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Highlights 

What are the main findings? 

Precipitation explains 72.5% of GPP spatial heterogeneity across China, and its influence is 

strongly amplified by terrain conditions which is often overlooked. 

Critical thresholds for terrain and climate interactions are identified, providing quantifiable 

benchmarks for predicting ecosystem shifts under environmental change. 

What are the implications of the main findings? 

Terrain modulates the impacts of key climate factors on GPP through complex hydrothermal 

redistribution processes, and an altitudinal transition from water to temperature controlling 

mechanism is revealed for the benefit of ecosystem management. 

The findings underscore the necessity of incorporating terrain-mediated, non-linear climate 

effects into regional ecological models to improve accuracy. 

Abstract 

Terrestrial Gross Primary Productivity (GPP) is pivotal to the global carbon cycle, and its response to 

climate change is strongly regulated by topographic conditions through complex, non-linear 

mechanisms that remain poorly quantified at macro scales. Integrating multi-source remote sensing 

data with structural equation modeling (SEM), geographical detectors, and generalized additive 

models (GAM), this study investigated the spatiotemporal dynamics of GPP and its non-linear 

responses to coupled climate-topography gradients across China from 2001 to 2020. Results revealed 

a significant increasing trend in GPP across nearly 80% of China, with precipitation identified as the 

dominant driver, surpassing temperature and radiation. Topography significantly modulated 

climate sensitivity by redistributing hydrothermal resources. A distinct transition in dominant 

limiting factors was observed along the altitudinal gradient, shifting from water-limited (<2000 m) to 

energy-limited (>3000 m) regimes. Notably, mid-altitude regions (1000–2000 m) exhibited the highest 

sensitivity to precipitation, representing an ecological "sweet spot". Furthermore, we quantified 

critical ecological thresholds for climatic drivers, identified saturation points for temperature 

(~17.4°C) and precipitation (~1974 mm), and an inhibition threshold for solar radiation (>101 W/m²). 

These findings elucidate the transition mechanisms of climatic constraints and non-linear thresholds 

in complex terrain, providing robust scientific evidence for region-specific ecosystem and carbon 

management. 

Keywords: Gross Primary Productivity (GPP); climate change; topographic regulation; non-linear 

thresholds; Structural Equation Modeling (SEM) 
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1. Introduction 

Terrestrial vegetation plays a pivotal role in climate mediation and ecological balance [1,2]. This 

vital function as a persistent global carbon sink can be fundamentally quantified by Gross Primary 

Productivity (GPP), the core metric of the terrestrial ecosystem's CO2 absorption capacity [3,4]. 

However, GPP dynamics are not isolated but tightly coupled to a complex system involving plant 

physiology, climatic and topographic factors [5], resulting in responses characterized by high 

complexity, non-linearity, and significant spatiotemporal heterogeneity [6]. Given China’s vast 

territory, complex terrain, and highly diverse climate [7], its vegetation dynamics exhibited 

pronounced regional differentiation and diverse response mechanisms [8,9]. Therefore, a systematic 

investigation into the complex drivers and underlying mechanisms of GPP dynamics is essential for 

scientifically managing cross-climatic zone ecosystems and refining global carbon budget 

estimations. 

Climate change poses a major threat to all Earth systems, with a continuous increase in mean 

surface temperature [10]. Investigating the vegetation-climate relationship is therefore a critical 

foundation for China's long-term environmental sustainability and the success of its ecological 

restoration efforts [11]. Extensive research across China has confirmed a widespread increasing trend 

in vegetation productivity [12,13], where precipitation and temperature are widely regarded as the 

most crucial climatic factors controlling vegetation growth [14]. With the vegetation change closely 

associated with improved hydrothermal conditions [15,16], research argues that the influence of solar 

radiation cannot be overlooked [17]. This has led to extensive discussion regarding the combined 

effects of these drivers. For instance, some studies revealed complex regional characteristics, such as 

precipitation enhancing desert vegetation while temperature showing positive correlations in other 

areas [11]; others indicated that radiation and precipitation dominated regional vegetation growth 

[18], or that their combined effects drove significant vegetation growth rate [19]. This extensive pool 

of research, however, has produced a fragmented and sometimes contradictory understanding of 

dominant driver attribution. For example, some large-scale studies [20] found that rainfall had a 

greater overall control over vegetation dynamics than radiation and temperature. Conversely, 

regional-scale analyses [21] concluded that temperature was the primary climatic factor. Such 

inconsistency is not merely a reflection of regional differentiation, it might expose a systemic 

methodological limitation. A core challenge is that the climatic drivers of precipitation, temperature, 

and radiation are non-independent and subject to collinearity [22]. Consequently, many traditional 

statistical methods that rely on linear assumptions often struggle to rigorously isolate their individual 

effects [23,24], leading to this fragmented and conflicting understanding of attribution. 

Although climatic factors are widely regarded as the dominant drivers of vegetation change, this 

perspective often neglects the critical modulatory effect of topographic characteristics. Topography 

(such as altitude, slope, and aspect) fundamentally governs regional microclimate, soil hydrothermal 

redistribution, and material transport, thereby altering the GPP-climate interactions [25–27]. China's 

vast territory and complex terrain result in significant vertical gradients, leading to pronounced 

differences in water and heat conditions across various land surfaces. A number of regional studies 

have begun to explore this complexity, e.g., Zhang et al. [28] investigated the multidimensional 

variation of vegetation NDVI (Normalized Difference Vegetation Index) along topographic 

gradients, and noted that high-altitude areas were mainly controlled by precipitation; Wang et al. 

