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Recovery of ecosystem productivity in China 
due to the Clean Air Action plan

Hao Zhou    1,2,10, Xu Yue    3,10  , Huibin Dai3, Guannan Geng    4, Wenping Yuan5, 
Jiquan Chen    6, Guofeng Shen    7, Tianyi Zhang    8,9, Jun Zhu3 & Hong Liao    3

Severe air pollution reduces ecosystem carbon assimilation through the 
vegetation damaging effects of ozone and by altering the climate through 
aerosol effects, exacerbating global warming. In response, China implemented 
the Clean Air Action plan in 2013 to reduce anthropogenic emissions. 
Here we assess the impact of air pollution reductions due to the Clean Air 
Action plan on net primary productivity (NPP) in China during the period 
2014–2020 using multiple measurements, process-based models and 
machine learning algorithms. The Clean Air Action plan led to a national NPP 
increase of 26.3 ± 27.9 TgC yr−1, of which 20.1 ± 10.9 TgC yr−1 is attributed to 
aerosol reductions, driven by both the enhanced light availability as a result 
of decreased black carbon concentrations and the increased precipitation 
caused by weakened aerosol climatic effects. The impact of ozone amelioration 
became more important over time, surpassing the effects of aerosol reduction 
by 2020, and is expected to drive future NPP recovery. Two machine learning 
models simulated similar NPP recoveries of 42.8 ± 26.8 TgC yr−1 and 43.
4 ± 30.1 TgC yr−1. Our study highlights substantial carbon gains from controlling 
aerosols and surface ozone, underscoring the co-benefits of regulating air 
pollution for public health and carbon neutrality in China.

China has experienced severe air pollution in recent decades1. To 
improve air quality, the Chinese government implemented a 5 yr Clean 
Air Action (CAA) plan in 20132. This initiative decreased ambient con-
centrations of particulate matter smaller than 2.5 μm (PM2.5) by approxi-
mately 30% in 2017 relative to 20132,3, and in turn reduced PM2.5-induced 
deaths by as much as 0.37 million (ref. 4). However, surface ozone (O3) 
concentrations increased by 1.9 ppbv yr−1 during 2013–20195, offsetting 
the health benefits gained from decreased PM2.5 concentrations6. In 

response, a new stage of the CAA plan was developed to reduce both 
PM2.5 and O3 pollution and initiated in 20187.

Although the health benefits of the CAA plan have been explored3,4, 
the ecological impacts of air pollution changes have not yet been quan-
tified. The carbon assimilation process in terrestrial ecosystems is 
sensitive to the radiative effects of aerosols8 and vegetation damage 
from O3 (ref. 9). Aerosols can increase diffuse radiation10,11 and alter 
surface meteorology12,13 (for example, by reducing surface temperature 
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and climatic perturbations. This analysis includes the direct and indi-
rect effects of aerosols, as well as vegetation damage from O3 (Methods). 
We use the newly developed interactive Model of Air Pollution and 
Land Ecosystems (iMAPLE)22 to quantify the changes in ecosystem 

and inhibiting precipitation), both of which then influence the photo-
synthetic rate of plants. The net effect of these processes depends on 
the aerosol species8,14 and environmental conditions15,16. Scattering 
aerosols (such as sulfate and nitrate) can promote photosynthesis by 
enhancing diffuse radiation, but absorbing aerosols (such as black 
carbon, BC) inhibit photosynthesis by dampening both direct and dif-
fuse radiation8. Clouds substantially reduce direct radiation, thus lim-
iting the diffuse fertilization effects of aerosols17. Meanwhile, aerosol 
cooling effects always increase photosynthesis when the background 
temperature is higher than optimal temperatures (in tropical regions12, 
for example) and aerosol-induced decreases in precipitation inhibit 
plant photosynthesis through soil water losses18. In contrast to the vary-
ing effects of aerosols, O3 consistently reduces plant photosynthesis 
by affecting stomatal uptake due to its strong oxidizing capacity19, 
leading to a net primary productivity (NPP) loss of 14% compared 
with situations without O3damage effects in China18. Considering that 
the land ecosystem of China acts as an important carbon sink20,21, it is 
critical to explore whether the improvements in air quality due to the 
CAA plan (CAA-induced) can assist in the recovery of regional carbon 
assimilation.

Here we explore the overall impacts of CAA-induced changes in 
aerosols and O3 on growing-season (May–September) NPP in China 
during 2014–2020 using two independent approaches. First, a combi-
nation of three process-based models is used to isolate the effects of 
CAA-induced changes in air pollutants on NPP through both radiative 
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Fig. 1 | Evaluation of the AOD and O3 concentrations in China for  
May–September. a,b, Spatial patterns of simulated (a) and observed  
(b; satellite-based observations) AOD. c, Annual mean (top) and monthly 
mean (bottom) AOD simulated with the Column Radiative Model with aerosol 
concentrations from GEOS-Chem (Sim) versus observed AOD (Obs) for 
2014–2020. Top: annual mean with the trends indicated in the plot. Bottom: 
monthly mean. d,e, Spatial patterns of the simulated (d) and observed (e; 
ground-based observations) maximum daily 8 h average (MDA8) O3. f, MDA8 
O3 simulated by GEOS-Chem versus observed MDA8 O3 for 2014–2020 in two 

regions that show different seasonal variations: North China (top) and South 
China (bottom) (coloured boxes in e). The correlation coefficients (R) and 
normalized mean biases (NMB) between the simulations and observations are 
listed in c and f. *Statistically significant R value at the 0.01 level. Black rectangles 
in a identify the three key regions with severe air pollution: the North China Plain 
(NCP, 36–41° N, 113–119° E), the Yangtze River Delta (YRD, 30–33° N, 118–122° E) 
and the Sichuan Basin (SCB, 28.5–31.5° N, 103.5–107° E). Basemaps (including 
inset maps) of China are adopted from the Resource and Environment Science 
and Data Center, ref. 38.

