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Highlights

What are the main findings?

• GPP across China’s three major forest regions showed a clear south–north spatial
gradient from 2005 to 2025.

• Forest GPP generally increased during the study period, but the magnitude, stability,
and trend significance differed substantially among regions.

• Temperature and VPD jointly controlled GPP variability, with distinct dominant
climatic drivers across the northeast, southern, and southwest forest regions.

• Clear temperature–VPD thresholds were identified, with turning points occurring
at approximately 11.74 ◦C, 10.43 ◦C, and 25.64 ◦C in the northeast, southwest, and
southern forest regions, respectively.

• GPP responses to hydrothermal conditions exhibited strong nonlinear characteristics
and region-specific optimal temperature–VPD combinations.

What are the implications of the main findings?

• Forest carbon sink responses to climate change are strongly region-dependent and
cannot be explained by a single climatic control mechanism.

• Increasing atmospheric dryness may weaken warming-induced productivity gains,
particularly in regions with strong hydrothermal coupling and moisture constraints.

• Nonlinear threshold effects should be incorporated into future assessments of forest
carbon sink vulnerability and climate adaptation strategies.

Abstract

Gross primary productivity (GPP) is central to terrestrial carbon cycling and forest carbon
sink assessment. Using Google Earth Engine, MODIS GPP, ERA5-Land meteorological
data, and forest extent masks, this study examined GPP dynamics and climatic controls
in China’s northeast, southern, and southwest forest regions from 2005 to 2025. GPP
increased overall in all three regions, with higher values in the south and lower values in
the north. Climatic drivers differed regionally: in the northeast, GPP responded positively
to temperature, while VPD slightly exceeded temperature in the dominant-control area; in
the southern region, temperature was the main driver but VPD remained important; in the
southwest, temperature dominated larger areas, whereas moisture-related controls showed
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stronger spatial heterogeneity. Piecewise analysis identified temperature–VPD turning
points of 11.74 ◦C, 10.43 ◦C, and 25.64 ◦C for the northeast, southwest, and southern regions,
respectively. Two-dimensional temperature–VPD binning further revealed nonlinear GPP
distributions and distinct optimal hydrothermal combinations across regions. These results
show that warming effects on forest productivity are region-specific and constrained by
atmospheric dryness, providing evidence for assessing China’s forest carbon sink responses
to climate change.

Keywords: gross primary productivity (GPP); climate change; nonlinear response; China’s
three major forest regions

1. Introduction
With ongoing global climate change, the terrestrial carbon cycle has become a central

topic in global change research. Gross primary productivity (GPP) refers to the total
amount of atmospheric CO2 assimilated and organic carbon fixed by vegetation through
photosynthesis. It represents the carbon uptake capacity of terrestrial ecosystems and is
a fundamental component of the terrestrial carbon cycle, serving as a baseline variable
for understanding ecosystem carbon budgets [1,2]. As a key link between vegetation
physiological processes and regional carbon budgets, GPP is widely used to measure
ecosystem productivity, carbon sink function, and their changes over time [2]. Forest
ecosystems, as a major part of terrestrial ecosystems, are a critical reservoir of the global
carbon pool and carbon sink, and they play an irreplaceable role in regulating the global
carbon cycle and mitigating climate change [3,4]. However, under the combined pressures
of continued warming and intensifying natural disturbances, forest carbon sink function
also shows clear vulnerability and uncertainty: extreme drought events can greatly weaken
the carbon uptake capacity of large forest ecosystems and even trigger the release of biomass
carbon [5]; future warming and more frequent disturbances may further raise the risk of
some forests shifting from carbon sinks to carbon sources [6].

From a broader geographical perspective, mid-latitude forests of the Northern Hemi-
sphere account for a large share of the global terrestrial carbon sink and are highly sensitive
to climate anomalies. Large-scale observations have shown that drought events can sub-
stantially alter water-use processes linked to carbon uptake in Northern Hemisphere forest
ecosystems [7]. At the same time, although climate warming may extend the growing
season of temperate forests, it may also offset some of the carbon gains by increasing respi-
ratory losses during hot summers, creating a clear phenological trade-off [8]. This climatic
sensitivity has also been confirmed in typical mid-latitude forests, with the composition and
productivity of temperate broad-leaved Korean pine forests in Northeast China responding
clearly to climate change [9]. Focusing further on the Eurasian continent, East Asian forests,
shaped by both monsoon activity and anomalous meteorological events, show clear spatial
heterogeneity in their GPP responses to climatic fluctuations [10].

Within this broader context, China, as the core region of the East Asian monsoon sys-
tem, has typical forest ecosystems whose carbon dynamics are particularly representative.
Therefore, a systematic study of GPP and carbon exchange in forest ecosystems is of con-
siderable scientific value for understanding regional carbon cycle mechanisms, assessing
forest carbon sink function, and evaluating ecosystem responses to climate change [3,4]. In
practice, the responses of ecosystem carbon exchange processes to climatic variability are
far from uniform; rather, they display strong spatial heterogeneity. Studies based on the
ChinaFLUX observation network have indicated that the seasonal and spatial patterns of
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carbon fluxes such as GPP across China’s terrestrial ecosystems are shaped by latitudinal
zonality and regional combinations of temperature and moisture [11]. Meanwhile, changes
in environmental moisture gradients not only directly constrain photosynthetic physio-
logical activity but may also cause a clear “decoupling” between forest canopy structure
(greenness) and actual primary productivity (GPP) in humid regions [12]. These findings
suggest that relying solely on a single indicator or large-scale averaged assessments cannot
faithfully capture the carbon sink potential and vulnerability of forests under specific
climatic conditions.

China’s forests have become an important component of the global and Northern
Hemisphere terrestrial carbon sink. National forest-inventory, atmospheric-inversion,
and model-data fusion studies have shown that forest carbon storage and annual carbon
sequestration in China have increased over recent decades, partly because of climate
change, CO2 fertilization, ecological restoration, afforestation, and forest management. For
example, data fusion estimates reported a forest carbon stock of 7.08 Pg C in China during
2004–2008, representing an increase of 2.24 Pg C from 1984 to 2008 [13]. At the national
scale, vegetation carbon sequestration has also accelerated after 2010, with GPP and NPP
increasing at rates of 49.1–53.1 Tg C yr−2 and 22.4–24.9 Tg C yr−2, respectively, during 2001–
2018 [14]. At the regional and stand scales, carbon sequestration potential in subtropical
plantations is also strongly modulated by stand structure, forest age, and management
intensity [15]. However, these gains are increasingly exposed to longer growing seasons,
more frequent heat extremes, drought events, and anthropogenic disturbances. Therefore,
quantifying regional differences in GPP and hydrothermal constraints across China’s major
forest regions is necessary for evaluating whether recent carbon sink gains can be sustained
under future climate stress. Regional evidence from tropical forest ecosystems, such as
Hainan Island, further indicates that forest carbon sequestration can show strong temporal
fluctuations under the combined effects of land-use change, vegetation condition, terrain,
and human activity [16].