[29] constructed a Topographic Comprehensive Index (TCI) and found that at small scales altitude 

controls the horizontal distribution of vegetation, while slope and aspect co-regulate the distribution 

pattern by influencing factors such as radiation; Zou et al. [30] established a terrain model and found 

that mountain height, aspect, and climate jointly modulated the upper limit of vegetation growth in 

alpine ecosystems. While these valuable regional studies confirm the existence of topographic 

modulation, they also reveal that current knowledge remains fragmented and a consistent large-scale 

quantification is still lacking [31]. This gap is particularly evident in, but not limited to, China's 

complex mountain systems, where the synergistic controls of elevation and climate remain 

insufficiently quantified and specific local characteristics have not been well investigated [32,33]. 
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More broadly, many large-scale studies ignore these topographic effects entirely, while research that 

does consider topography often simplifies it to just elevation, leaving the complex interactions 

between slope, aspect, and elevation significantly understudied [34]. Therefore, current research 

lacks quantified evidence to determine the explicit transition mechanism of dominant limiting factors 

along these major topographic gradients at a systematic, national scale, addressing a key mechanistic 

and quantitative gap. 

In complex ecosystem analyses, quantifying the influence of long-term climatic and topographic 

effects on vegetation indices is critical in determining the optimal characteristics of key natural 

drivers of vegetation growth [35]. However, most previous studies remained at the level of 

correlational analysis, failing to fully reveal the intricate causal structure between climate, 

topography, and vegetation [36]. Traditional statistical methods often struggled to effectively 

distinguish between the direct effects of climatic drivers and the indirect cascading effects induced 

by topographic modulation. However, there are advanced methods that can be employed to address 

these issues. For instance, models like Geodetector [37,38] and Partial Least Squares Structural 

Equation Modeling (PLS-SEM) [39,40]have successfully moved beyond simple correlation to reveal 

complex interactions and distinguish between the direct effects of climatic drivers and the indirect 

effects induced by topographic modulation. Guo et al. [41] demonstrated that the interaction of any 

two factors drove NDVI changes more strongly than their individual effects alone. Kang et al. [42] 

applied the Principal Component Analysis (PCA) and PLS-SEM and found that temperature and 

precipitation were the primary drivers of vegetation growth, while altitude indirectly inhibited 

growth by regulating temperature and precipitation. However, a more fundamental limitation 

persists, i.e., even these advanced causal analyses often do not account for the inherently non-linear 

and non-monotonic nature of ecological responses. This is a critical omission, as increasingly frequent 

and intense climate extreme events [10] mean that the influence of climatic factors is not monotonic, 

but varies within a potential range or threshold [43]. As Piao et al. [44] and Beigaitė et al. [45] 

demonstrated, crossing these thresholds can lead to abrupt changes in ecosystem response, such as 

saturation or inhibition. Consequently, the precise quantification of these non-linear saturation or 

inhibition thresholds is urgently required [46]. Despite this urgency, our understanding of the 

occurrence and consequences of such thresholds remains limited, and quantifying them can be 

challenging [47], representing a critical, unresolved frontier in ecosystem science. 

This study combines remote sensing data with meteorological and topographic information to 

comprehensively explore the complex, non-linear, and topographically modulated influence of 

climate and terrain conditions on China’s terrestrial ecosystem between 2001 and 2020. To address 

the comprehensive research gaps identified above, the specific objectives were (1) to quantify the 

spatial-temporal dynamics of GPP and key climatic factors, resolving the contradictory attributions 

by identifying the dominant climate factors boosting or inhibiting vegetation productivity across 

China’s diverse ecoregions; (2) to evaluate the divergent regulatory effects of topographic factors on 

the GPP-climate relationship and quantify the transition mechanism of dominant limiting factors 

along major topographic gradients; and (3) to determine the ecological saturation and inhibition 

thresholds of GPP to key climatic drivers, thereby enhancing our understanding of the non-linear 

response characteristics of GPP in the context of climate change. The findings of this study will 

provide a mechanistic, parameterizable understanding of ecosystem response, offering robust 

scientific evidence for formulating effective region-specific carbon sequestration and ecological 

protection policies. 

2. Materials and Methods 

2.1. Data Sources and Preprocessing 

This study applied four categories of data, i.e., GPP, meteorological data, land cover data, and 

topographic data. All datasets were processed for the period 2001-2020 due to their common 

availability. To ensure spatial consistency for analysis, all datasets were resampled to a uniform 
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spatial resolution of 0.1°×0.1° to match the meteorological data. The GPP data [48] were sourced from 

the Global 8-day 0.05-degree GOSIF GPP product. This dataset is derived from OCO-2 SIF data and 

other satellite products, offering high accuracy in capturing vegetation productivity [49,50]. The 

original 0.05° data were resampled to 0.1° using bilinear interpolation method to preserve spatial 

gradients. The monthly climate data including precipitation, temperature, and solar radiation were 

obtained from the China Meteorological Forcing Data (CMFD) dataset provided by the National 

Tibetan Plateau Data Center (https://www.tpdc.ac.cn). This dataset has a native spatial resolution of 

0.1°. We directly utilized the annual total precipitation (derived from monthly sums) and annual 

mean temperature and radiation (derived from monthly averages) for our analysis. Land cover 

classification was based on the 30-meter annual China Land Cover Dataset (CLCD, 

https://zenodo.org/records/8176941). We used the 2010 CLCD product as a representative baseline 

for the study period. The land cover data were resampled to 0.1° grids using the nearest neighbor 

resampling method. This study focused on the four dominant vegetated types only, i.e., cropland, 

forest, shrubland, and grassland. Digital Elevation Model (DEM) data were derived from the SRTM 

(Shuttle Radar Topography Mission) Version 4 (https://srtm.csi.cgiar.org) with a 90-meter resolution. 

To correctly derive terrain metrics, slope and aspect were first calculated from the 90-meter native-

resolution DEM, and then they were all resampled to 0.1° using bilinear interpolation for further 

analysis. 

2.2. Data Analysis Methods 

To systematically quantify the spatiotemporal dynamics of GPP and unravel its complex drivers, 

this study employed a multi-stage analytical framework (Figure 1). Each method is detailed below. 

 

Figure 1. Schematic multi-stage analytical framework adopted in this study. 

2.2.1. Trend Analysis 

To investigate the spatiotemporal trends of GPP and key climatic factors across China, this study 

employed the non-parametric Mann-Kendall trend test combined with Sen's slope estimator. 

