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A B S T R A C T

Since the early 2000s, human activities have dramatically impacted Earth's environment, leading to significant 
rising atmospheric CO2 concentrations and more frequent extreme weather events. Gross primary productivity 
(GPP), the total carbon fixed by plants via photosynthesis, serves as crucial role for mediating these environ
mental shifts. This study untangles the effects of CO2 concentration, climate and canopy structure on GPP. We 
conceptualized canopy photosynthesis at a location and time instant as dependent on variables that drive 
photosynthesis in the leaf (CO2, incident radiation levels, temperature, precipitation and VPD, the latter four 
denoted as “climate”) and the display of leaf area in a canopy, i.e., canopy structure. This structure represents an 
integration of antecedent effects of CO2 levels, climate and human activities. These legacy effects are captured by 
the fraction of photosynthetically active radiation (FPAR) effect in our study. The analysis of global GPP dy
namics reveals a substantial increase of nearly 10 Pg C yr-1 over the past two decades. Through scenario sim
ulations, this rise was primarily attributed to increasing atmospheric CO2 concentration, with secondary 
contributions from the FPAR effect. In contrast, climate change, including warming, droughts, and extreme 
events, acted as a negative force, somewhat suppressing GPP gains. Furthermore, divergent trends in GPP pro
duction amongst biome types highlight the contribution of sparse ecosystems (e.g., grasslands, croplands) to the 
global GPP increase. Regionally, intensive human land-use practices have amplified GPP growth through sig
nificant positive FPAR effect, especially in China and India. Afforestation in China and agricultural intensifica
tion in India have led to GPP growth rates exceeding global averages, highlighting the direct role of 
anthropogenic interventions. In the Amazon region, droughts and climate variability, were the main drivers of 
GPP fluctuations, but the FPAR effect dominates vegetation carbon fixation divergence across this region due to 
the light limitation effect for high productivity ecosystems.

1. Introduction

Since the early 1980s, atmospheric CO2 concentrations have surged 
from 340 to 430 ppm, driven predominantly by anthropogenic fossil fuel 
combustion, while global population and economic activity have 
expanded exponentially (Friedlingstein et al., 2023). These phenomena 
have catalyzed profound alterations to Earth systems, including direct 
human activities such as afforestation and agricultural expansion, as 
well as indirect biogeochemical feedback linked to CO2 fertilization and 

biophysical radiative forcing (Nemani et al., 2003; Ballantyne et al., 
2017; Chen et al., 2019b; Smith et al., 2020; Song et al., 2022). Central 
to understanding the sustainability of these trends is the role of vege
tation in the global carbon cycle, particularly through photosynthetic 
carbon assimilation (Cai and Prentice, 2020; Prentice et al., 2024). Gross 
primary productivity (GPP), representing the total carbon fixed by 
plants via photosynthesis, constitutes the largest flux in this cycle and 
serves as a key buffer against anthropogenic CO2 emissions (Wang et al., 
2017; Sha et al., 2022). However, the mechanisms driving long-term 
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trends in GPP remain complex, entangled with dynamic interactions 
between human activities, climatic shifts, and biogeochemical 
processes.

Long-term satellite observations confirm an extraordinary greening 
of the land surface (Myneni et al., 1997; Zhu et al., 2016; Piao et al., 
2020), particularly evident in China and India (Chen et al., 2019a; Park 
et al., 2023; Cheng et al., 2024). This greening has undoubtedly led to 
increased GPP, as has the direct positive CO2 fertilization effect (CFE), 
which enhances photosynthetic rates, reduces stomatal conductance and 
increases water use efficiency (Chen et al., 2022; Ruehr et al., 2023). 
However, the indirect CO2 effects, warming and decreased precipitation, 
coupled with frequent droughts in tropical regions, are deteriorating 
conditions for GPP in the most productive ecosystems (Huang et al., 
2019; Nemani et al., 2003; O’Sullivan et al., 2020; Yang et al., 2023; 
Zong et al., 2024). And, so did the deforestation, especially in Amazonia 
and Oceania (Krause et al., 2022). Additionally, mounting evidence 
indicated that the positive direct CO2 effects are shifting to negative 
indirect effects (Chen et al., 2024b). In summary, while anthropogenic 
greening and CFE have sustained a net increase in GPP over recent de
cades (Wang et al., 2020; Chen et al., 2022, 2024a), the escalating im
pacts of climate change threaten to dominate future trends. 
Consequently, disentangling the contributions of these factors to GPP 
trends over the past 20 to 30 years is imperative for resolving un
certainties in the terrestrial carbon sink’s resilience under accelerating 
global change.

Theoretically, canopy photosynthesis at a location and time instant 
can be conceptualized as dependent on variables that drive photosyn
thesis in the leaf (CO2, incident radiation levels, temperature, precipi
tation and VPD, the latter four denoted as “climate”) and the display of 
leaf area in a canopy, i.e., canopy structure. CO2 and climate variables 
directly control the instantaneous leaf-level biochemical processes, e.g., 
Rubisco activity or RuBP regeneration, which can be regarded as the 
efficiency with which canopy photosynthesis happens, or, the func
tioning of the photosynthetic system (Knauer et al., 2023; Zhu et al., 
2024). The leaf area in a canopy at any location and time can be 
impacted by various factors (Pei et al., 2022; Sitch et al., 2024), such as 
human actions (e.g. agriculture, afforestation, silviculture, …) and 
antecedent (historical) effects of climate (radiation, temperature, pre
cipitation, VPD and soil moisture) change and CO2 fertilization (Chen 
et al., 2019b; Smith et al., 2020; Song et al., 2022; Winkler et al., 2021). 
The factors can be captured by fraction of photosynthetically active 
radiation (FPAR), which reflects the canopy structure. The functioning 
of the photosynthetic systems can be mainly impacted by factors such as 
the instantaneous effect of climate and CO2 concentration. While stand 
age, irrigation, and soil nutrient supply (N and P) also influence effi
ciency, these complex factors are excluded from the modeling frame
work of this study. Thus, the photosynthetic reaction can be untangled 
to the effects of CO2 concentration, climate and canopy structure.