In recent years, with advances in remote sensing techniques and ecological modeling,
large-scale GPP estimation based on satellite data such as MODIS has progressed consider-
ably and has become a primary data source for monitoring the spatiotemporal dynamics
of terrestrial ecosystem productivity. Existing studies generally agree that temperature,
precipitation, radiation, and vapor pressure deficit (VPD) are the key environmental factors
driving GPP variation in forest ecosystems [17,18]. Among these, temperature affects GPP
mainly by modulating light-use efficiency, whereas precipitation acts largely through its
influence on the absorption and utilization of photosynthetically active radiation by vegeta-
tion [19]. As global warming continues to increase atmospheric water demand, VPD has
also been widely regarded as a major driving force constraining the carbon sink function of
China’s forest ecosystems [20]. Moreover, the climatic drivers of forest GPP do not operate
through simple linear relationships; rather, they involve clear threshold effects and non-
linear hydrothermal constraints. Global-scale studies have found that higher atmospheric
VPD significantly suppresses vegetation growth, with distinct hydrothermal threshold
characteristics [21]. Flux network observations have also shown that high VPD and low
soil moisture impose systematically different constraints on ecosystem productivity [22].
Studies focused on China have further pointed to identifiable transition thresholds between
energy-limited and water-limited regimes in ecosystem carbon and water fluxes, and that
GPP responses to compound hot–drought events differ considerably across regions [23,24].

Although existing studies have described the differential responses of forest GPP to
precipitation, temperature, and VPD from the angle of single regions or individual climatic
factors—for example, interannual variation in growing season GPP in the forest regions of
Southwest China is strongly influenced by precipitation, while the relationships between
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GPP and temperature, precipitation, and VPD in karst forest regions follow different
constraint patterns [17,25]—systematic comparisons of GPP spatiotemporal variation and
its climatic drivers across different typical forest regions of China under a unified data and
methodological framework are still lacking. In particular, comprehensive identification
and quantitative assessment at the regional scale remain insufficient with regard to the
nonlinear characteristics of GPP responses to changing hydrothermal conditions, their
threshold effects, and possible asymmetric responses. These three forest regions were
selected because they represent contrasting climatic, ecological, and topographic settings in
China: the northeast region is mainly energy-limited temperate forest, the southern region
is humid subtropical forest with abundant hydrothermal resources, and the southwest
region is characterized by complex mountainous terrain, vertical climatic gradients, and
stronger moisture heterogeneity. To fill these gaps, this study takes China’s northeast,
southern, and southwest forest regions as the study areas. Based on a unified framework
combining MODIS GPP data, ERA5-Land meteorological data, and forest mask datasets,
we evaluate the spatiotemporal dynamics of GPP and the regional differences in its climatic
drivers across the three major forest regions over the period 2005–2025. Building on this,
through dominant driver identification, temperature–VPD piecewise regression, and two-
dimensional binning analysis of GPP responses, we further examine the threshold effects,
nonlinear characteristics, and potential asymmetric responses of forest GPP to changing
hydrothermal conditions under different climatic backgrounds. The work aims to provide
regional-scale evidence for understanding the regional differentiation patterns and climatic
response mechanisms of carbon sink changes in China’s typical forest ecosystems.

2. Materials and Methods
2.1. Study Area

The study area covers China’s three major typical forest regions: the northeast for-
est region, the southwest forest region, and the southern forest region (Figure 1). The
northeast forest region is mainly distributed in the Greater Khingan Mountains, Lesser
Khingan Mountains, and Changbai Mountains and is characterized by a temperate mon-
soon climate. The southwest forest region is located in the Hengduan Mountains and the
Yunnan–Guizhou Plateau, where the terrain is complex and vertical climatic differentiation
is clear. The southern forest region is controlled by a subtropical monsoon climate and
has abundant hydrothermal conditions. Together, these three regions represent an energy-
limited temperate forest system, a humid subtropical forest system, and a topographically
complex mountain forest system, providing a suitable basis for comparing regional GPP
dynamics and nonlinear climate-response patterns.

2.2. Data Collection and Preprocessing

Forest extent masks were derived from the MODIS MCD12Q1 land-cover prod-
uct [26] by extracting forest-class pixels and intersecting them with the three regional
forest-boundary masks obtained from Tiandiwang [27]. The GPP data were obtained from
the MODIS/Terra MOD17A2H.061 Gross Primary Productivity 8-day L4 Global 500 m prod-
uct through Google Earth Engine [28]. The original temporal resolution was 8 days and the
spatial resolution was 500 m, and the data were aggregated to a monthly scale. Although
alternative GPP products such as GLASS, GOSIF/SIF-based products, and FLUXCOM are
available, MODIS GPP was selected because it provides a long-term, globally consistent,
moderate-resolution product with established quality-control information and direct ac-
cessibility in GEE. MODIS GPP products have been widely used to monitor vegetation
productivity from regional to global scales and have been validated across multiple biomes
and forest ecosystems, although their accuracy may still be affected by parameterization
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schemes, meteorological forcing data, and canopy structural representation [29]. Because
MOD17-type GPP products are generated using a light-use-efficiency framework with
meteorological constraints, including temperature, radiation, and atmospheric moisture-
related stress terms, and because LUE-based GPP models are sensitive to parameterization
and environmental scalars [30], the relationships between MODIS GPP and climate vari-
ables in this study should be interpreted as statistical associations within a remote sensing
product framework rather than as fully independent physiological evidence. To evalu-
ate the possible influence of MODIS data quality, we further summarized monthly GPP
quality-control information using the MODIS QC layers. For each region and month, we
calculated the mean GPP together with the fractions of good MODLAND quality and clear
or assumed-clear observations. These QC summaries were used to assess whether regional
time-series fluctuations could partly reflect optical-data quality limitations (Table S4).

Figure 1. Distribution of the three major forest regions in China: national overview (a), northeast
forest region (b), southern forest region (c), and southwest forest region (d). Forest pixels were
extracted from the MODIS MCD12Q1.061 land-cover product, and the forest region polygons were
obtained from Tiandiwang.

Meteorological variables were obtained from ERA5-Land monthly averaged data
provided by the Copernicus Climate Change Service Climate Data Store (CDS) [31]. The
native spatial resolution of ERA5-Land is approximately 0.1◦ (~9 km), and the data were
spatially aligned with the MODIS GPP grid only for overlay and regional aggregation. As
a land-surface reanalysis dataset with high spatial and temporal resolution, ERA5-Land
has been widely applied in regional climate and ecological-environment studies. Previous
studies have shown that ERA5-Land has good capability for reproducing meteorological
variables such as temperature and precipitation across different regions of China, although
local-scale biases may remain due to topographic complexity and regional climatic differ-
ences [32–35]. The native spatial resolution and temporal resolution of each dataset are
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summarized in Table S1. ERA5-Land was spatially aligned with the MODIS GPP grid
for overlay analysis and regional/elevation-band aggregation, but this alignment was
not interpreted as generating true 500 m local meteorological fields, particularly in moun-
tainous terrain. Vapor pressure deficit (VPD) is the difference between saturated vapor
pressure and actual vapor pressure. In this study, saturated vapor pressure and actual
vapor pressure were calculated from the 2 m air temperature and dew-point temperature,
respectively, and monthly VPD was then obtained [36].

