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The impacts of climate change and anthropogenic activities on 
Earth’s vegetation and ecosystems have been in the spotlight 
of science in the past decades1–6. With increasing climate vari-

ability and more frequent occurrences of extreme events expected 
in the future7, research has targeted the sensitivity of ecosystems8,9. 
At the same time, recent studies have shown globally increasing 
leaf area index (LAI; a proxy for green vegetation cover)10, and 
aboveground biomass carbon (ABC)11, also known as the greening 
Earth10,12. Dynamic vegetation models and Earth observation stud-
ies reveal climatic and atmospheric changes as the main drivers of 
large scale increases in LAI10,13. On the contrary, the anthropogenic 
footprint is usually found to cause land degradation and deforesta-
tion13,14, and only a few studies find a direct positive effect of man-
agement on vegetation cover and biomass trends2,11,15. Although 
ecological conservation projects aim at increasing biodiversity, 
carbon sequestration and vegetation cover16,17, the success of such 
conservation efforts is not easily quantifiable, and the spatial foot-
print of projects is not always commensurable with contemporary 
satellite- and modelling-based monitoring methods. Adaptation 
and mitigation strategies to climate change should be anchored in 
knowledge on how ecosystems respond to climatic and anthropo-
genic disturbances, but at present it is not known whether conser-
vation projects impact on the ability of vegetation to alleviate the 
effects of climate change at large scales.

China’s ecological restoration projects (for example, the Natural 
Forest Protection Project, the Grain to Green Project, and the Karst 
Rocky Desertification Restoration Project) are considered ‘mega-
engineering’ activities and the most ambitious afforestation and 
conservation projects in human history16–19. The highly sensitive and 

vulnerable karst ecosystem in southwest China is one of the largest 
exposed carbonate rock areas (more than 0.54 million km2) in the 
world. This area hosts 220 million people20,21 and has been selected 
as a major target of restoration projects. Descriptions as early as the 
seventeenth century reported the rocky karst mountains as an area 
of sparse forest or vegetation cover22, and accelerating desertifica-
tion has been reported during the past half century, caused by the 
increasing intensity of human exploitation of natural resources21–24. 
As a result, approximately 0.13 million km2 of karst areas previ-
ously covered by vegetation and soil were turned into a rocky land-
scape. To combat this severe form of land degradation and to relieve 
poverty, more than 130 billion yuan (~19 billion USD) have been 
invested in mitigation initiatives since the end of the 1990s24. The 
largest programme implemented, the Grain to Green Project, offers 
grain, cash and free seedlings as compensation for rural households 
to re-establish forests, shrub and/or grassland24. The costs of eco-
logical engineering projects as a climate change mitigation measure 
are however only justified if ecosystem properties can be affected at 
large scales. If such afforestation projects are to be considered suc-
cessful, a large-scale improvement in vegetation cover and carbon 
sequestration is required with a clear relation to the spatial extent 
of areas selected for conservation projects. If evidence of such large-
scale projects can be found, we further expect these increases to be 
independent from climate trends.

Results
Shifts in satellite time series coincided with conservation project 
implementation. LAI from GIMMS-3g10 (1982 to 2015) as well 
as ABC derived from vegetation optical depth (VOD)11 (1992 to 
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2012) satellite observations were analysed at the regional scale for 
the Guangxi, Guizhou and Yunnan provinces in southwest China. 
MODIS LAI25 (hereafter LAImodis) as the state-of-the-art satellite 
product was included for comparison. To separate climatic drivers 
from anthropogenic impacts, LAI and ABC were simulated without 
human influence with the dynamic vegetation model LPJ-GUESS26 
(hereafter LAIsim and ABCsim). Breakpoints27 in LAI time series were 
identified at pixel level and the timing of the observed shifts was 
analysed. The number of pixels with breakpoints for LAI increased 
from 1987 to 2009 with most breakpoints detected between 
2002 and 2004 (Fig.  1a). The biggest Chinese conservation pro-
gramme, the Grain to Green Project, was launched in 2000/2001 in  

southwest China and most conservation areas were fully imple-
mented in 2002–2004 (Fig. 1b) coinciding with the highest numbers 
of detected breakpoints. The year 2000 was thus used as a dividor 
for pre- and post-conservation periods.

