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A B S T R A C T

Gross primary productivity plays a critical role in global carbon balance. However, quantifying the effects of 
different drivers still constitutes a challenge due to the different modeling techniques and data used. This study 
employs spatiotemporal analysis, machine learning, and statistical approaches to measure the significance of 
forest gross primary productivity drivers in China and its climate zones from 1990 to 2018. The results show that 
the annual average forest gross primary productivity in China was 914.74 gC m− 2 y− 1 during the study period 
and showed a significantly increasing trend (p < 0.01) at a rate of 4.09 gC m− 2 y− 1. Forest gross primary pro
ductivity had a southeast-northwest downward spatiotemporal trend with significantly different distributions 
within the six climate zones, except in the arid and semi-arid zones. A Random Forest model did better than an 
eXtreme Gradient Boosting model when 10 explanatory variables were used. These variables included the novel 
forest fragmentation index and climate zones, which helped explain the effects of forest structure and climate 
characteristics of the climate zones better. The most important forest gross primary productivity drivers in China 
were mean annual temperature (26.2 %), mean annual precipitation (18.6 %), solar radiation (11 %), forest 
fragmentation index (8.8 %), and elevation (8.1 %). Using Chatterjee’s correlation coefficient, this study pro
vides, for each climate zone, its unique signature regarding the order and importance of the drivers of forest gross 
primary productivity. This study helps us understand what factors affect forest gross primary productivity in 
China and its climate zones better by showing how they work using machine learning. These findings may help 
China reach its carbon neutrality goals.

1. Introduction

Gross Primary Productivity (GPP) is the total quantity of carbon 
produced by photosynthesis in plants (Beer et al., 2010). Terrestrial GPP 
constitutes the greatest flow component of the global carbon budget, 
and forests are essential to the terrestrial carbon cycle (Zhang et al., 
2022). Globally, GPP is predicted to increase until the year 2100 in 
high-latitude regions and decrease in equatorial regions under future 
climate change (Lu et al., 2024). Precisely characterizing the spatio
temporal changes of GPP and its drivers is essential for comprehending 
and identifying potential interventions in the biogeochemical dynamics 
of terrestrial ecosystems, carbon budget, and climate change (Prakash 
Sarkar et al., 2022). However, the direct quantification of terrestrial GPP 

can only be measured at the leaf level through photosynthesis mea
surements, making it a difficult task (Welp et al., 2011). Thus, indirect 
measurements of GPP have been the purpose of many studies using 
global dynamic vegetation models (Li et al., 2016) or ground observa
tions with eddy covariance techniques at ecosystem scale (Pastorello 
et al., 2020). These observations have been successfully integrated with 
remote sensing (RS) for implementation of vegetation GPP monitoring 
(Ding et al., 2024). Nonetheless, ecological process models rely on 
model parameterization and climate forcing variables, and the simula
tion results may vary importantly (Liao et al., 2023). This problem may 
be efficiently tackled through the application of machine learning 
models in regression and prediction tasks using independent explana
tory variables, i.e., drivers, to describe their relationship to GPP 
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measurements (Gaber et al., 2024).
The drivers used in GPP modelling studies usually include climatic, 

topographic, and/or anthropogenic factors. The lack of precipitation has 
been considered one of the most important factors negatively affecting 
GPP (Hoover et al., 2021). Air temperature, which interacts with pre
cipitation, is also associated with GPP (Yin et al., 2022). While tem
perature may enhance GPP by promoting photosynthesis and extending 
the growing season, an excessive increase in temperature may also lead 
to stress on plants, dehydration, and increased respiration, which can 
reduce GPP (Beer et al., 2010). Soil moisture enables plants to maintain 
healthy stomatal conductance, which facilitates the uptake of CO2 for 
photosynthesis, thus supporting higher GPP (Beer et al., 2010). How
ever, studies have demonstrated a higher importance of moisture vari
ables in non-forests compared to forests (Chang et al., 2023). The main 
energy source for GPP, solar radiation, directly influences photosyn
thesis and is a significant factor in determining how much carbon plants 
absorb (Wang et al., 2022). Topography and human activity influence 
the spatial pattern of forest Net Primary Productivity (NPP), which 
varies across altitude and slope gradients (Chen et al., 2023). Slopes 
facing the sun receive more direct sunlight, which promotes higher rates 
of photosynthesis and GPP. Researchers have linked a decline in GPP to 
an increase in human activities like urbanization and agriculture (Guo 
et al., 2023). However, we still need to understand and clarify the role of 
diverse drivers in shaping the forest GPP to better model this phenom
enon and define adaptation measures.

The abovementioned drivers, among others, can be successfully in
tegrated in machine learning models to simulate GPP through the use of 
techniques such as Random Forests (RF) (Yao et al., 2018), Support 
Vector Machines (SVM) (Yujie et al., 2023), Boosted Regression Trees, 
Artificial Neural Networks (ANN) (Guo et al., 2023), Convolutional 
Neural Networks (CNN) (Yu et al., 2022), Long Short-Term Memory 
networks (LSTM) (Guo et al., 2023), and Deep Neural Networks (DNN) 
(Hu et al., 2024). Seemingly, machine learning models are increasingly 
being utilized to investigate complex phenomena that vary greatly over 
time and space, such as GPP (Guo et al., 2023). However, while there are 
a great number of studies that have used machine learning methods to 
estimate GPP, results depend on the characteristics of the study areas, 
selected variables, data spatiotemporal resolution and acquisition 
characteristics, and model selection and parameterization (Reichstein 
et al., 2019). Thus, there is still a need to further expand the knowledge 
of GPP estimation with machine learning methods (Prakash Sarkar et al., 
2022).