(1) Mann-Kendall trend test 

The Mann-Kendall test is a non-parametric statistical method that does not require data to follow 

specific distributions and is insensitive to outliers, making it suitable for analyzing long-term time 

series trends. The test statistic S is calculated as follows: 
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𝑆 = ∑ ∑ 𝑠𝑔𝑛(𝑥𝑗 − 𝑥𝑖)

𝑛

𝑗=𝑖+1

𝑛−1

𝑖=1

 (1) 

where xjand xirepresent observations from years j and i respectively, n denotes the time series length 

(n=20 in this study), and sgn is the sign function: 

𝑠𝑔𝑛(𝑥) = {
1     𝑥 > 0

        0     𝑥 = 0        
−1  𝑥 < 0

       (2) 

When n≥8, the statistic S approximately follows a normal distribution, with its variance 

calculated as: 

𝑉𝑎𝑟(𝑆) =  
𝑛(𝑛 − 1)(2𝑛 + 5)

18
 (3) 

The standardized test statistic Z is computed as: 

𝑍 =

{
 
 

 
 

𝑆 − 1

√𝑉𝑎𝑟(𝑆)
     𝑆 > 0

0                     𝑆 = 0
𝑆 + 1

√𝑉𝑎𝑟(𝑆)
     S < 0

 (4) 

(2) Sen's slope estimator 

Sen's slope estimator quantifies the magnitude of trends by calculating the median of all 

pairwise slopes: 

𝛽 = median (
𝑥𝑗 − 𝑥𝑖

𝑗 − 𝑖
)      ∀𝑖 < 𝑗 (5) 

where β represents Sen's slope, indicating the annual change rate of the time series. 

(3) Trend classification criteria 

Based on the significance of Mann-Kendall test (α=0.05) and the magnitude of Sen's slope, pixel-

level trends were categorized into five classes (Table 1). 

Table 1. Trend classification based on Mann-Kendall test and Sen’s slope estimator. 

Change Type Sen's slope |Zs| 

Significant Improvement β ≥ 0.0005 > 1.96 

Significant Degradation β≤ -0.0005 > 1.96 

Slight Improvement β≥ 0.0005 ≤ 1.96 

Slight Degradation β≤ -0.0005 ≤ 1.96 

Stable -0.0005 <β< 0.0005 ≤ 1.96 

2.2.2. Partial Correlation Analysis 

To eliminate the interference among climatic factors and reveal the independent relationships 

between GPP and individual climatic factors, this study employed partial correlation analysis. This 

method quantifies the net correlation between two variables while controlling for the linear effects of 

other variables. The second-order partial correlation coefficient is calculated as: 

𝑟𝑥𝑦·𝑧 =
𝑟𝑥𝑦 − 𝑟𝑥𝑧𝑟𝑦𝑧

√(1 − 𝑟𝑥𝑧2 )(1 − 𝑟𝑦𝑧2 )

 
(6) 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 February 2026 doi:10.20944/preprints202602.1018.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1018.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 24 

 

where rxy·z is the first-order partial correlation. This analysis allowed for the determination of the 

direct influence of each climatic factor on GPP, independent of the others. 

2.2.3. Sensitivity Response Index (SRI) 

To quantify the sensitivity of GPP to long-term changes in each climatic driver, a trend-based 

sensitivity analysis was conducted. This method defines sensitivity as the ratio of the GPP trend to 

the corresponding climatic factor's trend. 

First, the Theil-Sen slopes (β) were calculated for GPP (βGPP) and each climate factor (βClimatei ). The 

sensitivity (SRIi) was then computed for each pixel as: 

𝑆𝑅𝐼𝑖 =
𝛽𝐺𝑃𝑃

𝛽𝐶𝑙𝑖𝑚𝑎𝑡𝑒𝑖
 (7) 

where SRIi  is the sensitivity coefficient of GPP to climate factor i, βGPP is the long-term trend slope of 

GPP, and βClimatei is the long-term trend slope of the climate factor i. The resulting SRIi coefficient 

quantifies the change in GPP for each unit change in the climate driver over the study period. 

2.2.4. Geodetector Analysis 

To quantify the explanatory power of factors and their interactions on GPP's spatial 

heterogeneity, the Geographical Detector (Geodetector) model was used. The core of this model is 

the q-statistic, which measures spatial correspondence by comparing the sum of variance within 

strata to the total spatial variance: 

𝑞 = 1 −
∑ 𝑁ℎ𝜎ℎ

2𝐿
ℎ=1

𝑁𝜎2
= 1 −

𝑆𝑆𝑊

𝑆𝑆𝑇
 (8) 

where q is explanatory power of a factor (ranges from 0 to 1), L is the number of strata (categories) 

of the driving factor, Nh and N is the number of samples in stratum h and the total region, respectively, 

σ2h and σ2 is the variance of GPP in stratum h and the total region, respectively. q=1 indicates the 

factor perfectly explains the spatial distribution of GPP. The Interaction Detector was also used to 

assess whether the combined effect of two factors (e.g.,q (PrecipitationAAltitude)) was stronger or 

weaker than their individual effects. 

2.2.5. Structural Equation Model 

Path Analysis, a specific form of Structural Equation Modeling (SEM), was employed to test the 

hypothesized causal architecture connecting topography, climate, and GPP. Based on ecological 

theory, we specified an a priori causal model where (a) topographic factors act as exogenous variables, 

(b) climate factors act as mediating variables which are influenced by topography, and (c) GPP acts 

as the final endogenous variable which is directly influenced by the climate mediators. 

This model was estimated using a robust maximum likelihood estimator. The model's validity 

was assessed using Goodness-of-Fit indices including the Comparative Fit Index (CFI > 0.90), the 

Root Mean Square Error of Approximation (RMSEA < 0.08), and the Chi-square (X2) test (p> 0.05). 

Standardized path coefficients were then extracted to quantify the strength of each direct and indirect 

causal pathway. 