A variety of methods, including statistical methods, process-based 
land surface models (LSMs), and machine learning (ML) methods, etc., 
have been widely employed to disentangle the impacts of above factors 
on vegetation dynamics (Chen et al., 2024a; Sitch et al., 2024; Zhang 
et al., 2025). Statistical methods, such as principal component analysis 
(Yao et al., 2018) and correlation indices (Liu et al., 2015), were often 
used to distinguish the contributions of environmental factors as well as 
human activities at different spatial scales. Similarly, studies using LSMs 
with improved plant-water relationship parameterization (Sitch et al., 
2024) have quantified the contributions of climate change and global 
CO2 to the greening trend in drylands (Jian et al., 2023; Li et al., 2025), 
while also highlighting the role of human land use (Park et al., 2023). 
Furthermore, given that ML-based models may not adequately explain 
CFE, recent efforts propose integrating ML with theoretical photosyn
thesis models to decouple and evaluate the direct and indirect impacts of 
multiple environmental factors (Chen et al., 2024a). However, most of 
these studies primarily focus on individual climate factors, often 
ignoring the contribution of FPAR effect in photosynthesis. To address 

this gap, this study adopts TRENDY-like protocols to quantify the drivers 
of GPP variability (Sitch et al., 2024). Specifically, this study will inte
grate three production efficiency models (PEMs) driven by two inde
pendent climate reanalysis datasets, explicitly isolating FPAR, climate, 
and CO2 effects through factorial scenario design. This methodological 
design to equally quantify contributions from CO2, climate, and FPAR 
effects of the photosynthetic process.

2. Materials and methods

2.1. Data source

This study utilized three types of publicly available data (Table 1) for 
different purposes: (1) input data to drive the PEMs, (2) validation data 
to assess PEM GPP accuracy, and (3) analysis data for GPP variations.

Two reanalysis climate datasets, GMAO MERRA-2 and ECMWF ERA- 
5, were used to force the PEMs. Key variables such as air temperature, 
dew point temperature, and incoming shortwave radiation were 
extracted. Vapor pressure deficit (VPD) was subsequently calculated 
from air temperature and dew point temperature (Buck, 1981). Addi
tional climate data (net radiation, evapotranspiration, and precipita
tion), required by PEM3, were obtained from GLDAS NOAH-2.1. A 
crucial PEM input, the FPAR, was acquired from the sensor-independent 
(SI) FPAR dataset (Pu et al., 2024). Daily CO2 data from NOAA were 
used to model the CFE (Lobell and Field, 2008). All climate and SI FPAR 
data were harmonized to daily and 0.05◦ resolutions for GPP calculation 
with the three PEMs. The study addresses the temporal and spatial 
resolution challenges of climatic inputs through specific data processing 
steps. To accurately reflect photosynthetic activity, which is confined to 
daylight hours, this study employs diurnal climate data (e.g., hourly 
temperature and VPD) instead of standard daily aggregates. Daylight 
hours are specifically defined as periods where hourly downward 
shortwave radiation exceeds zero. Variables such as the mean or mini
mum temperature during these periods are then derived for input into 
the three PEMs. A significant challenge addressed is the mismatch in 
spatial resolution between the coarse-resolution meteorological data 
(C1/C2) and the target resolution of 0.05◦ To enhance the meteorolog
ical inputs, spatial interpolation is utilized. This involves identifying the 
four nearest coarse-resolution pixels from the C1/C2 datasets to a given 
0.05◦ target pixel and applying the cosine interpolation algorithm 
adopted from the MODIS GPP program (Running and Zhao, 2015) for 
weighted averaging.

Model parameters were optimized through constrained calibration 
using FLUXNET2015 data (Pastorello et al., 2020) to enhance simulation 
accuracy. These PEM parameters are land cover dependent 
(Sulla-Menashe and Friedl, 2018), with the MODIS land cover product 
used to identify the land cover for each pixel. Following the UMD 
classification scheme (LC_Type_2) of the MODIS MCD12Q1 product, 
vegetation was aggregated into 11 biomes: evergreen needleleaf forest 
(ENF), evergreen broadleaf forest (EBF), deciduous needleleaf forest 
(DNF), deciduous broadleaf forest (DBF), mixed forest (MF), closed 
shrubland (CSH), open shrubland (OSH), wooded savanna (WSA), 
savanna (SAV), grassland (GRA), and cropland (CRO).

AmeriFlux (Novick et al., 2018), an independent dataset from 
FLUXNET2015, provided in-situ GPP for validation and accuracy 
assessment. The Orbiting Carbon Observatory-2 Solar-Induced Fluores
cence (SIF) product (GOSIF) GPP, derived from biome-specific re
lationships between reconstructed SIF (based on discrete OCO-2 SIF 
soundings, remote sensing data from the MODIS, and meteorological 
reanalysis data) and tower GPP, which exhibits similar spatiotemporal 
patterns to PEM and provides different insights to global carbon cycle 
via observation-based estimates, served as a reference for evaluation. 
Furthermore, the minimum water level of the Negro River was used to 
indicate drought conditions in the Amazon forests. The Multivariate 
ENSO Index from NOAA, illustrating the occurrence of ENSO events 
since the 1980s, was used to assess the correlation between El Niño 
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intensities and GPP in tropical regions.

2.2. Production efficiency model (PEM)

The PEM GPP constitutes an ensemble average derived from three 
PEMs (detailed below) and two independent climate datasets. The three 
PEMs include: (1) the modified MOD17 algorithm incorporating the CFE 
(PEM1), (2) the EC-LUE model (PEM2), and (3) the MPI-Jena 
biochemical model (PEM3). These models were driven by key environ
mental drivers including biome-specific parameters, FPAR, incident 
PAR, temperature, CO2 concentration, VPD, and soil moisture (Keenan 
et al., 2023; Running and Zhao, 2015; Yuan et al., 2007; Zheng et al., 
2020; Bao et al., 2022, 2023).

2.2.1. PEM1: MOD17 with CFE
The PEM1 used for generating GPP by the MODIS program is 

modified to include the CFE (Keenan et al., 2023). GPP (g C m-2 D-1) is 
calculated as follows: 

GPPM1 = LUEM1
opt × PAR × FPAR × fM1

TMIN × fM1
VPD × f(CO2) (1) 

fM1
TMIN =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

0,TMIN ≤ TMINmin

TMIN − TMINmin

TMINmax − TMINmin
,TMINmin < TMIN < TMINmax

1,TMIN ≥ TMINmax

(2) 

fM1
VPD =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

0,VPD ≥ VPDmax

VPDmax − VPD
VPDmax − VPDmin

,VPDmin < VPD < VPDmax

1,VPD ≤ VPDmin

(3) 

f(CO2) =
Ct

s

Cbase
s

(4) 

where, LUEM1
opt is the optimal light use efficiency (g C MJ-1) for three 

PEM1; PAR is the incident photosynthetically active radiation (MJ m-2 

day-1); FPAR is the fraction of vegetation absorbed PAR (Knyazikhin 
et al., 1998); fM1

TMIN (Eq. (2)) and fM1
VPD (Eq. (3)) are the temperature (daily 

minimum) and water stress scalar for PEM1, where VPDmax, VPDmin, 
TMINmin, and TMINmax are the parameters dependent on vegetation 
types (Running and Zhao, 2015); f(CO2) is the effect of atmospheric CO2 
concentration on PEM1 GPP (Keenan et al., 2023), which is the relative 
value of current year Cs (the CFE for PEM2, Eq. (5)) compared to year 
2001. 