Regarding the geographical area of application, it is possible to find 
machine learning modelling studies of GPP applied globally (Beer et al., 
2010) and nation/region-wise, such as in China (Lu et al., 2024), Europe 
(Jung et al., 2007), Australia (Prakash Sarkar et al., 2022), the United 
States (Beaver et al., 2024), and other locations. Specifically for China, 
many studies have been carried out aiming to understand the different 
impacts of factors on GPP, including the use of techniques such as the 
two-leaf light use efficiency (TL-LUE) model (Zhang et al., 2022), geo
detectors (Guo et al., 2023), nonlinear Granger causality, and eddy 
covariance (Zhang et al., 2024). Examples of machine learning methods 
include the study by Yao et al. (2018) that applied machine learning to 
develop a GPP dataset based on eddy flux measurements, Lu et al. 
(2023) that used a deep learning model to improve the accuracy of GPP 
estimation, Zhu et al. (2023) that mapped the Chinese annual GPP of 
terrestrial ecosystems using eddy covariance measurements and ma
chine learning, and Chang et al. (2023) that used random forest 
regression to predict site-level GPP. Focusing on maize GPP, Liao et al. 
(2024) quantified irrigation effects using a machine learning framework 
using the eXtreme Gradient Boosting (XGBoost) model and SHapley 
Additive exPlanations. We conclude that, despite the increasing number 
of studies about GPP and related drivers using diverse methods in China, 
the distinction between the climate change and land cover change roles 
on GPP still requires further investigation (Zhang et al., 2022). The 
existing research is mostly applied to specific parts and/or provinces of 

China using diverse modeling approaches and variables and, conse
quently, yields different results regarding the most important drivers, 
making the knowledge about GPP changes on the Chinese mainland 
unclear. Additionally, none of the previous studies focused on forested 
areas using information about the forest structure nor fully considered 
the differences within the Chinese climate zones, which play an 
important role in shaping GPP.

This study aims to disentangle the role of different drivers in forest 
GPP in China and its climate zones. Besides several climate- and 
topographic-related drivers commonly used in GPP modeling, it in
corporates two new variables. One of the variables is the novel forest 
fragmentation index (FFI), which is a measure of forest disturbance 
proposed by Ma et al. (2023). Forest structure is known to impact the 
forest GPP (Morreale et al., 2021). Since FFI is mostly human-induced, 
the inclusion of this driver, together with nighttime lights (Zhang 
et al., 2024), acts as proxies of human activities potentially impacting 
forest GPP. To better consider the importance of climate characteristics 
in the modelling procedure, this study introduces an additional variable, 
i.e., climate zones, which is a proxy for other climatic drivers that were 
not included in the modelling stage (e.g., atmospheric pressure, wind, 
etc.). Moreover, climate zones may approximate the spatial effects in 
forest GPP, such as spatial autocorrelation, which are not addressed in 
the machine learning models used in this study. Additionally, these 
models’ evaluation metrics are biased if spatial autocorrelation is not 
accounted for (Meyer and Pebesma, 2022). Thus, using explicit spatial 
covariates, such as climate zones, is one of the most common approaches 
to deal with spatial autocorrelation in supervised machine learning 
regression (Jemeļjanova et al., 2024). Specifically, this study aims to (i) 
describe and analyze the spatiotemporal trends of forest GPP between 
1990 and 2018; (ii) identify a suitable machine learning approach to 
model forest GPP; and (iii) quantify the contribution of drivers of forest 
GPP in China and in its climate zones. This study provides novel infor
mation on the historical determinants of forest GPP in China and its 
climate zones, which can be useful for achieving carbon neutrality 
through informed planning.

2. Data and methods

2.1. Study area

The study area is mainland China, which spans more than 9.6 million 
km2 (Fig. 1). Due to China’s complex geography and unique climate, 
temperature and precipitation have important seasonal variations, 
mostly influenced by the East Asian monsoon. The average annual 
precipitation trends downward from the southeast to the northwest, and 
the average temperature exhibits a declining tendency from the north to 
the south. Using the Köppen climate classification (Kottek et al., 2006), 
China can be divided into six climate zones: arid, humid, temperate 
semi-humid, cold semi-humid, Qinghai-Tibet Plateau, and semi-arid.

The arid region’s primary ecosystem is desert, characterized by 
extremely low precipitation, high evaporation, sparse vegetation, and 
low productivity (X. Wang et al., 2022). Super-xerophytic species, such 
as trees, subshrubs, semi-shrubs, shrubs, and herbaceous plants, domi
nate the vegetation in this region (X. Wang et al., 2022). The humid 
region’s primary ecosystem is subtropical forests, thriving in a warm and 
humid climate with dense evergreen and mixed forests (Chen et al., 
2024). These forests support a highly productive ecosystem. The main 
ecosystems in the temperate semi-humid zone are deciduous forests and 
agricultural landscapes, with vegetation primarily composed of sub
tropical evergreen and deciduous broadleaf forests (Yang et al., 2024). 
The eastern areas of this zone have highly developed agriculture, with 
wheat and maize serving as the primary crops. In the cold semi-humid 
zone, the dominant ecosystems are temperate forests, which feature 
deciduous broadleaf and mixed coniferous-broadleaf forests (Xiao-Ying 
et al., 2013). In addition, drier or transitional areas are home to 
cold-tolerant shrubs and herbaceous plants. Temperate grasslands, such 
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as meadow steppe and desert steppe, define the semi-arid zone, their 
vegetation well adapted to low precipitation and significant temperature 
fluctuations (Yin et al., 2016). Alpine meadow and alpine steppe eco
systems dominate the Qinghai-Tibet Plateau, their vegetation primarily 
composed of cold-resistant species like sedges, drought-tolerant grasses, 
sparse shrubs, and cushion plants (Hao et al., 2021). The extreme alti
tude and harsh climate of the plateau have uniquely adapted these 
plants.

2.2. Data

The data used in this study is described in Table 1. A long-term global 
GPP dataset, based on satellite near-infrared reflectance (NIRv) gener
ated from 1982 to 2018 using the Advanced Very-High-Resolution 
Radiometer (AVHRR) and flux station observations and with a resolu
tion of 0.05◦ per month, was used. This dataset captured accurately 

monthly (R2 = 0.71) and annual (R2 = 0.74) variations in GPP when 
compared to data from 104 flux sites (Wang et al., 2021). The data unit 
of GPP is gC m− 2 d− 1.

The temperature and precipitation datasets have the monthly 
average temperature and total precipitation data for China using a 
spatial resolution of 0.0083333◦ from the years 1901–2022 (Peng et al., 
2019). The data units are ◦C and 0.1 mm, respectively. This data is based 
on the global 0.5◦ climate dataset created by the Climatic Research Unit 
(CRU) (https://crudata.uea.ac.uk/), and the global high-resolution 
climate dataset is produced by WorldClim (https://worldclim.org/) 
and was generated by a delta spatial downscaling scheme. i.e., a 
framework that uses low-spatial-resolution monthly time series and 
high-spatial-resolution reference climatology data for climate data 
downscaling in China (Peng et al., 2019). According to these authors, 
this dataset has better evaluations when compared to WorldClim and 
CRU data using accuracy assessment metrics like root mean square 
error, mean absolute error, and Nash-Sutcliffe efficiency coefficients.