The annual ABC11 as well as average growing-season LAI10 both 
showed weak positive trends before 2000 (+ 0.14 Mg C ha−1 y−1, 
p <  0.01; + 0.01 m² m−2 y−1, p <  0.05), which doubled in the post-2000 
period (+ 0.3 Mg C ha−1 y−1, p <  0.01; + 0.02 m² m−2 y−1, p <  0.05) 
(Fig. 1c,e, Fig. 2a). The differences in slopes of both LAI and ABC 
between the two periods were significant (one-way analysis of vari-
ance, p <  0.01). After implementation of the conservation projects 
in 2000, all satellite-based ABC and LAI data sets showed rapid 
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Fig. 1 | Temporal profiles averaged over the three provinces. a, Accumulated breakpoints in LAI satellite time series. b, Accumulated areas under 
conservation. c, ABC derived from VOD satellite observations (1992–2012). d, Simulated ABCsim from the ecosystem model LPJ-GUESS without 
anthropogenic influence (1982–2015). e, GIMMS-3g LAI (1982–2015). f, LPJ-GUESS simulated LAIsim without anthropogenic influence (1982–2015).  
Pre- and post-conservation periods (before and after 2000) are divided by grey shading. The initial greening phase (2000–2006) is marked with dotted 
lines. g, MODIS LAImodis (2001–2015). Less inter-annual variations and no saturation as compared with GIMMS-3g are explained by the higher sensor  
and/or production quality and less influence by clouds. h, SPEI as drought indicator (1982–2015).
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increases until around 2006 (Fig. 1c,e,g). Whereas GIMMS-3g LAI 
reached a stable level after this green-up phase, ABC and LAImodis 
continued to increase. Trends in LAIsim and ABCsim were similar to 
the observed LAI and ABC in the first period (Fig. 1d,f), but in the 
second period the temporal development of LAIsim was increasingly 
diverging from the observed LAI and followed climate conditions 
characterized by the standardized precipitation–evapotranspira-
tion index (SPEI)28 (Figs. 1h, 2a,b). ABCsim stopped increasing after  
2000 (Fig. 1d).

In the spatial domain, ABC and LAI trends were mostly positive 
over the full period, but negative around urbanized areas (for exam-
ple, Kunming and Nanning) as well as over agricultural development 
zones (for example, Baise) (Fig. 3a,b, see Supplementary Figs. 1,2 for 
LAImodis and LAIsim). The positive trends observed aligned spatially 
with the Chinese national borders, and LAI and ABC of the neigh-
bouring countries Myanmar, Laos and Vietnam predominantly 
showed a negative trend, indicating climate- and human-caused 
forest losses29 (Figs. 2b, 3a,b). LAI trends in several areas were less 
negative than ABC trends (for example, in Laos) which could be 
explained by secondary forest regrowth having a similar LAI but 
a lower ABC than the former primary forest. As LAIsim simulates 
vegetation changes only from climate forcing data, whereas LAI also 
includes anthropogenic influence, a decreasing correlation between 
these two variables indicates an increased human-induced footprint. 
Indeed, the correlation between simulated LAIsim and observed LAI 
in China was stronger and positive before 2000 (r =  0.43, p =  0.08) 

but weaker and negative in the later period (r =  − 0.32, p =  0.2). Due 
to long-lasting drought conditions in southwest China in the sec-
ond period, negative anomalies dominated both LAIsim and SPEI in 
the later years (Figs. 1f, 2a,b). Negative anomalies were also found 
in LAI and ABC of China’s neighbouring countries, suggesting a 
stronger impact of climate than was observed in southwest China 
(Fig. 2b). Overall, comparing observed data and model simulations 
suggested that the sensitivity of the ecosystem to climate perturba-
tions has been reduced by the intense human management.

