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Enhancing carbon sinks in China using a
spatially-optimized forestation strategy

Yanli Dong1, Zhen Yu 1,2,3 , Thomas Pugh 4, Evgenios Agathokleous 1,3,5,
Fangmin Zhang1,3, Stephen Sitch 6, Weibin You7,8, Wangya Han 1,3,
Stefan Olin 4, Shirong Liu 2,9, Guoyi Zhou1,3, Pedro Cabral1,10 & Pengsen Sun2

China plans expanding 49.5 million hectares of new forests by 2050 to
strengthen carbon sequestration. However, estimates of the carbon benefits
from this expansion rarely consider the effect of ‘forest edge’, where tree
mortality increases under intensified stress fromwind, drought, pests, andfire.
Here we show that proximity to forest edges substantially reduces biomass
carbon storage, and develop a spatial optimization strategy that prioritizes
planting in areas that minimize edge effects. Our projections show that for-
estation optimized for edge effects results in a 51% increase in carbon gain
(986 ± 22 Tg by 2060), with approximately half of the total gain driven by
reduced edge effects. These findings demonstrate that ignoring edge effects
can significantly overestimate carbon sink potential and highlight spatially
optimized forestation as a pathway to maximize climate mitigation and eco-
logical benefits.

China severely suffered from ecological and environmental dete-
rioration caused by the overexploitation of forest resources due to
rapid economic development1,2. Hence, large-scale greening projects,
such as the Grain for Green Program and the Three-North Shelter
Forest Program, were implemented to address the challenges of land
degradation, desertification, and water and soil retention3. Intensive
forestation andmanagement activities helped to expandChina’s forest
coverage from 12% in 1979 to about 23% in 20194. Forestation practices
were prioritized in environmentally vulnerable areas or areas with
critical ecological functions initially (i.e., soil retention). As Chinamade
progress on environmental goals and the urgency of climate action
increases, forestation activities increasingly focus on carbon seques-
tration. However, initially forestation aimed at environmental
enhancement may result in a landscape of disconnected forest

patches. For example, the Grain for Green Program sharply increased
the number of forest patches in northwest China5.

From an ecological standpoint, the growing patchwork of forests
is a sign of fragmentation. This process fragments large habitats into
smaller ones and creates more disturbed, unhealthy forest edges6,7.

Different from natural edges (adjacent to a relatively permanent non-
forest ecosystem devoid of human activity), disturbed forest edges
(both natural and developed)may suffer from increased treemortality
and reduced biomass8–11. Moreover, although species diversity and
richness were 50–56% greater at both natural and developed forest
edges compared to the interior, the abundance of invasive species was
nearly twice as high in developed edges11. This indicates that while
edges are diverse, those created by development carry a dis-
proportionately high risk of biological invasion. Hence, strategic
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planning is required to enhance carbon sequestration by mitigating
forest edge degradation. This strategic planning is especially impor-
tant in China, where a substantial proportion of forest edges are
shaped by human development, and effective land-use strategies
could simultaneously boost carbon storage and curb the threat of
invasive species.

The vast majority of the world’s forests are influenced by their
edges12. Defined as the boundary between woodland and another land
type13, these edges are common; over 70% of global forests are within
1 km of non-forest edges12. Furthermore, a substantial portion of these
edges are human-made, created by development and deforestation14.
A majority (over 50%) of global forests underwent an increase in
fragmentation between 2000 and 202015, implying growing forest
edge areas worldwide. Although the continuous forestation projects
were not specifically designed to reduce forest edges in China, the
expanding forest areashave eased forest fragmentationbetween2000
and202016. However, China still exhibits high forest fragmentationdue
to extensive, disturbed edges. These anthropogenic edges differ fun-
damentally from natural forest boundaries16, indicating significant
potential for reducing the negative impacts of edge areas through
targeted interventions.