The downward shortwave radiation was retrieved from the China 
Meteorological Forcing Dataset (CMFD), which is a gridded near-surface 
meteorological dataset produced since 1979. The dataset was created 
through fusion of remote sensing products, reanalysis datasets, and in- 
situ observation data obtained from weather stations (He et al., 2020). 
According to these authors, validation results using independent stations 
had higher quality when compared to other datasets like the Global Land 
Data Assimilation System (GLDAS). This dataset has a temporal reso
lution of 3 h and a spatial resolution of 0.1◦.

The soil moisture dataset is gathered from the Simple Terrestrial 
Hydrosphere model version 2 (SiTHv2). It has a 0.1◦ spatial resolution 
and was obtained using hydrometeorological variables from reanalysis 
and satellite data (Zhang et al., 2024). According to these authors, using 
in-situ measurements and comparisons with other soil moisture prod
ucts, this dataset showed a robust performance at multiple scales.

This study uses the annual Prolonged Artificial Nighttime-light 
DAtaset (PANDA) for China from 1984 to 2020. The dataset uses digi
tal number (DN) values ranging from 0 to 63, which is a unitless scale. 
This scale represents the brightness intensities captured by the sensors, 

Fig. 1. Study area divided by the six climate zones according to Köppen climate classification (Kottek et al., 2006).

Table 1 
Data used in this study.

Dataset Spatial 
resolution

Time span Units Source

Gross Primary 
Productivity

0.05◦ 1982–2018 gC m− 2 

d− 1
Wang et al. 
(2021)

Temperature 0.0083333◦ 1901–2022 ◦C Peng et al. 
(2019)

Precipitation 0.1◦ 1901–2022 0.1 mm Peng et al. 
(2019)

Downward 
shortwave 
radiation

0.1◦ 1979–2018 W m− 2 He et al. 
(2020)

Soil moisture 0.1◦ 1982–2020 m3 m− 3 Zhang et al., 
2024

Nighttime light 0.0083333◦ 1984–2020 Digital 
Number

(L. Zhang 
et al., 2024)

Land cover 30m 1990–2022 – Yang and 
Huang (2021)

Digital Elevation 
Model

90m 2000 m CGIAR-CSI 
(2022)

C. Zhu et al.                                                                                                                                                                                                                                      Journal of Cleaner Production 509 (2025) 145616 

3 

https://crudata.uea.ac.uk/
https://worldclim.org/


with higher values indicating brighter light intensity observed at night. 
This dataset was produced using the Night-Time Light convolutional 
Long Short-Term Memory (NTLSTM) network and has a spatial resolu
tion of 0.0083333◦ (L. Zhang et al., 2024). According to these authors, 
using quantitative and visual comparisons with other nighttime light 
datasets, this dataset offers superior temporal consistency and correla
tions with socioeconomic activities.

A land cover dataset containing nine land cover classes with a spatial 
resolution of 30m covering the period from 1990 to 2022 for China was 
used. This dataset was built using Landsat images with an annual tem
poral resolution (Yang and Huang, 2021). According to these authors, 
this dataset has 79.31 % overall accuracy when compared to visually 
interpreted samples, outperforming other reputed datasets.

In this study, the Digital Elevation Model (DEM) used has 90m 
spatial resolution and is an improved version from the National Geo
spatial Intelligence Agency (NGA) (https://www.nga.mil/), named 
Shuttle Radar Topography Mission (SRTM) 3-2. This is the fourth 
version of the SRTM data created by the International Center for Trop
ical Agriculture (CIAT) using an improved algorithm to fill SRTM 90 
data holes. This dataset has a nominal absolute elevation accuracy of 
±16m and an absolute plane accuracy of ±20m (CGIAR-CSI, 2022).

2.3. Methods

The methodological workflow comprises three stages and is 
described in Fig. 2. Details on the methods used are described in the 
following subsections.

2.3.1. Data pre-processing
A total of 10 drivers were selected to explain forest GPP: soil mois

ture, mean annual temperature, mean annual precipitation, downward 
solar radiation, elevation, slope, aspect, and nighttime lights. The 
drivers used in this study, apart from FFI and climate zones, are 
commonly used in GPP modelling studies (Chang et al., 2023). All the 

drivers are continuous variables, except climate zones, which is a cate
gorical variable.

The land cover dataset was used to extract the forest class and 
calculate the FFI (Ma et al., 2023). Slope and aspect variables were 
calculated from the Digital Elevation Model (DEM) using ArcGIS Pro 3.3 
software (https://www.esri.com/).

FFI measures the intensity of forest disturbance (Ma et al., 2023) and 
is an equally weighted normalized average of three landscape metrics 
(McGarigal et al., 2013): Edge Density (ED), Patch Density (PD), and 
Mean Patch Area (MPA, using 1-normalized MPA). The metrics are 
normalized to enable time series analysis using a grid of 5 km resolution. 
Its value varies between 0, no disturbance, and 1, high disturbance. This 
indicator was calculated using the ‘landscapemetrics’ package 
(Hesselbarth et al., 2019) available in R software (https://www.r-pro 
ject.org/).

All the datasets were extracted from open data sources available in 
the National Tibetan Plateau Scientific Data Center (https://data.tpdc. 
ac.cn/). The overlapping period of the datasets from 1990 to 2018 
was selected for this study. All the raster data was upscaled to 0.1◦ with a 
bilinear resample function and used a WGS 1984 World Mercator 
projection.

2.3.2. Spatiotemporal analysis of forest GPP and associated drivers
The trend of forest GPP and associated drivers was measured using 

the non-parametric Theil–Sen median method (Sen, 1968; Theil, 1950). 
Long-time series data trend analysis commonly uses this technique to 
identify patterns amidst outliers or non-normal data distributions (Theil, 
1992). The Mann–Kendall (MK) test (Mann, 1945), which has reduced 
sensitivity to outliers and is independent from sample distributions, was 
used to evaluate the significance of the forest GPP trend and associated 
explanatory drivers. We conducted this analysis using the MATLAB 
software R2022b (https://www.mathworks.com/).

In the spatial distribution of trends, the values used for each variable 
were calculated based on annual values. Specifically, GPP and 

Fig. 2. Methodological workflow (Stage 1: Data collection and preprocessing; Stage 2: Spatiotemporal variations and analysis; Stage 3: Modelling and 
driver analysis).
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precipitation (PRE) were represented as annual totals, while other var
iables, such as temperature and shortwave radiation, were represented 
as annual averages. These annual values were used to determine the 
spatial distribution of trends across the study region. For the time series 
analysis, the annual values of each variable (e.g., GPP annual total, PRE 
annual total, or the annual average for other variables) were averaged 
across all pixels within the study area for each year. This produced a 
single representative annual average value per year for the entire study 
area, providing insights into temporal variations at the regional scale.