Cs =
Ci − Γ∗

Ci + 2Γ∗ (5) 

Ci = Ca × χ (6) 

where Cs is the effect of atmospheric CO2 concentration, VPD, and 
temperature on GPP; Γ∗ is the CO2 compensation point in the absence of 
dark respiration (ppm) and Ci is the CO2 concentration in the intercel
lular air spaces of the leaf (ppm), which is the product of the atmo
spheric CO2 concentration (Ca) and the ratio of internal to ambient CO2 
in the leaf (χ) (Farquhar et al., 1980; Prentice et al., 2014; Keenan et al., 
2016). χ is calculated by 

χ =
ε

ε +
̅̅̅̅̅̅̅̅̅̅
VPD

√ (7) 

ε =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
356.51 × K

1.6 × η∗

√

(8) 

K = Kc ×

(

1+
Po

Ko

)

(9) 

Kc = 39.97 × e
79.43×(Ta − 298.15)

298.15×R×Ta (10) 

Ko = 27480 × e
36.38×(Ta − 298.15)

298.15×R×Ta (11) 

where Kc (Pa) and Ko (Pa) are the Michaelis-Menten coefficient of 
Rubisco for carboxylation and oxygenation, respectively (Keenan et al., 
2016); Po is the partial pressure of O2 (Pa) and R is the molar gas con
stant (8.314 J mol− 1 K− 1) (Keenan et al., 2016); η∗ is the viscosity of 
water as a function of air temperature relative to its value at 25 ∘C 
(Korson et al., 1969).

Table 1 
Variables used in this study and their attributes.

Use Dataset provider Variable Temporal 
coverage

Spatial 
resolution

Temporal 
resolution

Source

Input for PEM GMAO MERRA-2 Air temperature; Dew point 
temperature; Incoming shortwave 
radiation

1980 - 
present

0.5◦lat/ 
0.625◦lon

3 h https://gmao.gsfc.nasa.gov/reanalysi 
s/MERRA-2

ECMWF ERA-5 Air temperature; Dew point 
temperature; Incoming shortwave 
radiation

1950 - 
present

0.1◦ Monthly https://cds.climate.copernicus.eu/cds 
app#!/dataset/reanalysis-era5-sing 
le-levels

GLDAS NOAH-2.1 Net Radiation; Evapotranspiration; 
Precipitation

2000 - 
present

0.25◦ 3 h https://disc.gsfc.nasa.gov/datasets?ke 
ywords=GLDAS

NOAA CO2 

concentration
CO2 1958 - 

present
- Daily https://gml.noaa.gov/ccgg/trends/

MODIS Landcover Landcover 2001 - 2020 500m Annual https://lpdaac.usgs.gov/products/mcd 
12q1v061/

SI FPAR CDR FPAR 2000 - 
present

500m 8d https://doi.org/10.5281/zenodo. 
8076540

FluxNet2015 In-situ GPP for optimization 1990 - 2014 - Half hour https://fluxnet.org/data/fluxnet2015 
-dataset/

Evaluation data 
of PEM

AmeriFlux In-situ GPP for validation 2000 - 2001 - Half hour https://ameriflux.lbl.gov/data/downl 
oad-data/

GOSIF Global GPP for comparison 2000 - 
present

0.05◦ 8d https://data.globalecology.unh.edu/ 
data/GOSIF_v2/

Analysis data minimum water level 
negro river

Drought indicator in Amazon 2000 - 
present

- daily https://www.portodemanaus.com.br 
/?pagina=niveis-maximo-minimo-do-r 
io-negro

El Niño events El Niño intensities 1979 - 
present

- monthly https://psl.noaa.gov/enso/mei/
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2.2.2. PEM2: EC-LUE
The PEM2 (EC-LUE model) was proposed by Yuan et al. (2007) and 

this model calculates GPP as follows: 

GPPM2 = LUEM2
opt × PAR × FPAR × min

(
fM2
T , fM2

VPD
)

× Cs (12) 

fM2
T =

(T − Tmax) × (T − Tmin)

(T − Tmax) × (T − Tmin) −
(
T − Topt

)2 (13) 

fM2
VPD =

VPD0

VPD + VPD0
(14) 

where LUEM2
opt is the optimal light use efficiency (g C MJ-1) for PEM2; fM2

T 

and fM2
VPD are the temperature and the water stress scalar for PEM2, where 

Tmin, Topt, and Tmax are the minimum, optimum, and maximum tem
peratures for vegetation photosynthesis, respectively (Yuan et al., 
2007); VPD0 is the half-saturation coefficient of the VPD constraint 
equation (kPa); Cs (same as Eq. (5)) is the effect of atmospheric CO2 
concentration, VPD, and temperature.

2.2.3. PEM3: MPI-BGC
The Max Planck Institute for Biogeochemistry (MPI-BGC, PEM3) 

model evaluates GPP as: 

GPPM3 = LUEM3
opt × PAR × FPAR × fM3

T × fM3
VPD,CO2 × fM3

W × fM3
L × fM3

CI

(15) 

where LUEM3
opt is the optimal light use efficiency (g C MJ-1) for PEM3; fM3

T 

is the temperature stress scalar for PEM3 and fM3
VPD,CO2 is the water stress 

scalar that consider CFE for PEM3 (Kalliokoski et al., 2018); fM3
W , fM3

L , 
and fM3

CI are the effects of soil moisture (W, which is estimated by water 
availability index using precipitation and evapotranspiration), light in
tensity (L), and cloudiness index (CI) on GPP, respectively. 

fM3
T =

2e− (Tf − Topt)/kT

1 + e(− (Tf − Topt)/kT)
2 (16) 

Tf(t) = (1 − αT) × T(t) + αT × T(t − 1) (17) 

where Topt, kT, αT are optimal temperature, sensitivity to temperature 
dynamics, and lag parameter for temperature effect, respectively (Horn 
and Schulz, 2011). 