Observed increases in carbon stocks. To further quantify the 
effects of conservation projects, ABC (Mg C ha−1) was converted 
to carbon stocks (Pg C) for the three provinces. No change was 
observed in the pre-conservation period with C stocks being stable 
at ~4.3 Pg C (Fig.  2c). C stocks increased after the implementa-
tion of conservation areas after 2001 by ~9% to 4.7 Pg C in 2012  
(+ 0.05 Pg C y−1) in spite of negative anomalies in SPEI. ABC esti-
mates from the climate-driven ecosystem model LPJ-GUESS 
did not show a comparable increase in C stocks in the absence of 
anthropogenic influence.

Trends in LAI and ABC significantly differed with conservation 
efforts. The effects of conservation projects on LAI and ABC trends 
were analysed at county level by dividing all counties within the 
three provinces into four groups according to the total conservation 
areas of the Grain to Green Project (Fig. 3c, Supplementary Table 1). 
Trends (linear slopes) for the four groups were determined for 
two periods, before and after 2000. For the first period, the trends 
for both LAI and ABC were rather low and of similar magnitude 
between all groups (Fig.  4a, Supplementary Fig.  3). After imple-
mentation of the conservation projects (second period), the trends 
clearly diverged between the groups. Overall, LAI and ABC showed 
increasing trends after 2000, however being most pronounced for 
areas characterized by high conservation efforts. There was no 
significant difference between the groups for SPEI over the entire 
period (one-way analysis of variance; p >  0.9), but it is notable that 
negative SPEI anomalies dominated during the past decade, provid-
ing less favourable growing conditions for vegetation in the entire 
region (Fig.  4b). By comparing the pre- and post-conservation 
project periods, it is clear that the LAI trends reflected the size of 
the project areas rather than changing climatic conditions (SPEI), 
which on the other hand controlled the modelled LAIsim (Fig. 4b). 
Whereas forests were equally distributed among the groups (~55%), 
the group of highest conservation efforts (group 4) had the high-
est share of karst areas (70%) and farmlands (28%) (Supplementary 
Tables 1,2). Contrastingly, the group with the smallest afforestation 
efforts (group 1) had the lowest share of karsts (34%) and farmlands 
(18%). Although conservation projects had been implemented all 
over the three provinces, these differences reflected the high efforts 
invested into karst area recovery and the conversion of farmland into 
forests. During the pre-conservation period, group 4 had the lowest 
LAI (a sign for degraded karst ecosystems), which increased rapidly 
after 2000 exceeding LAI trends of all other groups (Supplementary 
Fig. 3). This was also reflected in C stocks, with group 4 showing 
the largest increase in C stocks (13%), and group 1 only gaining 5%, 
despite similar C stocks for both groups in 1999 (0.6 Pg C).

Discussion
Our results indicate that afforestation and conservation projects 
in southwest China can have a remarkable impact on vegetation 
cover and carbon stocks, which is in line with other research2,30–35. 
Analysis shows that the total area of conservation projects impacts 
on leaf area index (LAI) and aboveground biomass carbon (ABC), 
with strong positive trends in counties of high conservation efforts 
and corresponding weaker trends in counties of little efforts. The 
positive trends are shown to demarcate the Chinese national  
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areas visible in Fig. 3a). Anomalies show the z-score: (value–mean)s.d.–1 
c, Annual carbon stocks estimated from VOD satellite observations and 
simulated with the ecosystem model LPJ-GUESS. The grey colour in a and c 
reflects the post-conservation period.
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border; neighbouring countries (Myanmar, Laos and north-eastern 
Vietnam) clearly show a negative trend in LAI and ABC, following 
climatic trends but likely also driven by extensive deforestation29,35. 