2.2.6. Generalized Additive Model (GAM) 

To explore the non-linear responses and identify critical ecological thresholds, Generalized 

Additive Models (GAMs) were employed. This study did not fit a single multivariate model. Instead, 

three separate univariate GAMs were fitted independently to isolate the distinct non-linear partial 

response curve for each driver: 

𝑔(𝐸[𝐺𝑃𝑃]) = 𝛽0 + 𝑠1(𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒) + 𝜖 (9) 
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𝑔(𝐸[𝐺𝑃𝑃]) = 𝛽0 + 𝑠2(𝑃𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛) + 𝜖 (10) 

𝑔(𝐸[𝐺𝑃𝑃]) = 𝛽0 + 𝑠3(𝑅𝑎𝑑𝑖𝑎𝑡𝑖𝑜𝑛) + 𝜖 (11) 

where g∙ is a link function (an identity function for GPP). E [GPP] is the expected value of GPP, β0 is 

the intercept, s1∙ is the non-parametric smoothing function that captures the non-linear relationship 

for the given driver, ϵ is the error term. By fitting each model separately, the specific functional form 

of GPP's response to each climate variable could be extracted. The resulting partial response curves 

were then visually and quantitatively analyzed to identify critical point, such as saturation or 

inhibition. 

3. Results 

3.1. Spatial-Temporal Relationships Between GPP and Climate Factors 

Between 2001 and 2020, China's regional GPP and key climatic factors (precipitation, 

temperature, and radiation) exhibited significant spatiotemporal variations (Figure 2), vegetation 

ecosystems demonstrated a clear trend of improvement. A substantial 79.3% of the national area 

showed an increase in GPP, with an average growth rate of 5.86 g C/m² per year (Figure 2a). This 

positive trend is closely linked to favorable changes in climatic conditions during the same period. 

Over 76% of the country experienced an increasing trend in precipitation (Figure 2b), while more 

than 80% of the area recorded rising temperatures (Figure 2c), collectively creating advantageous 

hydrothermal conditions for vegetation growth.    

 

Figure 2. Spatial trends in GPP, precipitation, temperature, and solar radiation across China from 2001 to 2020. 

In parentheses is the areal proportion of each statistical category. 
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Spatially, the most significant GPP growth was concentrated in the forest and cropland areas of 

southeastern, northeastern, and southwestern China, where enhanced GPP was primarily driven by 

superior hydrothermal conditions. Conversely, broad regions across northern and northwestern 

China showed a degradation trend in GPP. This decline is strongly associated with potential drought 

stress resulting from reduced local precipitation and rapid temperature increases. Notably, solar 

radiation exhibited a widespread decreasing trend during the study period (Figure 2d), covering 

approximately 67.3% of the country, particularly in densely populated and industrialized areas like 

the North China Plain in the central region and the Sichuan Basin in the southwest. Despite the 

general decline in radiation, the robust growth of GPP underscores the dominant role of 

hydrothermal factors in driving the productivity of China's ecosystems at present.  

To diminish the interaction effects among climatic factors, this study employed partial 

correlation analysis to reveal the response of GPP to precipitation, temperature, and radiation. The 

resulting spatial patterns exhibit significant heterogeneity (Figure 3). The relationship between GPP 

and precipitation shows a distinct north-south differentiation. In the northern regions, particularly in 

the semi-arid and semi-humid areas of eastern Inner Mongolia, the North China Plain, and the Loess 

Plateau, a widespread and significant positive correlation is observed (red areas). In contrast, GPP 

and precipitation show a significant negative correlation (blue areas) mainly in the southern China. 

 

Figure 3. The partial correlation coefficients between GPP and climate factors including precipitation, 

temperature, and solar radiation. 
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The relationship between GPP and temperature is predominantly positive across vast areas of 

China. This is particularly evident in the eastern monsoon region, spanning from the northeast to the 

southeast, where temperature serves as a critical factor promoting vegetation productivity. Areas of 

negative correlation are more scattered, mainly appearing in parts of the arid zones and on the 

margins of the Qinghai-Tibet Plateau, where warming may exacerbate water stress and thus 

negatively impact GPP. The relationship between GPP and solar radiation presents a pattern contrary 

to the other two factors. A widespread negative correlation is found in the humid regions of 

southeastern China and in most of the arid northwest. Positive correlations are only observed in parts 

of the northeast and North China. 

Table 2 reveals that the relationship between GPP and climatic factors exhibits significant 

heterogeneity across different ecosystem types and temporal scales. At the annual scale, the dominant 

climatic limiting factors for different ecosystems are clearly differentiated. Grassland and cropland 

are typical water-limited ecosystems, with the partial correlation of their annual GPP changes with 

precipitation (grassland r=0.58, cropland r=0.47) being much higher than that with temperature. In 

contrast, forests and shrublands are temperature-limited ecosystems, with their GPP being more 

sensitive to temperature (forest r=0.51, shrubland r=0.53) and relatively less affected by precipitation. 

Solar radiation generally exerts an inhibitory effect on GPP at the annual scale, particularly in 

grassland ecosystems (r=-0.35). Seasonal dynamics further reveal the complexity of climatic factor 

influences. Spring green-up is primarily driven by temperature (e.g., shrubland spring temperature 

r=0.67); in summer, intense solar radiation becomes a widespread inhibitory factor (national r=-0.53); 

and in autumn, the combined effect of temperature (e.g., shrubland autumn temperature r=0.81) and 

moisture (e.g., grassland autumn precipitation r=0.63) determines productivity at the end of the 

growing season. 

Table 2. The partial correlation coefficient between GPP and climate factors under different land types. 