During data preprocessing, forest masks for the three major forest regions were first
constructed. MODIS GPP was then aggregated to a monthly scale to form a monthly GPP
dataset for 2005–2025. ERA5-Land meteorological variables were spatially aligned with the
MODIS GPP grid for overlay analysis and regional/elevation-band aggregation, while re-
taining the interpretation that the meteorological information reflects the coarser reanalysis
scale. Trend analysis, stability analysis, and partial correlation analysis were conducted at
the pixel scale to identify spatial patterns, whereas temperature–VPD threshold identifica-
tion and two-dimensional response analysis were performed using monthly regional mean
values of forest pixels in each forest region to compare regional response differences.

2.3. Methods
2.3.1. Theil–Sen Median Trend Analysis

To accurately assess the spatiotemporal evolution of forest ecosystem productivity over
a long time series and effectively avoid the influence of outliers on the overall trend [25],
the Theil–Sen median trend method was used to calculate the rate of GPP change from
2005 to 2025. This method is suitable for non-normally distributed time series and series
containing outliers and can be used to characterize the long-term direction and magnitude
of GPP changes in the three major forest regions. The formula is as follows:

β = Median
(GPPj − GPPi

j − i

)
, ∀j > i (1)

where β is the Sen slope estimator, and GPPi and GPPj denote the GPP values at the i and
j time steps, respectively. A beta value greater than 0 indicates an increasing GPP trend,
whereas a beta value less than 0 indicates a decreasing trend.

2.3.2. Mann–Kendall (M–K) Significance Test

The Mann–Kendall test was used to determine the significance of the trend. This
method does not require the data to follow a specific distribution and is suitable for trend
testing of long ecological time series. The standardized test statistic Z is defined as:

Z =


S−1√
Var(S)

S > 0

0 S = 0
S+1√
Var(S)

S < 0
(2)

where S is the Mann–Kendall statistic,
√

Var(S) is its variance, and alpha is the significance
level. At a given confidence level, if |Z| is greater than Z1 − α/2, the trend is considered
statistically significant.

2.3.3. Partial Correlation Analysis

Because climatic factors such as temperature, precipitation, and VPD are coupled
under natural conditions, partial correlation analysis was used as an exploratory statistical
tool to describe the association between GPP and individual climatic variables while
controlling for another variable [17,37]. Taking the first-order partial correlation between
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variables x and y while controlling variable z as an example, the following equation can
be obtained:

Rxy·z =
Rxy − RxzRyz√

(1 − R2
xz)

(
1 − R2

yz

) (3)

where Rxy·z is the partial correlation coefficient between variables x and y after controlling
for variable z, and Rxy, Rxz, and Ryz are the corresponding simple correlation coefficients
between variables. Given the inherent coupling between temperature and VPD and the
meteorological dependence of MODIS GPP, the partial correlation results were interpreted
as exploratory statistical associations rather than causal attribution of independent phys-
iological drivers. To quantify this issue, we additionally calculated Pearson correlations
between air temperature and VPD and variance inflation factors (VIFs) for the climatic
variables (Table S3).

2.3.4. Coefficient of Variation (CV)

Quantitatively evaluating the temporal variability of ecosystem productivity is a key
prerequisite for assessing regional carbon sink stability and sustainability [23]. To compare
regional differences in forest productivity stability among the three major forest regions, the
coefficient of variation (CV) was used to characterize interannual GPP fluctuation. Based
on CV values, forest pixels were classified into high-stability zones (CV < 0.1), moderate-
stability zones (0.1 ≤ CV < 0.2), and low-stability zones (CV ≥ 0.2), and the area and
proportion of each class were calculated. The CV was calculated as:

CV =
σ

µ
× 100% (4)

where σ is the standard deviation of GPP during the study period and µ is the multi-year
mean. Larger CV values indicate stronger interannual GPP fluctuation and lower forest pro-
ductivity stability [17]. Spatial mapping of CV can show the spatial patterns of vulnerability
and resistance of China’s typical forest ecosystems under climate variability [38].

2.3.5. Temperature–VPD Threshold Identification and Two-Dimensional
Response Analysis

To identify the statistical turning point at which atmospheric drought effects intensify
under warming, this study followed nonlinear threshold identification methods for forest
productivity [39] and incorporated existing evidence that forest GPP responds to air tem-
perature and VPD through a threshold pattern characterized by an initial increase followed
by a decline [37]. Based on monthly regional mean data for forest pixels in the three major
forest regions from 2005 to 2025, relationships among air temperature, VPD, and GPP were
constructed. A segmented linear regression model was used to fit the temperature–VPD
response, expressed as:

VPDi = β0 + β1Ti + β2max(0, Ti − c) + ε I (5)

where VPDi is the vapor pressure deficit of the i-th time sample, Ti is the corresponding air
temperature, c is the temperature threshold to be identified, β0, β1, and β2 are regression
coefficients, and ε I is the random error term. The candidate threshold c was searched
iteratively, and the minimum residual sum of squares was used as the optimality criterion
to determine the statistical turning point of the temperature–VPD relationship:

RSS(c) = i =
n

∑
i=1

[VPDi − (β0 + β1Ti + β2max(0, Ti − c))]2 (6)
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where RSS(c) is the residual sum of squares corresponding to candidate threshold c and
n is the sample size. When RSS(c) reaches its minimum, the corresponding c is taken
as the optimal temperature threshold. To evaluate whether regional averaging masked
topographic heterogeneity, we further conducted an elevation-stratified sensitivity analysis.
Forest pixels in each region were divided into three elevation bands (<1000 m, 1000–2000 m,
and ≥2000 m) using the SRTM DEM, and the same segmented monthly temperature–VPD
regression was fitted separately for each elevation band [40,41]. These elevation-stratified
results were used to assess whether the full-region turning points should be interpreted as
robust regional summaries or as spatially uniform ecological thresholds (Table S2).

On this basis, because atmospheric drought (VPD) has been shown to be a key driver
limiting photosynthesis independently of temperature [42], temperature and VPD were
divided into multiple intervals to further show the nonlinear response characteristics of
GPP under different hydrothermal combinations. The mean GPP within each temperature–
VPD bin was calculated as:

GPPjk =
1

njk
=

njk

∑
i=1

GPPijk (7)

where GPPjk is the mean GPP corresponding to the j temperature interval and the k VPD
interval, njk is the number of samples in that bin, and GPPijk is the GPP value of the
i sample falling within the bin. By constructing a two-dimensional temperature–VPD
response space, the distribution of GPP under different hydrothermal combinations in
the three major forest regions was analyzed to quantitatively clarify interactive stress
characteristics and their nonlinear control on forest productivity [43]. This analysis helps
show nonlinear responses and regional differences in forest ecosystem responses to climate
change and provides a more accurate basis for evaluating ecological vulnerability and
resistance in different Chinese forest regions under compound extreme events such as
droughts and heat waves [44].

