
1. Introduction
The global terrestrial carbon uptake is estimated to be ∼3.2 ± 0.7 Pg C per year and offsets one-third of anthro-
pogenic carbon emissions (Le Quere et al., 2018). It is primarily determined by the carbon flux connecting the 
atmosphere and the biosphere—photosynthetic carbon fixation by terrestrial ecosystems—also known as gross 
primary productivity (GPP) (Zhang et al., 2018). Besides, GPP is a fundamental ecosystem process that supports 
ecosystem functioning such as respiration and growth and provides food, fiber, and wood to humans and other 

Abstract Anthropogenic land use/land cover (LULC) change alters terrestrial gross primary productivity 
(GPP), the largest land-atmosphere carbon exchanges. Identifying the impacts of LULC changes on future 
terrestrial GPP has been challenging due to the scarcity of standardized future LULC for ecosystem models. 
Here, we present eight scenario-based projections of global spatially explicit LULC at 1-km resolution over 
the period 2015–2100 with a Future Land Use Simulation model—consistent with the Shared Socioeconomic 
Pathways and Representative Concentration Pathways. Twenty computational experiments with different LULC 
patterns, climate forcing, and CO2 concentrations were conducted to quantify their contributions to future 
GPP dynamics. Results show that the global terrestrial GPP would decline in the 21st century in most LULC 
scenarios due to urbanization, agricultural expansion, and deforestation. Moreover, the contribution of LULC 
changes to global GPP dynamics ranges from 3.43% to 10.78% when CO2 fertilization effect (CFE) is not 
modeled during 2000–2100 (7%–9% of the terrestrial area is dominated by LULC change). However, this value 
may range from 10.92% to 16.16% during 2000–2050 and 1.41%–14.57% during 2050–2100. The contribution 
of LULC even reached 56.08% during 2050–2100 in Southeast Asia due to deforestation. Despite the relatively 
important role of LULC to GPP dynamics, it becomes trivial globally when incorporating CFE into the model 
(i.e., LULC accounts for 1.24%–2.51% during 2000–2100). Our findings emphasize the strategic role of CFE in 
enhancing global GPP and highlight the quantitatively nontrivial role of LULC at the regional scale.

Plain Language Summary Efforts to reduce atmospheric CO2 concentration can be achieved 
through plant photosynthesis, known as gross primary productivity (GPP). However, the human-induced land 
use/land cover (LULC) change has reshaped the land surface since the industrial revolution, which is critical 
in contributing to regional or global GPP dynamics. Currently, there is still no agreement on the role of LULC 
change in affecting GPP compared with climate change and CO2 fertilization effect (CFE). To address this 
issue, we conducted a series of experiments to explore the impact of future LULC change on global GPP 
dynamics in comparison with climate change and CFE by linking a land use model to a process-based model. 
We found that CFE would play the dominant role in shaping future global GPP dynamics, contrasting to which 
the impact of LULC change seems trivial globally. However, compared with climate change, LULC change is 
by no means trivial—because LULC-change-dominated areas of GPP change could account for at least 7% of 
the terrestrial Earth. Our findings help improve the understanding of the relative roles of LULC change, climate 
change, and CFE in driving GPP dynamics, and highlight LULC-relevant action imperatives from both spatial 
and temporal perspectives.
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terrestrial species (Beer et  al.,  2010). GPP is also relevant to ecosystem resilience and self-regulation for it 
controls nutrient cycles and the buildup of organic material (Erb et al., 2009). Therefore, GPP research has been 
gaining increasing interest in the past three decades, especially in global change studies (Reichstein et al., 2013; 
Zhao et al., 2005).

Notable progress has been made to quantify GPP with observations at the site scale or model-based estimates 
at the ecosystem or global scales (Anav et al., 2015). In particular, model-based quantification of global GPP 
dynamics is critical for assessing how GPP is regulated by multiple interacting environmental factors, such as 
climate, atmospheric CO2 concentration, and land use/land cover (LULC) (Jia et al., 2020). In this vein, existing 
studies focus mostly on historical assessments at the regional and global scales (Jia et al., 2020; Sun et al., 2018; 
Zhang et al., 2019), with inconclusive findings regarding which aspect dominates GPP dynamics. Although some 
studies have attempted to assess the potential impacts of future climate change, CO2 fertilization effect (CFE), 
and LULC change on terrestrial carbon uptake, it remains unclear what the relative contributions of these factors 
are (Levy et al., 2004; Tharammal et al., 2019).

Anthropogenic LULC change is expected to greatly affect terrestrial GPP by altering vegetation structure and 
soil properties, and can provide feedback to atmospheric CO2 concentrations and regional climate on different 
spatiotemporal scales (Houghton & Nassikas,  2017). Yet, to evaluate carbon flux induced by LULC change, 
there is still a lack of high-quality future LULC data sets for use in most land surface models (LSMs). Thus, 
calls have been made for developing global data sets of LULC projections that incorporate human activities (e.g., 
social-economic development and carbon emissions) to better understand the patterns and drivers of future global 
GPP dynamics (Lawrence et al., 2016).

In recent years, fortunately, scholarly inputs in producing such future global LULC projections have been 
accumulating. For instance, Li, Lu, et al. (2017) published a global LULC data set at the 1-km resolution for 
2010–2100 that considers four scenarios based on the Intergovernmental Panel on Climate Change (IPCC) 
Special Report on Emission Scenarios (Sohl et  al.,  2012). Recently, the Land Use Harmonization (LUH2) 
project proposed a standard global grid-based land use states and transitions data set at the 0.25° resolution for 
2015–2100 based on the coupled Shared Socioeconomic Pathways (SSPs) and Representative Concentration 
Pathways (RCPs) scenario framework (Hurtt et al., 2020; Moss et al., 2010; O'Neill et al., 2014). The LUH2 
data set is well received within the global change research community for century-scale LULC relevant stud-
ies. However, the coarse resolution of the LUH2 data set makes it insufficient in reflecting detailed LULC 
changes (e.g., urban and cropland expansion) and may result in over- or under-estimation of carbon emissions 
(Yu et al., 2019) and large uncertainties (Friedlingstein et al., 2019). Moreover, there are known inconsisten-
cies between LUH2 and historical land cover data sets (e.g., Moderate Resolution Imaging Spectroradiometer 
(MODIS) land cover data set), which remain to be harmonized to align future GPP dynamics with historical 
trends (Ma et  al.,  2020). A further and maybe more challenging issue for GPP modelers lies in converting 
LUH2 to LULC of acceptable classification schemes required by various LSMs, which has been found to cause 
artificial changes in carbon stock (Ma et al., 2020). The inherent differences in the scale of the five integrated 
assessment models (IAMs) applied in the LUH2 project and the variability of the outputs make LUH2 difficult 
for global analysis in relation to land use changes (Hurtt et al., 2020). To comprehensively represent the macro 
transition dynamics of land use and the socioeconomic constraints in global carbon budget and biogeochemical 
cycling in earth system models (ESMs), some studies employed land use models to downscale the LUH2 data 
set to plant functional types (PFTs) for long-term global or regional environmental assessments, though still at 
relatively coarse resolutions (e.g., 0.05° resolution in Chen, Vernon, et al. (2020)) or focusing on regional scales 
(e.g., China in Liao et al. (2020)).