Time scale Climate Factor China Cropland Forest Shrubland Grassland 

Annual 

PREC 0.70 ± 0.03 0.47 ± 0.06 0.34 ± 0.07 0.46 ± 0.06 0.58 ± 0.03 

TEMP 0.25 ± 0.08 0.25 ± 0.09 0.51 ± 0.09 0.53 ± 0.09 0.20 ± 0.07 

RAD -0.40 ± 0.08 -0.15 ± 0.07 -0.06 ± 0.06 -0.05 ± 0.12 -0.35 ± 0.04 

Monthly 

PREC 0.28±0.15 0.16±0.15  0.16±0.14 0.23±0.11 0.31±0.15 

TEMP 0.42±0.19 0.36±0.25 0.47±0.23 0.58±0.28  0.20±0.14 

RAD  -0.11±0.26 -0.02±0.24 0.06±0.19 0.03±0.25 -0.11±0.21 

Spring 

PREC 0.41±0.06  0.03±0.08  0.20±0.07  0.31±0.10 0.31±0.05 

TEMP 0.29±0.04 0.50±0.05  0.63±0.05 0.67±0.07 0.25±0.06 

RAD  -0.23±0.05 -0.21±0.08  -0.11±0.06 -0.19±0.09 -0.14±0.06 

Summer 

PREC  0.22±0.08 0.19±0.06 -0.02±0.05 0.26±0.06 0.27±0.09 

TEMP  0.09±0.07 -0.10±0.09 0.16±0.08 0.10±0.11 0.13±0.07 

RAD  -0.53±0.07 -0.28±0.10  -0.18±0.06 -0.14±0.10 -0.38±0.07 

Autumn 

PREC 0.57±0.06  0.33±0.10 0.28±0.05  0.27±0.10 0.63±0.04 

TEMP 0.54±0.07 0.46±0.08 0.68±0.06 0.81±0.04 0.36±0.08 

RAD  -0.03±0.09  0.11±0.10 0.18±0.07 0.22±0.13 -0.14±0.09 

Winter 

PREC 0.29±0.09 0.17±0.09  0.17±0.10 0.33±0.14  0.30±0.07 

TEMP  0.48±0.05  0.42±0.07 0.44±0.07 0.68±0.07 0.30±0.03 

RAD 0.03±0.05  0.18±0.07 0.19±0.06 0.37±0.11 -0.30±0.05 

The sensitivity of vegetation GPP to climatic factors shows a significant spatial differentiation 

across China (Figure 4). The response of GPP to changes in precipitation and temperature is 

predominantly positive, indicating that in most areas, improvements in hydrothermal conditions 

directly promote vegetation growth. The response of GPP to precipitation (Figure 4a) is mainly 

positive, especially in the semi-arid and arid regions of northern and western China. Strong positive 

sensitivity (deep red areas) is concentrated in the Northeast Plain, North China Plain, Loess Plateau, 

and eastern Inner Mongolia. Negative sensitivity appears on the edge of the Tarim Basin, in the 
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Sichuan Basin, and in southeastern coastal areas such as Fujian and Guangdong provinces. The 

positive sensitivity of GPP to temperature (Figure 4b) covers a vast area from the northeast to the 

southwest. Areas of negative sensitivity are more concentrated and significant mainly on the 

southern edge of the Qinghai-Tibet Plateau, the Yunnan-Guizhou Plateau, the southern China coast, 

and in some forest areas in the northeast. Unlike hydrothermal factors, the response of GPP to solar 

radiation (Figure 4c) displays a distinctly different spatial pattern. Negative sensitivity dominates the 

eastern monsoon region of China, from the Northeast Plain to the middle and lower reaches of the 

Yangtze River and South China. This suggests that in these areas with relatively favorable 

hydrothermal conditions, increased radiation is not the main driver of vegetation productivity and 

may even have an inhibitory effect in synergy with other environmental stresses (such as high 

temperature and drought). However, in low-energy areas such as the Qinghai-Tibet Plateau, the 

Tianshan Mountains, and other high-altitude mountain ranges, GPP shows a clear positive sensitivity 

to radiation. 

 

Figure 4. Spatial distribution of the sensitivity response index (SRI) of GPP to climatic factors across China at the 

annual scale during 2001–2020. 

3.2. Divergent Effects of Topographic Conditions on GPP-Climate Relationships 

The regulatory effect of the altitudinal gradient on GPP is most significant among all topographic 

factors. In terms of multi-year average distribution (Figure 5a), GPP exhibits a complex unimodal 

skewed distribution with increasing altitude, reaching a first peak at approximately 500 meters, 

followed by another high-value zone around 2500 meters, after which it declines with further 

increases in altitude. Above 4500 meters, GPP is extremely low. The change rate of GPP also shows 

clear vertical differentiation (Figure 5d). The strongest growth trend is concentrated in the low-to-
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mid altitudes of 1000-2000 meters, then gradually weakens with increasing altitude, stabilizes around 

4500 meters, and turns into negative rate at higher altitudes. This clearly indicates the presence of 

strong low-temperature limitations at high altitudes, presenting a threshold for vegetation growth. 

Slope primarily regulates GPP by affecting soil and water conditions in principle. The multi-year 

average GPP shows a trend of first increasing and then decreasing with increasing slope, reaching its 

maxima on gentle slopes of 10-15° (Figure 5b). Similarly, the interannual growth trend of GPP is most 

significant on gentle slopes of 5-10°, and the rate of vegetation improvement continuously decreases 

as the slope becomes steeper. In contrast, the influence of aspect is relatively weak. GPP on semi-

sunny slopes (e.g., southeast and southwest) and west-facing slopes is slightly higher than that of 

north and northeast-facing slopes (Figure 5c). GPP change rate is characterized as consistent and 

positive (Figure 5f), showing the universality of the vegetation greening trend over the past two 

decades.  

 

Figure 5. Distribution of interannual GPP variation across different altitudes, slopes, and aspects. 

To reveal the effect of terrain on the GPP-climate relationship, we analyzed the partial 

correlations between GPP and major climatic factors across different terrain gradients (Figure 6). The 

analysis indicates that topographical factors significantly regulate the response of GPP to key climatic 

drivers. First, the altitudinal gradient reveals a clear transition of the dominant climatic limiting 

factors. In areas below 2000 meters, GPP shows a strong positive correlation with precipitation. As 

altitude increases, the influence of precipitation gradually diminishes, while the promotive effect of 

temperature becomes significantly enhanced, becoming the primary positive driver in high-altitude 

regions of 3000-4000 meters. In contrast, the effect of solar radiation is more complex, showing a weak 

positive correlation at very low altitudes but rapidly transitioning to the opposite with increasing 

altitude. Changes in slope also alter the relative importance of climatic factors. On gentle slopes of 0-

5°, GPP is co-dominated by precipitation (positive) and radiation (negative). As the slope increases, 

the influence of both precipitation and radiation tends to weaken, while the positive effect of 

temperature becomes more prominent, with its positive correlation peaking on steep slopes of 20-

30°. This may be related to better drainage conditions and heat redistribution on steeper slopes. 
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Across different aspects, the influence of climatic factors shows a high degree of consistency. 

