to analyze the response
mechanisms of NEP to key climate factors such as temperature,
precipitation, radiation, and vapor pressure, and identify the
dominant climate factors for the four forest types in Xinjiang;
(3) to assess the applicability and simulation performance of the
InTEC model in the arid region of Xinjiang. This study is the
first to apply the INTEC model with a clear process mechanism
in the Xinjiang region, conducting a 160 year simulation and
prediction of forest carbon sources and sinks. Additionally, local
calibration of key model parameters is performed using local forest
inventory data, which enhances the model’s simulation accuracy in
arid regions.

2 Study area

Situated deep within the Eurasian continent, Xinjiang is
located in northwestern China and is characterized by a typical
temperate continental arid climate. This climate features significant
temperature fluctuations, scarce precipitation, and high rates of
evaporation. The region’s vegetation is primarily composed of
grassland, forest, and cropland. Forests cover an area of 8.96
x 104 km? which corresponds to a forest coverage rate of
5.02% (Shi et al, 2020). The total standing timber volume is
465 x 108 m>, with a forest stock volume of 4.27 x 108
m>. These forests serve as an invaluable ecological barrier for
northwestern China. Given the region’s environmental conditions
and developmental needs, its forests are crucial for environmental
optimization, the stabilization of ecological balance, and the
support of sustainable socioeconomic progress (Zheng et al., 2016).
As shown in Figure 1, forest resources in Xinjiang comprise four
principal types. Evergreen Needleleaf Forest (ENF), dominated by
Picea schrenkiana, is found on the northern and southern slopes

Frontiersin Forests and Global Change

10.3389/ffgc.2025.1713711

of the Tianshan Mountains. Deciduous Needleleaf Forest (DNF)
is primarily composed of Larix sibirica. The quintessential species
of Deciduous Broadleaf Forest (DBF) is Populus euphratica, which
grows rapidly in the Tarim River basin and is widespread despite
having a relatively low average biomass. Lastly, Mixed Forest (MF)
consists mainly of Picea obovata and Populus tremula, where the
stands are typically sparse and composed of short trees (Chen et al.,
2023).

3 Materials and methods

3.1 Research methodology

3.1.1 The InTEC model

The InTEC model, developed by Chen W. et al. (2000), is a
comprehensive land ecosystem carbon cycle model based on the
Farquhar photosynthesis model for leaf photosynthesis, canopy
radiation transfer model, CENTURY soil and nitrogen cycling
model, Townsend et al.’s net nitrogen mineralization model, and
the NPP-Age model. This model calculates the long-term trends
of forest carbon cycling through iterative calculations, considering
the NPP of the reference year, forest age, and the variation of NPP
with age. It also integrates the effects of climate change, rising CO,
concentrations, forest disturbances, and nitrogen deposition on the
carbon cycle. The model divides the forest ecosystem into four
vegetation carbon pools (coarse root carbon pool, fine root carbon
pool, leaf carbon pool, stem carbon pool) and nine soil carbon pools
(surface structural litter carbon pool, surface metabolic litter carbon
pool, soil structural litter carbon pool, soil metabolic litter carbon
pool, woody litter carbon pool, surface microbial carbon pool, soil
microbial carbon pool, soil slow carbon pool, and soil inert carbon
pool), which are used to analyze the long-term carbon balance of
forest ecosystems. To date, the model has been successfully utilized
for simulating forest ecosystem carbon cycling in various national
and regional contexts, including in Canada, the United States,
and China (Chen J. et al., 2000; Shao et al., 2007; Zhang et al,,
2012).

3.1.2 Trend analysis

To analyze temporal trends within the NEP time series,
we employed the Theil-Sen Median method, a non-parametric
statistical technique for estimating the magnitude of a trend.
This approach is notably robust to the influence of errors
and data outliers, making it highly suitable for time-series
analysis (Zhu et al, 2007). The algorithm is defined in
Equation 1

NEP; — NEP;
—_— ) (1)

Snep = Median( -
j—i
Where, Sngp represents the trend of NEP. A positive Sygp value
indicates an increasing trend, while a negative value signifies a
decreasing trend.
The Mann-Kendall (MK) test, a non-parametric statistical
method, is not influenced by missing values or outliers and is
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frequently used to assess the significance of trends (Tian et al,
2022).Its calculation formulas are provided below (Equations 2-4).

S—1
WOk S$>0
z=1o0, §S=0 )
S+1
Foar )’ S<0
n—1 n
S= Z Z sgn(NEP; — NEP;) (3)
j=1 i=j+1
—1)(2 5
var(S) = M (4)
n

In these formulas, NEP; and NEP; are the NEP values for the
j-th and i-th year, respectively; sgn (x) is the sign function, which
returns 1, 0, or—1 when the independent variable x is positive, zero,
or negative; n is the length of the time series; and var is the variance
function. At a given significance level a (0.05), the trend in NEP is
considered significant if |Z| > Z1-a/2.

3.1.3 Partial correlation analysis
The relationships between NEP and key climatic variables—
specifically precipitation, temperature, solar radiation, and vapor

Frontiersin Forests and Global Change

pressure—were investigated using partial correlation analysis. This
statistical method makes it possible to assess the correlation
between NEP and a single climatic factor while controlling for
the potential influence of other variables (Luo et al., 2024). The
calculation is performed using Equation 5

Txy — Txzlyz
Txyz =
\/(1 —rZ)+(1- r;Z)

(5)

In this equation, rxy, z is the partial correlation coefficient
between variables x and vy, after fixing variable z. The terms ryy,
Ixz, and ry, are the simple correlation coefficients between the
respective pairs of variables. A positive value for ryy, z indicates
a positive correlation, while a negative value indicates a negative
correlation. The absolute value of the coefficient, ranging from—1
to 1, denotes the strength of the relationship. The significance
of the correlation was also evaluated at a significance level of
a =0.05.