Table 1 | Summary of NPP changes caused by aerosols and 
O3 during 2014–2020

Influences Factors Process-based 
models

Machine learning models

iMAPLE XGB RF

ΔNPP due to 
baseline air 
pollutants 
(TgC yr−1)

Aerosol RE 27.9 ± 11.7a

Aerosol CE −139 ± 17.7

O3 damage −376 ± 22.6

Aerosol + O3 −487.1 ± 21.7

ΔNPP due to 
CAA-induced 
air pollution 
changes 
(TgC yr−1)

Aerosol RE 6.2 ± 3.2

Aerosol CE 13.9 ± 8.3

O3 damage 6.2 ± 17.6

Aerosol + O3 26.3 ± 27.9 42.8 ± 26.8 43.4 ± 30.1

ΔNPP due to 
LCC (TgC yr−1)

LCC 16.1 ± 8.7 23.4 ± 9 19.5 ± 12.3

ΔNPP, changes in NPP; CE, climatic effects; LCC, land-cover change; RE, radiative effects; 
RF, random forest algorithm; XGB, extreme gradient boosting algorithm. aThe values are 
presented as mean ± s.d. for the annual values for 2014–2020.
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NPP resulting from aerosol and O3 changes due to enforcement of the 
CAA plan. iMAPLE incorporates a well-validated O3 stomatal damage 
scheme23 and a two-leaf canopy radiative scheme24, the latter of which 
helps to differentiate photosynthetic responses to the changes in dif-
fuse and direct radiation caused by aerosols25 (Methods). Two machine 
learning models are then applied independently to further resolve the 
impacts of CAA-induced changes in air pollutants on regional NPP, serv-
ing as a cross-validation for the process-based models. We aim to quan-
tify the differences in carbon assimilation with and without stringent 
air pollution regulations, thereby assessing NPP recovery in response 
to air pollution controls following the establishment of the CAA plan.

Changes in air pollutants and the contributions of 
the CAA plan
During 2014–2020, high aerosol optical depths (AOD > 0.5) were 
observed in eastern China, especially over the North China Plain (NCP) 
and the Sichuan Basin (SCB), due to high anthropogenic emissions 
(Fig. 1b). The national AOD showed a decreasing trend of −0.017 yr−1 
(−5.8% yr−1) during this period (Fig. 1c). Driven by reduced anthropo-
genic emissions (Supplementary Fig. 1), the chemical transport model 
(GEOS-Chem; Methods) reproduced the spatial pattern of the observed 
AOD (Fig. 1a) with a comparable trend (Fig. 1c). Regionally, the hotspots 
over the NCP and SCB showed the steepest decreasing trends of up to 
−0.05 yr−1 (Supplementary Fig. 2). Similarly, high O3 concentrations were 
observed on the NCP, with secondary centres in the Yangtze River Delta 
(YRD) and the SCB (Fig. 1e). The simulated O3 from GEOS-Chem matched 
the observed pattern (Fig. 1d) with high correlations (r) and low biases 
(b) in northern (r = 0.7 and b = 2.8%) and southern (r = 0.69 and b = 8.7%) 
China (Fig. 1f).

Compared with the simulation with anthropogenic emissions 
fixed to 2013 levels, the simulated AOD with the CAA in place showed 

mean reductions of −0.05 yr−1 during 2014–2020, with regional hot-
spots showing mean reductions over −0.5 yr−1 in the NCP and SCB after 
2018 (Supplementary Fig. 3). This leads to a large decreasing trend of 
−0.014 yr−2 (Supplementary Fig. 4), which accounts for over 58% of the 
total AOD trend over the same period (Fig. 1c). For aerosol species, 
the AOD of sulfate/nitrate and BC aerosols decreased continuously, 
but organic carbon (OC) aerosols showed positive AOD changes in 
2013–2015 (Supplementary Fig. 5), probably due to increased anthro-
pogenic emissions of non-methane volatile organic compounds (VOCs) 
(Supplementary Fig. 1) and decreases in the hygroscopicity of OC owing 
to lower concentrations of sulfate aerosols26.

With the implementation of the CAA plan, surface O3 showed an 
increase of 0.76 ppbv yr−1 in 2014–2017 but a decrease of −1.3 ppbv yr−1 
in 2018–2020 (Supplementary Fig. 4d). Regionally, the CAA plan 
increased O3 by 1.77 ppbv yr−1 in the NCP, 2.75 ppbv yr−1 in the YRD and 
0.1 ppbv yr−1 in the SCB during 2014–2017 (Supplementary Fig. 6). 
These changes might have been related to O3 increases caused by 
greater concentrations of hydroperoxyl (HO2) and NOx radicals fol-
lowing the decreases in PM2.5, especially in NOx-sensitive regions27, and 
limited regulation of non-methane VOC emissions in VOC-sensitive 
regions28. The positive change in O3 shifted to negative in 2018 (Sup-
plementary Fig. 6), when the O3 reductions in southern China out-
weighed increases in the NCP. Thereafter, the CAA plan continued 
to amplify O3 reductions, which reached −1.68 ppbv in 2019 and 
−1.88 ppbv in 2020.

NPP recovery under CAA-induced changes in air 
pollutants
During 2014–2020, baseline air pollution inhibited national NPP by up 
to −487.1 ± 21.7 TgC yr−1 (mean ± s.d.), accounting for −13.6 ± 0.61% of 
the total NPP in China (Supplementary Section 1). This NPP loss was 
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Fig. 2 | NPP recovery following the changes in aerosols and O3 due to the 
CAA plan. a–f, ΔNPP during May–September caused by the changes in aerosols 
(a,d), surface O3 (b,e) and their combined effects (c,f) between process-based 
simulations with and without the CAA plan, averaged over 2014–2020 (a–c) and 
2018–2020 (d–f). The impacts of aerosols on NPP include radiative (changes 