To evaluate future global GPP dynamics with more standardized and more spatially specific LULC information, 
the present study attempts to: (a) produce a 1-km resolution global LULC data set for 2015–2100 by downscal-
ing the LUH2 data set with the Future Land Use Simulation (FLUS) model (Li, Chen, et al., 2017) based on the 
International Geosphere-Biosphere Programme (IGBP) classification scheme that can be directly used by most 
LSMs; (b) integrate this fine-resolution LULC data set into a process-based Common Land Model (CoLM) 
(Dai et al., 2003) for quantifying the spatial patterns and temporal dynamics of the global GPP; and further (c) 
disentangle the relative contributions of LULC change, climate change, and CFE to future GPP dynamics via 
numerical experiments of 20 SSP and/or RCP scenarios.
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2. Methods
2.1. Research Design

To quantitatively estimate the effects of LULC change, climate change, and CFE on GPP dynamics and their 
relative contributions, we designed five sets of numerical experiments simulating global GPP dynamics over 
2000–2100 under scenarios driven by (I) LULC change, (II) climate change, (III) climate change and LULC 
change, (IV) climate change and CO2 change, and (V) climate, CO2 and LULC changes (Figure 1; Table S1 in 
Supporting Information S1). Following Wu et al. (2014), the difference between the slope of III-driven GPP and 
that of V-driven GPP can be attributed to the contribution of CO2 change (ΔCarbon.GPP). Similarly, the differ-
ence of the slope of IV-driven GPP and that of V-driven GPP can determine the contribution of LULC change 
(ΔLULC.GPP), while the contribution of climate factors can be measured as the difference between the slope 
of V-driven GPP and the sum of slopes of III-driven GPP and IV-driven GPP (ΔClimate.GPP). Accordingly, 
the relative contributions of CO2 change (Contr.Carbon), LULC change (Contr.LULC), and changes in Climate 
(Contr.Climate) to global GPP dynamics can be quantified using the following three equations:

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =
|∆𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 |

|∆𝐿𝐿𝐿𝐿𝐿𝐿𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 | + |∆𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 | + |∆𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 |
× 100% (1)

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =
|∆𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐿𝐿𝐿𝐿𝐿𝐿 |

|∆𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐿𝐿𝐿𝐿𝐿𝐿 | + |∆𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐿𝐿𝐿𝐿𝐿𝐿 | + |∆𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐿𝐿𝐿𝐿𝐿𝐿 |
× 100% (2)

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 100% − 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 − 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 (3)

To put the above contribution decomposition into a context of plausible futures, we conducted the III-set of 
three experiments by changing climate and LULC (Table S1 in Supporting Information S1), with climate forc-
ing under RCP4.5, RCP6.0, and RCP8.5, LULC inputs produced under the coupled scenarios of SSP2-RCP4.5, 
SSP4-RCP6.0, and SSP5-RCP8.5 (i.e., Clim45-LULC245, Clim60-LULC460, and Clim85-LULC585, respec-
tively). For the IV-set of experiments that change the climate forcing and CO2 concentrations (consistent 
with the assumptions of RCP4.5, RCP6.0, and RCP8.5), that is, Clim45-Carbon45, Clim60-Carbon60, and 
Clim85-Carbon85. Further, we conducted the V-set of three experiments, that is, Clim45-Carbon45-LULC245, 
Clim60-Carbon60-LULC460, and Clim85-Carbon85-LULC585, using the three matched Climate, CO2 concen-
tration, and LULC data sets. Then nine computationally intensive experiments were conducted to compute the 

Figure 1. The schematic flow chart of projections of land use/land cover (LULC) by Future Land Use Simulation model 
and the projections of global terrestrial gross primary productivity with different drivers (LULC, climate forcing, and CO2 
concentration) in the 21st century.
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contributions of the three factors (the other 11 experiments that only change LULC or climate are not involved to 
compute the contributions; Table S1 in Supporting Information S1).

2.2. Global GPP Simulation by CoLM

To simulate the global GPP in the 20 computational experiments, we used the CoLM (Dai et al., 2003), a widely 
used process-based model for estimating carbon, water, and energy fluxes at regional and global scales (Huang 
et al., 2008; Ji et al., 2014; Mao et al., 2010; Zhang et al., 2017). Initially, the CoLM was adopted as the Commu-
nity Land Model (CLM), with the integration of three well-known LSMs—the National Center for Atmospheric 
Research (NCAR) LSM (Bonan et  al.,  2002), the biosphere-atmosphere transfer scheme (BATS) (Dickinson 
et  al.,  1993), and the Chinese Academy of Sciences Institute of Atmospheric Physics LSM (IAP94) (Dai & 
Zeng,  1997). In the latest version of CoLM 2014, several key improvements were implemented, such as the 
updated calculation of soil parameters and a two-big-leaf scheme for photosynthesis and stomatal resistance (Dai 
et al., 2004; Li, Chen, et al., 2017).

Since it considers various biogeochemical, biogeophysical, and hydrological processes between the 
land-atmosphere interface, the CoLM can capture key parameters such as soil moisture, sensible, latent heat 
fluxes, and canopy assimilation rate of photosynthesis (i.e., GPP) (Dai et al., 2003). Worldwide comprehensive 
validation has shown that the CoLM has competent performance in simulating GPP dynamics at the global scale 
(Chen et al., 2011; Li et al., 2020) (see also Figure S1 in Supporting Information S1). To drive CoLM, climate 
forcing (e.g., precipitation, temperature, radiation, and humidity) and land surface background (e.g., LULC, leaf 
area index (LAI), soil property, and topography) are needed. For LAI, particularly, the 10-year average LAI data 
over 2000–2009 developed by Yuan et al. (2011) was adopted to drive CoLM for our historical simulations. For 
future-oriented simulations, however, there are no LAI projection data available that are consistent with our 
future LULC projections. Therefore, the gridded future LAI values were approximated by assuming that if a grid's 
land cover type remains unchanged then its future LAI remains the same as its historical value. If a grid should 
experience LULC conversions (e.g., evergreen broadleaf forest converted to cropland), its future LAI value was 
then approximated by the mean of the LAI values of its neighboring grids within a 11 × 11 moving window that 
belong to its new LULC type (e.g., cropland). In the case that there is no grid belonging to its new LULC type 
within a focal grid's 11 × 11 window, the window size would then be extended incrementally until one or more 
grids with its same LULC type appear. Although this methodology cannot accurately quantify future LAI, it can 
offer an approximation that is consistent with future LULC in terms of their spatial-temporal patterns. In addi-
tion, we used the average of Climate Research Unit-National Centers for Environmental Prediction (CRUNCEP) 
version 7 data set from 1990 to 2017 as the constant climate forcing input in the I-set of eight experiments, and 
used the LULC data of 2001 as the constant LULC input in the II and IV-set of experiments. The three climate 
forcing data sets fit in with RCP4.5, RCP6.0, and RCP8.5 were derived from the Community Climate System 
Model 4 (CCSM) to keep consistent with the data source of the historical climate forcing of CRUNCEP; both 
are provided by NCAR and contains consistent climate variables. Future CO2 concentration data consistent with 
RCPs were obtained from the RCP database. The historical and projected climate data are 0.5°, and the historical 
LULC data are 1-km resolution. Thus, the future LULC data consistent with SSPs and RCPs were produced by 
downscaling the LUH2 data set to 1-km grids at 5-year intervals throughout the 21st century.