3.2 Input data for the INTEC model
3.2.1 Meteorological data

The historical climate data required for monthly-scale
temperature, precipitation, cloud cover and water vapor pressure

frontiersin.org


https://doi.org/10.3389/ffgc.2025.1713711
https://www.frontiersin.org/journals/forests-and-global-change
https://www.frontiersin.org

Zhou et al.

from 1901 to 2022 are sourced from the CRU dataset. This is a
global meteorological dataset with a resolution of 0.5°, generated
by the Centre for Meteorological Research at the University of East
Anglia in the UK. It is based on observational stations. Data for the
Chinese region were generated and cropped using the Delta spatial
downscaling scheme, with radiation data estimated from cloud
cover data.

Data for the three representative concentration pathway
scenarios for the period 2023-2060 were obtained from CMIP6,
the most comprehensive database in terms of participating models,
scientific experiment design, and simulation data provision since
the International Coupled Model Intercomparison Project was
implemented (Eyring et al., 2016). This study is based on BCC-
CSM2-MR model data and selects three future climate change
scenarios—SSP126, SSP245 and SSP585—for analysis. The data
cover meteorological elements, carbon dioxide concentrations and
nitrogen deposition for the three scenarios during the period 2023-
2060. All data were downloaded from https://esgf-nodellnl.gov/
projects/cmip6. SSP126 is an optimistic scenario involving global
radiative forcing of around 2.6 W/m? by 2,100, CO; concentrations
of 421 ppm, an increase in precipitation of between 0.9% and
12.9%, and a rise in surface temperature of 0.9 °C. SSP245 is
a medium-emission scenario similar to current policies, with
projected greenhouse gas concentrations of 450-500 ppm by mid-
century and global radiative forcing of around 4.5 W/m® by
2,100. This results in a surface temperature increase of 1.8 °C
SSP585 is a high-emission scenario involving uncontrolled resource
consumption and carbon emissions, resulting in a global radiative
forcing of around 8.5 W/m?.

The future climate datasets, provided on a monthly scale, were
processed to calculate vapor pressure (Vap) from relative humidity
(RH) and temperature (Tmp). To match the historical data, the
future data were interpolated to a 500 m resolution. First, bilinear
interpolation was used to downscale the future meteorological
data spatially. The correction coefficient (CC) was calculated by
comparing the historical observed data from 2016 to 2022 with
the corresponding future simulated data. This correction coefficient
was then applied to correct the bias in the meteorological data
from each model Equation 6. The corrected future data were then
concatenated with the historical observed data from 1901 to 2022 to
obtain a complete meteorological dataset from 1901 to 2060 (Mao
etal., 2022).

H>016-2022

cC (6)

(F2016-2022,55P126 + F2016-2022,55P245 + F2016—2022,55P585)

Here, Hyp16—2022 is the provincial average of the historical data
from 2016 to 2022, while Fao16-2022,55p1265 F2016—2022,55p245, and
Fao16—2022,55p585 are the corresponding provincial averages from
the future datasets under each scenario.

3.2.2 Forest inventory and type data

This study integrated data from Xinjiang’s continuous national
forest inventory (Type I, 5 year cycle) and its forest management
planning and design surveys (Type II, 10 year cycle). The stand-
level survey records contain essential forest information, including
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land class, stand age, area, dominant tree species, stock volume,
origin, soil type, and soil depth. These data were processed to
create a vector map after performing topological error correction
and projection conversion, with missing fields such as age class
and diameter at breast height being supplemented. An object-
oriented classification method was then applied to remotely sensed
imagery to classify Xinjiang’s forest types and to categorize any
unclassified stands (Bhaskaran et al.,, 2010). The final classification
results were merged with the Type II survey data and converted into
a raster format.

3.2.3 Soil, LAI, and other data

The soil data utilized in this study included soil depth, the
percentage of silt and clay content, field capacity, and wilting point
(Shangguan et al., 2013). Following the methodology of Liu et al.
(2012), the Boreal Ecosystem Productivity Simulator (BEPS) model
was used to generate an 8 day, 500 meter resolution Leaf Area Index
(LAI) product for the year 2011. The maximum value compositing
method was then applied to derive the annual maximum LAI
(LAImax) for Xinjiang in 2011. Slope was calculated from a Digital
Elevation Model (DEM), and a wetness index was subsequently
estimated using both the DEM and the derived slope data.

3.2.4 CO, concentration and nitrogen deposition
data

Atmospheric CO; concentration data for the period 1901-1998
were obtained from the results of the Carbon Cycle Model Linkage
Project (CCMLP) (Sitch et al., 2003). For the years 1999-2022, we
used direct measurement data from the Mauna Loa Observatory
in Hawaii (20°N, 156°W). Nitrogen deposition data for 1960-
2010 were sourced from a 0.1° national dataset generated by Gu
Fengxue’s research group at the Chinese Academy of Agricultural
Sciences (Gu et al., 2016). For the period 1901-1959, nitrogen
deposition was estimated using the algorithm developed by Chen
et al. (2003), while data for 2011-2022 were extrapolated based on
the trends observed from 1960-2010 (Zhang et al., 2013). Future
CO; concentrations and nitrogen deposition data for the three
climate scenarios from 2023 to 2060 were downloaded from the
CMIP6 database (https://esgf-nodellnl.gov/projects/cmip6).