in diffuse and direct radiation) and climatic (changes in temperature and 
precipitation) effects. The total changes in national NPP are shown in each panel. 
Basemaps (including inset maps) of China are adopted from the Resource and 
Environment Science and Data Center, ref. 38.
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composed of −111 ± 17.8 TgC yr−1 (−3.1 ± 0.5% yr−1) due to aerosols and 
−376 ± 22.6 TgC yr−1 (−10.5 ± 0.6% yr−1) due to O3 (Table 1 and Extended 
Data Figs. 1–3). Compared with NPP simulations using anthropogenic 
emissions fixed to 2013 levels, CAA-induced reductions in aerosols led 
to an NPP recovery of 20.1 ± 10.9 TgC yr−1 during 2014–2020 (Fig. 2a). 
This recovery comprised 6.2 ± 3.2 TgC yr−1 from aerosol radiative effects 
and 13.9 ± 8.3 TgC yr−1 from the effects of aerosols (aerosol climatic 
effects) (Table 1 and Extended Data Fig. 4). The radiative effects primar-
ily enhanced NPP in southern China through the increased light avail-
ability as a result of reduced BC concentrations (Fig. 3a and Extended 
Data Fig. 5a) outweighing the negative impacts from decreased sulfate 
and nitrate aerosols (Fig. 3a and Extended Data Fig. 5c). Meanwhile, 
CAA-induced aerosol reductions promoted NPP in China by increas-
ing precipitation (and thereby water availability; Fig. 3b and Extended 
Data Fig. 5e), although the associated warming due to aerosol removal 
dampened NPP over southern China in particular (Fig. 3b and Extended 
Data Fig. 5d). During 2018–2020, a more pronounced NPP recovery due 
to reduced aerosols was observed, reaching up to 30.8 ± 5.6 TgC yr−1 
(9.1 ± 1.2 TgC yr−1 from radiative effects and 21.6 ± 5.7 TgC yr−1 from 
climatic effects); this was approximately 2.5 times the NPP recovery  

found for 2014–2017 (Figs. 2d and 3c), reflecting the benefits of stricter 
aerosol controls.

The implementation of the CAA plan led to a modest NPP recovery 
of 6.2 ± 17.6 TgC yr−1 in China during 2014–2020 due to the improved O3 
pollution levels (Fig. 2b). This recovery reflected a shift from exacer-
bated NPP losses of −5.8 ± 2.9 TgC yr−1 in 2014–2017 to a notable improve-
ment of 22.1 ± 16 TgC yr−1 in 2018–2020 (Fig. 3c). These gains in NPP were 
primarily observed in southern China. Conversely, the NCP and YRD 
experienced adverse NPP responses associated with rising O3 levels 
(Supplementary Fig. 6). Overall, both aerosols and O3 contributed to a 
combined NPP increase of up to 26.3 ± 27.9 TgC yr−1 during 2014–2020 
(Fig. 2c). The beneficial impacts of aerosols were primarily driven by 
reductions in BC and increases in precipitation following enforcement 
of the CAA plan (Fig. 3a,b). The positive influence of O3 increased mark-
edly, with an average rate of 15.7 TgC yr−2 in 2018–2020. Consequently, 
the CAA-induced variations in aerosols and O3 resulted in an aggregate 
enhancement of national NPP of 52.9 ± 20.3 TgC yr−1 in 2018–2020 
(Fig. 2f), comprising 30.8 ± 5.6 TgC yr−1 from aerosols (Fig. 2d) and 
22.1 ± 16 TgC yr−1 from O3 (Fig. 2e). Together, these changes offset 10.9% 
of the contemporary NPP reduction induced by air pollution.
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in aerosols and surface O3 in China. a–c, Changes in NPP caused by the radiative 
effects (RE) of different aerosol species (a), the climatic effects (CE) of aerosols 
through varied meteorological perturbations (b) and their combined effects 
(c). d, The overall aerosol effect is compared with O3 damage for simulations 
with and without the CAA plan. The RE of aerosols, calculated using the Column 
Radiative Model, are decomposed into OC, sulfate/nitrate and BC aerosols. The 
CE of aerosols are estimated using the mean climatic perturbations simulated by 

two Earth system models (Methods) and is separated into air temperature (Tair) 
and precipitation (PRE) effects. The uncertainty ranges for RE in c are shown by 
the error bars (n = 2) and the open circles reflect aerosol RE caused by 0.8–1.2 
times the simulated aerosol loading. The error bars (n = 2) for CE in c indicate the 
variability of NPP responses due to differing climate sensitivities between the  
two Earth system models (open circles). The error bars (n = 2) for O3 effects in  
d indicate the range of NPP changes due to differing O3 damage sensitivities  
(low to high) (open circles).
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Comparisons with NPP recovery from machine 
learning methods
We further examined the effects of changes in air pollutants on NPP 
in China during 2014–2020 using two machine learning methods 
(Fig. 4). These data-driven models can usually achieve high levels of 
accuracy because they learn directly from measurement data, cap-
turing intricate patterns and dependencies that might be missed by 
traditional modelling techniques (Methods). Sensitivity analyses 
showed that air pollutant reductions contributed to an NPP increase 
of 42.8 ± 26.8 TgC yr−1 with XGB and 43.4 ± 30.1 TgC yr−1 with RF 
(Table 1 and Fig. 4a). Over the period 2014–2017, changes in air pollut-
ants led to an average NPP recovery of 23.2 ± 15.2 TgC yr−1 with XGB and 
22.2 ± 19.1 TgC yr−1 with RF (Fig. 4a). A more pronounced NPP recovery 
was observed in the subsequent period (2018–2020), with increases 
reaching 68.9 ± 13.2 TgC yr−1 with XGB and 71.6 ± 15.3 TgC yr−1 with RF. 
As a result, the implementation of the CAA plan caused positive and 
significant (P < 0.05) trends in NPP recovery up to 12.3 ± 2.4 TgC yr−2 
with XGB and 13.6 ± 2.5 TgC yr−2 with RF models from 2013 to 2020. 
These trends are comparable to the 10.0 ± 5.0 TgC yr−2 estimated by 
process-based models (Fig. 4b).