3. Results
3.1. Spatial Distribution

As shown in Figure 2, GPP across China’s three major forest regions from 2005 to
2025 followed a clear south-high, north-low pattern. The southern forest region had
the highest multi-year mean GPP at 1838.94 g C m−2 yr−1, followed by the southwest
forest region at 1759.94 g C m−2 yr−1, with the northeast forest region being relatively
lower at 1609.90 g C m−2 yr−1. At the pixel scale, the spatial standard deviations of multi-
year mean GPP for the northeast, southern, and southwest forest regions were 246.79,
537.34, and 724.20 g C m−2 yr−1, respectively, with corresponding 2–98% quantile intervals
of 1387.22–1984.39, 1241.74–3024.05, and 690.39–3203.83 g C m−2 yr−1. These values
indicate that the southwest forest region had the largest internal dispersion, followed
by the southern forest region, while the northeast forest region was relatively concentrated.
Spatially, high GPP values in the northeast forest region were concentrated mainly in the
eastern and mountainous forest areas where water and heat conditions are more favorable.
In the southern forest region, a band of high GPP values ran fairly continuously along
humid mountainous areas and coastal hills. The southwest forest region, influenced by
topographic dissection and elevation gradients, showed a patchy mosaic of high and low
values, with the strongest spatial differentiation among the three regions.
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Figure 2. Multi-year mean spatial distribution of GPP across China’s three major forest regions,
2005–2025.

3.2. Temporal Variation

As shown in Figure 3, the M–K significance test further indicated that pixels with increas-
ing trends dominated all three forest regions, but the significance structure differed clearly
among them. In the southern forest region, the proportions of significantly increasing and
non-significantly increasing pixels were 51.4% and 41.2%, respectively, with significantly and
non-significantly decreasing pixels together accounting for only 7.4%. In the northeast forest
region, the corresponding proportions were 40.6%, 50.9%, 0.1%, and 8.3%, also with increasing
trends prevailing. In the southwest forest region, significantly increasing pixels accounted
for only 17.8% and non-significantly increasing pixels for 46.2%, whereas significantly and
non-significantly decreasing pixels together reached 36.1%, suggesting stronger directional
divergence in its trend pattern.

Spatially, as shown in Figure 3, the areas with increasing trends were distributed
fairly continuously in the northeast and southern forest regions, with significantly increas-
ing areas occurring more often in core forest zones and zones of higher productivity. In
the southwest forest region, increasing and decreasing patches were intermingled, with
a relatively larger share of non-significant changes and localized declines, indicating that
under the combined influence of complex terrain and hydrothermal differences, the spatial
coherence of GPP temporal changes in this region was weaker than in the other two for-
est regions.
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Figure 3. Spatial distribution of GPP trend significance (M–K test) across China’s three major forest
regions, 2005–2025.

As shown in Figure 4, the annual mean GPP of the three forest regions all displayed
clear interannual fluctuations from 2005 to 2025, but with different temporal patterns. The
southern forest region showed the strongest upward trend, with a linear growth rate of
approximately 7.79 g C m−2 yr−2; its annual mean GPP rose from 1838.94 g C m−2 yr−1 in
2005 to 1956.97 g C m−2 yr−1 in 2025, peaking at 2107.38 g C m−2 yr−1 in 2021. The northeast
forest region experienced a slow and steady increase, with a growth rate of approximately
4.42 g C m−2 yr−2, its lowest value occurring in 2007 (1571.06 g C m−2 yr−1) and its highest
in 2023 (1698.25 g C m−2 yr−1). The southwest forest region showed a weak increasing trend
based on linear fitting, with a growth rate of approximately 2.00 g C m−2 yr−2; however,
due to fluctuations, its 2025 value (1737.67 g C m−2 yr−1) was slightly lower than that
of 2005 (1759.94 g C m−2 yr−1), showing an overall pattern of initial increase followed
by fluctuating decline. Its lowest value occurred in 2010 (1731.62 g C m−2 yr−1) and its
highest in 2022 (1892.52 g C m−2 yr−1). Regarding fluctuation magnitude, the southern
forest region had the largest range (268.44 g C m−2 yr−1), followed by the southwest
forest region (160.90 g C m−2 yr−1), with the northeast forest region being the smallest
(127.19 g C m−2 yr−1).

3.3. Stability

To further compare interannual fluctuation differences in forest productivity among
the three regions, forest pixels were classified by stability level according to the GPP
coefficient of variation (CV), with results summarized in Table 1. Overall, high-stability
zones dominated all three forest regions, but the degree of stability differed clearly across
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regions. The southern forest region had the highest area proportion of high-stability zones
(95.6%), followed by the northeast forest region (92.9%), with the southwest forest region
being the lowest (69.8%), suggesting that forest ecosystems in different regions differ in
their sensitivity to external fluctuations.

 

Figure 4. Interannual variation in mean GPP across China’s three major forest regions, 2005–2025.

Table 1. GPP stability classification statistics for the three major forest regions.

Stability Class CV Range
Northeast

Forest Region
Area (km2)

Northeast
Forest Region
Proportion (%)

Southwest
Forest Region

Area (km2)

Southwest
Forest Region
Proportion (%)

Southern
Forest Region

Area (km2)

Southern
Forest Region
Proportion (%)

High-stability
zone CV < 0.1 322,983 92.9 297,669 69.8 413,951 95.6

Moderate-
stability zone 0.1 ≤ CV < 0.2 24,740 7.1 118,636 27.8 18,805 4.3

Low-stability
zone CV ≥ 0.2 99 <0.1 10,387 2.4 49 0.1

Total — 347,822 100 426,692 100 432,805 100

Further, the moderate-stability and low-stability zones in the southwest forest region
accounted for 27.8% and 2.4%, respectively, clearly higher than those in the northeast
forest region (7.1% and <0.1%) and the southern forest region (4.3% and 0.1%). This
indicates that moderate- and low-stability zones were concentrated mainly in the southwest
forest region, while in the northeast and southern forest regions they accounted for only
small proportions and appeared mostly as scattered patches along edges or transitional
belts. A consistent relationship emerged between stability and productivity: taking the
southwest forest region as an example, the mean GPP of the high-stability zone was
approximately 2082.36 g C m−2 yr−1, clearly higher than that of the moderate-stability zone
(1379.35 g C m−2 yr−1) and the low-stability zone (928.15 g C m−2 yr−1). The northeast
and southern forest regions also showed the general pattern that mean GPP in high-stability
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zones was higher than in moderate-stability zones, indicating that declining stability is
often accompanied by lower productivity and stronger spatial differentiation.

3.4. Regional Differences in Climatic Drivers

As shown in Figure 5, the change backgrounds of the main climatic factors differed
clearly among the three forest regions. The northeast forest region showed a fairly contin-
uous warming signal; the southern forest region had relatively abundant water and heat
conditions overall; and the southwest forest region, influenced jointly by complex terrain
and monsoons, displayed stronger hydrothermal fluctuations and spatial heterogeneity.
These patterns provide the regional climatic context for the subsequent partial correlation
analysis and classification of the statistically strongest climate–GPP associations.

 

Figure 5. Change trends of major climatic factors in the three major forest regions for precipitation (a),
temperature (b), VPD (c), and radiation (d).