3.2.5 Forest age, reference NPP, and NPP-age
parameterization

The INTEC model requires physiological parameters such as the
NPP-Age curve and reference year NPP to calibrate the dynamic
processes of forest carbon cycling and obtain the initial state of the
carbon and nitrogen pools (Zhang et al., 2012). In this study, we first
organized the 2011 Xinjiang Forest Type II survey data and used
remote sensing estimation methods to fill in missing forest age data,
ultimately generating the 2011 Xinjiang forest age distribution map
(Zan, 2022). Subsequently, the spatial distribution of forest NPP for
2011 was estimated using the Type II inventory data according to
Equation 7. This 2011 NPP map served as the reference year NPP
used to drive the INTEC model in this study.

NPP = ABtree + Ltree + Miree + Firee (7)
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TABLE 1 Fitted NPP-Age relationships for the four forest types in Xinjiang (Zan, 2022).

Forest R? F-value P-value  RMSE (g Fitted Total

types samples sample
m—2yr—1)

ENF 3.864 0394 35.498 3.952 0.589 219.219 - 1.045 155 59214

DNF 6.173 0.428 23.295 3.633 0.934 469.287 * 0.768 35 6722

DBF 5.672 2414 17.463 1.531 0.900 288.941 * 0.610 34 7452

MF 7.682 0219 22.472 3.198 0.804 114.843 * 0.866 30 2777

*Represents p < 0.01. In this context, a, b, ¢, d are model parameters. In this study, the nonlinear fitting tool in SPSS software was used to fit the parameters a, b, ¢, and d for the four forest types in
Xinjiang. The optimal parameters for Xinjiang forests were then obtained and used for the InTEC model simulations.

where AByee is the change in tree biomass, estimated from
biomass and stand age; Liree is the litterfall production, estimated
from biomass; Miree represents mortality and harvesting losses,
extracted from forest inventory data; and Fye. is the fine root
productivity, with values obtained from literature (Zan, 2022).

The InNTEC model requires NPP-Age curves during its spin-
up phase to calibrate the dynamic processes of the forest carbon
cycle and to establish the initial state of the carbon and nitrogen
pools (Zhang et al., 2012). In this research, we leveraged the 2011
forest age information and the corresponding estimated forest
NPP values derived from the forest inventory data. These datasets
were used to fit growth curves for the four major forest types in
Xinjiang (Table 1), which provided essential parameters for driving
the INTEC model (Zan, 2022). The relationship between NPP and
stand age is described by Equation 8 (Chen et al., 2002).

(®)

NPP(age) =a |:1 + o
e

4 Results

4.1 Spatiotemporal variation of Xinjiang
forest NEP from 1901-2022

As illustrated in Figure 2, under the combined influence of
non-disturbance factors (such as climate, CO, concentration,
and nitrogen deposition) and disturbance factors (namely, forest
age structure), the mean NEP of Xinjiang’s forests from 1901
to 2022 was 47.81g C-m~2.yr~!. The overall trend showed a
fluctuating increase, with an average annual growth rate of 0.52 g
C-m~2.yr~!, When analyzed by forest type, the mean NEP values
for ENE, DNE DBE and MF were 55.04, 72.82, 29.72, and 55.98 g
C-m~2.yr~1, respectively. Their corresponding rates of change
were 0.12,—0.14, 0.40, and 0.05g C-m~2.yr~!. The highest NEP
values were recorded in 1993 and 2021, at 137.0 and 142.0g
C-m~2.yr~1, respectively. Examining different time periods reveals
distinct dynamics. From 1901 to 1920, the carbon sink capacity
of most forest types was weak, with ENF (-15.45g C-m~2-yr!)
and DBF (-10.27g C-m~2.yr~!) functioning as carbon sources.
After 1920, particularly between 1921 and 1940, ENF and DNF
rapidly transitioned into carbon sinks, with DNF reaching a peak
mean value of 87.42g C-m~2.yr~! for that period. The carbon
sequestration capacity of ENF and DBF continued to rise steadily
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from 1940 to 1980. In the most recent period, from 1980 to
2022, ENF (104.4g C-m~2.yr~!) and MF (101.2g C-m~2.yr~}!)
emerged as the dominant high-carbon-sink types. This evolving
trend is driven by a synergy of climatic and anthropogenic
factors. Elevated atmospheric CO, concentrations and a warming
climate have extended the growing season, collectively promoting
photosynthetic carbon fixation. Furthermore, modern forest
protection policies, such as logging bans and afforestation projects,
have reduced human disturbance, thereby enhancing the stability
of the ecosystem’s carbon sink function.