Emerging Hot Spot Analysis (EHSA) facilitates the identification of 
patterns within the clustering points of forest GPP values within a space- 
time cube (STC). This type of analysis has been used in the context of 
agricultural climate suitability (Pan et al., 2023), urban heat island 
pattern analysis (Deng et al., 2023), hydroclimate extremes analysis 
(Palmer et al., 2024), and urban public safety (He et al., 2024), among 
other applications. The EHSA employs the Getis-Ord Gi* statistic (Getis 
and Ord, 1992), which uses time to assess a variable, in contrast to 
standard hot spot analysis, which only considers space (ESRI, 2023). We 
carried out the detection of spatiotemporal hot/cold spots in conjunc
tion with the MK trend method (Mann, 1945). By using the z-score and 
p-value for each bin, the emerging hotspot analysis makes a unique 
classification for each site in the study area based on its space-time forest 
GPP pattern (Table 2). We conducted these analyses using ArcGIS Pro 
3.3 (https://pro.arcgis.com).

The Global Moran’s Index (I) test identifies statistically significant 
spatial autocorrelation in geographical processes (Moran, 1950). It in
volves evaluating the pattern of a set of features (i.e., points) and an 
associated attribute value (i.e., the forest GPP value) (Moran, 1948, 
1950). The value for Global Moran’s I ranges from − 1 (dispersion of 
forest GPP) to 1 (clustering of forest GPP) when the numerator of the 
index is standardized by the variance. A value of 0 means that the dis
tribution of forest GPP values is random. The Anderson-Darling test 
(Anderson and Darling, 1954) was applied to forest GPP values within 
each climate zone. This is one of the most powerful normality tests for 

asymmetric distributions (Yap and Sim, 2011). Further statistical anal
ysis included non-parametric Kruskal-Wallis (Kruskal and Wallis, 1952) 
and Steel-Dwass (Dwass, 1960; Steel, 1960, 1961) tests to compare the 
distribution of forest GPP in each climate zone. All statistical tests were 
performed in JMP Pro 17, except the Global Moran’s I test, which was 
computed in ArcGIS Pro 3.2.2. All conclusions are stated at the 5 % 
significance level.

2.3.3. Forest GPP modelling and drivers’ correlation analysis
We implemented two different commonly used machine learning 

models to assess their ability to model mean forest GPP between 1990 
and 2018 using the annual values averaged for each grid cell in each 
dataset of all variables, except the topographical variables, which 
remain constant over time, and the climate zones, which is a categorical 
variable. By using different models, we attempted to verify our analysis 
and guarantee the reliability of our conclusions by contrasting the out
comes from these two approaches.

Breiman et al. (2017) designed RF as an ensemble learning technique 
to enhance the classification and regression trees (CART) method. RF fits 
multiple decision tree classifiers on different subsamples of a dataset 
through averaging to reduce overfitting and improve predictive accu
racy (Breiman, 2001). The algorithm uses bootstrap aggregation to carry 
out classification, producing many training subsets and trees, each one 
producing a classification outcome (Hunter et al., 2020). Using 
out-of-bag sampling and a replacement method, RF handles effectively 
dimensionality, multicollinearity, noise, outliers, and sample insuffi
ciency (Hudak et al., 2020). Mean decrease impurity (MDI) values were 
used to assess factors importance in the RF ensemble models. MDI rep
resents the cumulative reduction in variance caused by a feature (i.e., 
driving factor of forest GPP) across all splits in all trees in the forest 
(Ishwaran, 2015). At each split in a decision tree, the improvement in 
purity (i.e., reduction in variance in forest GPP) caused by the split is 
recorded for the selected feature. For each split, the reduction in vari
ance is the difference between the variance of the parent node and the 
weighted variance of the (left and right) child nodes, where the weights 
are proportional to the number of samples in each child node. The MDI 
score for a feature, also known as factor importance, is the average of the 
variance reductions for all splits using that feature across all trees.

XGBoost was originally proposed by Chen and Guestrin (2016) to 
extend the gradient boosting framework where the tree structure con
sists of decision trees added sequentially to the model, and each tree 
aims to correct the errors of the previous ones. Initially, a simple model 
predicts the target variable, and subsequent trees are constructed to 
predict the residuals, which are the differences between the actual 
values and the predictions from the current model. These residuals 
represent the errors that the model needs to address. By iteratively 
fitting new trees to these residuals, XGBoost minimizes the overall loss 
function, thus improving the model’s accuracy. Regularization tech
niques are applied to each tree to prevent overfitting, and the learning 
rate (shrinkage) ensures that each tree’s contribution is scaled appro
priately, allowing the model to converge smoothly. Bentéjac et al. 
(2021) explore the implementation aspects and detailed algorithmic 
contributions of XGBoost, demonstrating its versatility and accuracy 
performance.

Both machine learning models were implemented in ArcGIS Pro 3.3 
using the Forest-based and Boosted Classification and Regression tool. 
The models were trained and evaluated using independent datasets (i.e., 
separate train-test folds). Before model fitting, 10 % of the total 53,314 
points of the spatial file were randomly split as an independent valida
tion set following model implementation recommendations in the Arc
GIS tool. To evaluate the performance of the forest GPP models, three 
metrics were used, namely the coefficient of determination (R2), the 
Mean Absolute Error (MAE), and the Root Mean Square Error (RMSE), 
using Eq. (1) to Eq. (3). 

Table 2 
Description of spatiotemporal evolution patterns of forest GPP (ESRI, 2023).

Pattern name Definition

No trend detected Does not fall into any of the patterns defined below.
New hot (cold) spot A location that is a statistically significant hot (cold) spot for 

the final time step but has never been before.
Consecutive hot 

(cold) spot
A location with a single uninterrupted run of at least two 
statistically significant hot (cold) spot bins in the final time- 
step intervals. The location has never been a statistically 
significant hot (cold) spot prior to the final hot (cold) spot 
run, and less than 90 % of all bins are statistically significant 
hot (cold) spots.

Intensifying hot 
(cold) spot

A location that has been a statistically significant hot (cold) 
spot for 90 % of the time-step intervals with a statistically 
significant increase in the clustering intensity overall.