fM3
VPD,CO2 =

⎛

⎜
⎝e

k ×

(
Ca0
Ca

)Ck

× VPD

⎞

⎟
⎠×

(

1+
Ca − Ca0

Ca − Ca0 + cm

)

(18) 

where k is the sensitivity to VPD changes (Mäkelä et al., 2008); Ca0 is the 
minimum optimal atmospheric CO2 concentration; Ca is the atmo
spheric CO2 concentration; Ck is the sensitivity to atmospheric CO2 
concentration changes; and cm is the CO2 fertilization intensity indicator 
(Kalliokoski et al., 2018). 

fM3
W =

1
1 + ekW× (Wf − WI)

(19) 

Wf(t) = (1 − αW) × W(t) + αW × W(t − 1) (20) 

where kW, WI, and αW are sensitivity to soil moisture changes, optimal 
soil moisture, and lag parameter for soil moisture effect (Horn and 
Schulz, 2011). 

fM3
L =

1
1 + γ × PAR × FPAR

(21) 

where γ is light saturation curvature indicator (Mäkelä et al., 2008). 

fM3
CI = CIμ (22) 

where μ is sensitivity to cloudiness index changes (Bao et al., 2022).

2.2.4. Estimation of optimal LUEs
Optimal values of light use efficiency (LUEopt) for the 11 land covers 

(detailed in Section 2.1) are estimated iteratively and separately for the 
three PEMs using annual GPP estimates derived from the FLUXNET2015 
dataset (averaging night-time (GPP_REF_NT_VUT) and day-time 
(GPP_REF_DT_VUT) partitioning approaches). Carbon flux data of 189 
sites from the FLUXNET2015 dataset were selected (detailed in 
Table S1) for optimization. The number of GPP estimates for each land 
cover varies depending on the number of sites belonging to that land 
cover and the number of years for which estimates are available (total 
1410 site years). For each land cover type, the optimization involved 
four steps: (1) Simulating GPP for half of the randomly selected obser
vations by assuming LUE = 1 with GMAO meteorological data and SI 
FPAR inputs; (2) Estimating a preliminary LUEopt via linear regression 
between simulated and observed GPP; (3) Applying this LUEopt to model 
GPP for the remaining half of the data; (4) Calculating the RMSE by 
regressing the modelled GPP values in Step 3 against the corresponding 
observed GPP values. Steps 1 to 4 are repeated 10,000 times to obtain 
10,000 values of LUEopt and corresponding RMSE and the final LUEopt 
(Table S2) was determined by averaging the top 9500 results with the 
lowest RMSE. The detailed results of PEM GPP after optimization 
(Fig. S1) can be found in Appendix A1.

2.2.5. Evaluation
This study utilizes observation-derived and model-simulated GPP 

data spanning 2001 to 2023 to represent long-term satellite-based GPP 
products. The modeled PEM GPP will be evaluated for its accuracy at a 
local scale through comparison with independent AmeriFlux estimates 
(Novick et al., 2018). These validation sites (142 sites, totaling 910 
site-years; Table S3) are distinct from the FLUXNET2015 estimates used 
to optimize the LUE variable of the three PEMs. First, the accuracy of the 
temporal GPP will be assessed by the correlation coefficient (R) and Root 
Mean Square Error (RMSE) per site (Table S3). Second, the tempor
ospatial variability of mean GPP will be validated against GPPobs across 
all sites (Fig. S2). The accuracy asscessment of PEM GPP can be found in 
Appendix A2.

The observational benchmark integrates solar-induced chlorophyll 
fluorescence (SIF) data from the Orbiting Carbon Observatory-2 (GOSIF) 
with eddy covariance flux tower measurements, forming the GOSIF GPP 
product (Li and Xiao, 2019). This hybrid dataset, generated through the 
empirical scaling of satellite SIF observations using tower-based GPP 
constraints, will be used to compare consistency with the modeled PEM 
GPP (Figs. S3 and S4). This study will not only compare the spatial and 
temporal patterns of GOSIF and PEM GPPs (details can be found in 
Appendix A2) but also conduct a comprehensive trend analysis between 
these two GPP products to confirm the accuracy of the PEM GPP 
analysis.

2.3. Analysis of driving mechanism

The spatial-temporal patterns of GPP are primarily governed by 
anthropogenic activities, operating through two temporal pathways: (1) 
current effects involving direct land cover alterations (cropland expan
sion, afforestation, deforestation) and indirect climate modulation via 
CO2-induced radiative forcing (impacting radiation, temperature, pre
cipitation, VPD, and soil moisture), alongside increased disturbance 
frequencies (wildfires, pests); (2) legacy effects arising from historical 
environmental modifications that induce delayed photosynthetic re
sponses. Mechanistically, these drivers regulate GPP through biochem
ical constraints, current CO2 levels and microclimate jointly control 
Rubisco activity (light-saturated conditions) or RuBP regeneration 
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(light-limited conditions) at the leaf scale, and through canopy struc
tural feedbacks, where cumulative GPP alters leaf area index (LAI) and 
induces FPAR saturation effects through iterative canopy-light in
teractions (Thornley, 2002; Gao et al., 2023; Stocker et al., 2020). In 
summary, as shown in the Fig. 1a, CO2 and Climate (incident radiation, 
temperature, VPD, and precipitation) directly control the leaf-level 
biochemical processes at a location and time instant. While FPAR re
flects canopy structure, i.e. the display of leaf area. This structure is the 
result of various factors, including antecedent CO2 levels, historical 
climate and human activities affecting vegetation growth.

Although advanced dynamic models (TRENDY DGVMs, CMIP6 
ESMs) partially incorporate these linkages (Gier et al., 2024; Sitch et al., 
2024), their application is constrained by persistent biases in simulating 
GPP magnitude and seasonal trajectories across global ecosystems 
(Westermann et al., 2024). PEMs combines data measurability (CO2, 
climate, and FPAR) with structural simplicity. This model captures the 
direct effects of these variables on primary productivity, enabling 
sensitivity simulations to achieve the primary objective of understand
ing the spatial patterns observed in GPP. Thus, this study analyzed the 
drivers of global GPP using an ensemble of three PEMs driven by two 
climate datasets.