The structural differentiation between mountains and basins
creates disparities in hydrothermal conditions, which, combined
with the influence of stand age, contributes to the overall spatial
pattern of forest NEP in Xinjiang. Generally, NEP is higher in
mountainous regions than in plains, greater in northern Xinjiang
(north of the Tianshan Mountains) compared to southern Xinjiang
(south of the Tianshan Mountains), and higher in the west than in
the east. As shown in Figure 3, the 1901-2022 period, forest NEP
exhibited a decreasing trend in northern Xinjiang, while it showed
an increase in southern Xinjiang. Forests with an NEP increase
rate exceeding 4.0 g C-m~2.yr~! were primarily located in the Yili
region, Qitai County, Hami, the Shaya section of the Tarim River,
and along the Kaidu River. Conversely, areas where the rate of NEP
change was less than—2.0g C-m~2.yr~! were mainly found in the
Altay Prefecture, in the Tacheng Prefecture, and within the oasis
zones of the Junggar Basin. Focusing on the 1960-2022 period, the
average forest NEP for Xinjiang was 74.27 g C-m~2.yr~!, with all
forest types showing a positive mean NEP. Certain areas, such as the
western Tianshan Mountains (Yili region) and parts of the eastern
Tianshan Mountains (Barkol, Yiwu, and Hami), exhibited mean
NEP values exceeding 250 g C-m~2-yr~!. In stark contrast, most of
the Tarim Basin recorded very low NEP values, ranging from just 0
to 50 g C-m2-yr~ 1.

As depicted in Figure 4, an analysis of the entire forested
area of Xinjiang from 1901 to 2022 reveals that 45.29% of the
area experienced a significant increase in NEP, with an additional
23.46% showing a non-significant increase. Together, these areas of
positive trend account for 68.75% of the total, while the proportion
of area with a decreasing trend is relatively small. This indicates a
general enhancement of the forest ecosystem’s carbon sink capacity
over the past century.

The NEP trends, however, exhibit distinct differentiation
among forest types. The strengthening of the carbon sink was
most pronounced in ENF, where the area with a significant NEP
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FIGURE 2
Annual mean NEP of Xinjiang forests from 1901 to 2022 (for all forests combined and for individual forest types), along with the mean values for each
forest type over twenty-year intervals (with the 2001-2022 period covering 22 years).
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Spatial distribution map of average NEP and change rates of forests in Xinjiang from 1901 to 2022.

increase was 58.90%, the highest among all types. Combined
with the 22.19% showing a non-significant increase, over 80% of
the ENF area demonstrated an improved carbon sink function.
In contrast, DNF showed a notable decline in its carbon sink
capacity, with 37.35% of its area experiencing a significant
NEP decrease—the largest proportion of any type. Including
the 14.57% with a non-significant decrease, over half of the
DNF area saw a reduction, identifying it as the primary type
contributing to NEP decline in Xinjiang’s forests. DBF displayed
the most stable enhancement of its carbon sink function. The
combined area of significant (55.63%) and non-significant (35.77%)
NEP increase surpassed 90%, with a negligible area showing
a significant decrease. This suggests that the improvement in
DBF’s carbon sink function is both highly prevalent and stable,
marking it as a key contributor to the region’s overall carbon
sink enhancement.
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4.2 Relationship between Forest NEP and
meteorological factors

This study employed partial correlation analysis to investigate
the influence of four meteorological factors on forest NEP
variations during the study period. The differential responses of the
four main forest types—ENF, DNE DBE and MF—to these climatic
variables were also examined.

As shown in Figure 5, temperature and NEP were positively
correlated across 56.09% of Xinjiang’s total forest area, with 12.27%
of this area showing a significant positive correlation. Among the
forest types, this positive relationship was most dominant in ENF,
covering 75.78% of its distribution, particularly in the Tianshan
and Altai mountain forest zones. This suggests that for ENF
rising temperatures have a marked promotional effect on NEP.
Conversely, negative correlations were concentrated in the primary

frontiersin.org


https://doi.org/10.3389/ffgc.2025.1713711
https://www.frontiersin.org/journals/forests-and-global-change
https://www.frontiersin.org

Zhou et al.

10.3389/ffgc.2025.1713711

FIGURE 4
Trends in NEP and its proportion of forest area in Xinjiang.

Lo . - 100
Significant increase . - .
No significant increase
_____ - p—— - SO
Significant decrease 16.94
No significant decrease 3735 §
o o =}
Basically no change g
3
a
== ——— <
z
All forest ENF DNF
0 125 250 500
kM Forest types

distribution areas of DNEF, such as the coniferous belt surrounding
the Junggar Basin, where the negative correlation reached 71.34%.
This indicates that warming has a certain inhibitory effect on
the carbon sink in these areas. Precipitation and NEP were also
predominantly positively correlated, covering 78.78% of the total
study area. A significant positive correlation was found in 14.62%
of the area, mainly in Xinjiang’s three major mountain ranges and
the oasis regions of the Tarim Basin. This underscores that in
the arid environment of Xinjiang, water availability is the primary
limiting factor for the forest ecosystem’s carbon sink function,
and increased precipitation can directly enhance vegetation’s
carbon sequestration capacity. Vapor pressure primarily exhibited
a positive relationship with forest NEP (63.83%). When analyzed
by forest type, areas with a significant positive correlation were
mainly located in more humid regions, such as the forest belt of
the Tacheng-Yili River Valley. This indicates that DBF in humid
areas responds more significantly to increases in vapor pressure.
However, localized areas with significant negative correlations were
found along the margins of the Tarim Basin, suggesting that
excessively high vapor pressure in arid fringe zones may suppress
the carbon sink. For both the entire Xinjiang forest region and
for most individual forest types, solar radiation showed a highly
positive correlation with NEP. A negative correlation between NEP
and solar radiation was observed in only a few specific forest areas,
primarily in some DBF distribution zones like the Irtysh River
Valley. This may imply that for deciduous broadleaf forests in river
valleys, elevated radiation levels could have a weak inhibitory effect
on their carbon sink response.