Precipitation (strong positive correlation) and solar radiation (strong negative correlation) are 

consistently the dominant drivers of GPP change, with their partial correlation coefficients being 

much higher than that of temperature. 

 

Figure 6. Partial correlations between GPP and climatic factors along terrain gradients. The asterisks (*) indicate 

that the correlation is statistically significant at the p<0.05 level. 

To investigate how terrain gradients modulate the sensitivity of GPP to climate change, this 

study calculated the response slopes of GPP to three key climatic factors under different terrain 

groupings (Figure 7). The influence of the altitudinal gradient is the most complex and prominent. 

The sensitivity of GPP to precipitation exhibits a clear "inverted U-shaped" pattern with increasing 

altitude, peaking in the mid-altitude range of 1000-2000 meters. This indicates that ecosystems in this 

region are most sensitive to changes in moisture; at higher or lower altitudes, the sensitivity decreases. 

Conversely, the sensitivity of GPP to temperature continuously decreases with increasing altitude. 

For radiation, its inhibitory effect on GPP (negative sensitivity) is also strongest in the mid-altitude 

(500-2000 meters) region. Slope also significantly modulates the climate sensitivity of GPP. The 

sensitivity of GPP to temperature shows a trend of first increasing and then decreasing with an 

increase in slope, peaking at a moderate slope of 15-20°, suggesting that moderately inclined terrain 

may create more optimal conditions for hydrothermal redistribution, hence amplifying vegetation's 

response to temperature changes. The sensitivity of GPP to precipitation monotonically decreases 

with increasing slope, possibly because on steeper slopes increased precipitation is more likely to be 

lost as runoff, reducing its effectiveness for vegetation growth. In comparison, the regulatory effect 

of different aspects on climate sensitivity is relatively weak, with no significant differences among 

various aspects.    

To assess the relative importance of different climatic factors on GPP, we calculated 

standardized sensitivity coefficients (Figure 8). This method eliminates differences in variable value 

ranges and units, allowing for a direct comparison of the influence of each climatic driver. 

Precipitation is the most dominant positive factor driving GPP changes. In all terrain groupings, 

precipitation exhibits the strongest positive sensitivity (standardized sensitivity coefficients ranging 

from 0.723 to 0.791), which is most strongly modulated by aspects. Temperature is also an important 

positive driver of GPP, but its relative importance is secondary to precipitation. The standardized 

sensitivity coefficients for temperature range from 0.536 to 0.726, with slope being its most significant 

modulating factor. In contrast, solar radiation shows an inhibitory effect on GPP. Its standardized 

sensitivity coefficients are all negative, and this negative effect is most pronounced under the slope 

group (-0.690).    
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Figure 7. Sensitivity of GPP to climatic factors along terrain gradients. 

 

Figure 8. Standardized sensitivity of GPP to climate variables by topographic groups at the annual scale. 
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3.3. Cascading Effects of Climate and Topography on GPP Among Land Use Types 

To reveal the complex causal pathways of terrain factors and climate variables on GPP, we 

constructed a structural equation model (SEM). The results clarify the direct driving effects of climatic 

factors on GPP, as well as how terrain factors indirectly influence GPP by modulating climate (Figure 

9). In terms of direct effects, precipitation is the strongest climatic factor promoting GPP with a path 

coefficient of 0.605, followed by temperature, while solar radiation exhibits an inhibitory effect. 

Regarding indirect effects, altitude has a total path coefficient of -0.608, compared to 0.369 from slope 

on GPP. In contrast, the coefficient for aspect and GPP is only 0.012, indicating that aspect is not a 

dominant terrain factor. Overall, terrain as a composite variable has a net negative total effect of -

0.227 on GPP, with the indirect regulatory role of altitude being dominant. 

 

Figure 9. Diagram of structural equation model results between topographic and climatic factors and GPP over 

the entire China. 

We further investigate the impacts of climate and topography on GPP for cropland, forest, 

shrubland, and grassland (Figure 10). The results categorize the four ecosystems into two distinct 

types. Cropland and grassland are characterized as water-limited ecosystems. In these two types, the 

direct promoting effect of precipitation on GPP is the strongest with a path coefficient for cropland 

and grassland of 0.697 and 0.556, respectively. In contrast, forests and shrublands are characterized 

as hydrothermal co-limited ecosystems. In these ecosystems, both precipitation and temperature 

show significant and comparably strong positive direct effects on GPP, indicating that their 

productivity requires the co-driving of both water and heat. Secondly, the SEM results also reveal 

that the regulatory role of terrain factors differs among different ecosystems. Slope is the key terrain 

factor affecting GPP in cropland and grassland, primarily by significantly influencing precipitation 

distribution (path coefficient of 0.415 and 0.404 for cropland and grassland, respectively), indirectly 

affecting GPP.    

To quantitatively assess the explanatory power of different driving factors on the spatial 

differentiation of GPP, we employed the Geodetector model. The factor detector results (Figure 11) 

reveal the relative importance of each driver. Precipitation is the primary driving factor explaining 

the spatial pattern of GPP, with a q-statistic as high as 0.725, far exceeding all other factors. Among 

the terrain factors, altitude (q=0.287) has a moderate level of explanatory power, while the direct 

influence of slope and aspect is relatively weak. Meanwhile, the interaction detector results show that 

the interactions between all pairs of factors are either bivariate enhancement or non-linear 

enhancement. Among them, the interaction between precipitation and altitude is the strongest, with 

an interaction q-value reaching 0.849. This indicates that the effect of precipitation on vegetation GPP 

is significantly amplified across different altitudinal gradients. 
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Figure 10. Diagram of structural equation model results between topographic and climatic factors and GPP over 

four dominant land use type groups. 