Before the formal computational experiments of simulating global GPP with CoLM, we assessed the validity and 
reliability of CoLM in modeling historical global GPP by comparison with: the world GPP estimates reported 
in existing studies (at the global scale); three existing GPP products of the Multi-scale Synthesis and Terrestrial 
Model Intercomparison Project (MsTMIP) (Huntzinger et al., 2021), the FLUXCOM data set that is derived from 
FLUXNET2015 using machine learning (Jung et al., 2017), and MODIS MOD17A2H product (along the latitude 
and at the global scale); and the in-situ ground measurements of FLUXNET2015 (at the site scale). Here, the 
CoLM-based historical GPP simulations for 2000–2014 were driven by the climate forcing of CRUNCEP, CO2 
concentration from 2000 to 2014 and the MODIS Land Cover Product (MCD12Q1 v006) in 2001. Overall, the 
site-scale, along-latitude validation, and the global comparison demonstrates CoLM-based GPP simulations' rela-
tively good agreement with the site observations and existing GPP products (see Figure S1 in Supporting Infor-
mation S1 for details). Despite that CoLM-simulated historical global GPP values are generally larger than those 
based on machine learning and remote sensing (MODIS) (119 and 112 Pg C yr −1, respectively), CoLM-simulated 
results fall in the range of 130–169 Pg C yr −1 during 2000–2009 as reported by Anav et al. (2015), more to the 
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upper bound though. Some studies even document a global GPP of 150–175 Pg C yr −1 (Welp et al., 2011) and 
146 ± 19 Pg C yr −1 (Koffi et al., 2012). Overall, CoLM shows a satisfying capacity in capturing the climate 
and human land use change induced ecosystem carbon flux patterns (Zhang et al., 2017), and thus was used for 
conducting our computational experiments.

2.3. Downscaling LUH2 Data Set to 1-km LULC Grids by FLUS

The LUH2 data set (version v2f) include LULC under the abovementioned eight SSP-RCP scenarios for every 
0.25° grid throughout the 21st century. Yet, three issues hinder the direct application of the LUH2 data set to 
drive CoLM. The first issue is that its classification scheme of 13 LULC types (including forested primary land, 
non-forested primary land, forested secondary land, non-forested secondary land, pasture, rangeland, urban, C3 
annual crops, C3 perennial crops, C4 annual crops, C4 perennial crops, C3 nitrogen-fixing crops, and water/ice, 
see http://luh.umd.edu for details) does not match the IGBP classification scheme of 17 LULC types as required 
by CoLM. To convert the LUH2 data set into the IGBP-consistent format, we first mapped the LUH2 LULC 
types into six broad categories, that is, forest, grassland, agriculture, urban, barren, and ice/water (see Table S2 
in Supporting Information S1 for mapping rules). The data of these six broad categories were then mapped into 
the 17 IGBP LULC types, based on the simplification that the proportion of each IGBP class within each of 
the six broad categories is temporally invariant in a socioeconomic region (Dong et al., 2018; Gao et al., 2014; 
Ghimire et al., 2014). Specifically, we multiplied the amount of each of the six broad LULC categories based on 
LUH2 with the mean historical fraction of each IGBP LULC type within the focal category (2001–2016) for each 
socioeconomic region based on the MODIS Land Cover Product. For instance, broad forest in East Asia accounts 
for 34.44% of the total area in 2100 under SSP2-RCP4.5 based on LUH2, while according to the average IGBP/
MODIS forest composition (evergreen needle-leaf forest, evergreen broad-leaf forest, deciduous needle-leaf 
forest, deciduous broad-leaf forest, mixed forests, and woody savannas; Table S2 in Supporting Information S1) 
during 2001–2016, the fraction of evergreen broad-leaf forest is 10.54% of the total forest category (which was 
assumed as unchanged during 2020–2100). Thus, the proportion of evergreen broadleaf forest in East Asia was 
approximated to be 3.63% (34.44% × 10.54%) in 2100 under SSP2-RCP4.5. Likewise, the future amounts of the 
17 IGBP LULC types under the eight SSP-RCP scenarios were approximated for every socioeconomic region for 
2020–2100 (Figure S2 in Supporting Information S1).

The second issue is that the 0.25° resolution of the LUH2-converted LULC data does not match the 1-km fine 
resolution inputs of CoLM. To do the downscaling, we used an advanced LULC change simulation model called 
FLUS to simulate global LULC patterns based on disaggregated simulations of 26 world socioeconomic regions 
(Figure S3 in Supporting Information S1, as defined in the IPCC 5th Assessment Report (IPCC AR5) on Manag-
ing the Risks of Extreme Events and Disasters to Advance Climate Change Adaptation [SREX]). These FLUS 
simulations involved two general steps. The first step was to estimate the probability of occurrence of each LULC 
type at each grid. This was implemented by Artificial Neutral Network (ANN) algorithms embedded in FLUS 
that capture the nonlinear relationships between potential social-environmental drivers and the initial LULC 
patterns of each of the 26 regions. Previous studies have found that LULC patterns are influenced by various 
factors such as climate change and human policies mainly driven by the economic demand (Lambin et al., 2001; 
Strengers et al., 2004). In our FLUS simulations, we included socioeconomic development and locational factors 
(GDP, population, and location of the target land cell), topographic conditions (elevation and slope), and the 
climate and soil status (temperature, precipitation, and soil texture) as potential drivers (Table S3 in Supporting 
Information S1). Note that the ANN algorithm of FLUS takes only 1 year of LULC data as an input for train-
ing and validation. We divided the LULC pixels into a training set and a validation set, as so practiced in the 
research field of machine learning (Li, Chen, et al., 2017). As a result, the probability of occurrence surface 
for each land-cover type was determined by the ANN. The second step was to allocate the most likely LULC 
type to each grid for a target year (i.e., run predictions/simulations). The spatial allocation followed a so-called 
self-adaptive inertia and competition mechanism cellular automata (Li, Chen, et al., 2017), requiring three inputs: 
the base year LULC map, the probability of occurrence surface of each LULC type, and the area constraint to 
each LULC type at the predicted/target year. We used the 2010 MODIS Land Cover Product as the base year 
LULC map for training and validating ANN to determine the probability of occurrence surfaces for simulating 
the global LULC in 2015, and then assessed our model reliability against the 2015 MODIS Land Cover Product 
before subsequent LULC simulations for 2020–2100. The model reliability was measured by Figure of Merit 
(Pontius et  al.,  2008,  2011), Cohen's kappa coefficient, and the overall accuracy, which consistently show a 
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competent performance (see Tables S4–S6 in Supporting Information S1 for details). Moreover, the reliability 
of this approach in capturing historical LULC's interannual variation and trend was assessed against the MODIS 
land cover product 2001–2020 in four different regions including Eastern North America, central South Amer-
ica, central Africa, and East Asia, which show both qualitative and quantitative consistency (see Figure S4 in 
Supporting Information S1).