4.3 Model usability analysis
To validate the model, we selected sample plots for the

four different forest types from the inventory data and extracted
the average NEP values simulated by the INTEC model for the
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1999-2019 period. These values were then compared with a global
daily NEP simulation data product published by the team of Ju
Weimin et al. (Chen et al,, 2019; He et al., 2021). This validation
dataset was generated using the mechanistic BEPS model at a
daily time step, driven by vegetation parameters, remote sensing
data, meteorological inputs, and atmospheric CO; concentrations,
covering the period from 1981 to 2019. To ensure temporal
consistency, we calculated the mean values from this product for
the 1999-2019 validation period. The scatter plot fitting results
(Figure 6) show a high degree of correlation between the InNTEC
model simulations and the validation product for all forest types,
with R? from 0.69 to 0.77 and the RMSE values ranged from 29.42
to 52.44 g C-m~2.yr~ 1,

Specifically, the evergreen coniferous forest (ENF) exhibited the
highest R? value of 0.77, with a root mean square error (RMSE)
of 52.44g C-m~2.yr~!, indicating the best match between model
predictions and the validation data for this forest type. Conversely,
MF showed the lowest R* value. These discrepancies may be
attributed to several factors. Our study utilized forest type data
from the Type II inventory, whereas the validation product is based
on MODIS land cover data, which can lead to inconsistencies
in the delineated forest areas. Additionally, differences in the
methodologies, model structures, and data sources used in the two
approaches can also contribute to a certain degree of deviation in
the results.

Furthermore, we compared our NEP estimates with those from
other scholarly works (Table 2). The mean NEP for Xinjiang’s
forests in our study was calculated to be 91.56g C-m~2.yr~!
for the period 2000-2022. Our estimate is generally lower than
those from national-scale studies but shows smaller discrepancies
when compared with studies focused on the same province or
adjacent regions like Central Asia, Northwest China, and Qinghai
(Table 1). For instance, Lu et al. (2023), using a modified Carnegie
Ames Stanford Approach (CASA) model, estimated the vegetation
NEP in Xinjiang to be 128.54g C-m 2.yr~! for 2000-2020. Li
et al. (2024) simulated the total NEP in the Aksu River Basin
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Partial correlation between NEP and various factors in Xinjiang.

100

80

[=)
S

'S
=)

Area proportion%

()
S

All forest ENF DNF DBF MF

100

N =N o
=) =} IS

Area proportion%

[¥)
S

All forest ENF DNF DBF MF

100

80

Y
=)

B
<
Area proportion%

20

All forest ENF DNF DBF MF

Area proportion%

All forest ENF DNF DBF MF

positive ion [0 Not signi positive
| Significant negative correlationf i}l Not significant negative correlation

Frontiersin Forests and Global Change

09

frontiersin.org


https://doi.org/10.3389/ffgc.2025.1713711
https://www.frontiersin.org/journals/forests-and-global-change
https://www.frontiersin.org

Zhou et al. 10.3389/ffgc.2025.1713711
500 — 400 =

~ | ENF |~ | DNF
Sa00l 1175 o & n=125 e 0°
S fitted regression line o S 300 - fitted regression line <
s y=x T % N R y=x

£300+ - 2

H 2

I [+ © 200

kst k3]

£ 200 - =

g g

< R2=0.77 <100} R2=0.75

o, 100 - RMSE=52.44 o RMSE=48.20

% y=0.581x +46.345 % § y =0.6293x +54.697

oL 1 1 I 1 1) e 1 I I
0 100 200 300 400 500 0 100 200 300 400
400 NEP of InNTEC model results (gCm2yr") _ 300 NEP of INTEC model results (gCm2yr") _

~ | DBF |~ | MF
5| nm135 e P |02 o

S 300 | fitted regression line > g L‘i fitted regression line @ o 7 r's
D e y=X 20200 f -=----- y=Xx

2 Zz

= =

8 200 8

3] 31

< 2

9] 5 E 100 /

3, =i

5100 » RZ=071 5 =

y RMSE=33.06 B Q- RMSE=29.42

2 y=0.634x +70.081 | Z y=0.6767x + 42.694

0L ! L L 0 td L |
0 100 200 300 400 0 100 200 300
NEP of InTEC model results (gCm2yr") NEP of InNTEC model results (gCm2yr™)
FIGURE 6
Error analysis of NEP estimation in Xinjiang.

TABLE 2 Comparison with carbon sink estimation results from existing literature.