Our methodology advances through three sensitivity experiments 
adopting TRENDY protocols (Fig. 1b). The CFE is quantified through 
simulation S1 by using constant climate (2001–2003 average), FPAR, 
and landcover from year 2001 and time-varying observed CO2 concen
tration for the period 2001–2023. The climate effect is quantified as the 
difference between simulations S2 and S1, where S2 is performed with 
FPAR and landcover from year 2001 and time-varying observed CO2 
concentration and climate for the period 2001–2023. Finally, the effect 
of FPAR is quantified as the difference between simulations S3 and S2, 

where S3 is performed with time-varying observed CO2 concentration, 
climate, FPAR and landcover for the period 2001–2023. Notably, land 
cover information in S3 changes only in conjunction with FPAR; thus, 
the FPAR effect implicitly incorporates land use/land cover changes. 
This synthesis of observationally constrained PEMs with factorial 
parameterization enables precise discrimination between biophysical 
responses to atmospheric changes and direct human landscape alter
ations, overcoming systemic biases in process-based model simulations.

2.4. Trend analysis

Trends in annual average GPPs (2001 to 2023) are evaluated by the 
Mann–Kendall (MK) test. The MK test is a non-parametric statistical test 
commonly used for climate diagnostics and prediction. It enables the 
detection of monotonic trends in time series data, helping to determine if 
significant trends exist (Hamed and Rao, 1998). The MK test is employed 
as follows: 

S =
∑n− 1

i=1

∑n

j=i+1
sgn

(
xj − xi

)
(23) 

Var(S) =
n(n − 1)(2n + 5) −

∑m
i=1ti(ti − 1)(2ti + 5)

18
(24) 

Zs =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

S − 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(S)

√ , if S > 0

0, if S = 0
S + 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(S)

√ , if S < 0

(25) 

Fig. 1. Schematic diagram of understanding of drivers of photosynthetic production (a) and simulation experiments designed (b).
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Eq. (23) calculates the sum (S) of step function values, which 
represent the differences between values at different points (xj and xi) in 
the time series. The variables n and m denote the number of data points 
and the number of tied groups (recurring data sets), respectively. Next in 
Eq. (24), the variance (Var(S)) is calculated by assessing the magnitude 
of S to evaluate the statistical significance of the detected trends. Where 
the ti is the number of the ties (the number of repeats in the extent i). 
Finally, we calculated the test statistic Zs (Eq. (25)). When |Zs| > Z1− α/2, 
the null hypothesis (i.e., no trend) is rejected and the α is a special sig
nificance level. Here, we use the significance level of α = 0.1 and the 
Z1− α/2 = 1.28. Thus, the trends with P ≤ 0.1 are statistically significant in 
this paper.

3. Results

3.1. Globally increasing GPP includes the respective contributions of 
climate, CO2 and FPAR

The annual mean of global GPP from PEMs was comparable to the 
GOSIF estimate (129.5 vs. 132.7 Pg C yr-1) across the vegetated area, 
averaged from 2001 to 2023. Both PEM and GOSIF GPPs showed a 
consistent upward trend of 4.5 ~ 4.6 Pg C yr-1 decade-1 during this 
period. Geographically, GPP trends over the past two to three decades 
displayed prominent increases in China and India, while declines were 
observed in the tropical belt, especially in Amazonia (Figs. 2 and S5). 
Statistically, approximately 42.8 % to 46.0 % of the total vegetated area 
exhibited an upward trend, most significant in East Asia, Europe, India, 
North America, the Sahel and surrounding areas, and northern Siberia. 
Declines were observed in only 6.2 % to 6.3 % of vegetated lands for 
PEM GPP, notably concentrated in the Brazilian Amazon (though more 
scattered in GOSIF). Additionally, GPP distribution trends revealed a 
substantial increase in the GPP of sparse vegetation, primarily shrub
lands and grasslands, in arid and semi-arid regions.

Dissecting the trends presented in Fig. 2, Fig. S5, and Fig. 3, climate 
change had a small and statistically insignificant negative effect on GPP 
(− 0.4 Pg C yr-1 decade-1), whereas FPAR effect and CFE exerted signif
icant positive impacts (1.5 and 3.5 Pg C yr-1 decade-1). All three drivers 
combined resulted in a net positive effect of 4.6 Pg C yr-1 decade-1. From 
a spatial perspective, the CFE's influence was relatively uniform globally 
(Fig. 3c). The Amazon Forest region, however, was predominantly 
affected by a negative climate effect (Fig. 3a), where the positive FPAR 
effect was offset by climate-induced declines, leading to an overall GPP 

reduction. In contrast, the combined influence of CFE and the FPAR 
effect explained the higher GPP growth rates observed in China, India, 
and Sub-Saharan Africa compared to other regions. This suggests that 
the degradation of global vegetation productivity over the past two to 
three decades due to a deteriorating climate has been largely offset by 
human-induced land greening, particularly in China and India. Overall, 
the modelled patterns matched well with observations and previous 
studies. CO2 fertilization, climate change, land use/land cover changes 
were the principal reasons for these GPP changes.

3.2. Divergent trends in GPP production amongst vegetation types

Vegetation exhibited biome-specific responses to the biochemical 
fertilization effect and radiative effect from increasing CO2, modulated 
by distinct canopy structures and leaf properties. Global GPP trends 
demonstrated pronounced divergence across vegetation types, with net 
gains predominantly occurring in sparse ecosystems (more than 4 Pg C 
yr-1 decade-1 from WSA, SAV, GRA, and CRO. Table 2). Excluding forests 
(0.5 ~ 0.8 Pg C yr-1 decade-1), both herbaceous vegetation, croplands, 
and other woody vegetation showed marked productivity increases 
(more than 4 % decade-1, Figs. 4a and 5). This structural transformation 
was quantified by rising herbaceous to woody vegetation ratios (1.8 ~ 
2.5 % decade-1) and other woody vegetation to forests ratios (2.2 ~ 2.4 
% decade-1) from 2001 to 2023 (Fig. 4b). Meanwhile, the GPP for 
croplands and the cropland to other herbaceous vegetation ratio 
increased continuously (7.4 ~ 7.8 % decade-1), which reflected agri
cultural intensification (Fig. 4a). Scenario simulation revealed differ
ential driver dominance, the CFE consistently showed positive effects for 
all vegetation growth (2.3 ~ 3.7 % decade-1), and the CFE coupled with 
the FPAR effect led to enhanced growth in all vegetation types except 
forests (Fig. 5). For forests, both the climate effect (− 0.9 % decade-1) and 
FPAR effect (− 0.9 % decade-1) were statistically negative, offsetting the 
positive CFE (2.3 % decade-1) and resulting in only a small enhancement 
in productivity (0.5 ~ 0.8 % decade-1).