Persistent hot (cold) 
spot

A location that has been a statistically significant hot (cold) 
spot for 90 % of the time-step intervals with no discernible 
trend in the clustering intensity over time.

Diminishing hot 
(cold) spot

A location that has been a statistically significant hot (cold) 
spot for 90 % of the time-step intervals with a statistically 
significant decrease in the clustering intensity overall.

Sporadic hot (cold) 
spot

A statistically significant hot (cold) spot for the final time- 
step interval with a history of also being an on-again and 
off-again hot (cold) spot. Less than 90 % of the time-step 
intervals have been statistically significant hot (cold) spots, 
and none of the time-step intervals have been statistically 
significant cold (hot) spots.

Oscillating hot (cold) 
spot

A statistically significant hot (cold) spot for the final time- 
step interval with a history of also being a statistically 
significant cold (hot) spot during a prior time step. Less than 
90 % of the time-step intervals have been statistically 
significant hot (cold) spots.

Historical hot (cold) 
spot

The most recent time period is not a hot (cold) spot, but at 
least 90 % of the time-step intervals have been statistically 
significant hot (cold) spots.
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∑n
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2
(Eq.1) 

MAE=

∑n

i=1
|Pi − Oi|

n
(Eq.2) 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1
(Pi − Oi)

2

n

√
√
√
√
√

(Eq.3) 

where Pi and Oi are the predicted and observed values for the GPP, 
respectively, and n is the sample size.

The R2 specifies the ability of the independent variable to explain the 
changes in the dependent variable by the model. R2 has a range of 0–1, 

Fig. 3. Spatial patterns (left) and time series (right) of each variable in Chinese forest regions from 1990 to 2018. GPP (Gross Primary Productivity) (a, b), FFI (Forest 
Fragmentation Index) (c, d), temperature (e, f), radiation (g, h), soil moisture (i, j), precipitation (k, l), and nighttime light (m, n) are shown. Regions with significant 
trends (P < 0.05) are marked with black dots. The "10^x/a" above the color bar represents the annual trend of the variable, where "10^x" indicates the magnitude by 
which the values should be scaled. k and P denote the slope and p-value of each variable, respectively. The red dashed line represents the linear trend line.
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with a value near 1 denoting a good fit and a value near 0 denoting a bad 
fit. The average of the residuals in the dataset is captured by the mean 
absolute difference (MAE) between the expected and actual values. The 
standard deviation of the predicted errors, or RMSE, refers to the con
centration of the data around the best fit line. Both the MAE and RMSE 
values are greater than or equal to zero. A high R2 value combined with 
low MAE and RMSE values typically indicates an outstanding prediction 
performance.

To further investigate the strength and significance of the relation
ship between each driver (X) and forest GPP (Y) within each climate 
zone, the recent Chatterjee’s correlation coefficient (Chatterjee, 2021) 
was computed. The ξ(X, Y) coefficient ranges from 0 to 1. Higher values 
indicate a stronger association. A value of one indicates a perfect asso
ciation such that the Y variable is a measurable function of the X vari
able. A value of zero indicates no association. Chatterjee’s correlation 
does not differentiate between positive and negative associations but 
focuses on the strength of the relationship, whether it is monotonic or 
non-monotonic (e.g., convex or concave). The p-value of the Chatter
jee’s nonparametric test for independence was estimated using 1000 
permutations. The Chatterjee’s correlation tests were obtained with the 
XICOR package (Chatterjee, 2021) in R 4.4.1. All conclusions are stated 
at the 5 % significance level.

3. Results

3.1. Spatiotemporal trends of forest GPP and its drivers

The mean annual forest GPP in China between 1990 and 2018 was 
914.74 gC m− 2 y− 1. During the study period, approximately 74 % of the 
forest area in China showed an increasing trend in GPP (with 63 % of the 
area showing significant increases, P < 0.05; Fig. 3a). However, 26 % of 
the forest area experienced a decreasing trend in GPP (with 34 % of the 
area showing significant decreases, P < 0.05; Fig. 3a), mainly concen
trated in the middle and lower reaches of the Yangtze River, the Greater 
Khingan Range in the northeast, and the Hengduan Mountains. Overall, 
GPP increased at an average rate of 4.09 gC m− 2 y− 1 during the study 
period (P < 0.01; Fig. 3b). Notably, approximately 60 % of the forest 
area exhibited fragmentation trends, with a significant increase in FFI (P 
< 0.05; Fig. 3c). The spatial variation in FFI trends was largely opposite 
to those of GPP in most regions. In areas where FFI decreased signifi
cantly, GPP showed a significant increase, particularly in the Greater 
Khingan Range, the Hengduan Mountains, and the regions centered 
around the Qinling Mountains. The contrasting relationship between FFI 
and GPP implies a close relationship between human activities and 
changes in forest GPP in China. The rate of FFI reduction was estimated 
at 0.0001 per year (P < 0.01; Fig. 3d).

Additionally, forests across China have experienced a significant 

Fig. 3. (continued).
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warming trend, affecting 89 % of the area, with the most pronounced 
changes observed in the Hengduan Mountains, southeastern coastal 
regions, and the northeastern part of the Loess Plateau (significant in 60 
% of the area). In contrast, only a few areas, such as Northeast China, 
exhibited a cooling trend, though these were not statistically significant 
(0 % of the area; Fig. 3e). The temporal analysis shows that, overall, the 
mean temperature rose significantly, with an annual increase of 
0.019 ◦C (P < 0.01; Fig. 3f). The southern coast exhibited the most 
pronounced increasing trend in solar radiation (significant in 27 % of the 
area; Fig. 3g). In contrast, the central part of South China, Hainan Island, 
and areas north of the Hengduan Mountains displayed decreasing trends 
(significant in 26 % of the area; Fig. 3g). Across the entire study area, 
mean forest surface solar radiation declined slightly by 0.006 W m− 2, 
though this trend was not statistically significant (P = 0.49; Fig. 3h). Soil 
moisture exhibited significant geographic variation, increasing in the 
central part of South China (44 % of the area) while significantly 
decreasing in the north of the Qinling Mountains, the southwestern 
Yunnan-Guizhou Plateau, the southeastern coastal regions, and North
east China (48 % of the area; Fig. 3i). Over the study period, soil 
moisture showed a significant overall decline at a rate of − 0.001 m3 m− 3 

per year (P < 0.01; Fig. 3j). The spatial distribution of precipitation and 
GPP trends varied, with both showing declines in the southern coastal 
regions, the Hengduan Mountains, and the Greater Khingan Mountains 
(Fig. 3k). Overall, total precipitation exhibited a slight upward trend, 
though this was not statistically significant (P > 0.05; Fig. 3l). The 
spatial distribution of trends in nighttime light was roughly opposite to 
that of GPP, particularly in the Yangtze River Delta, most parts of South 
China, and north of the Greater Khingan Range (Fig. 3m). However, 
overall, like GPP, it exhibited a significant increasing trend, with an 
annual growth rate of 8.681 and a total increase of 198 during the study 
period (P < 0.01; Fig. 3n). However, it showed a significant overall 
increasing trend, with an annual growth rate of 8.681 and a total in
crease of 198 during the study period (P < 0.01; Fig. 3n).