Study period = Research method NEP(g C/m?)
Xinjiang Vegetation 2000-2020 CASA model 128.54 Luetal,, 2023
Aksu River Basin, Xinjiang Forest 2000-2020 PLUS 119.41 Lietal., 2024
Qinghai Province Vegetation 2000-2020 Soil respiration model 134.05 Ye et al., 2022
Northwest China Vegetation 2000-2022 CASA model 135.32 Zhao et al,, 2025
China Forest 2003-2012 FORCCHN 252.51 Lii et al,, 2022
China Forest 2003-2012 Experimental observation 283.56 Lii et al., 2022
Central Asia Broadleaf forest 2000-2019 Combination of CASA model 95.63 Zhang et al., 2021
and empirical model
Central Asia Coniferous forest 2000-2019 Combination of CASA model 83.76 Zhang et al., 2021
and empirical model

for 2000-2020 using the PLUS model and reported a value of
119.41 g C-m~2.yr~! for forest land. In another study, Zhang et al.
(2021) combined the CASA model with an empirical model to
estimate NEP in Central Asia from 2000-2019, yielding multi-year
averages of 95.63g C-m~2.yr~! for broadleaf forests and 83.76 g
C-m~2.yr~! for coniferous forests. The mean value from our model
simulation falls comfortably within the range of these high and
low estimates. This comparative analysis suggests that the results
from our application of the INTEC model reasonably reflect the
forest carbon sink at a regional scale in Xinjiang, with simulation
errors maintained within an acceptable range. This confirms the
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InTEC model’s capability to accurately capture and represent the
spatiotemporal characteristics of NEP in Xinjiang’s forests.

4.4 Spatiotemporal variation of Xinjiang
forest NEP under future climate scenarios

Figure 7 illustrates the spatiotemporal trends of forest NEP in

Xinjiang from 2023 to 2060, as simulated by the INTEC model.
During this period, forest NEP is projected to exhibit distinct
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Spatial distribution and trends in average NEP in Xinjiang's forest regions under three future climate scenarios from 2023 to 2060.

phases under the three SSP scenarios. Until 2035, a fluctuating
upward trend is anticipated across all scenarios. This is followed
by a period of fluctuating stability between 2035 and 2045. After
2045, however, a gradual decline in NEP is projected under the
high-emission scenarios. The mean annual NEP values under the
SSP126, SSP245, and SSP585 scenarios are projected to be 122.88,
114.28, and 108.54 g C-m~2.yr~!, respectively, with corresponding
average annual growth rates of 0.34, 0.19, and 0.009 g C-m~2.yr~1.
While the overall NEP trend remains positive compared to
the historical period, the rate of increase is expected to slow
significantly. For the 2045-2060 timeframe, the average growth
rates are projected to be 0.18,—0.08, and—0.10g C-m~2-yr~! for
the respective scenarios.

A comparison of future carbon sequestration potential reveals
that the capacity under the SSP126 scenario is markedly higher
than the others. This suggests that under a low-emission pathway,
more moderate warming and stable precipitation patterns would
result in weaker water stress on forests, leading to optimal
spatial effectiveness of carbon uptake (Pan et al, 2024; Liu
et al., 2024) In contrast, under the SSP245 and SSP585 scenarios,
the NEP growth rate is expected to decline noticeably after
2045, with some periods even showing a net decrease. This
is likely attributable to uncontrolled greenhouse gas emissions
leading to more frequent high-temperature events, droughts, and
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other extremes, which would particularly affect the desert forests
of southern Xinjiang and high-altitude coniferous forests. The
detrimental impact of high temperatures and drought on forest
carbon sink capacity is well-documented. For instance, an extreme
temperature event in Qianyanzhou in 2003 caused a 90% reduction
in net ecosystem exchange (Zhang et al, 2018), and similar
conditions in 2013 reduced forest carbon sequestration in southern
China by approximately 100 Tg C (Yuan et al., 2016). Furthermore,
as most of Xinjiang’s forests are in high-altitude areas with cooler
climates, a near-term temperature increase may initially enhance
the carbon sink by extending the growing season. However, after
2045, continued warming could push temperatures beyond the
optimum for photosynthesis, posing a significant risk of NEP
decline (Niu et al., 2024).

5 Discussion

5.1 Influence of meteorological factors on
NEP variation in different forest types

In this study, we analyzed the relationship between NEP

and meteorological factors for different forest types using partial
correlation coefficients on data from the recent 40 year period of
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1982-2022. Spatially, the partial correlation between temperature
and forest NEP in Xinjiang exhibits significant geographical
differentiation. In cool, humid montane forests, rising temperatures
can alleviate low-temperature limitations on photosynthesis and
extend the growing season, resulting in a significant positive
correlation with NEP (Jiang et al., 2024). In contrast, for the forests
surrounding the hot and arid Tarim Basin, warming exacerbates
water stress and increases respiratory consumption, leading to a
negative correlation between temperature and NEP (Niu et al,
2024; Xiao et al, 2024). The response to temperature varies
markedly among forest types. For ENF, a non-significant positive
correlation was dominant, covering 57.85% of its area, with an
additional 17.93% showing a significant positive correlation. This
is likely because ENF is primarily distributed in cool, moist
mountainous areas, and its leaf physiology is well-adapted to low
temperatures; thus, warming can effectively relieve temperature
constraints and promote carbon fixation (Wu et al, 2024).
Conversely, DNF showed a significant negative correlation across
57.47% of its area. This may be because Xinjiang’s deciduous
needleleaf forests are mostly located at mid-to-high altitudes in
the Tianshan and Altai mountains and are adapted to cold,
wet conditions. When temperatures rise beyond their optimal
threshold, stomatal conductance decreases due to heat stress,
impeding CO; absorption. Concurrently, in Xinjiang’s arid context,
warming intensifies evapotranspiration, leading to soil moisture
deficits that further inhibit the synthesis of photosynthetic products
(Zhang et al., 2022).

The positive control of precipitation on Xinjiang’s forest
NEP is stronger than that of temperature. Both for the

TABLE 3 Sensitivity of Xinjiang forest NEP to various input data from 1960
to 2022.