Comparisons with NPP recovery due to LCC
Over the past three decades, China’s sustained afforestation efforts 
have substantially contributed to a marked greening trend29 and an 
enhanced carbon sink30. We also isolated the impact of LCC on NPP 
recovery as a comparison with CAA-induced NPP gains over the same 
periods (Fig. 4). Process-based models showed that the increases in 
tree cover led to an NPP recovery of up to 16.1 ± 8.7 TgC yr−1 in China 
during 2014–2020, with increments from 9.7 ± 4.6 TgC yr−1 in 2014–2017 
to 24.7 ± 4.5 TgC yr−1 in 2018–2020. As a result, positive trends in NPP 
recovery reached 4.2 ± 0.4 TgC yr−2 over the period 2013–2020. Simi-
larly, machine learning models identified that LCC contributed to NPP 
recoveries of 23.4 ± 9 TgC yr−1 with XGB and 19.5 ± 12.3 TgC yr−1 with RF in 
2014–2020. This recovery further intensified during 2018–2020, reach-
ing 32 ± 3 TgC yr−1 with XGB and 31 ± 3 TgC yr−1 with RF. Consequently, 
positive trends in LCC of 4.8 ± 1.1 TgC yr−2 and 5.5 ± 1.7 TgC yr−2 were 
found with the two machine learning methods, respectively. Compared 
with the CAA-induced NPP recovery, recovery due to LCC showed lower 
magnitudes and trends when using both process-based and machine 
learning models, suggesting a more substantial NPP recovery driven 
by short-term air pollution mitigation measures.

Robustness of the derived NPP recovery
Our study quantified the comprehensive impacts of the CAA plan on eco-
system productivity in China. We discovered that CAA-induced changes 
in aerosols and O3 consistently promoted NPP by 26.3 ± 27.9 TgC yr−1 
during 2014–2020 (Fig. 2), which is predominantly attributed to 
reduced BC concentrations, increased precipitation and decreased 
O3 concentrations (Fig. 5). The robustness of these findings is supported 
by rigorous validations of air pollutants and ecosystem responses. 
The simulated changes in O3 and total AOD reproduced the observed 
spatiotemporal variations (Fig. 1). The simulated AOD of BC showed 
a decreasing trend of −6.77% yr−1 over eastern China, similar to the 
−7.75% yr−1 trend obtained from satellite observations31 (Supplemen-
tary Fig. 7a–c). The simulated surface BC concentrations decreased 
at a rate of −7.66% yr−1, close to the trend of −9.27% yr−1 indicated by a 
data-fusion model product that combines multi-source observations 
and emissions inventories32 (Supplementary Fig. 7d–f). The modelled 
responses of plant photosynthesis to O3 were also validated using both 
global measurements16 and measurements from China18 in the literature. 
Simulated diffuse fertilization effects were evaluated against site-level 
observations from 167 stations33 (Supplementary Figs. 8 and 9), and 
the radiative and climatic effects of aerosols were also validated with 
other Earth system models25.

We applied machine learning models to cross-validate the results 
derived from process-based models. Both machine learning models 
reported greater NPP recovery than the process-based models on 
the basis of decadal averages and trends (Fig. 4). The process-based 
models isolated changes in aerosols and O3 attributed to CAA-induced 
controls on anthropogenic emissions, whereas the machine learning 
models considered the combined effects of anthropogenic and natural 
emissions and meteorological variations on air pollutants. Despite 
these discrepancies, previous studies have demonstrated that anthro-
pogenic emissions controls have been the dominant drivers of reduc-
tions in air pollutants over recent decades2,27. Our analyses using both 
process-based and machine learning models yielded similar temporal 
variations and comparable magnitudes of NPP recovery.

Implications and uncertainties
Previous studies have highlighted notable increases in land carbon 
assimilation in China that were driven by ecological projects such as 
the Three North Shelterbelt Development Program34 and the Grain 
for Green Project35. Recent studies have shown that the long-term 
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afforestation efforts contributed to a recovery of the land carbon 
sink in China by up to 44% during 1980–201930. By analysing the lat-
est land-cover data for afforestation in China36, we found that LCC 
on average accounted for 45–61.2% of NPP recovery attributable to 
CAA-induced air pollution changes from different methods (Fig. 4a). 
These results underscore the large benefits of stringent air pollution 
controls for ecosystem health and regional carbon uptake. Our analyses 
showed that implementation of the CAA plan boosted NPP recovery 
more than LCC in China, but their relative impacts on regional car-
bon sinks remain unclear. This is due to the complex responses of soil 
respiration, which involve long-term accumulation and slow conver-
sion processes that are not yet fully quantified. Taking soil respiration 
and other factors into account, we estimated a 25% conversion of the 
additionally assimilated NPP to the land carbon sink9. As a result, the 
short-term CAA-induced air pollution reduction may have increased 
the regional carbon sink by 6.6–10.9 TgC yr−1, accounting for 2.5–5.7% 
of the regional terrestrial sink20 and 0.25–0.41% of fossil fuel carbon 
emissions37 in China.

Our estimates were subject to modelling uncertainties in pol-
lutant concentrations, aerosol climatic effects, linear attributions 
and O3 damage sensitivity. To address the uncertainties in aerosol 
concentrations, we conducted additional sensitivity experiments 
by applying scaling factors of 0.8 and 1.2 to aerosol loading for spe-
cific species. These simulations resulted in NPP enhancements of 
2.6 ± 1.4 TgC yr–1and 10.4 ± 5.8 TgC yr−1 attributable to aerosol radiative 
effects, respectively (Fig. 3c), close to the estimate of 6.2 ± 3.2 TgC yr−1 
obtained under the baseline aerosol loading conditions. For aerosol 
climatic effects, we conducted two sensitivity experiments to estimate 
uncertainties from different climate models (Methods), resulting in 
positive NPP recovery ranging from 9.3 to 18.6 TgC yr−1 (Supplemen-
tary Fig. 10a,b). Our attribution methods may ignore the nonlinear 
interactions among different species and climatic variations. The 
sum of NPP changes, calculated by aggregating the impacts of indi-
vidual species and aerosol-induced climatic variations (Extended 
Data Fig. 5), was lower than the results obtained when considering all 
species and climatic variations together (Fig. 2). Furthermore, there 

are uncertainties associated with O3 damage effects in our simulated 
NPP recovery. To verify the robustness of our results, we used the mean 
value (6.2 ± 17.6 TgC yr−1) derived from a range of low (4.2 ± 12.7 TgC yr−1) 
to high (8.1 ± 22.6 TgC yr−1) O3 damage sensitivities (Fig. 3d).