Still, another issue remains before running simulations with the tested FLUS model to downscale the LUH2 
data set to 1-km LULC grids for years beyond 2015—the LUH2-inferred LULC amounts (as above-noted where 
the first issue is discussed) may not fit well with remotely sensed LULC data such as the MODIS Land Cover 
Product. In fact, recent studies have shown the deficiency of LUH2 as a land use product in capturing land cover 
changes (e.g., Yu et al., 2019; Zhang et al., 2021). It is right the case when comparing the LUH2-inferred LULC 
of 2015 with the MODIS-based LULC of 2015 (Table S7 in Supporting Information S1). Thus, we used the result 
of the MODIS-based amount divided by LUH2-inferred amount in 2015 for each LULC type as its calibration 
coefficient to multiply its LUH2-inferred amounts at years 2020–2100. In other words, the projected amount of 
each LULC type in a future year was the result of its MODIS-based amount in 2015 multiplying the change rate 
from 2015 to the target year based on LUH2-inferred amounts (i.e., LUH2-inferred amount of the target year 
divided by that of 2015; see also Figure S2 in Supporting Information S1). Yet, the future amount of each LULC 
projected in this way does not necessarily adds up to the MODIS-based sum. Thus, a proportionate adjustment 
was applied to the projected values while producing our fine resolution LULC product. The adjustment method 
can be expressed mathematically as below:

𝐷𝐷𝑖𝑖𝑖adjusted =
𝐷𝐷𝑖𝑖𝑖projected

∑𝑛𝑛

𝑖𝑖
𝐷𝐷𝑖𝑖𝑖projected

× 𝑇𝑇modis (4)

where 𝐴𝐴 𝐴𝐴𝑖𝑖𝑖adjusted is the adjusted future amount of the ith LULC type, 𝐴𝐴 𝐴𝐴𝑖𝑖𝑖projected is the projected amount of the ith 
LULC type by multiplying its initial area in 2015 based on the MODIS data set with its change rate to a target 
year based on the LUH2 data set, n is the total number of LULC types (i.e., 17 in this study), 𝐴𝐴 𝐴𝐴modis is the total of 
all LULC areas based on the MODIS land cover product. As so implemented for the projections, the adjustment 
was applied separately for each of the 26 regions.

In so doing, the adjusted LULC amounts of each LULC type at years 2020–2100 reflect its temporal variation 
in terms of the change rate embedded in LUH2 scenarios while also maintain the realistic amount and spatial 
heterogeneity in 2015 (as the MODIS-based LULC map in 2015 was used as the starting year for calibration). Our 
downscaled future LULC data set shows visual improvements over the LUH2 data set in reflecting spatial details 
(see Figure S5 in Supporting Information S1 with Yangtze River Delta and Massachusetts Bay as examples). 
Besides, our preliminary computational experiments show that future global GPP based on uncalibrated LULC 
demands would be underestimated in the examined SSP-RCPs except for SSP4-RCP3.4 (Figure S6 in Supporting 
Information S1).

3. Results
3.1. Projected Global LULC Changes Under Eight Coupled SSP-RCP Scenarios

The global trends of future LULC changes over the 21st century are consistent between our projections and the 
LUH2 projections under the eight SSP-RCP scenarios (Figure 2; Figures S7–S12 in Supporting Information S1 
for details of the global LULC changes). In both projections, most terrestrial Earth would be covered by grass-
land, followed by forested land and then cropland, bare land, and lastly, urban land. The minor quantitative differ-
ences lie in that our projections of forested land and cropland are smaller than the LUH2 projections, whereas 
our projections of grassland, bare land, and urban land are slightly larger. Notably, qualitative differences do exist 
for each LULC type under certain scenarios. For example, grassland is projected (by FLUS) to increase under 
SSP3-RCP7.0 versus the projected decrease by LUH2. Forested land by FLUS is to experience a sharp decline 
before 2050 under SSP2-RCP4.5, while there is only a gentle decline trajectory by LUH2. Cropland is projected 
by FLUS to have a slight increase under SSP3-RCP7.0, in contrast to the drastic growth projected by LUH2. 
Bare land is projected by FLUS to decrease sharply by 2050 and then expand under SSP2-RCP4.5, instead of the 
continued decline trend as projected by LUH2. Particularly, urban land is projected by FLUS to keep its rapid 
growth trend after 2050 under the eight scenarios, rather than the slowdown growth or even a decrease trend 
(under SSP1-RCP1.9 and SSP1-RCP2.6) in LUH2 projections.
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In general, both our FLUS projections and the LUH2 projections show that the global trends of future LULC 
changes are susceptible to the socioeconomic pathways the global community decides to take, and that year 2050 
could be the tipping point for critical changes (Figure 2). For instance, following a sustainable development and 
low carbon emission pathway (SSP1-RCP1.9 and SSP1-RCP2.6), the global forest would generally increase and 
the bare land rather stable, while the urban and cropland would gain mild growth at largely the cost of grassland. 
Alternatively, if a regional rivalry and high-emission pathway were to be taken (SSP3-RCP7.0), the global bare 
land would experience the most decline and forested land also drastic loss, while urban land would gain the least 
growth with grassland and cropland mildly increasing. Furthermore, coupling global inequality or fossil-fueled 
development scenarios (SSPs 4-5) with RCPs adds new complications. For one, in an inequality world with high 

Figure 2. Global land use/land cover (LULC) changes over the 21st century under eight Shared Socioeconomic Pathway-Representative Concentration Pathway 
(SSP-RCP) scenarios, projected in this study (a–e) versus the Land Use Harmonization (LUH2) project (f–j). The five Shared Socioeconomic Pathway (SSP) settings 
represent the corresponding scenarios of sustainability (SSP1), middle of the road (SSP2), regional rivalry (SSP3), inequality (SSP4), and fossil-fueled development 
(SSP5). The seven RCP settings stand for different pathways of global CO2 emissions as indicated by the corresponding numbers of radiative forcing in the unit of 
W/m 2. The LULC types are grouped into six broad categories based on the second-level classification of the International Geosphere-Biosphere Programme scheme.
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adaption to climate change in developing countries (SSP4), the global land system would be featured by the 
increase of urban land and decrease of bare land when coupled with RCP3.4 or RCP6.0. Yet, the future trajecto-
ries of global grassland, forest, and cropland would go opposite trends in the two coupled representative concen-
tration pathways. For another, although the global land system under SSP5-RCP3.4 and SSP5-RCP8.5 would be 
featured by the similar trends of rapid urban growth, stable bare land, and mild forest loss, there would be a drastic 
conversion from grassland to cropland after 2050 under SSP5-RCP3.4, in contrast to the gentle trends of mild 
grassland loss and cropland gain under SSP5-RCP8.5. Finally, in the middle of the road scenario (SSP2-RCP4.5), 
the future global LULC changes would be featured by modest increases of cropland and urban land and the rapid 
decrease of grassland, while forest and bare land would first decrease until 2050 and then increase for the second 
half of the 21st century. Although changes in the spatial pattern of the simulated LULC could be barely noticeable 
at the global scale (Figure S13 in Supporting Information S1), the structural changes of the global land system 
could still lead to pronounced social-environmental consequences at the regional and global scales, depending on 
future development pathways.