Control factors

Original data simulation results 74.27

Tmp increase of 1 °C 73.88 —0.53%
Tmp decrease of 1 °C 74.95 0.92%
Pre increase of 25% 74.45 0.24%
Pre decrease of 25% 73.74 —0.71%
Rad increase of 25% 74.20 —0.10%
Rad decrease of 25% 74.28 0.02%
Vap increase of 25% 74.43 0.21%
Vap decrease of 25% 74.28 0.01%
Nitrogen deposition increase of 25% 74.80 0.72%
Nitrogen deposition decrease of 25% 73.60 —0.90%
NPPref increase of 25% 86.83 16.91%
NPPref decrease of 25% 55.61 —25.12%
Age increased by 5 years 75.28 1.36%
Age decreased by 5 years 71.68 —3.49%
Qo increased from 1.5 to 2.0 69.64 —6.23%
Qi decreased from 1.5 to 1.0 84.77 14.14%
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region as a whole and for individual forest types, precipitation
demonstrates the most significant positive effect on NEP. This
is particularly true for forests in the arid zones of southern
Xinjiang, which are under considerable water stress; here, increased
precipitation effectively promotes carbon fixation, showing a
significant positive correlation with NEP (Zhang et al, 2024).
In the more humid areas of northern Xinjiang, the influence
of precipitation on NEP is often modulated by other factors,
resulting in non-significant correlations (Han et al, 2014).
However, the uneven distribution of precipitation, especially
the increasing frequency of extreme climate events, may cause
large fluctuations in vegetation NEP. For instance, drought
events are often accompanied by an increase in Vapor Pressure
Deficit (VPD), which adversely affects plant photosynthesis and
leads to a decline in NEP (Wang et al, 2024; Zhou et al,
2024). Furthermore, insufficient water supply during droughts
prevents plants from effectively absorbing necessary water and
nutrients (Wen et al., 2023), further suppressing their growth and
carbon uptake (Heran et al., 2025). Consequently, under drought
conditions, vegetation NEP is negatively impacted (Ding et al,
2025).

Solar radiation and forest NEP in Xinjiang exhibit a highly
positive correlation. As the primary energy source driving
photosynthesis, appropriate levels of solar radiation can promote
vegetation photosynthesis and enhance carbon uptake capacity
(Zhang et al., 2025). Research in the Mu Us Sandy Land has also
found a significant positive correlation between solar radiation
and vegetation water use efficiency, which further suggests that
a moderate increase in solar radiation is beneficial for improving
vegetation photosynthesis (Wang et al., 2020).

5.2 InTEC model sensitivity analysis

Sensitivity analysis was conducted to quantitatively assess the
influence of model parameters and input data on the simulation
results. In this study, we employed a one-at-a-time approach,
where individual parameters or input variables were systematically
altered while holding others constant. The resulting changes in
simulated NEP were then compared against the baseline simulation
to evaluate the model’s sensitivity. To assess this, temperature
was adjusted by £1 °C, while precipitation, radiation, and vapor
pressure were altered by £ 25%. The InTEC model was then run
with each of these modified inputs, and the resulting changes
in simulated NEP were analyzed (Table 3). Furthermore, we
performed a sensitivity analysis on several key inputs: nitrogen
deposition, reference year NPP (NPPref), forest age (age), and
the temperature sensitivity coeflicient of respiration (Qig). The
temperature sensitivity coefficient for respiration, Qjo, plays a key
role in autotrophic respiration calculations. Studies have shown
that the typical value of Qo is around 1.5, but it can vary
significantly under different ecosystem and soil conditions. In arid
or wet environments, Q9 may reach values above 2.8 or below
1.2, respectively (Meyer et al., 2018). Qg is calculated using the
definition formula (Reichstein et al., 2000) (Equation 9):

Q10 = Rr410/Rr 9)
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Where RT + 10 represents the mineralization rate of soil
organic carbon at a temperature of (T + 10), and RT represents
the mineralization rate of soil organic carbon at temperature T.
Additionally, the reference year NPP (NPPref) was estimated based
on the 2011 Xinjiang Forest Type II survey data, as described
in formula (7). The value reflects the baseline growth status of
Xinjiang forests (Zan, 2022).

Altering nitrogen deposition by & 25% resulted in a 0.72%
and—0.90% change in the simulated NEP, respectively. This aligns
with existing research indicating that nitrogen deposition can
enhance the net photosynthetic rate by increasing leaf nitrogen
content, although excessive deposition may become inhibitory
(Vries, 2011). In arid regions, where forest ecosystems are often
nitrogen-limited, added nitrogen can boost forest productivity
(Asner et al,, 2001). However, this can also increase litterfall and
its decomposition rate, consequently promoting soil CO, emissions
(Steudler et al., 1991). The analysis revealed that both NPPref and
forest age introduce significant uncertainty into the INTEC model’s
outputs. When NPPref was adjusted by £25%, the simulated NEP
for Xinjiang’s forests changed by over 16% and—25% relative to
the baseline simulation. Similarly, a 5 year increase in stand age
led to a 1.36% increase in total NEP change, whereas a 5 year
decrease resulted in a 3.49% reduction in the annual average NEP
change. This finding is consistent with studies at both national
and provincial scales that have confirmed forest age as a critical
factor influencing NEP (Chen W. et al., 2000; Mao et al., 2022),
reinforcing our conclusion regarding the model’s sensitivity to this
parameter. The temperature sensitivity coefficient of respiration,
Q10, which influences the calculation of autotrophic respiration,
also proved to be a significant source of uncertainty. Adjusting the
baseline Qj¢ value of 1.5 by & 0.5 resulted in a decrease of over
6% and an increase of over 14% in the mean annual NEP change,
respectively (Wu and Chen, 2014). In summary, the model results
demonstrate considerable sensitivity to temperature, precipitation,
nitrogen deposition, NPPref, forest age, and the Q¢ parameter.
In contrast, the model showed lower sensitivity to variations in
radiation and vapor pressure data.