As shown in Figure 6, the partial correlation analysis mainly reflected the response
direction and spatial patterns of GPP to different climatic factors in the three forest regions.
In the northeast forest region, the positive response of GPP to temperature was distributed
fairly continuously, suggesting that improved thermal conditions exerted a steady promot-
ing effect on forest productivity in this region. The southern forest region showed a spatial
pattern shaped jointly by temperature and VPD, indicating that its productivity changes
were regulated by both thermal conditions and atmospheric dryness. The southwest for-
est region displayed more complex water–heat coupling, with temperature-, VPD-, and
precipitation-correlated patches interlaced, showing the strongest spatial heterogeneity.
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Figure 6. Spatial distribution of partial correlation coefficients between GPP and precipitation (a),
temperature (b), radiation (c), and VPD (d) across China’s three major forest regions.

As shown in Figure 7, the spatial distribution of the statistically strongest climatic
signals associated with GPP differed clearly among the three forest regions. The northeast
forest region was mainly associated with VPD and temperature signals. The southern forest
region showed broad temperature-associated areas accompanied by a fairly continuous
VPD-associated belt. The southwest forest region was mainly associated with temperature,
but precipitation- and radiation-associated patches were more prominently intermingled,
reflecting the spatial heterogeneity of hydrothermal constraints against a background of
complex terrain.

As shown in Figure 8, the statistically strongest climate–GPP association results fur-
ther quantified the area proportions of different climatic factors in each forest region. In
the northeast forest region, the VPD-dominated area was the largest (39.6%), followed
by the temperature-dominated area (33.1%), with radiation and precipitation accounting
for 14.5% and 12.7%, respectively. In the southern forest region, temperature dominance
was most prominent (46.3%), with the VPD-dominated area also being fairly high (34.0%),
and radiation and precipitation at 11.3% and 8.4%, respectively. In the southwest forest
region, the temperature-dominated area was the largest (55.6%), with VPD, radiation, and
precipitation at 17.6%, 17.0%, and 9.7%, respectively. These results indicate that although
the northeast forest region showed a clear positive temperature response, both VPD and
temperature accounted for high proportions in terms of dominant-control area, with VPD
holding a slight edge. The southern forest region was mainly temperature-controlled,
while VPD also played an important role. In the southwest forest region, temperature
held an advantage in the dominant-control area, but moisture-related factors were dis-
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tributed in a more fragmented pattern, suggesting more complex water–heat coupling.
The multicollinearity diagnostics confirmed strong coupling between air temperature and
VPD (Table S3). The Tair–VPD correlations ranged from 0.94 to 0.96 in the north, 0.83 to
0.90 in the south, and 0.33 to 0.86 in the southwest. The VIF ranges were 16.4–17.5 for
Tair and 13.0–18.3 for VPD in the north, 9.4–14.1 and 10.0–14.5 in the south, and 8.0–20.7
and 6.8–15.1 in the southwest. Therefore, these mapped areas should be interpreted as
statistically strongest climate–GPP associations, not as fully independent climatic controls.

 

Figure 7. Spatial distribution of the statistically strongest climate–GPP association in China’s three ma-
jor forest regions.

3.5. Temperature–VPD Thresholds and Nonlinear GPP Responses

To further understand the synergistic response of forest productivity to hydrothermal
factors in the three forest regions, we constructed a composite figure (Figure 9) combining
the study area map, temperature–VPD piecewise regression results, and two-dimensional
GPP binning results. The results showed that the GPP response to temperature and VPD
was not a simple linear relationship but instead displayed clear threshold effects, nonlinear
characteristics, and regional differences.

As shown in Figure 9b, the statistical turning points differed considerably among the
three forest regions: approximately 11.74 ◦C for the northeast forest region, 10.43 ◦C for the
southwest forest region, and 25.64 ◦C for the southern forest region. In general, the northeast
and southwest forest regions showed a clear VPD intensification trend at relatively low
temperatures, whereas in the southern forest region the notable change occurred mainly at
the high-temperature end, suggesting that the sensitivity of atmospheric drought effects to
warming differs substantially across climatic backgrounds. As a supplementary sensitivity
analysis, the segmented regression was further repeated within elevation bands (Table S2).

https://doi.org/10.3390/rs18132125

https://doi.org/10.3390/rs18132125


Remote Sens. 2026, 18, 2125 15 of 27

The additional analysis showed that the elevation-band turning-point ranges were −9.17 to
5.54 ◦C in the north, 18.62 to 26.95 ◦C in the south, and 2.29 to 25.50 ◦C in the southwest, with
corresponding piecewise R2 ranges of 0.89–0.95, 0.72–0.82, and 0.23–0.85, respectively. This
indicates that the full-region turning points in Figure 9 should be interpreted as monthly
regional statistical summaries rather than spatially uniform ecophysiological thresholds.

 

Figure 8. Area proportions of the statistically strongest climate–GPP associations in the three major
forest regions.

As shown in Figure 9c, GPP displayed a clear nonlinear distribution across the hy-
drothermal space in all three forest regions, but the temperature–VPD combinations corre-
sponding to high GPP values differed substantially among them. In the northeast forest
region, GPP showed a fairly clear gradient increase with rising temperature, with high
values concentrated mainly under higher temperatures and moderate-to-high VPD con-
ditions. In the southern forest region, high GPP values were mainly distributed under
high-temperature conditions, indicating a relatively strong capacity to maintain high
productivity under abundant heat, although the rapid intensification of VPD at the high-
temperature end could still weaken the gains from warming. The southwest forest region
displayed a more complex water–heat coupling pattern: a clear turning point existed,
but the scatter of responses beyond the threshold was relatively high, suggesting that
forest productivity in this region is jointly regulated by temperature, moisture, and topo-
graphic conditions.

Taken together, all three forest regions showed clear optimal hydrothermal combina-
tion intervals, indicating that GPP responses to climate change are distinctly nonlinear and
regionally heterogeneous, and pointing to the segmented effects of warming across different
temperature intervals and their coupling constraints with increasing atmospheric dryness.
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(a)  (b)  (c) 

Figure 9. Study area location (a), temperature–VPD statistical turning-point relationship (b), and
two-dimensional temperature-VPD binning of mean monthly GPP (g C m−2 month−1) (c). Gray
polygons in panel (a) indicate the forest region subdivisions used for regional comparison.