A ~50 km spatial resolution grid with the average of the 20 nearest- 
neighbors of forest GPP was used to calculate the emerging hot spots of 
forest GPP between 1990 and 2018 in China (Fig. 4). In the figure, it is 
possible to distinguish a northwest downward spatiotemporal trend in 
forest GPP, which is in conformity with China’s terrain characteristics 
and climatic conditions. Most of the forest areas during the studied 
period do not exhibit any spatiotemporal pattern (29.3 %) in GPP. The 
analysis detected that 22.8 % of the forest area has an intensifying hot 
spot of forest GPP, especially in humid, tempered semi-humid and in the 
northern part of the cold semi-humid climate zones. This indicates that 
during the study period, the GPP values of these regions were signifi
cantly higher than those of other regions for at least 26 years, and the 
intensity of clustering was increasing. Persistent cold spots (14.6 %) 
were detected mostly in the Qinghai-Tibet Plateau and some in the 
northern parts of the arid and semi-arid climate zones. Sporadic hot 
spots (11 %) were found mostly in the humid and temperate semi-humid 
climate zones and in the northeast and southwest of the cold semi-humid 
zone, indicating that, except for 2018, these regions repeatedly 
appeared as hot spots throughout the historical period, with most of the 
time showing a significant increase, though in some periods the increase 
was not significant. Diminishing cold spots (9.5 %) are found in the arid, 
Qinghai-Tibet Plateau, cold semi-humid and semi-arid climate zones. 
These are mainly distributed in the northwest of arid, middle of semi- 
arid, and cold semi-humid areas, indicating that the forest GPP values 
in these areas are on a downward trend. Intensifying cold spots (5 %) 
were detected mostly in the Qinghai-Tibet Plateau, northwest of Arid, 
indicating that forest GPP values in these regions have always been low. 
Overall, the forest productivity in the humid, temperate semi-humid, 
and cold semi-humid climate zones exhibited an increasing trend dur
ing the study period, with relatively stable changes.

Results of the Global Moran’s I test (Moran, 1950) show that forest 
GPP values exhibit a significant positive spatial autocorrelation in each 
climate zone, denoting clustering of forest GPP (Table S1). These results 

Fig. 4. Emerging spatial-temporal hot spots of forest GPP between 1990 and 2018 in mainland China using a spatial resolution of ~50 km.
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were obtained using the Inverse Weighting scheme to assess each point’s 
weight within the context of neighboring points. The Anderson-Darling 
test (Anderson and Darling, 1954) was applied to forest GPP values 
within each climate zone, and results show that there is not enough 
evidence that forest GPP data follows a Normal distribution in any of the 
climate zones (Table S2). The parametric one-way ANOVA technique is 
not appropriate to compare the means of forest GPP in the six climate 
zones because its normality assumption did not hold. Hence, the 
nonparametric Kruskal-Wallis test (Kruskal and Wallis, 1952) was used 
to assess if the location parameter of the forest GPP distribution is 
identical in all six climate zones. Results show that there is a significant 
difference in forest GPP across the six climate zones (χ2 = 9279.499; df 
= 5; p-value <0.001). A nonparametric post-hoc test was then applied, 
namely the Steel-Dwass test (Dwass, 1960; Steel, 1960, 1961). Results 
show that all forest GPP distributions are significantly different from any 
of the other distributions, except for arid (6) and semi-arid (3) zones, 
where forest GPP does not significantly differ (Table S3).

3.2. Machine learning model of forest GPP

Both RF and XGBoost models used 9 continuous variables (SM, 
TEMP, PRE, RAD, DEM, SLOPE, ASP, FFI, and LIGHT) and 1 categorical 
variable (climate zones). A total of 1500 trees with a minimum leaf size 
of 3 were used to train the RF model. The RF model obtained an R2 of 
0.73, an MAE of 208.13, and an RMSE of 325.97. On the other hand, 
XGBoost obtained an R2 of 0.69, an MAE of 225.34, and an RMSE of 
343.92. Since the RF outperformed XGBoost according to these metrics, 
the RF model was retained for further analysis of forest GPP.

3.3. Contribution of drivers to forest GPP

According to the RF model, the importance of the variables is ranked 
as follows (Fig. 5): temperature (26.2 %), precipitation (18.6 %), solar 
radiation (11 %), FFI (8.8 %), elevation (8.1 %), soil moisture (7.6 %), 
climate zone (6.8 %), nighttime lights (5.7 %), slope (4.6 %), and aspect 
(2.7 %). The contribution (%) corresponds to the percentage of the total 
sum of MDI scores. The values in the X axis are the MDI scores.

As shown in Fig. 6 and Table S4, Chatterjee’s correlation coefficients 
show that precipitation has the strongest relationship with forest GPP in 
the Qinghai-Tibet Plateau, with a correlation coefficient of 0.44. This 
makes it one of the top three factors that affect forest GPP in semi-arid, 
temperate semi-humid, and arid regions. This strong correlation high
lights the importance of water availability in areas where vegetation is 
highly sensitive to water stress. In the Qinghai-Tibet Plateau and arid 
and semi-arid regions, precipitation levels are generally low, and 
vegetation in these areas frequently experiences drought stress. Drought 

limits photosynthesis in leaves through stomatal closure and metabolic 
impairment (Lin et al., 2024). Therefore, precipitation plays a critical 
role in determining forest GPP in these regions. In cold semi-humid, and 
humid regions, precipitation ranks fourth, indicating that it remains one 
of the primary limiting factors for forest GPP in these climate zones. 
However, other factors, such as temperature and radiation, might play a 
more prominent role in these regions.