5.3. Uncertainties and future prospects of
forest NEP simulation

Climate change is undoubtedly a critical factor influencing
present and future forest NEP (Grant et al, 2012; Fan et al,
2025). This study utilized future meteorological data to predict the
spatiotemporal patterns of forest NEP in Xinjiang from 2023 to
2060 using the INTEC model. Although our analysis confirmed the
model’s usability and reliability at both plot and regional scales,
several uncertainties persist, primarily from three sources.

First, future meteorological data are projected using general
circulation models with coarse spatial resolutions (Xin et al,
2013). The Tianshan Mountains in Xinjiang significantly obstruct
atmospheric circulation, and low-resolution models struggle to
capture the fine-scale influence of topography on precipitation
and temperature, leading to simulation biases (Jiang et al., 2015).
Second, the InTEC model predicts future forest carbon cycling
based on a static Land Use Cover Change (LUCC) assumption
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(Chen J. et al., 2000). In reality, future land use will evolve with
socioeconomic development and policy shifts, and the composition
and proportion of different tree species may also change (Ren
et al., 2019). Therefore, the static LUCC assumption inevitably
introduces uncertainty into carbon cycle simulations (Deng et al.,
2017). Third, the forest carbon cycle is significantly affected by
extreme weather events such as fires and droughts (Zhang et al.,
2012). Due to the historical rarity of fires in Xinjiang and the lack
of comprehensive historical fire data, this study did not incorporate
their impact. However, the frequency of fires is expected to increase
with a warming climate. Rising temperatures and solar radiation
may also lead to more frequent droughts (Seidl et al, 2014).
Such disturbances can severely inhibit vegetation growth and may
cause deviations in the model’s simulation results (Cao et al.,
2022). Based on the aforementioned uncertainties, future research
should focus on improving the accuracy of regional climate
predictions by incorporating multi-model ensemble averaging and
dynamic downscaling methods. Additionally, it is essential to
further couple land use change scenario models, such as FLUS
and CA-Markov, to enable dynamic simulations of LUCC and
the carbon cycle. Furthermore, it is important to construct a
historical disturbance database and integrate natural disturbance
modules, including fire and drought, into the model, thereby
enhancing the comprehensiveness and reliability of future carbon
sink assessments.

6 Conclusion

In this study, we employed the INTEC model, driven by a
comprehensive suite of multi-source remote sensing and reanalysis
data covering meteorology, vegetation, soil, and topography, along
with three representative concentration pathways (SSP126, SSP245,
and SSP585) from the CMIP6 climate models. We simulated
the spatiotemporal patterns of forest NEP in Xinjiang over the
period 1901-2060 and analyzed its evolutionary characteristics and
response to climatic factors using trend and partial correlation
analyses. The main conclusions are as follows:

(1) For the period 1901-2022, the mean forest NEP in Xinjiang
was 47.81 g C-m~2.yr~!, exhibiting a fluctuating upward trend at
an average annual rate of 0.52g C-m~2.yr~!. The spatial pattern
was generally characterized by higher values in mountainous areas
compared to plains, in northern Xinjiang (north of the Tianshan
Mountains) relative to southern Xinjiang (south of the Tianshan
Mountains), and in the west vs. the east. A significant increase
in NEP was observed across 45.29% of the forested area, with
an additional 23.46% showing a non-significant increase. The
relatively small area of decrease indicates an overall enhancement
of the forest ecosystem’s carbon sink capacity over the last century.

(2) The future carbon sequestration potential of Xinjiang’s
forests is projected to be significantly greater under the SSP126
scenario compared to the others. For the period 2023-2060, the
mean annual NEP values are estimated to be 122.88, 114.28,
and 108.54g C-m~2.yr~! under the SSP126, SSP245, and SSP585
scenarios, respectively, with average annual growth rates of 0.34,
0.19, and 0.009 g C-m_2~yr_1, all of which are slower than the
historical rate. While a fluctuating upward trend in NEP is expected
until 2035 across all scenarios, a decline is possible after 2045
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under high-emission pathways. This potential decrease, attributed
to factors like high temperatures, drought, extreme events, and
increased nitrogen deposition, is primarily concentrated in the
piedmont plains of the Tianshan Mountains and the periphery of
the Tarim Basin.

(3) The positive influence of precipitation on Xinjiang’s forest
NEP is stronger than that of temperature. The relationship
between temperature and NEP displays significant geographical
differentiation, being positive in cool, humid montane forests
and negative in hot, arid regions. Both solar radiation and vapor
pressure exhibit a predominantly positive correlation with forest
NEP, affecting 76.23% and 63.83% of the study area, respectively.
These findings reveal the centennial-scale spatiotemporal dynamics
of forest NEP in Xinjiang and its response to climatic drivers,
while also providing a projection of its future carbon sequestration
potential. This work offers a valuable reference for assessing the
region’s carbon uptake capacity.
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