Forests generally showed stable dynamics (Fig. 4a) because their 
high-density canopies can be limited by light distribution, soil moisture, 
and temperature. This explains why the CFE was counteracted by the 
negative FPAR effect and climate effect (Fig. 5). Forest GPP dynamics 
also varied across latitudinal zones. Both temperate and boreal forests 
exhibited a slightly increasing GPP trend (0.5 Pg C yr-1 decade-1 and 0.2 
Pg C yr-1 decade-1, Fig. S6a), with a positive climate effect (Fig. S7) 
indicating that higher temperatures support forest growth (e.g., longer 

Fig. 2. Spatial patterns of trends in PEM GPP during 2001–2023. Statistically significant trends (Mann–Kendall test, P ≤ 0.1) are color-coded. Grey areas show 
vegetated land with statistically insignificant trends. White areas depict barren lands, permanent ice-covered areas, permanent wetlands, and built-up areas. Blue 
areas represent water. The inset shows global-scale trends from climate effect (6 PEM GPPs, mean as red line and range as red shading), FPAR effect (green), CFE 
(blue), PEMs (black), and GOSIF (purple, from Fig. S5). ‘*’ means the trend is statistically significant (Mann–Kendall test, P ≤ 0.1).
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phenology seasons) in the mid- and high-latitude Northern Hemisphere. 
However, these upward trends were offset by declines in tropical forests, 
particularly in the Amazon (− 0.5 ~ − 0.3 Pg C yr-1 decade-1, Fig. S6b), 
where higher temperatures led to drought conditions that limited carbon 
fixation.

3.3. The outsize contribution of croplands in India and forests in China to 
global GPP increase

Figs. 6 and S8 illustrate the extensive greening of China & India in 
the twenty-first century, almost 70.5 ~ 81.2 % of the vegetated areas in 
these regions exhibited a significant upward trend in GPP, while only 2.8 

Fig. 3. Spatial patterns of climate effect (a), FPAR effect (b), and CFE (c) on photosynthetic production during 2001–2023. Statistically significant trends (Man
n–Kendall test, P ≤ 0.1) are color-coded. Grey areas show vegetated land with statistically insignificant trends. White areas depict barren lands, permanent ice- 
covered areas, permanent wetlands, and built-up areas. Blue areas represent water.
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% to 3.7 % showed a significant negative trend (Figs. 6a and S8a). The 
growth rate of GPP (Figs, 6b and S8b) in China & India (9.0 ~ 10.9 % 
decade-1) was more than 3 times that of the rest of the world (ROW, 2.7 
~ 3.0 % decade-1). The main factor differentiating China & India from 
the ROW was the human-driven FPAR effect (5.4 % decade-1 vs. 0.8 % 
decade-1, Fig. 7). Furthermore, China and India exhibited distinct 
drivers for their greening, while forests contributed 40.4 ~ 53.4 % to the 
GPP enhancement in China, whereas croplands alone accounted for 72.5 
% to 78.3 % of the increase in India. Focusing on China's forested lands, 
GPP surged at an alarming rate of 18.4 ~ 21.5 % decade-1 (Figs. 6c and 
S8c), with the FPAR effect contributing nearly 80 % (14.7 % decade-1, 
Fig. 7). This substantial increase was primarily driven by forest area and 
total leaf area expansion. In contrast, GPP in forests of the ROW 
(excluding China's forests) did not show significant change (Figs. 6c and 
S8c). China's ambitious programs to protect and expand its forests, 
aimed at mitigating soil erosion, air pollution, and climate change, un
derscore the critical role of human action in the greening of its forest 
lands. Regarding cropland greening in India, GPP increased at a rate of 
13.6 ~ 14.6 % decade-1, more than double that of croplands in the ROW 
(6.1 ~ 6.4 % decade-1, Figs. 6c and S8c). The main contributor remained 
the FPAR effect (9.6 % decade-1, Fig. 7), with intensive use of fertilizers 
and surface/groundwater irrigation contributing to agricultural inten
sification. These reasons collectively explain why China and India have 
led global greening, highlighting the profound impact of human activ
ities on terrestrial ecosystems.

3.4. FPAR effect dominates vegetation carbon fixation divergence across 
the Amazon region

As previously indicated (Fig. S7), the results consistently show that 
the Amazon tropical forest regions are experiencing accelerated GPP 
decline trends (Fig. S9), primarily driven by climate-mediated drought 
intensification. Both PEM and GOSIF GPP products demonstrated high 

sensitivity to Amazonian drought and El Niño events, consistently 
decreasing during occurrences such as 2005, 2010, 2015/2016, and 
2023 (Figs. S9–11). While this suggests that the Climate effect dominates 
the overall regional GPP decline, a spatial analysis (Fig. S12) reveals 
significant internal variation. By classifying Amazonian vegetation into 
four productivity ecosystems, a driver analysis (Fig. 8) indicated that the 
widespread GPP declines caused by the Climate effect (− 3.46 % decade- 

1 to − 2.75 % decade-1) were largely offset by the CFE (2.07 % decade-1 

to 3.08 % decade-1). Crucially, the spatial divergence in GPP trends was 
primarily driven by the FPAR effect. In the low to moderate productivity 
ecosystems (5 % area), the FPAR effect was positive (1.54 % decade-1 to 
2.26 % decade-1), leading to a net positive GPP trend (1.69 % decade-1 to 
3.26 % decade-1). Conversely, the high productivity systems (95 % area) 
exhibited a near-zero or negative FPAR effect (no significant trend to 
− 0.74 % decade-1), causing an overall decline in GPP trends (no sig
nificant trend to − 1.07 % decade-1) for these production ecosystems. 
This pattern means the FPAR effect dominates vegetation carbon fixa
tion divergence across the Amazon, which is likely explained by the light 
limitation effect in dense, high-productivity ecosystems where increased 
leaf area primarily creates more shaded leaves (which have lower 
photosynthetic rates and only utilize diffuse light), while the sunlit leaf 
area remains unchanged.