Temperature is one of the three primary factors exhibiting a robust 
correlation with forest GPP throughout all climate zones, except for the 
Qinghai-Tibet Plateau and arid regions. In particular, in humid zones, 
temperature ranks as the most important determinant of GPP, with a 
correlation coefficient of 0.162. The abundant water supply in these 
regions alleviates the constraints of water stress, making temperature 
the dominant limiting factor for plant growth and photosynthetic effi
ciency. Additionally, temperature interacts with other environmental 
variables, such as solar radiation, further enhancing GPP. For instance, 
in humid zones, solar radiation is the second most important factor, 
while in cold semi-humid regions, solar radiation is the most important 
determinant, with a correlation coefficient of 0.183.

DEM is one of the three most important factors that determine forest 
GPP in the Qinghai-Tibet Plateau, semi-arid, and humid regions. 
Elevation-induced differences in temperature, rainfall, and solar radia
tion significantly influence these areas. For example, in the Qinghai- 
Tibet Plateau, solar radiation associated with DEM is the second most 
important factor. This is because topographic features are considered 
critical in shaping local microclimates. Soil moisture exhibits the third- 
largest association with forest GPP in the cold semi-humid zone and the 
fourth highest in the Qinghai-Tibet Plateau, semi-arid, and arid regions. 
In arid regions, the water-related factor of soil moisture, in addition to 
precipitation, plays a critical role in determining GPP. Soil moisture is 
the most direct and primary source of water for vegetation, and its dy
namic changes significantly influence vegetation biomass and 
phenology (Luo et al., 2021). FFI ranks among the top three contributors 
to forest GPP in arid and temperate semi-humid regions. Forest frag
mentation enhances edge effects, exposing more forest boundaries to 
external environments, resulting in significant changes. Microclimatic 
changes at the forest edge, such as decreased humidity and increased 
light exposure, primarily drive these effects (Dantas de Paula et al., 
2015). A substantial correlation exists between nocturnal illumination 
and forest GPP across all climatic zones, reflecting the influence of ur
banization and land-use changes on forest productivity. The correlation 
between slope and forest GPP is weak and statistically insignificant on 
the Qinghai-Tibet Plateau and in semi-arid and temperate semi-humid 
regions. All climate zones show the weakest relationships with aspect, 
and there is no significant connection between this variable and forest 
GPP in the Qinghai-Tibet Plateau, semi-arid, and temperate semi-humid 

Fig. 5. Summary of variable importance to explain forest GPP in China (1990–2018) according to RF mean decrease impurity values (TEMP: Mean annual tem
perature, PRE: Mean annual precipitation, RAD: Solar radiation, FFI: Forest Fragmentation Index, DEM: Elevation, SM: Soil moisture, CZ: Climate zone, LIGHT: 
Nighttime lights, SLOPE: Slope, ASP: Aspect).
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regions.

4. Discussion

4.1. Quantification of forest GPP drivers in China and its climate zones

This work improves the existing knowledge about forest GPP in 
China and its climate zones from 1990 to 2018. Besides using new 
variables in the machine learning modeling process to better account for 
climate and anthropogenic effects, it provides the driver’s signature of 
each climate zone using a novel correlation coefficient.

Results show that the mean annual forest GPP was 914.74 gC m− 2 

y− 1 during the study period in China. We also found that forest GPP 
showed a significantly increasing trend (p < 0.01) at a rate of 4.09 gC 
m− 2 y− 1. Our study solely concentrates on forested areas, making it 
impossible to directly compare these values with those from other 
studies that also include non-forested areas in China. Using light use 
efficiency, process-based, and machine learning methods, GPP has been 
estimated for China from 300 to 1277 gC m− 2 y− 1 for different time 
periods based on more than 20 studies (Li et al., 2016). Using three 
decades of time-series modeling based on the optimum light use effi
ciency and autoregressive integrated moving average (ARIMA) model, 
Bo et al. (2022) found that GPP increased 2.268 gC m− 2 y− 1 in China. 
Additionally, Ma et al. (2019) estimated a decline in GPP increment rate 
for China from 18.82 gC m− 2 y− 1 in 2000–2008 to 3.48 gC m− 2 y− 1 in 
2008–2016. When looking at GPP studies from other countries, such as 
India, high increasing rates between 5.36 and 6.44 gC m− 2 y-1 have also 
been reported (Gupta et al., 2023). Since our study did not include the 
non-forested areas, it is expected that these values are lower than the 
ones found in our study since we did not account for the negative impact 
of urbanization in China. These differences may also be justified by the 
different datasets and modeling approaches used, highlighting sub
stantial uncertainties in literature. The results presented in this study 
disambiguate these uncertainties by separating the forested from 
non-forested areas, thereby focusing solely on the forested areas of 
China.

China denotes a southeast-northwest downward trend in average 
forest GPP during the study period, which is consistent with previous 
studies on GPP (Li et al., 2016). There are persistent cold spots in areas 
with higher altitudes and latitudes, such as in the Qinghai-Tibet Plateau. 
The low temperature affects the activity of photosynthesis-related en
zymes in vegetation, thereby limiting the photosynthetic rate (Keenan 
and Riley, 2018). At the same time, solar radiation has an inhibitory 
effect on vegetation in the Qinghai-Tibet Plateau, probably due to solar 
radiation, which causes the melting of snow and permafrost, increases 
the water content of vegetation roots, and puts the soil in an anaerobic 

state, thereby reducing vegetation productivity (Yang et al., 2015). As 
the world warms, the demand for water in arid vegetation increases 
significantly, making the GPP in these areas more susceptible to strong 
changes in precipitation (Lai et al., 2022). This may explain the 
diminishing cold spots and intensifying cold spots that appear in the arid 
and semi-arid regions in places such as Inner Mongolia and the North
west. The humid region, the southern and eastern parts of the 
semi-humid region, and the western and northeastern parts of the cold 
semi-humid region are concentrated areas of hotspots, and the hotspots 
of forest GPP continue to intensify. In areas with sufficient precipitation 
and moderate temperatures during the growing season, forest GPP will 
increase significantly. These regions may experience greater forest GPP 
changes due to changes in precipitation conditions, so sporadic hotspots 
are usually distributed around the edges of persistent hotspots and 
enhanced hotspots. At the same time, the positive contributions of 
human activities such as the Grain for Green Program launched by the 
Chinese government in 1999 with the intention of converting 
steep-sloped and degraded agriculture and barren land into forest to 
mitigate soil erosion, enhance biodiversity, and conserve natural re
sources (Song et al., 2014) have also significantly increased the GPP in 
these areas. The central part of the semi-arid and semi-humid region, 
such as the Loess Plateau, has seen the formation of diminishing cold 
spots. This transformation of farmland into forests or grasslands has 
improved carbon sequestration and ecosystem productivity (Lu et al., 
2023). Planners can effectively use the spatiotemporal trends of forest 
GPP to prioritize mitigation policies, allocating more resources to areas 
they deem more important for application.