Despite these uncertainties, we found that a robust NPP recovery 
of 52.9 ± 20.3 TgC yr−1 in 2018–2020 (Fig. 5) could be attributed to the 
enactment of the CAA plan. Looking ahead, further gains from aerosol 
removal would be limited because the total NPP damage induced by 
aerosols was only −111 ± 17.8 TgC yr−1, which is considerably less than 
the damage of −376 ± 22.6 TgC yr−1 induced by O3 pollution (Extended 
Data Fig. 1). The second phase of the CAA plan (2018–2020) effec-
tively alleviated O3 pollution (Supplementary Fig. 6) through the 
joint control of non-methane VOCs and NOx (Supplementary Fig. 1). 
If the current rate of O3 reduction continues over the next decade, 
we project a further decrease of ~5.5 ppbv in surface O3, potentially 
boosting NPP recovery by 94 TgC yr−1 based on 2018–2020 carbon 
recovery rates. This suggests that there is considerable potential 
to enhance the land carbon sink through more effective control of 
surface O3 in the future29.

Online content
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maries, source data, extended data, supplementary information, 
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tributions and competing interests; and statements of data and code 
availability are available at https://doi.org/10.1038/s41561-024-01586-z.
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Methods
Data-driven model
We used two machine learning algorithms, XGB and RF, to construct 
data-driven NPP models in combination with multi-source observa-
tions. As an updated gradient boosting machine algorithm, XGB can 
address overfitting problems in training datasets by applying regular-
ized boosting and parallel processing39. XGB is trained using decision 
tree ensembles, including a set of classification and regression trees. 
The major calculation of XGB is as follows:

ŷi =
k=N
∑
k=1

fk (xi) , fϵF (1)

where ŷi and xi are the modelled output and initial input variables, N is 
the number of training trees, k represents a specific training tree, f is a 
function in the functional space F including the set of all possible 
classification and regression trees. The objective function to be 
optimized is then given using real values yi as follows:

obj (θ) =
N
∑
i=1

l( yi, ̂yi) +
k=N
∑
k=1

Ω( fk) (2)

where l( yi, ŷi) and Ω(fk) are the training loss function and regularization 
term. The training loss represents the performance of the predictive mod-
els with the training data. The regularization term controls the complexity 
of the predictive models, avoiding the overfitting problems.

RF is a widely recognized technique in machine learning with 
advanced efficacy in classification and regression tasks40. During the 
training process, the RF model constructs each decision tree using a 
randomly selected subset of the data along with a randomly selected 
subset of features for each split. This randomness not only introduces 
variability among individual trees, but also substantially reduces the 
risk of overfitting, thus enhancing the overall prediction accuracy. RF 
is particularly noted for its ability to manage complex datasets, reduce 
overfitting and yield reliable predictions compared with traditional 
methods. The fundamental computation involved in the RF model is 
shown as follows:

F(x) = 1
T

T
∑
t=1

ft(x) (3)

where F(x) is the output, x is the input data, ft(x) is the model for each 
tree, and T is the number of total trees. The final output of the RF model 
is determined by averaging the predictions from each individual tree 
within the ensemble. This approach allows the RF model to leverage the 
strengths of multiple decision trees, mitigating the impact of errors in 
any single tree on the final prediction. Moreover, XGB and RF both use 
decision trees to construct predicted models in the training processes. 
Decision trees are often by nature immune to colinearity between input 
variables owing to the selection of the optimal feature41. For instance, 
when there are two input features of a decision tree model with intercor-
relations of 99%, the decision tree model will choose only one of them 
as statistic feature during the process of deciding on a split.

Data-driven models have demonstrated superior performance 
compared with traditional methods in addressing complex environ-
mental issues such as air pollution42 and the terrestrial carbon cycle43. 
In this study, we applied both XGB and RF to construct predictive 
models for NPP in China using LCC, air pollutant and meteorology 
data as inputs. For LCC, we used the year-to-year forest and non-forest 
cover fraction developed by combining multiple satellite retrievals and 
the national forest inventory36. For air pollutants, we used monthly 
gridded concentrations of PM2.5 and MDA8 O3 from an assimilation 
data product combined with thousands of ground-based observation 
sites32. Given the spatial heterogeneity of CO2, we used well-validated 
monthly gridded CO2 datasets as inputs for the data-driven models. 

These datasets were derived from estimations that integrate a con-
strained ensemble Kalman filter in a carbon assimilation system that 
incorporates ground-based observations44. For meteorology, we used 
the 2 m temperature, shortwave radiation and precipitation from the 
fifth-generation reanalysis of global atmosphere dataset from the Euro-
pean Centre for Medium-Range Weather Forecasts (ERA-5)45. All input 
drivers were interpolated onto 0.5° × 0.5° grids and monthly timescales 
for 2013–2020 in China.

We developed XGB-NPP and RF-NPP models to assess the impacts 
of air pollutants on NPP in China. To construct the models, we randomly 
selected 80% of the total sample (291,152 data points) for training and 
reserved the remaining 20% (72,787 data points) for validation. The 
detailed parameters of both models are presented in Supplementary 
Table 1. We employed five- and tenfold cross-validations to evaluate the 
performance of the XGB-NPP and RF-NPP models during the training 
process. Specifically, the entire training dataset was randomly divided 
into five or ten folds, each containing an equal number of samples. 
For each iteration, four or nine folds were used to train models, while 
the remaining fold served as the test dataset to assess model perfor-
mance. This process was repeated until each fold had been used as 
the test dataset. Our results showed that the XGB-NPP and RF-NPP 
models demonstrated high accuracy in estimating NPP, with R2 = 0.88 
(median values from fivefold cross-validation) and R2 = 0.89 (median 
values of tenfold cross-validation) (Supplementary Table 2). These 
results confirm the excellent performance of data-driven models in 
avoiding overfitting and ensuring model robustness. Validations with 
all the derived datasets also demonstrated that both the XGB-NPP and 
RF-NPP models could accurately reproduce observed NPP in China 
from Global LAnd Surface Satellite data46,47, exhibiting low biases of 
−0.34% and −0.23% and high correlations of 0.93 and 0.95, respectively 
(Supplementary Fig. 11).