4. Discussion
4.1. GPP Spatial Patterns and Regional Differences

The results of this study show that GPP across China’s three major forest regions from
2005 to 2025 followed a clear south-high, north-low spatial pattern, a differentiation that
aligns well with the regional distribution of water and heat resources and forest types.
This spatial pattern is consistent with previous reports based on both remote sensing and
flux observations [11,19,45,46]. Specifically, this macroscopic latitudinal gradient and its
dependence on annual temperature, precipitation, and growing season length have been
widely corroborated ecosystems in China [46]. The southern forest region lies within the
subtropical monsoon climate zone, where abundant heat, plentiful precipitation, and a long
growing season allow evergreen forests to sustain high photosynthetic intensity throughout
the year, yielding the highest multi-year mean GPP. The northeast forest region, constrained
by higher latitude and low temperatures, has a relatively short growing season, and
insufficient heat remains a key factor limiting forest productivity accumulation, resulting
in a lower mean GPP. Furthermore, recent evidence highlights that such macroscopic
hydrothermal gradients fundamentally shape productivity by modulating ecosystem light
response parameters, such as the maximum gross photosynthetic rate [47]. The southwest
forest region, although possessing relatively favorable thermal conditions, is characterized
by complex terrain and marked vertical climatic differentiation, which cause strong spatial
unevenness in water and heat availability; its overall GPP therefore lies between those of
the southern and northern regions, with stronger local heterogeneity. Indeed, topographic
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factors such as elevation and localized radiation play a dominant role in driving the high
spatial variability of GPP in these complex southwestern terrains [48].

This spatial differentiation not only reflects differences in hydrothermal backgrounds
among the forest regions but also aligns with existing understanding of warming responses
in high-latitude forests. High-latitude forest productivity generally responds positively to
warming, and such gains are more likely in areas where heat constraints are stronger [49].
At the macro-scale, temperature and spring phenology have increasingly become the
statistical associations of such productivity gains across the Northern Hemisphere [50,51].
However, while accurate modeling of this spring phenology is essential [52]. Recent work
on seasonal stability of vegetation growth in northern China further indicates that early-
season greening does not necessarily translate into sustained annual productivity gains [53],
often showing a decoupling between apparent greenness and actual photosynthesis [54],
because late-season temperature and intra-seasonal carryover processes—such as adverse
moisture legacy effects triggered by early spring water depletion [55,56]—can regulate
warming benefits in energy-limited regions [53]. The lower multi-year mean GPP and
heat-limited characteristics of the northeast forest region thus provide mechanistic support
for the north–south contrast found in this study.

4.2. GPP Trends, Stability, and Climatic Context

In terms of temporal variation, GPP in all three forest regions showed a fluctuating
upward trend over the study period, suggesting that under the combined effects of climate
warming and forest recovery [57], the overall carbon sink capacity of China’s major forest
areas has increased, particularly after the 2010 turning point [14]. Among them, the south-
ern forest region showed the largest increase, indicating that under sufficient water and
heat conditions, forest productivity responds more strongly to environmental improvement
driven by vegetation structural changes and CO2 fertilization [58,59]. The northeast forest
region, though lower in absolute level, displayed a clear increasing trend, reflecting the
sustained promoting effect of warming on energy-limited forests [60]. The southwest forest
region showed a steady increase, but influenced by monsoon fluctuations, topographic
differentiation, and dry–wet season transitions, its interannual variability and local stability
differences deserve greater attention. At the same time, the stability analysis also showed
that high GPP does not necessarily imply the most stable system, as the resistance and
resilience of different forest regions under climatic fluctuations still differ considerably [61].

These results also suggest that GPP growth trends need to be understood together with
regional stability and moisture constraints. Forests in humid regions can generally main-
tain high productivity when water and heat conditions improve, but when soil moisture
approaches or crosses a critical threshold, ecological processes may gradually shift from
energy-limited to water-limited regimes [23]. Recent China-scale analyses further show
that soil moisture and VPD affect GPP synchronously but with clear regional differences,
while the promoting effect of temperature on GPP is often mediated indirectly through
LAI and root-zone soil moisture [62,63]. Meanwhile, moisture-vulnerable regions such
as the southwest respond more strongly to droughts across different time scales [64]. For
instance, extreme droughts in Southwest China can severely limit the carbon sink capacity
of tall forests due to their inherently high water demand [65]. Furthermore, comprehensive
evaluations reveal that the resistance and resilience of terrestrial ecosystems to drought
in this region are highly heterogeneous [66] and can be further compromised by human
disturbances in ecologically fragile karst landscapes [67], reflecting divergent response
patterns between restored and natural forests [68]. Thus, the more prominent interan-
nual fluctuation and stability differentiation found in the southwest forest region in this
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study may reflect the ecological effects of intensified moisture constraints and specific
geomorphological features like karst landscapes [67] in the context of climatic fluctuations.

4.3. Regional Heterogeneity of Climatic Limiting Factors

This study identified clear regional heterogeneity in the climatic factors limiting GPP
across the three forest regions, a difference closely related to the hydrothermal backgrounds
and constraint mechanisms of each region. The northeast forest region showed the most
continuous positive temperature response, and both temperature and VPD accounted for
high proportions of the dominant-control area, suggesting that this region is still mainly
characterized by the alleviation of energy limitation, although some areas have begun to
show synergistic constraints from atmospheric moisture. This is consistent with the under-
standing that high-latitude forests are generally sensitive to warming: improved growing
season heat typically promotes carbon uptake, while VPD constraints increase in parallel
with rising evapotranspiration demand [49,53]. Indeed, recent evidence from northern
temperate forests confirms that compound heat and moisture stress can induce canopy
stomatal closure, strictly modulating the upper limit of energy-driven growth [69,70]. This
sensitivity suggests that the warming-induced carbon sink dividend in the northeast forest
region may be increasingly offset by atmospheric dryness [71].

The southern forest region was mainly temperature-controlled, with VPD also playing
an important role, indicating that under relatively favorable water and heat conditions,
productivity changes are regulated more by thermal factors, accompanied by notable
atmospheric moisture constraints. Recent China-scale studies suggest that the climatic
response of GPP in humid regions is not driven by temperature alone, but jointly regulated
by temperature, VPD, soil moisture, and LAI-mediated indirect effects [62,63]. Therefore,
short-term productivity changes in the southern forest region may appear thermally driven,
whereas long-term maintenance still depends on stable water supply and relatively low
atmospheric drought pressure. Recent evidence confirms that GPP is more sensitive to
moisture deficits than to heat stress [72], a vulnerability evidenced by the severe carbon
sink reduction during southern China’s 2022 extreme heatwave-drought [73].

In the southwest forest region, temperature held an advantage in the dominant-control
area, but moisture-related factors showed a more fragmented spatial distribution, indicating
that the regulation of GPP by water-heat coupling has stronger spatial heterogeneity against
a background of complex terrain. Previous studies have shown that southwest forests are
relatively sensitive to seasonal drought and extreme water deficits, and that topographic dif-
ferentiation further amplifies such response differences [64,74], a vulnerability particularly
pronounced in tall forests constrained by high water demand [65]. Recent analyses of the
2023 compound heatwave–drought event in Southwest China and GPP modeling for karst
evergreen broadleaf forests also indicate that low soil moisture, high VPD, frequent cloud
and rainfall conditions, and rugged terrain jointly increase the uncertainty in productivity
estimation and climatic-response interpretation in this region [48,75–77], highlighting the
unique adaptive responses of karst vegetation to such extreme compound droughts [78].