As with other studies that looked at GPP, the RF model did better 
than the XGBoost in terms of model validation (Chang et al., 2023). The 
most important determinants of forest GPP identified in this study, 
except for FFI and climate zones that were never used before, confirm 
the temperature as being the most important driver of GPP. Yao et al. 
(2018) found that the dominant driver of GPP is temperature, followed 
by precipitation and solar radiation. Chang et al. (2023) reported that 
temperature and vegetation indices were the most important variables, 
followed by solar radiation and moisture variables. In our study, while 
mean temperature, the most important driver (26.5 %), had a significant 
increasing rate during the study period (0.019 ◦C), precipitation, the 
second most important driver (18.6 %), exhibited only a slight upward 
trend (0.936 mm), which was not statistically significant. On the other 
hand, solar radiation, the third most important driver (11 %), decreased 
by 0.006 W m− 2 and was also not statistically significant. This suggests 
that the increase in the mean temperature in China has been driving the 
changes in forest GPP during the study period. Machine learning ap
proaches are confirmed to be a straightforward way of modeling 
spatiotemporal complex phenomena, such as forest GPP or specific types 

Fig. 6. Chatterjee’s correlation coefficient between each driver (TEMP: Mean annual temperature, PRE: Mean annual precipitation, RAD: Solar radiation, FFI: Forest 
Fragmentation Index, DEM: Elevation, SM: Soil moisture, LIGHT: Nighttime lights, SLOPE: Slope, ASP: Aspect) and forest GPP in each climate zone.
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of forests like mangroves (Sun et al., 2024), that can be easily adapted to 
include additional variables and/or to extend the temporal period of 
analysis.

This study further analyzed forest GPP by climate zones, utilizing the 
novel Chatterjee’s correlation (Chatterjee, 2021) to identify the strength 
of the association of each driver with forest GPP. Each climate zone 
exhibited unique driver signatures in terms of their order and impor
tance. Thus, the climate zones have different characteristics that affect 
forest GPP. This means that the study of drivers should take this dif
ference in climate zones into account.

Interestingly, the FFI emerged as an important driver in explaining 
forest GPP in China. While forest GPP increased, FFI decreased during 
the same period studied. Given that human activities primarily cause 
forest disturbances (Haddad et al., 2015), a reduction in FFI could 
indicate an increase in plant photosynthesis efficiency. At the climate 
zone level, Chatterjee’s correlations showed that FFI was the third most 
dominant driver in the arid and temperate semi-humid climate zones, 
respectively. Therefore, forest management may play a crucial role in 
determining forest GPP in these climate zones, particularly in the arid 
zone where numerous spatiotemporal cold spots of forest GPP exist.

4.2. Limitations and future research

The insights provided by this study, although valuable, need to 
consider some limitations inherent to uncertainties related to the use of 
temporal series of remote sensing data as well as data processing and 
modeling. Despite the existence of studies using the non-parametric 
Mann-Kendall test to study time series data (Wang et al., 2023), this 
method does not identify non-linear trends (Hirschand Slack, 1984) that 
are common in environmental series, such as the ones used in this study.

We only used a subset of the available variables, taking into account 
a literature review analysis and the availability of data. Other variables, 
such as detailed types of forests, or the same variables using a different 
spatial resolution, would impact the modeling results. It is crucial to 
emphasize that machine learning approaches offer several adjustable 
parameters, including the number of trees, leaf sizes, and the percentage 
of the validation sample, among others. After conducting numerous 
experiments, including parameter optimization, we retained the pa
rameters that best matched the results of the validation dataset. How
ever, the inclusion of additional variables or datasets with different 
characteristics, including seasonal dynamics effects (Wang et al., 2020), 
would imply finding new optimal parameters, preventing the direct 
replicability of these parameters in other studies.

Another important aspect to consider when using machine learning 
is the difficulty in interpreting simulation results, especially when trying 
to analyze the data trends and explain the potential connections to 
climate change processes and ecosystems (Wu et al., 2019). Despite 
delivering faster outcomes than alternative methods, solely relying on 
machine learning models fails to adequately elucidate the physiological 
mechanisms associated with vegetative processes (Liao et al., 2023). To 
minimize this issue, this study included trend analysis and spatiotem
poral statistical methods. However, further studies are required to better 
understand the intricate relationship between forest GPP and explana
tory variables.

Increasingly, environmental, climate, topographic, and anthropo
genic data are being made easier to access by users at no cost. At the 
same time, new algorithms and data-based methodological approaches 
open new avenues to explore larger amounts of datasets, providing new 
perspectives on spatiotemporal phenomena such as GPP. Despite the 
existing limitations, this study adds a new perspective based on the use 
of different and recent spatiotemporal methods and variables. Future 
research could include the use of additional methods, such as SHAP 
interaction values (Lundberg et al., 2020), and/or the use of Automated 
Machine Learning (AML) (Gaber et al., 2024) to estimate past or future 
scenarios of GPP productivity (Uchale et al., 2023).

5. Conclusion

To conclude, this study quantified the importance of drivers of forest 
GPP in China and its climate zones from 1990 to 2018. Making use of 
long-term temporal series of open data based on remote sensing, we 
started by analyzing the trends of forest GPP and its drivers, including 
forest fragmentation and climate zones. Then, using a random forest 
model, we estimated the most important drivers. Results showed that 
the mean annual forest GPP was 914.74 gC m− 2 y− 1 and had an 
increasing trend at a rate of 4.09 gC m− 2 y− 1. The mean temperature was 
the most important driver (26.5 %), followed by precipitation (18.6 %) 
and solar radiation (11 %). Both estimated forest GPP values and most 
important drivers concur with the results of other studies that modeled 
GPP despite using different modeling approaches and drivers. Further 
statistical and spatiotemporal analysis showed that each climate zone 
has a unique signature regarding the order and importance of drivers, 
which may provide important insights to decision-makers to define more 
effective management strategies. This study also highlights the impor
tance of forest fragmentation, the third most important driver in the 
temperate semi-humid and arid zones, suggesting that special attention 
should be given to sustainable forest management in those areas.
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