4. Discussion

This study analyzed the dynamics and drivers of global vegetation 
productivity through a data-driven investigation and scenario simula
tions. Given the substantial impact of simulated GPP uncertainty on the 
results, we clarify the sources of this uncertainty and outline directions 
for future improvements. Uncertainties primarily stem from three as
pects: (1) FPAR dataset. Our PEM GPP utilized the well-validated SI 
FPAR as input, which offers higher accuracy than commonly used 
MODIS & VIIRS FPAR datasets (Pu et al., 2024). For future work, it 
would be beneficial to complement this with other long-term, high-
accuracy FPAR datasets, such as GIMMS FPAR4g (Zhao et al., 2024) and 
GLASS FPAR (Ma et al., 2022), to generate additional GPP datasets and 
conduct similar analyses for indirect evaluation. (2) Climate datasets. 
This study employed two climate datasets, GMAO MERRA-2 and 
ECMWF ERA-5, to force the PEMs. While using two distinct datasets 
helps mitigate systematic bias, the upscaling required during GPP gen
eration introduces additional uncertainty. Therefore, incorporating 
high-resolution climate datasets in future research would further 
improve GPP quality. (3) Both inherent structural flaws in the PEM 
models (such as issues with separating sunlit/shaded leaves and light 
saturation effects) and limitations in the remote sensing input data 
(specifically the saturation and underestimation of high LAI/FPAR 
values in dense canopies) collectively lead to the systematic underesti
mation of GPP when true productivity is high. This significant bias 
highlights a critical need and large potential for improvement in both 
canopy photosynthesis modeling and the generation of accurate input 
data (Jiang et al., 2021). Consequently, developing dynamic LUEmax 
parameters that account for canopy traits (e.g., phenology) could 
significantly enhance GPP performance. Additionally, creating para
metric maps for the environmental factor functions within the three 
PEMs would also be a valuable advancement.

We acknowledge some limitations regarding the presented sensi
tivity analysis, particularly in the quantification of the CFE. The first 
limitation arises from the inherent feedback structure of coupled carbon- 
climate systems, which, feature intricate linkages involving feedback 
and lag (Arneth et al., 2010). Although these input-based PEMs used 
here offer the advantage of simplicity and incorporate measured data 
(CO2, climate, and FPAR), they primarily capture only the direct effects 
of these variables on primary production. Therefore, our sensitivity 
simulations with PEMs serve primarily to understand the observed 
spatial patterns of GPP to a first order. The second limitation stems from 
the mismatch between the scale of modeling and the scale of 

Table 2 
Annual average GPP and trends of different landcovers for PEM and GOSIF. ENF 
is evergreen needleleaf forest, EBF is evergreen broadleaf forest, DNF is decid
uous needleleaf forest, DBF is deciduous broadleaf forest, MF is mixed forest, 
CSH is closed shrubland, OSH is open shrubland, WSA is wooded savanna, SAV is 
savanna, GRA is grassland and CRO is cropland. ‘*’ means the trend is statisti
cally significant (Mann–Kendall test, P ≤ 0.1).

landcover 
(Area in %)

PEM Annual 
GPP (Pg C 
yr-1)

GOSIF 
Annual GPP 
(Pg C yr-1)

PEM Annual 
GPP Trends 
(Pg C yr-1 

dec‑1)

GOSIF Annual 
GPP Trends (Pg 
C yr-1 dec‑1)

Global (100 
%)

129.48 
±3.28 (100 
%)

132.69 
±3.15 (100 
%)

4.57* (3.53 %) 4.47* (3.37 %)

ENF (2.27 
%)

3.11±0.08 
(2.40 %)

2.25±0.06 
(1.69 %)

0.06* (1.87 %) 0.07* (3.12 %)

EBF (11.31 
%)

34.85±0.53 
(26.92 %)

38.21±0.38 
(28.80 %)

− 0.42* (− 1.22 
%)

− 0.17 (− 0.45 
%)

DNF (0.39 
%)

0.37±0.03 
(0.29 %)

0.32±0.03 
(0.24 %)

− 0.01 (− 1.81 
%)

− 0.01 (− 3.23 
%)

DBF (2.72 
%)

4.26±0.12 
(3.29 %)

5.38±0.10 
(4.06 %)

0.14* (3.35 %) 0.11* (2.06 %)

MF (4.51 %) 6.16±0.34 
(4.76 %)

5.85±0.30 
(4.41 %)

0.48* (7.79 %) 0.43* (7.40 %)

CSH (0.51 
%)

0.40±0.03 
(0.31 %)

0.42±0.03 
(0.32 %)

− 0.03* (− 7.25 
%)

− 0.04* (− 8.39 
%)

OSH (12.49 
%)

4.71±0.26 
(3.63 %)

4.20±0.24 
(3.17 %)

0.20* (4.24 %) 0.21* (4.91 %)

WSA (10.73 
%)

15.81±0.78 
(12.21 %)

16.86±0.81 
(12.71 %)

1.10* (6.99 %) 1.14* (6.74 %)

SAV (15.23 
%)

24.43±0.55 
(18.87 %)

24.50±0.45 
(18.46 %)

0.69* (2.83 %) 0.59* (2.42 %)

GRA (28.83 
%)

21.71±0.95 
(16.77 %)

21.83±0.87 
(16.45 %)

1.29* (5.92 %) 1.18* (5.40 %)

CRO (11.00 
%)

13.67±0.76 
(10.56 %)

12.87±0.68 
(9.70 %)

1.06* (7.79 %) 0.95* (7.42 %)
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observation, specifically concerning the CFE. While PEMs define CFE at 
the leaf scale, remote sensing products, such as FPAR, inherently capture 
it at the canopy scale (Chen et al., 2022). The process of upscaling from 
the leaf to the canopy level is complex and cannot be overlooked. 
Consequently, the CFE quantified in this study is theoretically based on 

the leaf-scale CO2 effect within the PEMs, while the actual canopy-scale 
indirect CFE is implicitly included within the FPAR effect derived from 
the remote sensing product.

Changes in vegetation structure and leaf area directly alter the light 
environment within canopies, a phenomenon represented in PEMs 

Fig. 4. (a) Dynamics in GPP amongst different vegetation types. (b) Dynamics of GPP ratio of different vegetation types. Forests (red) includes ENF, EBF, DNF, DBF, 
MF. Herbaceous vegetation (green) includes SAV and GRA. Cropland (blue) includes CRO. Other woody vegetation (purple) includes CSH, OSH, and WSA. Her
baceous to woody vegetation ratio (red) means (Herbaceous vegetation + Croplands) / (Forests + Other woody vegetation). Croplands to other herbaceous vege
tation (green) means (Croplands) / (Herbaceous vegetation). Other woody vegetation to forests ration (blue) means (Other woody vegetation) / (Forests).