Forestation plays a predominant role in retaining land carbon
stocks and is the largest contributor to the recent increases in China’s
land carbon sink17–19. China committed to amassive forestation effort
between 2021 and 2050, aiming to create 49.5 million hectares (Mha)
of new forest to strengthen its forest carbon sink in pursuit of its
2060 carbon neutrality goal20. However, important uncertainties
persist regarding the prioritization of locations, the selection of
appropriate tree species, and the potential carbon sequestration
gains achievable through a spatially optimized strategy. Forest
fragmentation reduces carbon storage in edge areas14,21, suggesting a
significant potential for carbon enhancement through edge-
reduction strategies16.

China’s forestation plan is at a pivotal turning point, shifting its
focus from broad, target-driven expansion for environmental
improvement to targeted carbon enhancement. Therefore, smart for-
estation is essential for forest resilience and climate adaptation. In this
work, we hypothesize that fragmentation reduces biomass carbon
stocks in China’s edge forests. To address these considerations, here
we develop a smart forestation strategy to enhance carbon seques-
tration, utilizing data from the 9th National Forest Inventory (NFI),

which includesmore than 3millionmeasurement records of individual
trees from in situ plots (see “Materials and Methods”). Using this
dataset, we first calculate carbon stocks for individual trees using
provincial, species-specific allometric equations (i.e., biomass-
diameter at breast height [DBH] relationships; Supplementary
Table 1) and biomass-to-carbon conversion factors22–27. We aggregate
these values to the plot level to analyze the spatial patterns of carbon
stock variation along forest edge proximity gradients. Using these
plot-level data, we develop amachine-learningmodel to predict forest
biomass carbon stocks, incorporating forest age, climate impacts, and
edge effects under different forestation and climate scenarios. We
then assess the additional carbon benefits of an optimized forestation
strategy by comparing its sequestration potential against other
scenarios.

Results and discussion
Edge proximity and biomass carbon stock
Based on the NFI data, we found that natural forests were pre-
dominantly located within 2.5 km of edges, compared to 1.2 km for
planted forests (Fig. 1a). This distribution suggests that forestation
efforts have been concentrated either on the periphery of existing
forest stands or in newly created, fragmented forest patches. Inter-
estingly, tree biomass carbon stock increased significantly with dis-
tance from the forest edge; it was approximately 40% lower in planted
forests than in natural forests (Fig. 1a). This aligns with previous find-
ings of lower biomass carbon stock at edges in tropical forests10,21,28 but
contrasts with observations from temperate U.S. forests, where the
biomass carbon stock was higher at edges13,29. The dominant negative
impact of forest edge on biomass carbon is further evidenced by a
recent global remote-sensing study revealing consistently lower
aboveground biomass in edges compared to interiors30. In addition,
using logarithmic fitting, we found that forest stand age increases with
distance from the edge to the interior (Fig. 1b, R2 = 0.69), a pattern
similar to that of forest biomass carbon. However, the age of the
planted forest stands shows little variation with increasing distance
from the edges (Fig. 1b, R2 < 0.01, p > 0.05), suggesting the increasing
carbon density in planted forests is not due to the stand age (linear
regression: R2 = 0.25, p >0.05).

To clarify the mechanisms shaping the biomass carbon patterns,
we examined the types, frequencies, and intensities of different dis-
turbances across distance gradients (Fig. 2). We found that pests and
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Fig. 1 | Changes in forest biomass carbon stock and stand age along the gra-
dient of the proximity-to-forest edge. a Forest biomass carbon; b stand age. The
error bars represent the mean standard error of samples within the range intervals