3.2. Projected Future Global GPP Dynamics Driven by LULC Changes

The global trend of projected GPP dynamics over the 21st century is variously affected by future LULC changes 
under the eight coupled scenarios (Figure 3). Historically, our simulation shows that the LULC changes during 
2000–2015 reduced the global GPP by 568.10 Tg C, a 0.35% loss. In a sustainable future, the trend would remain 
largely stable during 2020–2100, as the Mann-Kendall test detects statistically significant yet minor temporal 

Figure 3. Global trends of gross primary productivity (GPP) dynamics throughout the 21st century, simulated by only changing the land use/land cover (LULC) input 
in Common Land Model (CoLM) (Table S1 in Supporting Information S1). The shaded areas represent the 95% confidence intervals of the projected GPP over future 
period. The projected GPP trend is strongly affected by future LULC changes, with remarkable uncertainties during 2050–2100 under different Shared Socioeconomic 
Pathway-Representative Concentration Pathway (SSP-RCP) scenarios. Note that the global trend of GPP dynamics would remain largely stable when driven by LULC 
changes in the two sustainability scenarios (i.e., SSP1-RCP1.9 and SSP1-RCP2.6).
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changes in SSP1-RCP1.9 and SSP1-RCP2.6 (+4.07 Tg C yr −2, p = 0.002; +0.87 Tg C yr −2, p = 0.15). In the 
other six unsustainability scenarios, contrastingly, the total amount of the global GPP would experience dramatic 
changes over the 21st century, and the year 2050 could be a tipping point of shifting trends. The most dramatic 
decline of the global GPP occurs in a future of inequality with a stringent mitigation policy (SSP4-RCP3.4), 
while the total amount of the global GPP in the other five scenarios either shows a slowdown of decrease during 
2050–2100 or shifts to an increasing trend after 2050 mainly due to the forest restoration. Generally speaking, 
under these six scenarios, the projected global GPP loss during 2020–2050 ranges from −27.12 to −9.20 Tg C 
yr −2, and the change during 2050–2100 ranges from −40.78 to +22.96 Tg C yr −2. As compared to 2020–2050, the 
impact of future LULC changes on the global GPP trend has remarkable uncertainties and even directional differ-
ences during 2050–2100. This indicates potentially huge environmental degradation risks and simultaneously, a 
vast window of human interventions for sustainability in the second half of the 21st century.

Because of the possibility of nonlinear GPP trajectories, the nonparametric Sen's slope was computed for each 
grid to assess its median annual GPP change. The computation was based on the GPP projections of each grid for 
every five years from 2020 to 2100. The slope shows strong spatial heterogeneity of the projected future global 
GPP dynamics driven by LULC changes (Figure 4). Although most of the world would experience minor GPP 
changes (i.e., gray areas) in all the LULC scenarios, noticeable regional variations exist among the areas with 
significant GPP changes (e.g., blue and red areas). For example, in the scenarios of no aggressive development 
but with strict policy enforcement regarding vegetation protection or vegetation regrowth (i.e., SSP1-RCP1.9, 
SSP1-RCP2.6, and SSP2-RCP4.5), the projected global GPP at 2100 is slightly higher than the 2015 GPP 
(Figure 3). In these three scenarios, the main GPP gainers include the Amazonia, Equatorial Afrotropics, South-
east Asian forests, and west boreal forests, and the main GPP losers include the northeast American forests, 
Southeast U.S. savannas and forests, Greater European forests, central east Asian forests, Brazil Cerrado and 
Atlantic coast, South American grasslands, and central Afrotropics (Figure 4 a, b, and e). In the other five unsus-
tainability scenarios with net global GPP loss during 2020–2100, the distribution of the GPP gainers and losers 
shows similar spatial patterns (Figures 4d and 4f–4h). Yet, the area of these gainers slightly shrinks and that of 
the losers noticeably expands, which is particularly dramatic in a future world of inequality with relatively low 
carbon emissions (Figure 4c, SSP4-RCP3.4).

These main gainers and losers—which form five GPP change hotspot areas, that is, Eastern North America, 
central South America, Europe, central Africa, and East and Southeast Asia—were further examined to compare 
their simulated GPP trends under the eight LULC scenarios (Figure S14 in Supporting Information S1). Our 
results show that these hotspot areas also have high GPP. The estimated GPP in 2015 shows that the five regions 
have an average GPP of around 2000 g C m −2 yr −1 or above, except that Europe has close to 1,000 g C m −2 yr −1 
GPP. Unfortunately, in most of the eight LULC scenarios, the five hotspot areas would experience GPP loss of 
varying degrees. The ranges of simulated GPP dynamics in the Eastern North America, central South Amer-
ica, Europe, central Africa, and East and Southeast Asia are −86.19 ∼ −18.80 g C m −2 (−4.16% ∼ −0.91%), 
−26.43 ∼ +84.39 g C m −2 (−1.01% ∼ +3.22%), −31.14 ∼ +3.65 g C m −2 (−3.23% ∼ +0.38%), −47.67 ∼ +11.17 g 
C m −2 (−2.50% ∼ +0.11%), and −175.40 ∼ +26.83 g C m −2 (−6.17% ∼ +0.94%), respectively, in the future of 
the century. The worst case of a −175.40 g C m −2 (−6.17%) GPP loss would occur in East and Southeast Asia 
due to the biofuel plant under the SSP4-RCP3.4 scenario. Under this very scenario, contrastingly, central South 
America would potentially gain the highest GPP of +84.39 g C m −2 (+3.22%) through vegetation regrowth. This 
contrast again suggests that there is no panacea but place-based actions to mitigate GPP loss and even increase 
regional GPP.

3.3. Projected Future Global GPP Dynamics Driven by Climate, CO2, and LULC Changes

The global trend of projected GPP dynamics over the 21st century is strongly dependent on future climate policies 
we shall take (i.e., RCPs), as indicated by the contrasting GPP trends in the simulation experiments with constant 
LULC and different climate forcing (Figure 5). Interestingly, the GPP trends simulated with both climate and 
LULC changes (Figure 5) are similar and close to the results based on only changing climate forcing. The two 
observations suggest that both future climate and LULC changes would exert negative effects on GPP, and global 
GPP dynamics would be more influenced by climate change than LULC change. Among the three scenarios of 
concurrent climate and LULC changes (i.e., for Clim45-LULC245, Clim60-LULC460, and Clim85-LULC585, 
GPP changed −61.89, −95.58, and −201.79 Tg C yr −2, respectively), the most dramatic GPP loss would occur 
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under the climate forcing of RCP8.5 and LULC of SSP5-RCP8.5 (i.e., Clim85-LULC585), which could reduce 
the global GPP by −17.61 Pg C from 2020 to 2100, −10.91% of the 2020 global total. The dramatic GPP loss in 
a future with high energy demand and carbon emissions yet without any climate mitigation policy (i.e., RCP8.5) 
would become increasingly divergent from the GPP trajectories under the other two scenarios from 2050 onward, 
indicating a potential risk of locked-in environmental degradation that may be addressed with fewer policy efforts 
before 2050. However, when CFE were incorporated, the future annually GPP increment would range from 

Figure 4. Global patterns of annual gross primary productivity (GPP) change during 2020–2100 under eight future land use/land cover (LULC) scenarios. (a) 
LULC119, (b) LULC126, (c) LULC434, (d) LULC534, (e) LULC245, (f) LULC460, (g) LULC370, and (h) LULC585. The annual GPP change for each grid is 
computed based on the Sen's slope of the 17 GPP projections for every 5 years from 2020 to 2100. Though the majority of the world would experience minor GPP 
changes (i.e., gray areas) in all the LULC scenarios, there are noticeable regional variations among the areas of significant GPP changes (e.g., blue and red areas).
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282.86 to 858.59 Tg C yr −2 despite the negative effects of climate and LULC changes under the three scenarios 
(Figure 5). Compared with CFE, LULC change has negligible effects on future GPP change. This also indicates 
that the terrestrial Earth would be an important carbon absorber to relieve CO2 concentration in the future.