We then performed two baseline experiments using year-to-year 
varied forcings (XGB_BASE or RF_BASE) to drive the developed machine 
learning models (Supplementary Table 3). To specifically examine the 
effects of air pollutant changes on NPP, we conducted two sensitivity 
experiments with fixed PM2.5 and MDA8 O3 concentrations set to the 
2013 level (XGB_FIX_AIR or RF_FIX_AIR). The differences between BASE 
and FIX_AIR represented the NPP responses to changes in air pollut-
ants. It is important to note that the XGB-NPP and RF-NPP models 
cannot isolate the impacts of the CAA plan on air pollution, because 
the changes in observed air pollutants result from both emissions 
controls and climatic variation. We also performed two sensitivity 
experiments to isolate the impacts of LCC on NPP, comparing simula-
tions from XGB_BASE and RF_BASE and those using fixed LCC in 2013 
(XGB_FIX_LCC and RF_FIX_LCC).

Process-based models
We used a suite of numerical models to explore the changes in air pol-
lution and the associated ecological responses due to the CAA plan 
in 2014–2020. The GEOS-Chem (version 12-01) chemical transport 
model was used to predict CAA-induced changes in three-dimensional 
aerosol profiles and surface O3 concentrations. GEOS-Chem simulates 
gas-phase pollutants and aerosols (sulfate, nitrate, BC, OC, dust and sea 
salt) based on a fully coupled NOx–Ox–hydrocarbon–aerosol chemistry 
mechanism48. The model was driven with three-dimensional meteoro-
logical data from version 2 of NASA’s Modern-Era Retrospective Analy-
sis for Research and Applications (MERRA-2)49 and two-dimensional 
surface anthropogenic and natural emissions. The anthropogenic 
emissions used in this study were adopted from the latest Multireso-
lution Emission Inventory in China (MEIC)2. In this study, GEOS-Chem 
simulated aerosol profiles and surface O3 concentrations at a resolu-
tion of 0.5° × 0.625° over the whole of China. The outside boundary 
conditions were provided by global simulations at a horizontal resolu-
tion of 2° × 2.5° with year-to-year anthropogenic emissions from the 
Community Emissions Data System inventory.
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The Column Radiative Model (CRM) was used to simulate AOD and 
the aerosol-induced changes in diffuse and direct surface radiation. 
As the standalone version of the radiative transfer module used by the 
National Center for Atmospheric Research (NCAR) Community Climate 
Model (http://www.cesm.ucar.edu/models/), the CRM calculates direct 
aerosol radiative effects (scattering and absorbing processes) with 
20 vertical layers from the land surface to a height of 0.5 hPa at hourly 
intervals. The model calculates radiative perturbations by aerosols with 
optical parameters for sea salt50 (coarse and accumulation modes), min-
eral dust51 (clay and silt) and anthropogenic species52 (sulfate, nitrate, 
BC and OC). Here the CRM was driven with hourly three-dimensional 
meteorological data from MERRA-2 reanalyses and 3 h cloud cover and 
liquid water path data from the Clouds and the Earth’s Radiant Energy 
System SYN1deg product (http://ceres.larc.nasa.gov).

To assess aerosol climatic effects, we used the AOD–climate rela-
tionships derived from two Earth system models (ESMs): ModelE2 and 
CESM1 (Supplementary Section 2). For this study, we performed two 
simulations from 1990 to 2020 using ModelE2. In the first simulation, 
we applied year-to-year anthropogenic emissions from the Community 
Emissions Data System globally and from the MEIC for China. In the 
second simulation, we used the same configurations except that the 
MEIC emissions were fixed at 2013 levels for the period after 2013. Both 
simulations accounted for air–ocean coupling and direct and indirect 
aerosol radiative effects. The differences in AOD and climatic variables 
between the two runs represent the aerosol effects due to the control of 
anthropogenic emissions in China. For CESM1, we used the simulated 
changes in temperature and precipitation induced by domestic aerosol 
changes in China during 2013–2019 assessed in a recent study53. We col-
lected the averages of AOD and climatic variables in China from both 
ESMs to derive climatic perturbations due to aerosol changes. These 
climatic sensitivities were applied in conjunction with simulated AOD 
changes from CRM to calculate CAA-induced changes in temperature 
(ΔTair) and precipitation (ΔPRE) as follows:

ΔTair(i, j) = ΔTairESM(i, j) ×
ΔAODCRM
ΔAODESM

(4)

ΔPRE(i, j) = ΔPREESM(i, j) ×
ΔAODCRM
ΔAODESM

(5)

where ΔTairESM(i, j) and ΔPREESM(i, j) are the differences in Tair and PRE 
at each grid point (i, j) as simulated by ModelE2 or CESM1 with and 
without the anthropogenic emissions controls in China. ΔAODCRM

ΔAODESM
 is used 

to correct the biases in the simulated national average AOD changes 
caused by CAA plans for both models with mean AOD changes simu-
lated by CRM (Supplementary Fig. 12). As a result, we performed two 
experiments using bias-corrected simulations from either ModelE2 or 
CESM1 to quantify the modelling uncertainties, and the ensemble mean 
of both ESMs was used to represent aerosol climatic effects.

iMAPLE22 was used to simulate land carbon perturbations caused 
by aerosols and O3. As the updated version of the Yale Interactive ter-
restrial Biosphere model54, iMAPLE includes process-based carbon 
cycles, water cycles and their interactions. The model can dynamically 
simulate carbon fluxes, leaf area index, tree growth and the carbon 
allocation of nine plant functional types, as well as the prognostic soil 
temperature/moisture and evapotranspiration. Since 2020, iMAPLE 
(and the earlier version of the Yale Interactive terrestrial Biosphere 
model) has joined the multi-model ensemble project TRENDY to pro-
vide estimates of the global carbon budget55. Here iMAPLE was driven 
with hourly surface meteorological data from MERRA-2 reanalyses and 
annual LCC data from the latest land-cover data developed by com-
bining national forest inventory, satellite-based forest age and forest 
cover datasets36. Leaf-level photosynthesis was calculated using the 
well-validated enzyme-kinetics56 and stomatal conductance schemes57. 
The canopy was divided into sunlit and shaded leaves to distinguish 

the effects of direct and diffuse light, and plant photosynthesis was 
calculated as the sum of photosynthesis from sunlit and shaded leaves 
as follows:

Atotal = Asunlit × Fsunlit + Ashaded × (1 − Fsunlit) (6)

where Asunlit and Ashaded are the photosynthesis of sunlit and shaded 
leaves, respectively. The fraction of the sunlit leaf area, Fsunlit, was cal-
culated as follows:

Fsunlit = e−RL (7)

where L the is leaf area index at one canopy layer and R is the extinction 
coefficient defined as 0.5/cosα (α is the solar zenith).