The timing of breakpoints detected in LAI time series agrees well 
with the implementation and spatial extent of the Grain to Green 
conservation projects. Ecosystem-model-simulated LAIsim and 
ABCsim show that the vegetation would have been characterized by 
a negative trend in the absence of anthropogenic interference after 
2001, whereas we observed an increase of 9% ABC, in spite of the 
occurrence of a widespread drought between 2009 and 201130. Most 
of this increase was observed in high conservation areas (group 4), of 
which a considerable share is located in karst landscapes and farm-
lands. The greatly increased LAI of these areas is a strong indication 
that vegetation recovery has occurred during the post-conservation 
action period. Indeed, official reports based on field assessments 
document a decrease of rocky desertification by about 10,000 km² 
between 2005 and 201136. With a carbon gain rate of + 0.05 Pg C y−1, 
the improved carbon sequestration has turned these regions into a 
noticeable carbon sink of global impact2,11. For context, an annual 
carbon loss from deforestation of − 0.4 Pg C y−1 for Africa has been 
reported37, whereas an increase for China of + 0.07 Pg C y−1 was 
found using the same data source11. The annual carbon gain found 
in the three provinces studied here therefore embodies a consider-
able part of the total carbon sequestration at the national level.

The use of three independent Earth observation time series all 
sensing living vegetation supports the direction of our findings. 
Although LAI derived from GIMMS3g is of lower quality as com-
pared to MODIS LAI, the direction of the trends and the spatial 
pattern were comparable. Even though the results of each of the con-
ducted analyses leave room for interpretations, taken together, all 
data sets (based on different satellite platforms, dynamic modelling  
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and inventory databases) are independent and converge towards the 
same conclusion: that the conservation projects have remarkably 
increased the vegetation cover in southwest China.

Other studies highlight the positive indirect effects of anthropo-
genic activities on woody vegetation growth through altered levels 
of atmospheric CO2 and N-deposition10,13. Climatic and atmospheric 
forcing on vegetation are commonly assessed by dynamic vegeta-
tion models, but the ability of models to assess the direct impact of 
human management is limited. Our simulated LAIsim and ABCsim 
showed that climatic forcing alone would have led to a considerable 
decrease in vegetation cover of the region in the latter years (see 
Supplementary Figs. 4,5 for separated climate and atmospheric forc-
ing). Although this study found a clear pattern at the county level, 
finer-scaled studies and in situ measurements are necessary to sup-
port the surveillance of environmental projects. It has been shown 
that financial investment and the spatial extent of plantations for 
environmental restoration or commercial purposes are not linearly 
linked with an increase in the vegetation abundance, as the effec-
tiveness of implementations varies with topography and manage-
ment aspects15. Whereas the satellite-based data applied were able to 
monitor continuous changes in LAI and ABC, no firm conclusions 
on changes in species composition and functioning can be drawn 
and the positive trends may conceal the establishment of monocul-
tures and inappropriate conservation actions. We thus emphasize 
the need for complementary studies at the local scale using tem-
poral snap-shots of higher resolution satellite imagery in combina-
tion with field surveys to also map qualitative aspects of changes 
in woody vegetation and forests (for example, species composition 
and biodiversity). It is crucial to accurately assess the efforts and 
benefits of conservation projects and identify the potential threats 
to local, regional and national eco-environmental changes from the 
combined impacts of anthropogenic influence (both overuse and 
conservation) and climate change.

Methods
Multiple and independent long-term data sets were applied to monitor the impact 
of conservation projects on leaf area index (LAI) and aboveground biomass 
carbon (ABC) changes. The high investments in conservation projects as a climate 
change mitigation measure will only be legitimized if ecosystem properties can 
be affected on large scales. The analyses were therefore conducted at the county 
level, which also alleviates scaling issues caused by different data sources. We used 
statistical data to divide the counties into four groups according to the accumulated 
areas of conservation projects from the Grain to Green project. Breakpoints were 
determined for time series of satellite based LAI data.