Although the global GPP is projected to decrease over the 21st century at the three levels of climate forcing 
(i.e., RCP4.5, RCP6.0, and RCP8.5; Figures 6a–6c), the elevated CO2 concentration would offset this negative 
impact and greatly enhance global GPP (Figures 6d–6f) as measured by the Sen's slope that measures annual 
GPP change at a grid-scale. Unlike the spatial pattern of the LULC change impact on future GPP dynamics, 
which is mostly minor (Figure 4), the majority of the world would experience nontrivial GPP changes at the three 
levels of climate forcing and CO2 changes (Figure 6 non-gray areas), with GPP-stable areas mostly located at the 
desert areas (gray areas). This contrast corroborates the finding that future climate and CO2 changes would be 
more impactful than LULC change on global GPP dynamics. The most susceptible areas are mainly located at 
forest areas, such as the Amazon rain forest, central Africa, and Southeast Asia. Generally speaking, the global 
patterns of projected annual GPP change under the three levels of climate forcing are consistently featured by 
GPP gains in those temperature-limited high-latitude/altitude areas (e.g., Russia, Canada, American West, and 
Andes & Pacific Coast) and humidity-limited semi-arid grasslands (e.g., Mongolian Grasslands and Australian 
Savannas), contrasting to GPP losses in mostly the tropical rain forest and temperate forest areas (e.g., Amazonia, 
central America, Equatorial Afrotropics, Greater European Forest, Southeast Asian Forests, Malaysia & Western 
Indonesia, and Australian Islands and Eastern Indonesia). However, with increasing CO2, only small areas would 
show GPP loss, and the higher the CO2 concentration, the smaller the areas are. In particular, with the highest 
considered climate forcing (i.e., under RCP8.5), the areas with dramatic GPP loss would expand remarkably in 

Figure 5. Global trends of gross primary productivity (GPP) dynamics throughout the 21st century, simulated by changing 
land use/land cover (LULC) input in Common Land Model (CoLM) (solid lines) and keep LULC inputs in constant (dashed 
lines) (Table S1 in Supporting Information S1). The shaded areas represent the 95% confidence intervals of the projected GPP 
over future period. The contrasting GPP trends under different RCPs, together with the similar trends under Representative 
Concentration Pathways (RCPs) and the corresponding Shared Socioeconomic Pathways-RCPs (SSP-RCPs), suggest that 
future global GPP dynamics would be more influenced by climate change and CO2 concentration than LULC change.
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the Amazonia and central America (Figure 6 dark blue areas). While the CFE under RCP8.5 shows the opposite 
with climate forcing.

3.4. Relative Contributions of Climate, CO2, and LULC Changes to Global GPP Dynamics

To quantitatively compare the respective impacts of climate, CO2, and LULC changes on global GPP dynamics 
during 2000–2100, we adopted a contribution decomposition methodology (see Section 2) to disentangle their 
relative contributions at global, regional, and each 0.5° grid under three matched scenarios (i.e., RCP4.5, RCP6.0, 
and RCP8.5; Figure 7). LULC change account for only 1.24%–2.51%, climate change account for 12.1%–15.25%, 
and CFE account for 83.11%–85.39% of the global GPP dynamics. Spatially, the contribution of LULC change 
to GPP dynamics during 2000–2100 is little or minor (i.e., contribution less than 10%) for 67% ∼ 73% of the 
global terrestrial area in the three scenarios. Further, there are only 2%–4% of the terrestrial area dominated by 
LULC change, mainly located at arid areas and urbanized areas. Contrastingly, GPP dynamics in 44%–61% of 
the terrestrial Earth are dominated by CFE, especially in tropical forest zones (Figures 7a–7c). The fertilization 
effect of CO2 counteracts the negative effects of climate change and LULC change, leading to huge increase of 

Figure 6. Global patterns of annual gross primary productivity (GPP) change during 2020–2100, simulated by only changing the climate input in Common Land 
Model (CoLM) (left panel) and by changing both the climate and CO2 concentration inputs (right panel). (a) Clim45, (b) Clim60, (c) Clim85, (d) Clim45-Carbon45, 
(e) Clim60-Carbon60, and (f) Clim85-Carbon85. Similar to Figure 4, the annual GPP change for each grid is computed based on the Sen's slope of the GPP projections 
for every 5 years from 2020 to 2100. Unlike Figure 4, the majority of the world would experience non-trivial GPP changes (i.e., non-gray areas), with mostly the desert 
areas having relatively stable GPP (i.e., gray areas).

 23284277, 2022, 9, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2021E

F002628 by C
ochrane N

etherlands, W
iley O

nline L
ibrary on [20/01/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Earth’s Future

HOU ET AL.

10.1029/2021EF002628

13 of 20

global terrestrial GPP. This indicates a substantial increase in global photosynthesis would greatly relieve the 
atmospheric CO2 concentration and thus climate change (Walker et al., 2021). In addition, there are more places 
dominated by CFE in the higher emission scenarios. Climate-dominated areas are mostly located at cold regions 
and sparsely vegetated areas (e.g., Tibet Plateau, North Asia, West United States, and central Australia). This 
might indicate that vegetation photosynthesis in cold and arid regions is more sensitive to climate change.

When CO2 concentration is modeled as constant, both LULC and climate changes would reduce terrestrial GPP 
globally, and LULC change will account for 3.43% ∼ 10.78% of the global GPP dynamics relative to climate 
change. Although 75%  ∼  77% of the terrestrial area would have climate change as the dominant driver, the 

Figure 7. Relative contributions of land use/land cover (LULC) change (red), climate change (blue), and CO2 fertilization (green) to changes in gross primary 
productivity (GPP) in 21st century. Left: contributions of the three factors to GPP dynamics for each 0.5° grid under (a) RCP4.5, (b) RCP6.0, and (c) RCP8.5; Right: 
proportion of the global terrestrial area by contribution level of LULC change, climate change and CO2 fertilization. (d) RCP4.5, (e) RCP6.0, and (f) RCP8.5.
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impact of LULC change is by no means trivial (7% ∼ 9%; Figure S15 in Supporting Information S1). Spatially, 
the places with LULC change dominating GPP dynamics are rather fragmented, and seem to be mostly located at 
the margins of global deserts or the frontiers of global urbanization in especially coastal areas and Central Africa. 
The area of such places does not increase proportionately with the increasing level of climate forcing, nor does 
their spatial pattern notably change with the three scenario settings (Figure S15a–S15c in Supporting Informa-
tion S1). The relatively stable spatial distribution of such LULC-change-dominated places suggests that proactive 
land management policymaking in these areas could be fruitful.