The iMAPLE model calculates O3 damage to plant photosynthesis 
using a well-established flux-based scheme23. The O3 damage scheme 
assumes a reduced plant photosynthesis rate FO3 ,D as a function of the 
stomatal O3 flux FO3:

FO3 ,D = {
−fO3 × (FO3 − TO3 ) , if FO3 > TO3
0, if FO3 ≤ TO3

(8)

where fO3 is the O3 sensitivity coefficient and TO3 is the damage thresh-
old. FO3 is dependent on the ambient O3 concentration and stomatal 
conductance (gs). f varies, with low to high values for each plant func-
tional type to represent the uncertainties in O3 sensitivity correspond-
ing to each species23. TO3  indicates the plant tolerance to O3 
concentrations, and FO3 ,D is negative when FO3 is higher than TO3.

Simulations
We performed 2 GEOS-Chem runs, 17 CRM runs and 34 iMAPLE runs 
to isolate the impacts of O3 and aerosols on NPP in China following 
the implementation of the CAA plan (Supplementary Table 4). The 
GEOS-Chem runs, GC_BASE and GC_FIX, were driven with the same 
meteorological conditions and natural emissions, but in the GC_BASE 
run we used the year-to-year anthropogenic emissions following the 
implementation of the CAA plan, while in the GC_FIX run we used 
anthropogenic emissions fixed at 2013 levels without the implementa-
tion of the CAA plan. The differences between GC_BASE and GC_FIX rep-
resented the O3 and aerosol concentration changes resulting from the 
CAA plan without meteorological influences, following the methods 
used by Zhang et al.4. Both experiments provided three-dimensional 
concentrations of different aerosol types, including sulfate, nitrate, 
OC, BC, dust and sea salt, for use in CRM.

The CRM runs included the CRM_NA run without aerosol effects, 
the CRM_BASE run with aerosol profiles from GC_BASE and the CRM_FIX 
run with aerosol profiles from GC_FIX. The impacts of individual aero-
sol species on surface photosynthetically active radiation (PAR) were 
isolated with specific aerosol profiles derived from either GC_BASE 
or GC_FIX. For example, the BC outputs from the GC_BASE model run 
were used to drive the CRM (CRM_BC) to quantify surface radiative 
perturbations by BC aerosols. For aerosol climatic effects, we used AOD 
differences between CRM_BASE and CRM_FIX/CRM_NA experiments 
along with the climatic sensitivity from two ESMs. These data were 
utilized to calculate the responses of temperature and precipitation 
to aerosol changes following equations (4) and (5).

Both the radiative effects (simulated changes in surface diffuse 
and direct PAR from CRM) and climatic effects (simulated changes 
in meteorological variables based on ESM sensitivity and AOD from 
CRM) of aerosols were used to drive the iMAPLE model to explore 
the NPP changes caused by aerosol perturbations. For the O3 damage 
effect, four iMAPLE runs, IM_BOH (IM_BOL) and IM_FOH (IM_FOL), were 
performed using the O3 concentrations output from the GC_BASE and 
GC_FIX model runs with high (low) O3 damage sensitivities. We also 
performed an extra experiment to isolate LCC impacts on national 
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NPP in China using the difference in simulations between variable 
(IM_BASE) and fixed LCC (IM_LCC). All simulations were performed 
for the 2013–2020 period with a 200 yr spin-up period for vegetation 
and soil carbon pools. Surface O3 simulated at a 0.5° × 0.625° resolu-
tion from GEOS-Chem and the radiative fluxes at a 1° × 1° resolution 
from CRM were downscaled to a resolution of 0.25° × 0.3125° for use 
in iMAPLE to calculate the NPP responses to aerosols and O3 changes 
caused by the CAA plan.

Model validations
The O3 concentrations simulated with GEOS-Chem showed a spatial 
pattern that was similar to the ground-based observations (with 
correlations of 0.82) but overestimated the concentrations by up 
to 15.2% during 2014–2015 (Fig. 1). This overestimation may have 
been related to the large sample of urban sites in the observational 
network. An earlier study58 found a moderate bias of 4% in the surface 
O3 simulated with GEOS-Chem compared with that measured at 115 
sites in China from the same network that excluded urban sites. The 
biases in simulated O3 might therefore have had limited impacts 
on the NPP results in this study because high vegetation coverage 
occurs mainly in rural areas. The AOD simulations obtained with 
CRM effectively reproduced the satellite-observed spatial pattern 
with correlations of 0.91 and annual trends (Fig. 1). Regionally, the 
simulations slightly overestimated the AOD over the SCB and NCP 
with high anthropogenic emissions, but underestimated the AOD 
over northwest China owing to fewer dust aerosols in this region  
(Supplementary Fig. 13). The simulated AOD showed decreasing 
trends over most areas, consistent with previous studies that incor-
porated ground-based observations59. Regarding aerosol species, 
we found that the simulated BC AOD matched the satellite-retrieved 
AODs with regards to both the spatial distribution and temporal  
variations in eastern China (Supplementary Fig. 7).