 

Figure 11. Driving factors for GPP spatial heterogeneity identified by the Geodetector model. 

To explore the non-linear response relationships of GPP to key climatic factors and to determine 

their thresholds, this study utilized a Generalized Additive Model (GAM). The results clearly reveal 

that the response of GPP to each climatic factor exhibits distinct threshold effects (Figure 12). First, 

the response of GPP to temperature shows a typical pattern of initial promotion followed by 

inhibition. In the cold regions, temperature is the main limiting factor, and GPP increases significantly 

with rising temperature. When the temperature exceeds a saturation point of approximately 17.4°C, 

the growth trend of GPP slows down markedly and stabilizes afterwards. This suggests that 

excessively high temperatures can trigger stress-induced physiological responses such as stomatal 

closure, hence offsetting the benefits of further warming. Second, the response of GPP to precipitation 

demonstrates a pattern of rapid growth followed by saturation. When precipitation is low, moisture 
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is the decisive factor limiting vegetation growth, and GPP increases rapidly with increasing 

precipitation. When precipitation reaches a saturation threshold of about 1974 mm, the GAM 

response curve flattens, indicating that moisture is no longer the primary limiting factor, and further 

increases in precipitation have a very limited effect on GPP. The response of GPP to solar radiation 

is more complex, showing a trend of slight initial growth followed by a continuous decline. At low 

radiation levels, GPP slightly increases with enhanced radiation. However, when the radiation 

intensity exceeds about 101 W/m², GPP begins to show a clear downward trend. This may be because 

high radiation is often accompanied by high temperatures and strong evapotranspiration, causing 

photoinhibition and water stress on vegetation, which in turn has a negative impact on 

photosynthesis. 

 

 

Figure 12. GAM-derived response curves revealing climatic thresholds for GPP. 

4. Discussion 

4.1. Spatiotemporal Changes of GPP and the Climatic Drivers 

From 2001 to 2020, China's terrestrial ecosystems exhibited a significant and widespread increase 

in GPP, with 79.3% of the country showing an upward trend. This greening pattern, spatially stronger 

in the eastern and southern regions, aligns with the widely observed global greening phenomenon 

[51,52]. This enhanced productivity coincided with nationwide increases in precipitation and 

temperature, underscoring the dominant role of improved hydrothermal conditions [53]. Spatially, 

the most significant GPP growth occurred in the humid forests and croplands of the southeast, 

whereas degradation in central Inner Mongolia and the Loess Plateau reflected the vulnerability of 

arid regions to soil moisture deficits [54]. Notably, this robust national-scale growth occurred despite 

a widespread decrease in solar radiation attributed to anthropogenic aerosols [55], suggesting that 

high radiation, which is often coupled with heat and water stress, may exert long-term inhibitory 

effects. 
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Although climate change drives productivity [56], the complex multicollinearity among drivers 

[23,57] necessitates analysis by land use types. A distinct north-south divergence exists in the GPP-

precipitation relationship. In the water-scarce northern regions, grasslands and croplands are 

unequivocally water-limited; thus, precipitation directly alleviates water stress and boosts 

productivity [58]. Conversely, a significant negative correlation emerges in the humid southern 

regions and high-latitude forests (Figure 3). In such areas, excessive precipitation is often associated 

with increased cloud cover (limiting light) or soil waterlogging (inducing anoxia), which inhibits 

photosynthesis [59,60]. This indicates that once rainfall exceeds a certain threshold [61], it causes 

significant inhibition to vegetation growth. Temperature, in contrast, exhibits widespread positive 

sensitivity (Figure 4b), particularly in forests and shrublands. In these non-water-restricted regions, 

warming likely enhances GPP by extending the growing season and increasing enzymatic activity 

[62]. Solar radiation reveals a widespread inhibitory effect. In the humid southeast, high radiation 

increases vapor pressure deficit (VPD) and induces stomatal closure; in the arid northwest, it serves 

as a proxy for clear skies and precipitation deficit, exacerbating water stress [55]. 

4.2. The Regulatory Effect of Terrain Conditions on GPP-Climate Relationships 

Topography exerts a profound regulatory effect on GPP dynamics. The altitudinal gradient is 

the most significant factor. GPP peaks around 500m in the productive eastern lowlands, but declines 

sharply above 4500m due to extreme low-temperature constraints [63], and permafrost-altered 

hydrology [64]. The strongest growth trend is concentrated in the mid-altitudes (1000–2000m). This 

region represents an ecological "sweet spot" [65]: it is high enough to avoid intensive human 

disturbance, yet low enough that regional warming alleviates thermal stress. The elevation-

dependent warming likely extends the growing season, driving the rapid productivity increase. 

Conversely, the trend turns negative at extreme altitudes (>4500m), confirming that these energy-

limited ecosystems are at a critical threshold where low-temperature limitations become prominent. 

Slope gradients introduce a secondary modulation by controlling local hydrology. The observed 

peak in GPP on gentle slopes (5–15°) represents an optimal balance. Steeper slopes (>15-20°) clearly 

inhibit GPP, a mechanism attributed to rapid surface runoff which reduces effective infiltration and 

soil development [66]. Conversely, very gentle slopes (0-5°) can also be suboptimal due to potential 

waterlogging and root hypoxia in poorly-drained lowlands [67]. While aspect creates important 

microclimatic gradients [68], its influence remains relatively weak at this national scale compared to 

altitude and slope. 