Growing season average LAI. The growing season spans from April to November 
in southwest China. Two LAI data sets were used to calculate the growing season 
average LAI, namely the Boston University reprocessed MODIS Collection 6 LAI 
(hereafter LAImodis) and the latest GIMMS-3g LAI. LAI quantifies the total area of 
green elements of the canopy per unit horizontal ground area38. The applied data 
sets are thus proxies for the total green LAI of all canopy layers, and can be used 
as a proxy for the green vegetation cover. For this study, all available LAI data 
that overlap our defined growing season were averaged to provide a proxy for the 
annual vegetation of a given area.

LAImodis. These data (16-day LAI composite, from 2001–2015) were refined from 
the standard MODIS Collection 6 LAI product based on the quality flags of 
MOD15A2H (8-day LAI composite) and MOD13A2 (16-day vegetation index 
composite). The standard MODIS Collection 6 LAI product was widely used and 
well validated by the community38–40. The refined LAI data set follows the quality 
control scheme as described previously40 and represents the highest quality MODIS 
LAI. The refined LAI composite was aggregated to a 5 km ×  5 km grid by averaging 
the available clean LAI values originally at 500-m resolution. According to the 
definition of LAI, that is, total green leaf area per unit ground, and considering 
that the coarse grid is often mixed with non-vegetation, each aggregated LAI 
value is stretched by the percentage of the vegetated area, where the percentage 
of the vegetated area can be retrieved from the quality flag of MOD15A2H. We 
re-projected the LAI data set to a 0.05° ×  0.05° grid using the nearest-neighbour 
method. The advantages of this data set include: the bandwidth was specially 
designed for vegetation monitoring; the signal was well calibrated and stable (that 
is, no inter-sensor calibration issues); the reflectance was corrected for atmospheric 
effects; and the quality flags were carefully recorded.

GIMMS-3g LAI. The latest version of GIMMS-3g LAI was generated by training the 
GIMMS-3gV1 NDVI with LAImodis using an artificial neural network41. Compared 
to the previous version of GIMMS-3g LAI, the new version is trained by LAImodis 
instead of the Beijing Normal University LAI, which was used for previous versions. 
This data set is available bi-monthly as a 1/12 ×  1/12 CMG grid from 1982–2015.

Contrary to LAI, vegetation optical depth (VOD) is sensitive to the water 
content of all vegetation, including the green and non-green parts (that is,  
branches and stems of trees)42. VOD is thus less prone to saturation and less 
sensitive to inter-annual variations in climatic conditions. The signal is primarily 
driven by aboveground biomass which is commonly dominated by woody  
plants13,42. The long-term VOD data set (1992–2012) is retrieved from satellite 
passive microwave observations with a spatial resolution of 0.25° ×  0.25° (ref. 11).

To quantify changes in aboveground biomass carbon, we used a similar method 
as proposed previously11. A benchmark map of carbon density of aboveground 
living woody vegetation in global tropical areas43 was used to establish a relationship 
with VOD (averaged from 2000 to 2012) using boosted regression trees44. The 
predicted ABC correlates well with the benchmark map (r =  0.88, slope =  0.74) and 
the derived coefficients were employed on annual VOD. The result is comparable 
with that reported previously11 (annual values r² =  0.97) to which we refer for 
uncertainty analyses. This space for time conversion was applied as no field data 
based ABC estimates were available for a longer period. Carbon density in Mg C 
ha−1 was converted to carbon stocks by multiplication with the amount of hectare 
covered by each pixel. The sum over the study area is the total carbon stock. Finally, 
both growing season LAI and ABC were averaged at the county level.