iMAPLE reproduced the observed spatial carbon flux pattern 
with high correlation coefficients of 0.89 (P < 0.01) for gross pri-
mary productivity (GPP) and 0.75 (P < 0.01) for NPP compared with 
the satellite-based products (Supplementary Fig. 14). The compari-
sons also yielded small biases of −7.78% for GPP and 15.17% for NPP. 
Meanwhile, the simulated mean and trends in leaf area index also 
presented similar spatiotemporal variations of 1.05 and 0.01 yr−1 with 
satellite-based observations of 1.03 and 0.01 yr−1 (Supplementary 
Fig. 15). Furthermore, iMAPLE predicted reasonable GPP responses to 
O3 and diffuse radiation. To explore the diffuse effects, we performed 
site-level simulations at 167 FLUXNET sites providing long-term hourly 
diffuse radiation data33. We separated solar radiation into diffuse (dif-
fuse fraction > 0.8) and direct (diffuse fraction < 0.2) conditions follow-
ing the methods described by Mercado et al.10 (Supplementary Fig. 8). 
The observations and simulations both showed that GPP grew faster 
under more diffuse conditions. The diffuse fertilization efficiency, 
defined as the percentage change in GPP per unit of diffuse radiation, 
was 0.15–1.06% W−1 m2 from the observations and 0.11–1.09% W−1 m2 
from simulations. For sites in China, the simulated diffuse fertiliza-
tion efficiency of 0.11–0.84% W−1 m2 was also close to the observed 
diffuse fertilization efficiency of 0.32–0.92% W−1 m2 (Supplementary 
Fig. 9). Regarding the O3 damage effects, iMAPLE simulated reasonable 
damage effects compared with global observations from hundreds of 
published studies with different plant functional types16.

We also evaluated the performance of the CRM in simulating 
shortwave radiation and the diffuse fraction in China. The simulations 
showed a similar spatial pattern to the Clouds and the Earth’s Radiant 
Energy System observations, with high correlation coefficients of 
0.94 (P < 0.01) and 0.92 (P < 0.01) and low biases of 3.7% and −13.6% 
for shortwave radiation and the diffuse fraction, respectively (Sup-
plementary Fig. 16). Large diffuse fraction underestimations were 
found mainly over northwest China, which has very low vegetation 
coverage. The comparisons showed a bias of −4.8% for the diffuse 

fraction over eastern China with high GPP and NPP. Based on the CRM 
outputs, our simulations showed that aerosols reduced direct solar 
radiation by 16.3 W m−2 nationwide and 23 W m−2 in the eastern region 
for 2013–2020, weaker than previous estimates of −21.9 W m−2 over all 
of China60 and −28 W m−2 in the eastern part61; these differences are 
probably due to the higher aerosol loading before 2010 considered in 
the latter studies. Furthermore, compared with satellite-based data 
products and simulations from other radiative models, CRM repro-
duced reasonable direct aerosol radiative effects in China with regards 
to both the spatial pattern and magnitude25.

Data availability
All simulations that support the finding of this study and source data 
underlying Figs. 1–5 are publicly available via Figshare at https://doi.org/ 
10.6084/m9.figshare.27186126.v1 (ref. 62). The data used in this study are 
available publicly from the following databases. GLASS 8-day 500 m NPP 
and leaf area index data were obtained from the University of Maryland at 
http://www.glass.umd.edu/. The land-cover data in China are available via 
the National Ecosystem Research Network Data Center at https://doi.org/ 
10.12199/nesdc.ecodb.rs.2023.015 (ref. 63). Gridded PM2.5 and MDA8 O3 
data were downloaded from Tsinghua University at http://tapdata.org.cn. 
The meteorological datasets are from the ERA-5 reanalysis (https://www. 
ecmwf.int/) and monthly spatial CO2 data are available in ref. 44.

Code availability
The codes for the processed-based and data-driven models are publicly 
available from the following sources. The codes for iMAPLE are avail-
able via Figshare at https://doi.org/10.6084/m9.figshare.23593578.
v1 (ref. 64) and CRM is openly available at https://www.ess.uci.
edu/~zender/. GEOS-Chem is developed and updated by the Atmos-
pheric Chemistry Modeling Group at Harvard University and is avail-
able at https://acmg.seas.harvard.edu/geos/. The Python codes for XGB 
and RF used in the data-driven models are available at https://xgboost.
readthedocs.io/en/latest/python/ and https://scikit-learn.org/stable/
modules/ensemble.html, respectively.
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Extended Data Fig. 1 | Spatial pattern of NPP changes due to baseline 
air pollutants. Results shown are the changes of NPP (g C m−2 day−1) during 
May-September caused by (a) aerosols, (b) ozone, and (c) their combined effects 
during 2014-2020 from simulations with and without air pollutants. The aerosol 

impacts are further separated into (d) radiative and (e) climatic effects on NPP. 
The national total changes in NPP (Tg C yr−1) are shown on each panel. Basemaps 
(including inset maps) of China are adopted from the Resource and Environment 
Science and Data Center, ref. 38.
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Extended Data Fig. 2 | Responses of NPP to the radiative effects of baseline 
aerosol species. Results shown are the impacts of five aerosol species 
including (a) black carbon, (b) organic carbon, (c) sulfate and nitrate, (d) sea 
salt and (e) dust on May-September NPP in China during 2014-2020 through 

perturbations in diffuse and direct radiation. Please notice the differences in 
color scales. The units are g C m−2 day−1. Basemaps (including inset maps) of China 
are adopted from the Resource and Environment Science and Data Center, ref. 38.
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Extended Data Fig. 3 | Responses of NPP to baseline aerosol climatic effects. Results shown are the impacts of aerosol-induced changes in (a) temperature and 
(b) precipitation on May-September NPP (g C m−2 day−1) in China during 2014-2020. Basemaps (including inset maps) of China are adopted from the Resource and 
Environment Science and Data Center, ref. 38.
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Extended Data Fig. 4 | NPP recovery due to changes in aerosol radiative and 
climatic effects following CAA plans in China. Results shown are the changes 
in May-September NPP (g C m−2 day−1) due to the CAA-induced changes in aerosol 

(a) radiative and (b) climatic effects during 2014-2020. Basemaps (including inset 
maps) of China are adopted from the Resource and Environment Science and 
Data Center, ref. 38.
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Extended Data Fig. 5 | NPP responses to changes in aerosol radiative and 
climatic effects following CAA plans in China. Results shown are the changes 
in May-September NPP (g C m−2 day−1) due to the CAA-induced changes in 
aerosol radiative effects from (a) BC, (b) OC, and (c) sulfate and nitrate, as well 

as those of aerosol climatic effects from perturbations in (d) temperature and 
(e) precipitation. Basemaps (including inset maps) of China are adopted from 
the Resource and Environment Science and Data Center, ref. 38.
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