Fig. 5. Trends (PEM and GOSIF GPPs) and drivers (Climate, CO2, and FPAR effects) for forests, herbaceous vegetation, other woody vegetation, and croplands. 
Forests include ENF, EBF, DNF, DBF, MF. Herbaceous vegetation includes SAV and GRA. Other woody vegetation includes CSH, OSH, and WSA. Cropland in
cludes CRO.

J. Pu et al.                                                                                                                                                                                                                                        Agricultural and Forest Meteorology 382 (2026) 111122 

9 



through the FPAR effect. FPAR is a composite diagnostic variable, which 
captures the integral legacy effects of CO2 concentration, climate, 
nutrient availability, and human management on canopy structure (Zhu 
et al., 2016). While FPAR inherently contains antecedent CO2/clima
te-related signals, performing sensitivity analysis on it offers a novel 
perspective on photosynthesis because it characterizes the proportion of 
incident light utilized during the light reaction. Focusing on China and 
India versus the Amazon region, the FPAR effect manifests significantly 
different roles. Globally, these unique regional outcomes underscore 
two critical points: (1) the profound importance of human activities, e. 
g., afforestation in China and agricultural practices in India, for carbon 
fixation, and (2) the fact that ecosystems with varying productivity 
levels exhibit divergent trends due to the light limitation effect. In 
summary, these contrasting regional dynamics highlight that future 
research and modeling efforts must explicitly focus on the impacts of 
photosynthetic light reactions, recognizing that these effects stem not 
only from shifts in CO2 and climatic conditions but also from the direct 

influence of human activities.
Several previous studies align with our independent findings: China 

& India leading global greening: Recent remote sensing-based studies 
have consistently reported a clear greening trend across Asia, particu
larly in China and India (Chen et al., 2019a; Piao et al., 2020). Our re
sults corroborate that most parts of China and India exhibit this clear 
greening pattern, notably in Chinese forests and Indian croplands. This 
study further quantified the drivers behind this phenomenon through 
data-based investigation, providing a deeper understanding of how 
human actions have dominated the greening trends in these two coun
tries. Vegetation response to drought in the Amazon Forest: The Amazon 
Forest plays an integral role in the global carbon cycle, but increasingly 
frequent drought events severely disrupt the local terrestrial system 
(Espinoza et al., 2024). Our results, from the perspective of vegetation 
carbon fixation, also demonstrated a vulnerability (She et al., 2024) of 
Amazonian forests to environmental pressures.

This study highlights the critical need to assess whether climate 

Fig. 6. (a) Trends of PEM GPP production in China & India during 2001–2023. Statistically significant trends (Mann–Kendall test, P ≤ 0.1) are color-coded. Grey 
areas show vegetated land with statistically insignificant trends. White areas depict barren lands, permanent ice-covered areas, permanent wetlands, and built-up 
areas. Blue areas represent water. (b) Photosynthetic production dynamics of China & India (red line) GPP and rest of the world (ROW, green line) during 
2001–2023. (c) Photosynthetic production dynamics of China forests (red), ROW forests (green), India croplands (blue), and ROW croplands (purple). ‘*’ means the 
trend is statistically significant (Mann–Kendall test, P ≤ 0.1). And dashed line means the trend is not statistically significant (Mann–Kendall test, P > 0.1).

Fig. 7. Same as Fig. 5 but for China & India. Trends (PEM and GOSIF GPPs) and drivers (Climate, CO2, and FPAR effects) for China & India, Rest of the world (ROW), 
China forests, and India croplands.
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change will emerge as the dominant driver of future vegetation pro
ductivity, specifically whether its adverse impacts could negate the CFE 
(Zhang et al., 2023). While current findings are insufficient for definitive 
conclusions, preliminary evidence shows regional disparities; for 
instance, the hypothesis aligns in the Amazon but contradicts in 
high-latitude Northern Hemisphere regions. To address these un
certainties, future research should leverage CMIP6 (or CMIP7, if avail
able) Earth System Models (ESMs) (Gier et al., 2024) to project climate 
and CO2 data. This should be complemented by simulating future FPAR 
data using methodologies similar to Li et al. (2024) for LAI predictions. 
By integrating these datasets with PEMs and scenario simulations, re
searchers could project dynamic trends in GPP and their underlying 
drivers. Such efforts would advance our understanding of vegetation's 
capacity to buffer rising atmospheric CO2 levels and its role in modu
lating future carbon-climate feedback.

5. Conclusions

Over the past two decades, global vegetation has undergone pro
found transformations driven by the dual pressures of anthropogenic 
forcing and climate change. Our newly generated GPP data reveal a 
notable global greening since the 2000s, with a total increment of almost 
10 Pg C yr-1. However, this seemingly positive signal masks complex 
biogeochemical trade-offs. Based on scenario simulations, this study 
found that this enhancement has been primarily driven by the continued 
rise in atmospheric CO2 concentration, but also significantly influenced 
by the combined effects of negative climate change and positive human 
actions. Equally critical are the divergent trends in GPP production 
among vegetation types: herbaceous vegetation (grasslands, croplands) 
contributed most to global GPP growth, whereas forests exhibited 
stagnating productivity under compounding climatic stresses. China and 
India have achieved remarkable land greening, with afforestation in 
China and intensive agriculture in India strongly highlighting the posi
tive impacts (positive FPAR effect) of human activities on primary 
production within ecosystems. The gradual shift of the Amazon Forest 
from a carbon sink to a source, driven by climate change (intensified 
drought regimes), but the FPAR effect dominates vegetation carbon 
fixation divergence across the Amazon region due to the light limitation 
effect for high productivity ecosystems, which reflects the complexity 
and vulnerability of tropical forests within the global carbon cycle. 
These findings underscore the dual role of human activities in shaping 
ecosystem functioning, while also reminding the scientific community of 

the importance of strengthening carbon emission management and 
environmental protection measures to combat climate change and pro
mote the sustainable development of global ecosystems.
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Fig. 8. Same as Fig. 5 but for Amazon forest region. Trends (PEM and GOSIF GPPs) and drivers (Climate, CO2, and FPAR effects) for 4 different productivity 
ecosystems in Amazon forest region. The Amazon region covers is a rectangular area spanning 12.5∘ S to 22.5∘ N and 83∘ W to 33∘ W. Low productivity, Moderate 
productivity, Moderately High productivity, and High productivity represent annual mean GPP less than 1000 g C m-2 yr-1, range within 1000 ~ 2000 g C m-2 yr-1, 
range within 2000 ~ 3000 g C m-2 yr-1 and greater than 3000 g C m-2 yr-1, respectively.
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