automatically generated by R software. The colored shadows represent the 95%
confidence intervals of the fitted curves.
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diseases were the primary stressors in both forest types across dis-
tance gradients, followed by climate disturbances and fires (Fig. 2). In
addition, the frequency and intensity of disturbances soared with
decreasing distance to edges (Fig. 2), indicating much higher dis-
turbance in areas closer to edges. Similarly, we found that the human
footprint (the direct and indirect humanpressures on the environment
due to buildings, population, croplands, roads, railways, etc.) rises
sharply from the interior to the edge in both forest types, with a higher
human footprint31 in planted forests than in natural forests (Fig. 3a).
Moreover, tree mortality rates were higher at the edges in both forest
types, with planted forests exhibiting a greater rate (7%–13%) than
natural forests (4%–7%) within 1 km of the edge (Fig. 3b). In addition,
tree establishment rates, asmeasured by the ratio of trees reaching the
DBH threshold of 5 cm between the two inventories, were lower at the
edge, whichmight relate to higher photoinhibition32. Therefore, forest
edges are stressed by both human and natural disturbances. These
support our hypothesis that China’s edge forests have lower biomass
carbon stocks due to fragmentation.

Previous studies indicate that edges artificially created by dis-
turbance in young tropical forests negatively affect trees10, whereas
trees in the inherent, longstanding edges of temperate forests often
adapt, leveraging increased resource availability for enhanced
growth13. Therefore, the two contrasting findings observed in the
carbon stock patterns between edges and interior areas10,13 can be
attributed to the varied, disturbance-related, stress levels. The rela-
tionship between proximity to forest edges and lower carbon stocks
implies a strong link to human disturbances as the primary driver of
these low-carbon-density zones.

Forest edges could experience abiotic and biological effects, such
as changes in edaphoclimatic conditions and species interactions33.
The negative edge effect onbiomass carbon identified in this study can
be attributed to the high tree mortality and disturbances between the
interior and edges (Figs. 2, 3). For example, forest edgesweregenerally
adjacent to lands with low structural complexity (i.e., lower surface
roughness), receiving more solar radiation during the daytime but
higher re-radiation to the atmosphere at night34, resulting in a higher
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wind speed, larger vapor pressure deficit, and greater diurnal fluc-
tuation of soil and air temperature35. Therefore, high mortality rates,
especially for tall trees, occur in edge areas36–38. More importantly, the
sharp increase in tree mortality rates is related to higher activities of
pest insects and diseases at the forest edges, as found in this study
(Fig. 2). The high tree mortality might also relate to increasing wind
damage and intensified stress of human activity39–41.

Forest edgemight also be beneficial for forest stability, especially
in natural forest edges. For example, natural forest edges are more
stable and therefore might provide more resources to support the
growth of vegetation42–46, which could offset potential negative
impacts of fragmentation on tree growth47. However, such benefits
were not confirmed in this study based on a large number of surveyed
plots. Consequently, the influence of edge proximity on China’s forest
biomass carbon stocks more closely resembles the negative relation-
ship observed in tropical forests rather than the positive one docu-
mented in U.S. temperate forests10,48. This might be related to the high
stress from disturbances at China’s forest edges. Thus, our results
imply that reducing the forest edge area via a spatially optimized
forestation plan would help to enhance the biomass carbon seques-
tration capacity. This is particularly important in China, which has a
long-term strategy of intensive forestation set to continue until 205020.

Bio-climatically constrained forestation plans
The spatial distribution of potential forest lands must be identified
before forest biomass carbon can be accurately estimated. In this
study, suitable areas for forestation were identified by applying con-
straints based on climatic, topological, biological, and edaphic factors,
using a random forest (RF) model (Supplementary Fig. 1 and Supple-
mentary Table 3). We found that the potential forestation land was
94.8Mha inChina, with themajority distributed in southwestern (33%),
northwestern (29%), and northern areas (15%) (Supplementary
Table 4). This differs from the study of Yao et al.49, which primarily
aimed at carbon stock enhancement through tree densifications in
existing forests in southernChina. In comparison, our study focuses on
establishing new forests through area expansion. Despite differing
approaches, our spatially optimized afforestation strategy confirmed
southwestern China (39%) as a priority region, consistent with the
HengduanMountains region (southwestern China) highlighted by Yao
et al.49.