Climate data. We applied a standardized precipitation–evapotranspiration index 
(SPEI) which considers the effect of reference evapotranspiration on drought 
severity to identify climate change processes28,45. SPEI is based on gridded monthly 
climate data (temperature, precipitation) from CRU TS 3.24.0146. This study 
focuses on woody vegetation, which does not necessarily react immediately to 
rainfall fluctuations, and therefore SPEI data integrated over 12 months were 
chosen as an indicator for vegetation water stress. SPEI data were averaged for each 
year, resampled to 8-km spatial resolution using a bilinear interpolation, and then 
aggregated to county level by averaging.

Dynamic vegetation modelling. The vegetation response to natural drivers was 
simulated with the dynamic vegetation model LPJ-GUESS (ref. 26). LPJ-GUESS 
represents vegetation with 10 tree plant functional types and 2 grass plant 
functional types, and within these plant functional types, carbon is represented in 
four pools: leaves, roots, sapwood and heartwood. LAI and ABC were simulated 
at 0.5° spatial resolution with a Farquhar-type photosynthesis model47 at a daily 
time step48. Simulations with LPJ-GUESS were performed for 1901–2015 applying 
gridded monthly climate data (temperature, precipitation and cloud cover) from 
CRU TS 3.24.0146, monthly nitrogen deposition49, and annual mean atmospheric 
CO2 concentration50,51 as forcing. The simulation was preceded by a 500-year-long 
spinup in which the climate forcing was used for 1901–1930, applying the inter-
annual variability for this period to capture realistic climatic variations, and 1901 
values for atmospheric CO2 concentration and N deposition were applied. Land 
use and land use change were not taken into account, to represent the dynamics of 
the natural vegetation only.

To separate the impact of variations in climate from those of rising atmospheric 
CO2 concentration52, three additional simulations were performed in which climate 
drivers (temperature, precipitation and radiation) were kept at the levels of 1962–1981, 
atmospheric CO2 was kept at the level of 1981, or both. The impact of climate and 
CO2 was determined by subtracting the changes in the latter from those in the 
former two simulations.

Breakpoint detection. Breaks for additive season and trend (BFAST)27 analysis was 
applied on LAI at per-pixel level to identify breakpoints in vegetation time series. 
The timing of the breakpoint was provided with an interval of confidence that can 
reach approximately ± 3 years, which should be kept in mind when interpreting 
the results. A breakpoint indicates a change in the amplitude and/or direction of 
vegetation trends and can be induced by climatic or anthropogenic disturbances. 
It is thus important to inspect the occurrence of breakpoints according to 
supporting data sources (that is, SPEI, project implementations). It has to be noted 
that a monotonic and/or insignificant trend can also include a project-induced 
breakpoint if the magnitude of the trend exhibits a noticeable change.  
No significance mask was thus applied in this study, all per-pixel breakpoints were 
considered regardless of their statistical significance. Instead, the plausibility of 
the timing of the detected point was assessed by comparing the detected years 
with climate data and timing of conservation project implementations. Due to the 
longer time period and higher spatial resolution, LAI data were considered better 
suited for breakpoint detection analysis and VOD breakpoint analyses are shown 
in the Supplementary Fig. 6. Moreover, biomass does not change equally abruptly, 
making VOD less suited for breakpoint detection.