4. Discussion
Our results shed timely insights into land monitoring and management imperatives for navigating our human-Earth 
system toward a more sustainable future. First and foremost, our results suggest that it will be productive to take 
land-based actions to absorb more atmospheric CO2. During 2000–2015, LULC change alone had potentially 
reduced global GPP by 0.35%, with a mean annual loss of −0.0379 Pg C yr −2 (Figure 3). Given the enormous 
uncertainty in the estimated trend of GPP dynamics over 1996‒2012—ranging from +0.005 Pg C yr −2 to +0.6 
Pg C yr −2—LULC change would have at least offset the potential increasing trend by 7% (Anav et al., 2015). 
The nontrivial role of LULC change in driving global GPP dynamics is further complicated by the considera-
ble uncertainty in the contrasting global LULC change trajectories during 2015–2100 under different SSP-RCP 
scenarios (Figure 2). On the one hand, the mean annual global GPP change directly contributed by LULC change 
could be negligible for 2015–2100 in the two sustainability scenarios; on the other hand, in those unsustaina-
bility scenarios, the contribution varies from −0.0303 to −0.0118 Pg C yr −2 during 2015–2050 and −0.0408 to 
+0.0230 Pg C yr −2 during 2050–2100 (Figure 3). Under SSP4-RCP3.4, particularly, LULC-change-induced GPP 
loss during the whole 21st century (2000–2100) would account for nearly 17% of the annual carbon sequestration 
of the Amazon rainforest (Zhao et al., 2005). More straightforwardly, LULC change contributes to global GPP 
dynamics by 10.92% ∼ 16.16% during 2000–2050 and 1.41%–14.57% during 2050–2100 under three represent-
ative SSP-RCP scenarios compared with climate change (Table S8 in Supporting Information S1). It follows 
that oversimplifying LULC as static, as currently so practiced in most modeling efforts of global GPP dynamics, 
would lead to large overestimation of global GPP (Huntzinger et al., 2013; Lawrence et al., 2018). Practically, 
future land management practices and associated socioeconomic development pathways that the global commu-
nity takes will make a big difference. In other words, from the perspective of carbon-neutrality, the world has 
no other choice but to transition toward sustainability, including the sustainable use of global land resources 
(Verburg et al., 2015; Wu, 2013).

From a temporal perspective, our results seem to indicate that the year 2050 is a critical tipping point in terms 
of future LULC change (Figure 2). Given that other studies such as Chen, Vernon, et al., (2020) also identified 
tipping points in the mid-twenty-first century, we believe this is a reasonable speculation. Notwithstanding that 
it is largely speculative, this temporal observation implies potentially a narrow window for timely sustainabil-
ity interventions. From a complex adaptive human-Earth system perspective, long-term social-environmental 
trends such as the LULC and GPP change trajectories (2000–2100) depicted in this study result from intrinsic 
self-reinforcing feedback loops that make the system path-dependent and often irreversible (Kates et al., 2001; 
Levin & Clark, 2010; Turner et al., 1990). If the year 2050 is indeed such a critical point, then the time window for 
taking proactive LULC-based actions to build a carbon-neutral world is quickly vanishing, the global community 
must act now and together.

When CO2 concentration is modeled as constant, LULC change can be the dominant driver (compared with climate 
change) for large areas covering 9,054,884–12,092,465 km 2 under different SSP-RCP scenarios―1.65–2.20 
times the size of the Amazon rainforest (i.e., 5.50 million km 2). Historical studies in regional contexts have 
confirmed the large variations of the LULC change impact on GPP dynamics (Jia et al., 2020; You et al., 2020). 
For example, in the middle and lower reaches of the Heihe River Basin in northwestern China, LULC change 
contributed to as high as 75.1% of the GPP dynamics during 2001–2016 (You et al., 2020). Sun et al. (2018) 
also mapped remarkable global heterogeneity in the contribution of LULC change to GPP dynamics during 
1982–2015 in absolute terms instead of relative to climate change. Our study adds to the existing research by 
mapping at a high resolution the specific locations where LULC-based solutions would be more effective than 
climate mitigation measures in plausible futures. We show that these LULC-change-dominated areas are mainly 
located at urbanization frontiers in coastal areas and Central Africa as well as desert margins, with a relatively 
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stable pattern under three investigated SSP-RCP scenarios (Figures S15a–S15c in Supporting Information S1). 
Such a spatial regularity likely involves the greening of sparsely vegetated areas due to climate change (Chen 
et al., 2019) or the deforestation at socioeconomic development frontiers (Seto et al., 2012), calling for enhanced 
monitoring and proactive management of such key LULC change processes in these identified areas.

Notably, the LULC-change-dominated areas identified in this study differ from those GPP-rich biomes/regions 
(e.g., the Amazon rainforest), a popular research focus and emphasis (e.g., Qin et al., 2021; Sun et al., 2018). We 
singled out five such GPP-rich areas―Eastern North America, central South America, Europe, central Africa, 
and East and Southeast Asia, which are also the main GPP change hotspots―for separate and comparative 
analysis of LULC change impacts on future GPP dynamics. Our results show that, although these areas would 
experience GPP loss of varying degrees in most of the eight LULC-change-driven scenarios, they share no simi-
lar GPP change trajectories. Instead, their future GPP dynamics would be strongly dependent on LULC change 
trajectories (Figure S14 in Supporting Information S1). Furthermore, under SSP2-RCP4.5, SSP4-RCP6.0, and 
SSP5-RCP8.5 with the combined impacts of future climate and LULC changes, the relative contribution of 
LULC change to the global GPP dynamics would be larger during 2000–2050 than 2050–2100. This temporal 
pattern is opposite from that of the five GPP-rich areas (Figure S14 and Table S8 in Supporting Information S1). 
These two observations suggest that to enhance LULC change monitoring and management in GPP-rich areas 
alone is not enough.

We further modeled changes in CO2 concentration in the CoLM to disentangle the relative contributions of 
climate change, CFE, and LULC change to global GPP dynamics. Though LULC change is a nontrivial driver 
in reducing global GPP as compared with climate change, our results show that its impact may indeed be trivial 
contrasting to the dominant role of CFE in increasing global GPP, especially in high emission scenarios (Figure 7; 
Table S9 in Supporting Information S1). This finding is in line with the conventional view that terrestrial primary 
productivity is controlled mainly by rising CO2 and changing climate (i.e., temperature, radiation, and precipita-
tion) (Pan et al., 2014). According to Cai and Prentice (2020), for the global GPP dynamics during 1982–2016 
as simulated by the TRENDY v8 ensemble of state-of-the-art ecosystem models, the contributions of rising 
CO2 and climate change were +0.22–0.52 Pg C yr −2 and −0.05 ∼ +0.19 Pg C yr −2, respectively. Relatedly, Sun 
et al. (2018) quantified the relative contributions of rising CO2, climate change, and LULC change to the global 
GPP dynamics during 1982–2015 based on a C-Fix model which accounted for 65.73%, 17.57%, and 4.57%, 
respectively—an overall positive contribution of LULC change to the historical GPP increase. This is in contrast 
to the negative role of LULC change revealed in our study, likely because the world became much greener during 
1982–2016 (Sun et al., 2018) while the projected LULC change during 2015–2100 is featured by crop expansion 
at mainly the cost of grassland and forest losses in most of the unsustainability scenarios (Figure 2).