Our results also showed large contiguous areas of potential for-
estation lands in the central and northeast regions (Supplementary
Fig. 1), which is consistent with previous studies3,27,29. Additionally, our

analysis incorporated indigenous species selection under changing
climates. To do so, we examined the distribution suitability of 24 spe-
cies and species groups (e.g., large monoculture species such as Pinus
massoniana andmixed forests such as broadleaf mixed forests) under
future climate scenarios50, which has been widely used in China’s for-
estation projects. For each forestable grid cell, we identified the three
most climatically suitable tree species, thereby generating three dif-
ferent forestation schemes for biomass carbon stock estimation
(Supplementary Fig. 4).

The optimized scenario demonstrated an advantage over the
random-planting scenario through reduced fragmentation and edge
effects. Here, priority was placed on planting trees in fragmented, low-
edge proximity locations to offset their proximity-to-forest edges
under optimized scenario (Fig. 4). An earlier study revealed that a
large-scale revegetation program in the region greatly reduced water
availability, and tree population could suffer water shortages if vege-
tation expansion is further intensified51. Therefore, our optimized
forestation strategy was also less intensified in forestation in arid and
semi-arid regions (Fig. 4a, b and Supplementary Table 4). Such opti-
mization is achieved using an algorithm to minimize the introduction
of new edge areas in contrast to the random forestation strategy (see
examples in Supplementary Fig. 3). More specifically, even though the
regions have large areas of available land that are bio-climatically sui-
table for forestation, the optimized forestation strategy would con-
strain forest expansion in the region and introduce fewer edge areas
compared to the non-optimized scenario (Fig. 4).

This study emphasized bioclimatic and ecological constraints in
its optimization. For the scenario to be practically implementable,
subsequent analyses must integrate economic and accessibility con-
siderations. Thus, the proposed provincial forestation areas differed
from those according to the plan released in the National Forest
Management Plan (2016-2050)20. However, as implied in this study, we
advocate that future national forestation plan could bemaneuvered to
reduce forest fragmentation for additional benefits.

Project forest biomass carbon stock increment by 2060
The selection of forest species is crucial to accurately predict biomass
carbon stock3,27,29,50. We classified the forests into 24 typical tree spe-
cies and species groupswidely adopted inChina’s forestation projects.
Each of the species and species groups was examined to identify the
potential distributions under future climate scenarios, using NFI plot
observations coupled with machine-learning models27. The top three
tree species with the highest suitability for forestation in each

120° E100° E80° E

40
° N

30
° N

20
° N

Spatially-optimized Planting 

120° E100° E80° E

50
° N

40
° N

30
° N

20
° N

a b Random-Planting

2030 Planting

2040 Planting

2050 Planting

Existing Forests

2030 Planting

2040 Planting

2050 Planting

Existing Forests

Fig. 4 | Spatial distribution of forestation plans in China. a Spatially-optimized scenarios; b random-planting scenarios. Yellow, green, and blue pixels represent trees
planted by 2030, 2040, and 2050, respectively. The gray pixels represent the existing forests.

Article https://doi.org/10.1038/s41467-026-68288-5

Nature Communications |         (2026) 17:1576 4

www.nature.com/naturecommunications


forestable grid cell were selected, providing three schemes for forest
biomass carbon stock estimates (Supplementary Fig. 4). The RFmodel
was applied to predict the biomass carbon stock of newly planted
forests by 2060 by accounting for the impacts of climate, soil, and
topographic variables (Fig. 5; see Supplementary Fig. 5 and Supple-
mentary Table 3 for details of the RF model applied). We estimated
986.3 ± 22.2 Tg C (25 Tg C yr−1, or 51.3%) greater forest biomass carbon
stock under optimized-planting scenarios, compared to non-
optimized scenarios, in which the newly established forest and exist-
ing forests contribute 68% and 32%, respectively.