Inventory data on the Grain to Green Project. We used statistical data from the 
Grain to Green Project (GGP) (considered the most ambitious environmental 
engineering initiative globally16,24,53–55) to relate vegetation trends to conservation 
projects. The GGP is a nationwide project and was started in 2000 in the Guizhou 
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province, and continued in the provinces of Guangxi and Yunnan in 2001. During 
the initial stage (2000–2001), the GGP encompassed 27 counties of the three 
provinces and was expanded to cover the entire study area in the following years. 
The primary aim of the GGP in southwest China was to combat ongoing soil 
erosion and rocky desertification and to promote vegetation cover by converting 
farmlands located on slopes >  25° into ecological (used for timber production) 
and economical (orchards or plantations with trees for medical use) forests24. The 
programme provided resources in the form of grain, cash and free seedlings as 
incentives for rural households to re-establish forest, shrub and/or grassland on 
marginal and sloped farmland and shrubland24. The primary selection criterion 
for areas eligible for restoration projects was the slope of the landscape, but 
also the soil fertility and the state of erosion or susceptibility to erode24,55. The 
potential farmer incomes that could be generated were also important factors 
taken into consideration by the planners of the GGP. Local forestry bureaus 
managed the selection of trees that may be planted with the financial support of 
the GGP based on official standards for ecological and economic trees24. Detailed 
standards for tree planting were imposed taking into consideration the planting 
density of specific species to avoid soil erosion. As part of the programme design, 
it was specified that 80% of the trees should be ecological trees and 20% should 
be economic trees in all administrative units24. This criterion was enforced as 
economic trees provide fewer ecological services and require more frequent 
replanting as compared with ecological trees, which may eventually compromise 
the primary objective of the programme24. Most farmers are inclined to plant 
economic trees, due to relatively faster and higher revenue from the sale of non-
timber products (such as fruits). Additionally, if the fruit production is declining, 
the trees can be sold as timber24. Contrastingly, ecological trees only generate a 
limited income through the sale of wood from thinning during the growth phase, 
and the time before farmers obtain the revenue generated by selling timber is not 
as fast as compared to the case of economic trees24. Finally, the rules of timber 
sale are defective as farmers must apply for a logging quota from the forestry 
bureau and logging permission can be postponed for several years or permission 
might be given to cut only a fraction of what was originally applied for. In spite 
of the farmers preferences for growing economic trees, the declared national 
standard of 80% of the land being reforested with ecological trees is met in  
most places16,24,55.

The species planted are often not native, and adequate selection of tree species 
depends to a large extent on the climate and soil conditions, which vary greatly 
in karst areas of southwest China. The main criterion for species selection is the 
growth rate of trees, but resistance towards climate variability is also important to 
maintain a high survival rate. Although the planted species vary between different 
townships, in reality a limited number of fast-growing species are preferred, 
effectively creating monocultures17,24. Forests may therefore not be sufficiently 
diverse to favour a diverse wildlife and the monoculture is also vulnerable to the 
risks of pests or fires. Yet, low species diversity helps farmers to generate higher 
economic incomes, which also encourages them to protect the trees in the best 
possible way24. Previous studies from the area have indicated survival rates of 
60–70%24,55, which is relatively high. Fertilizers are used occasionally, but irrigation 
is not common in the study area. For further details on the GGP, we refer to (ref. 24).

The data for this study were available at county level and included the total 
area in which conservation actions were applied. As the effectiveness of the 
implemented conservation varies considerably between counties, this will also be 
reflected in the afforestation or land cover changes15. However, the data provide 
a useful indication on active investments that allows for a detailed analysis of 
vegetation changes in relation to conservation project efforts. Counties were 
divided into four groups according to the total area coverage of active conservation 
projects during the period 2000–2010. The binning was determined based on a 
requirement of a balanced number and spatial distribution of counties included in 
each group. Group 1 (very-low efforts) includes less than 50 km2 of conservation 
areas for each county, group 2 50–100 km2 (low efforts), group 3 100–200 km2 
(moderate efforts), and group 4 more than 200 km2 (high efforts). To test for 
significant differences in SPEI, LAIsim and LAI between the four groups, we applied 
a one-way analysis of variance.

Data availability. LAI derived from GIMMS-3g v. 1 and MODIS are available from 
Boston University (http://cliveg.bu.edu/modismisr/lai3g-fpar3g.html), VOD data 
were provided by Y. Liu (available at http://www.wenfo.org/wald/global-biomass/). 
SPEI data can be obtained at http://spei.csic.es/database.html. Statistical data on 
the Grain to Green project were provided by the Forestry Bureau of the Yunnan, 
Guizhou and Guangxi Provinces. Results from the dynamic vegetation model are 
available from the corresponding authors upon request.
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