Overall, no single uniform climatic control mode applies across China’s three major
forest regions. Instead, they show different dominant-control mechanisms along an energy-
limited to water-limited gradient: the northeast forest region is closer to the energy-limited
end, the southern forest region shows joint regulation by energy and atmospheric moisture,
and the southwest forest region displays more complex water–heat coupling and spatial
heterogeneity. This integrated pattern is broadly consistent with recent understanding of
transitions from energy-limited to water-limited regimes under critical moisture conditions
along wet-to-dry climate gradients [79], as well as global evidence on critical soil moisture
thresholds that trigger such regime shifts [80]. Furthermore, the spatial shift in the dominant
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role of atmospheric vapor pressure deficit and soil moisture on vegetation growth has
been explicitly documented across China [81], particularly with soil moisture imposing
an increasingly severe constraint on productivity in recent decades [82]. Such patterns
are further supported by high-resolution evidence identifying precisely when and where
soil dryness becomes the dominant factor for ecosystem photosynthesis [83], collectively
reinforcing the divergent constraints imposed by soil moisture and VPD on vegetation
productivity [23,62,84].

4.4. Nonlinear Threshold Response and Its Ecological Mechanisms

What this study directly demonstrates is the nonlinear threshold response under
temperature–VPD constraints, rather than an asymmetric response in the strict, fully
quantified sense. Figure 9 shows that the promoting effect of warming on GPP in all
three forest regions depends clearly on the temperature interval: in the lower- or moderate-
temperature range, warming is generally accompanied by enhanced photosynthetic enzyme
activity, an extended growing season, or the alleviation of energy limitation, thereby
boosting forest productivity [39]. Such nonlinear sensitivity has been further confirmed
by recent observations in Chinese forest ecosystems, where GPP initially increases with
temperature and VPD but exhibits a sharp decline once specific environmental thresholds
are surpassed [85]. However, when temperatures continue to rise and drive a rapid increase
in VPD, the higher atmospheric evapotranspiration demand leads vegetation to reduce
stomatal conductance to limit water loss, which in turn restricts CO2 uptake and carbon
fixation [86]. This is highly consistent with recent global evidence showing a convergent
VPD threshold, beyond which atmospheric drought stress fundamentally overrides CO2

fertilization and temperature benefits by severely constraining stomatal conductance [87].
This piecewise response helps explain why different forest regions show different

statistical turning points and optimal hydrothermal combinations [88,89]. The northeast
forest region is more strongly energy-limited, so the promoting effect of warming is more
apparent in the low-to-moderate-temperature range, but constraints appear earlier as VPD
rises concurrently. The southern forest region can maintain high productivity under high-
temperature, humid conditions, although its carbon sink sensitivity is primarily dominated
by water factors like precipitation and soil moisture in these subtropical zones [89]. Such
regional variations are further clarified by findings that moderately water-dominated
hydrothermal synergy provides the optimal conditions for forest photosynthesis [88]. The
southwest forest region, with stronger topographic relief and spatial and temporal moisture
fluctuations, shows more complex scatter beyond the threshold, reflecting the intricate
ways that hydrothermal integration and synergy regulate forest carbon exchange. Recent
multi-source evidence further shows that high VPD constraints on GPP intensify with
warming and drought severity, and that a shift from energy limitation to water limitation
can occur near-critical soil moisture thresholds [23,86]. China-scale comparisons of soil
moisture and VPD effects also confirm that their constraints on vegetation productivity
differ substantially among regions [62].

Therefore, under continued warming, the future risk lies not in warming per se in-
evitably suppressing GPP, but in the possibility that, if warming coincides with intensified
atmospheric drought, the carbon sink gains in some forest regions may be weakened [90],
or may even shift from being promoted to being constrained [91]. This conclusion is a mech-
anistic inference based on the current threshold relationships, two-dimensional response
patterns, and recent evidence of VPD limitation [21,86,87]. Specifically, recent projections
suggest that high VPD-dominated drought stress could lead to nearly a 100% loss of annual
aggregated dryland GPP by the end of the 21st century [90]. Moreover, the asymmetric
suppression of GPP over ecosystem respiration by elevated VPD further elucidates why
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carbon sequestration capacity may deteriorate under progressive warming [91]. Such
conclusions still require further verification using higher temporal resolution observations
and process-based models.

These regional patterns are also consistent with broader global evidence that warming
can enhance productivity in energy-limited temperate and boreal forests, whereas increas-
ing VPD and drought stress increasingly constrain productivity in humid subtropical,
tropical, and water-sensitive forest systems. Therefore, China’s major forest regions should
not be interpreted as uniformly resilient or vulnerable. Instead, the northeast forest region
shows stronger temperature-related gains under energy limitation, while the southern and
southwest forest regions show stronger exposure to atmospheric dryness and hydrothermal
coupling, a pattern comparable to VPD-related constraints reported in other forest biomes
worldwide. However, recent evidence from boreal forests in Northeast China suggests that
permafrost degradation and thaw-induced hydrological changes may shift forest growth
from energy limitation toward water limitation, thereby weakening aboveground carbon
sink strength [92].

4.5. Uncertainties and Research Outlook

Although this study analyzed the spatiotemporal variation in GPP and its climatic re-
sponses across China’s three major forest regions within a unified data and methodological
framework, certain uncertainties remain. Recent assessments of multiple remote sensing
GPP products over China have pointed out that, owing to differences in algorithm structure,
input data, and site representativeness, non-negligible errors persist in large-scale spatial
consistency and interannual variability capture [93].

First, the MODIS GPP product may have some saturation effect in areas with high
vegetation cover, thereby affecting estimation accuracy in high-value zones. The latest
China-scale evaluation shows that remote sensing GPP products differ considerably across
ecosystem types and spatiotemporal scales; GOSIF and related products agree well with
flux observations in forest ecosystems, whereas some products still have limitations in
reproducing interannual variability and growing season peaks [93]. These limitations are
largely driven by the choice of input vegetation indices; recent studies on planted forests
demonstrate that emerging proxies like NIRv and SIF are significantly more effective than
traditional NDVI and EVI in tracking growing season dynamics and interannual GPP
variations [94]. Furthermore, early validation efforts using eddy covariance data have
highlighted that while remote sensing models can capture broad seasonal phases, precisely
matching the GPP magnitude in specific ecosystems, such as old-growth temperate mixed
forests, requires continuous site-specific calibration [95]. Recent cross-validation focused
on the complex forested terrain of Southwest China further confirmed that existing remote
sensing GPP products still generally underestimate GPP during the peak growing season
of evergreen broadleaved forests, with complex terrain and heterogeneous vegetation
structure remaining core challenges for estimation accuracy [77]. To mitigate these biases
in complex tropical ecosystems, regional-scale correction models, such as the VPM-based
approach applied in Xishuangbanna, have demonstrated that optimizing water stress and
vegetation index parameters can significantly improve GPP estimation under persistent
cloud cover [96]. In addition, work on karst evergreen broadleaf forests in Southwest China
shows that persistent cloud and rainfall, rugged topography, and sparse observations
increase the difficulty of GPP simulation, while parameter optimization and phase-specific
bias correction can substantially improve model performance [76]. In addition, we added
a MODIS GPP quality-control summary to evaluate the possible influence of optical-data
quality on the regional GPP time series. The additional QC summary showed that the mean
good MODLAND-quality fractions were 0.782, 0.801, and 0.813 for the north, south, and
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southwest, respectively, whereas the clear or assumed-clear fractions were 0.677, 0.603, and
0.700 (Table S4). During the May–September growing season, the north showed higher QC
support, with a good MODLAND fraction of 0.915 and a clear or assumed-clear fraction
of 0.881. These results suggest that the main GPP patterns are supported by substantial
valid observations, but cloud and rainfall effects, especially in the southern and southwest
forest regions, remain a source of uncertainty in interpreting interannual fluctuations.
Similar cautions have also been raised in heterogeneous coastal–urban ecosystems, where
satellite-derived GPP can be affected by land-cover transitions and human disturbance [96].