Crucially, topography fundamentally alters climatic constraints. The shift from precipitation-

dominated systems at low elevations (<2000 m) to temperature-dominated systems at high elevations 

(>3000–4000 m) is a classic demonstration of eco-physiological resource limitation theory [69]. As 

elevation increases, the adiabatic lapse rate creates an energy-limited environment where cold 

temperatures override the influence of precipitation. Our findings show that carbon uptake 

sensitivity to temperature is highest in high-elevation environments [70]. A key observation is the 

non-linear, inverted U-shaped pattern of GPP sensitivity to precipitation [71], which peaks in the 

mid-altitude range (1000–2000 m). This identifies the mid-altitude band as a critical ecological 

transition zone. The underlying mechanism is that these ecosystems are uniquely poised at a 

biophysical crossover point: they are coordinated by both water and energy, rather than being 

chronically limited by just one [72]. Consequently, a given increment of precipitation yields the 

maximum positive GPP response here, as there is sufficient energy to utilize the extra water. Thus, 

these ecosystems act as hotspots of climatic responsiveness [73].This analysis also resolves a 

discrepancy in our temperature sensitivity findings: while temperature's relative importance 

increases with altitude (Figure 6), its absolute sensitivity decreases (Figure 7). This demonstrates that 

at extreme high altitudes (>4000 m), GPP is so severely constrained by low energy that it becomes 

limited by tissue formation rather than photosynthetic production [74]. Even if temperature is the 

primary driver, the low thermal conditions restrict the plant community's absolute capacity to add 

new biomass. Finally, the finding that GPP sensitivity to precipitation monotonically decreases with 
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increasing slope (Figure 7b) confirms that on steep terrain, runoff losses decouple vegetation growth 

from precipitation inputs [75]. 

SEM and Geodetector analyses clarified this causal architecture. Precipitation is identified as the 

single most dominant factor (path 0.605), while altitude exerts the strongest negative total effect (-

0.608) by governing local thermal-hydrological regimes [76]. The interaction between precipitation 

and elevation yields the highest explanatory power, confirming that moisture effects are contingent 

upon elevation [57]. Land-use-specific SEMs reveal distinct strategies: Croplands and grasslands are 

strongly water-limited, with productivity directly coupled to short-term precipitation [77]. In 

contrast, forests and shrublands function as hydrothermal co-limited ecosystems [78], using deeper 

roots to buffer against variability. 

4.3. Quantification of Nonlinear Thresholds and the Ecological Implications 

The quantification of climatic thresholds via the GAM analysis reveals that the response of 

China’s terrestrial ecosystems to climate change is fundamentally non-linear. These findings resonate 

with emerging global evidence suggesting that terrestrial carbon sinks are transitioning from a 

regime dominated by simple linear drivers to one increasingly constrained by physiological limits 

and climatic extremes [79]. Our study identifies a thermal turning point for GPP at approximately 

17.4°C. This threshold aligns with global observations of temperature optima for temperate 

ecosystems, which are significantly lower than those in tropical forests [80]. The mechanism behind 

this saturation is likely driven by atmospheric aridity. As demonstrated by Yuan et al. [81], rising 

temperatures are inextricably linked to exponential increases in Vapor Pressure Deficit (VPD). High 

VPD triggers rapid stomatal closure to prevent hydraulic failure, a physiological defense that restricts 

carbon uptake even when soil moisture is sufficient [82]. Thus, the 17.4°C threshold marks the point 

where VPD-induced stress overrides the kinetic benefits of warming. The precipitation saturation 

threshold of ~1974 mm provides region-specific evidence for the water-energy trade-off. While water 

is the primary driver in arid zones, Humphrey et al. [83] highlighted that in humid regions land 

carbon uptake becomes decoupled from soil moisture and increasingly limited by energy availability. 

We observed that GPP gains stagnate above ~2000 mm. This saturation effect is consistent with the 

increasing global water constraint on vegetation growth noted by Jiao et al. [84], suggesting that 

excessive water inputs may no longer enhance productivity due to associated limitations such as 

nutrient leaching or reduced radiation. The observation that solar radiation inhibits GPP above ~101 

W/m² challenges the simplistic view of light limitation. This aligns with the findings of Knohl and 

Baldocchi [85], who demonstrated that canopy light use efficiency declines significantly under clear-

sky conditions dominated by direct beam radiation. They attributed this to the fact that high direct 

irradiance rapidly saturates photosynthesis in the upper canopy leaves, whereas diffuse radiation 

penetrates deeper into the canopy to illuminate shaded leaves, thereby maintaining higher overall 

carbon uptake rates. High direct irradiance often heats leaves beyond their thermal optimum and 

exacerbates transpiration stress [86]. Thus, our threshold marks the transition where radiative heat 

stress overrides the benefits of photon availability. The existence of these sharp thresholds has 

profound implications for Earth System Models (ESMs). Current models often underestimate the 

impacts of climate extremes on the carbon cycle [87]. Failing to parameterize these saturation points 

(e.g., the VPD constraint identified by Yuan et al. [81]) risks overestimating future land carbon sinks. 

Consequently, regional ecological management must recognize that afforestation efforts in areas 

surpassing these climatic thresholds may yield diminishing returns as ecosystems approach their 

physiological limits. 

5. Conclusions 

This study investigated the spatiotemporal dynamics of GPP across China’s terrestrial 

ecosystems from 2001 to 2020, confirming the dominant driving role of precipitation and the 

significant cascading effects of topography and climate. Beyond verifying a widespread greening 

trend, our core finding reveals that topography is not a static background but a dynamic regulator 
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that reallocates hydrothermal resources. This regulation shifts ecosystem constraints from water 

limitation at low altitudes to energy limitation at high altitudes, establishing mid-altitude regions as 

a unique ecological "sweet spot". Crucially, we identified non-linear physiological thresholds using 

the GAM method, specifically ~17.4°C for temperature, ~1974 mm for precipitation, and ~101 W/m² 

for solar radiation, which challenge conventional linear assumptions. These results serve as a 

warning that under future climate extremes, continuous warming and wetting in many parts of the 

world may eventually exceed physiological limits, leading to saturation or even inhibition rather than 

promotion of vegetation growth and carbon assimilation. Collectively, these findings provide a 

parameterized mechanistic understanding of the non-linear responses of terrestrial carbon sinks, 

underscoring the necessity of incorporating topographic modulation and climatic tipping points into 

future Earth system models and ecological management policies. 
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