Previous studies have reported that LULC change would enhance the global net primary productivity (NPP) in 
future scenarios and that CFE and LULC change are the primary drivers of global NPP dynamics (Tharammal 
et al., 2019). However, our results show that LULC change under the corresponding scenarios would undermine 
global GPP and act as a substantially weaker driver than CFE and climate change. The finding is supported by 
(Brovkin et al., 2013; Levy et al., 2004; Mueller et al., 2007), though these studies have not quantified the exact 
contributions of the three factors. Our results further show that the impacts of climate and LULC changes on 
terrestrial carbon sink are much more location-dependent and influenced by scenario assumptions. Although 
future GPP is much more affected by CFE and climate change, a recent study also shows large impacts of LULC 
change on terrestrial carbon stock at the end of the century from three dynamic global vegetation models (Krause 
et al., 2019).

We further compared our estimated future GPP with that based on four process-based models of the Inter-Sectoral 
Impact Model Intercomparison Project (ISIMIP), with or without considering CO2 changes under the RCP8.5 
climate scenarios (considering climate and land use changes). The results based on the ISIMIP show an average 
GPP increase of 469.55 ± 220.95 Tg C yr −2 with CFE and a decrease of −74.32 ± 50.23 Tg C yr −2 without CFE. 
However, our results imply a decrease of −199.26 Tg C yr −2 under RCP8.5 with climate and land use changes 
among which the LULC change accounts for 13.35 Tg C yr −2. Our results show an 859.52 Tg C yr −2 increase 
of global GPP with the benefit of CFE, which is much higher than the ISIMIP estimate. The contrast implies 
that the potential effect of CFE on GPP is higher than ISIMIP-based estimates. However, a special caveat should 
be noted when interpreting our CoLM-based quantification of the CFE due to possibilities of overestimation. 
In fact, the CFE on photosynthesis has been found to be constrained by factors like nutrients availability, water 
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supply, extreme weather, and vegetation adaptability, especially in the long run (Fleischer et al., 2019; Obermeier 
et al., 2017; Terrer et al., 2019; S. Wang et al., 2020). Because CoLM (and many other models in this vein) has 
not yet incorporated such constraints on CFE, the quantitative impacts of climate and LULC changes on GPP 
dynamics are very likely underestimated in this study. This caveat indicates that taking climate and land-related 
sustainability actions would be more fruitful than what our results seem to suggest.

Our study quantified future LULC change impact on global GPP dynamics throughout the 21st century consid-
ering relatively comprehensive SSP-RCP scenario settings and at a relatively high 1-km resolution. Quesada 
et al., 2018 made a similar effort to assess the comprehensive impacts of LULC change on seven key variables 
characterizing the terrestrial carbon cycle, focusing on 2070–2100 and considering mainly the RCP8.5 scenario. 
Given the complexity of the human-Earth system, the uncertainty of future LULC change, and the unsatisfying 
understanding of the terrestrial carbon cycle, much more research is needed. Although our findings provide 
timely heuristic insights into land monitoring and management imperatives, our study includes a few limitations 
which can open new doors for the following research steps. First, our CoLM-simulated GPP is generally higher 
than that of FLUXCOM and most process-based Terrestrial Biosphere Models of the MsTMIP along the latitude 
(especially in the tropics and near 40°S). This potentially model-embedded overestimation may be due to the 
overestimation of downward radiation of the CRUNCEP forcing data set in tropical regions like Amazon (A. 
Wang et al., 2016) and the parameterization scheme for tropical fractional coverage of forest (Zhu et al., 2014). 
Second, we used only one model for GPP simulations, unable to capture the uncertainty introduced by model 
diversity (Anav et al., 2015; Cai & Prentice, 2020). Third, we excluded the impacts of other GPP-drivers (e.g., 
anthropogenic nitrogen, wildfire, and nutrient limitation) from our modeling to focus our analysis on the roles of 
LULC change versus climate change and CFE, providing an incomplete assessment of their relative contributions 
(Pan et al., 2014; Sun et al., 2018). Fourth, we considered only GPP dynamics, not the full terrestrial carbon 
cycle (Quesada et al., 2018). With the increasing availability of future LULC data sets as shared here, our study 
can motivate future research in this area toward a better understanding of the terrestrial carbon cycle in a highly 
uncertain future with both natural and anthropogenic changes. Further still, linking these future LULC maps 
with other IAMs will facilitate a deeper understanding of the multi-dimensional social-environmental impacts of 
future LULC change, and help decision-makers navigate our human-Earth system through uncertainties toward 
a more sustainable future.

5. Conclusions
In this study, we first used the FLUS model to produce an explicitly spatial global data set of future LULC at 1-km 
grids, which follows the IGBP classification scheme and is consistent with the comparable frameworks of SSPs 
and RCPs. Compared with LUH2, this data set is more consistent with historical LULC changes, by representing 
cropland expansion and deforestation as more restrained in most future scenarios and assuming no shrinkage of 
urban land. The IGBP-consistent LULC classification scheme makes our data set readily usable for most LSMs. 
The produced 1-km resolution global LULC data over 2015–2100 will be particularly useful for a wide range of 
land-related sustainability studies (National Research Council, 1999; Turner et al., 2007).

Based on this new data set, we simulated the spatiotemporal dynamics of global GPP at 5-year intervals through-
out the 21st century by driving CoLM with this fine resolution global LULC data and different climate forcing. 
Specifically, we ran multiple CoLM simulations of global GPP for 20 contrasting experiments of climate forcing, 
CO2, and LULC such that the contribution of LULC change to future global GPP dynamics relative to that of 
climate change and CFE could be quantified. Our results show quantitatively that CFE would play the dominant 
role in shaping future global GPP dynamics, contrasting to which the impact of LULC change seems trivial glob-
ally. However, compared with climate change (with constant CO2 concentration), LULC change is by no means 
trivial—because LULC-change-dominated areas (mostly located at urbanized, deforested, agricultural-expansive, 
and arid areas) of GPP change could account for at least 7% of the terrestrial Earth. There are huge uncertainties 
in the impact of future LULC change, which is strongly dependent on the socioeconomic and climate policies 
that the global community is taking and will take. Our findings (a) help clarify the misconception, if any, that 
LULC change is trivial for GPP research and policymaking; (b) highlight LULC-relevant action imperatives from 
both spatial and temporal perspectives; (c) point to the critical need of improving GPP modeling, for example, 
via model parameter optimization or input data improvement; (d) shed lights on new research avenues with the 
LULC data we shared; and (e) contribute to better understanding the complex coupling impacts of climate change 
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and CFE on land-atmosphere carbon dynamics. Additionally, including LULC dynamics and constraints to the 
CFE at the long-term scale would help improve our understanding of biogeochemical responses of terrestrial 
ecosystem carbon sequestration to human activities.
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