Second, the forest mask was generated by extracting forest-class pixels from a land-
cover type map. Although this effectively constrains the analysis extent, different land-
cover products may themselves contain classification errors, even though MODIS land-
cover products have been widely characterized and algorithmically refined in previous
studies [26]. Such classification uncertainty can affect key biophysical inputs such as LAI;
recent tower-to-global upscaling research shows that remotely sensed LAI, shortwave
radiation, and latent heat flux are important predictors for GPP and carbon flux estimation,
and differences among MODIS-LAI, Sentinel-3-LAI, and ERA5-Land inputs can propagate
into regional estimates [97]. A spatial-scale mismatch also exists between the 500 m
MODIS GPP product and the coarser ERA5-Land meteorological fields. Although the
datasets were spatially aligned for overlay and aggregation, this procedure does not
provide true 500 m microclimatic information. This limitation is particularly relevant in the
southwest forest region, where complex terrain and vertical climatic gradients can cause
local hydrothermal conditions to deviate from reanalysis-scale averages (Table S1), as also
suggested by evaluations of ERA5-Land performance in mountainous regions of China [35].
Furthermore, a systematic evaluation of GPP simulations across China emphasizes that the
choice of vegetation classification systems and the representativeness of site-level datasets
remain substantial sources of uncertainty in large-scale productivity mapping [98]. In
addition, forest age and stand structure may further confound the attribution of carbon sink
variation to climatic drivers alone, as shown by recent regional analyses of forest carbon
sinks in arid China [99].

Third, the temperature–VPD threshold identification was based on monthly aggre-
gated regional or elevation-band mean data, Therefore, the identified turning points repre-
sent monthly statistical changes in the temperature–VPD relationship, not direct physio-
logical thresholds for stomatal closure or short-term drought stress. Daily or half-hourly
flux-tower observations would be required to validate whether these monthly statistical
turning points correspond to actual ecophysiological critical thresholds. Previous studies
have indicated that vegetation responses to drought stress in China mostly occur on shorter
time scales [39], and that drought intensity thresholds for GPP loss differ between monthly,
seasonal, and longer-term drought processes [100]. Therefore, statistical identification
using monthly data may smooth out these short-period transient physiological stress fea-
tures, leading to a discrepancy between statistical turning points and actual physiological
triggering thresholds.

The elevation-stratified sensitivity analysis further showed that threshold estimates
varied across topographic settings, especially in the southwest forest region (Table S2). Thus,
the full-region Figure 9 turning points should be viewed as regional statistical summaries,
while elevation-specific or pixel-level analyses are needed for finer-scale ecological inter-
pretation. The latest study based on observation-constrained models, satellite retrievals,
and Dynamic Global Vegetation Model simulations further suggests that VPD constraints
on GPP intensify under warming and affect terrestrial carbon uptake through stomatal reg-
ulation and plant hydraulic function [81]. Future research could integrate higher-resolution
remote sensing products, tower-to-regional and tower-to-global upscaling methods [94],
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advanced chlorophyll fluorescence-based constraints on photosynthetic capacity [101], the
broader application of satellite-derived SIF for quantifying structural and physiological
variations in contrasting forest ecosystems [102], and future climate scenario simulations
to further investigate the potential risks and vulnerabilities that climate change poses to
forest carbon sinks under continued warming [103] and to further assess the change trends
and risk thresholds of carbon sink functions across the three major forest regions.

5. Conclusions
Based on the Google Earth Engine (GEE) platform, this study integrated forest extent

masks for the three major forest regions, the MODIS GPP product, and ERA5-Land monthly
meteorological data to analyze the spatiotemporal variation in GPP, regional differences in
climatic drivers, and the nonlinear and threshold response of GPP to changing hydrother-
mal conditions across China’s three major forest regions from 2005 to 2025. The main
conclusions are as follows:

(1) From 2005 to 2025, GPP across China’s three major forest regions followed an overall
south-high, north-low spatial pattern. The southern forest region had the highest
multi-year mean GPP, followed by the southwest forest region, with the northeast
forest region being relatively lower. The southwest forest region showed the largest
internal dispersion and the strongest spatial heterogeneity.

(2) Over the study period, GPP in the three forest regions showed an overall fluctuating
upward trend, but with clear differences in stability. The southern forest region had
the most prominent increase and the highest proportion of high-stability zones; the
northeast forest region showed a slow and steady rise with intermediate stability;
the southwest forest region, despite a slight overall increase, displayed stronger
directional divergence in its trends and the highest proportion of moderate- and
low-stability zones, suggesting it is more sensitive to external fluctuations.

(3) The statistical climate–GPP association patterns differed clearly among regions. Partial
correlation results showed that the northeast forest region had a more continuous
positive temperature response; the southern forest region was shaped jointly by
temperature and VPD; and the southwest forest region displayed more complex
water–heat coupling and spatial heterogeneity. In terms of dominant-control area,
VPD and temperature accounted for 39.6% and 33.1%, respectively, in the northeast
forest region; temperature and VPD accounted for 46.3% and 34.0% in the southern
forest region; and temperature accounted for 55.6% in the southwest forest region,
indicating that the strongest statistical climate signals and their spatial organization
differ among the three forest regions.

(4) Monthly statistical turning points were identified in the temperature–VPD relation-
ship, with thresholds of approximately 11.74 ◦C, 10.43 ◦C, and 25.64 ◦C for the
northeast, southwest, and southern forest regions, respectively. Two-dimensional
binning results further showed that all three forest regions had optimal hydrothermal
combination intervals, and that the effect of warming differed clearly across tem-
perature intervals and was coupled with constraints from increasing atmospheric
dryness. The VPD constraint appeared earlier in the northeast and southwest forest
regions, whereas in the southern forest region the intensifying effect was mainly seen
at the high-temperature end. The supplementary elevation-stratified analysis further
indicated that these values should be interpreted as regional statistical summaries
rather than spatially uniform physiological thresholds.

Overall, the responses of forest ecosystems to climate change across China’s three major
forest regions are clearly regionally heterogeneous and display distinct nonlinear and
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threshold characteristics. This study provides regional-scale evidence for understanding
forest carbon sink changes and their potential risks under different climatic backgrounds.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/rs18132125/s1: Table S1. Data sources, native resolution, temporal
resolution, and preprocessing; Table S2. Elevation-stratified sensitivity analysis of monthly temperature-
VPD statistical turning points; Table S3. Multicollinearity diagnostics for air temperature and VPD;
Table S4. MODIS GPP quality-control summary by region.
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