This additional carbon at forest edges will enhance the annual
biomass carbon sink by 12.2% from 2021 to 206027,52,53. Our simulation
projects that forest biomass carbon stocks will reach approximately
2,633.3 ± 20.3 Tg C by 2060 in newly planted forests created with the
optimized-planting strategy (Fig. 5c). This estimate is 34.2% higher
than the carbon stock in forests planted with random forestation
scenarios (1,962.3 ± 18.4 TgC, p < 0.01, Fig. 5c). Such additional carbon
benefits from spatially optimized forestation strategies remain con-
sistent across climate scenarios, despite equivalent forestation areas

between optimized and non-optimized strategies (Fig. 5 and Supple-
mentary Fig. 6). We attribute the carbon stock benefits of newly
planted forests to two factors, reduced edge effects and differing
spatial distributions (i.e., environmental conditions). Quantitatively,
the edge effect accounted for 207.6 ± 6.9 Tg C, while environmental
conditions accounted for 463.5 ± 21.2 Tg C (Supplementary Table 5).

In addition to the carbon sink from natural growth in existing
forests, spatially optimized forestation activities will also boost carbon
sequestration in areas that benefit from reduced edge effects. We
found that by 2060, existing forests will retain an additional 53.2 ± 3.9
Tg C under the random-planting approach, compared to non-
forestation scenarios. Interestingly, we further found that optimized
forestation with the purpose of reducing the edge effect greatly ben-
efits the growth of existing forests, where the additional carbon stock
reached a substantially higher level of 368.5 ± 26.7 Tg C (Fig. 6c). Thus,
the existing forests will absorb an additional 315.2 ± 23.0 Tg C by 2060
if forestation activities were spatially optimized, compared to random
forestation (Fig. 6c). Thus, our results confirm that forest edges are
critical for accurately accounting for regional and global carbon
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balances, despite their reported and varying impacts13,48. In summary,
spatially optimized forestationenhanced carbon stocks by 522.8 ± 28.9
Tg (207.6 Tg from newly planted forests and 315.2 Tg from existing
forests) through reduced edge effects, compared to the random-
planting scenario, while the remaining 463.5 ± 21.2Tg increase resulted
from allocating forests to locations with more favorable conditions
(Supplementary Table 5).

Forests play a central role in achieving the United Nations Sus-
tainable Development Goals, including the sustainable use of terres-
trial ecosystems, forest management, combating desertification,
reversing land degradation, and halting biodiversity loss54,55. From an
ecological perspective, forestation prioritizing planting trees to
reduce fragmentation promotes connectivity between forest patches
(Supplementary Fig. 7). This would be beneficial for biodiversity con-
servation according to the percolation theory7,56,57, but it can also
accelerate succession, enabling forest edges to develop the char-
acteristics of intact forest more quickly58. Our forestation patterns
suggest that the spatially optimized forestation significantly reduced
the forest patch density (−57.8%, Supplementary Fig. 7) and the peri-
meter of the forest patch (−15.3%, Supplementary Fig. 7). Such a for-
estation strategy might also bring auxiliary benefits by mitigating
species extinction59, carbon emissions58, and habitat isolation. There-
fore, in addition to the carbon sequestration benefits for existing and
newly planted forests, a spatially optimized forestation scheme could
also be beneficial for species diversity by reducing pest- and disease-
related extinction rates44,60 via minimizing forest fragmentation44,61.

In summary, our study revealed that the forest biomass carbon
stock declined with an increasing edge effect, depending on the
proximity to edges. This pattern was closely related to frequent dis-
turbances, high tree mortality rates, and suppressed tree establish-
ment at forest edges. We further demonstrated that forest biomass
carbon stocks can be enhanced through a spatially optimized fores-
tation strategy by reducing forest edge effects and allocating planted
forests to locations with more favorable locations. In contrast,
neglecting edge effects will lead to carbon stock loss, even though the
forested area is virtually the same under different scenarios. It remains
uncertain, however, whether edge forests will be more vulnerable to
future shifts in disturbance regimes, including fires, and pest out-
breaks. In addition, carbon stock predictions are complicated by the
combined effects of ongoing forest succession, which continuously
reshapes species composition, and climate change-driven shifts in tree
competition62. Therefore, further studies are needed to better under-
stand disturbances and successional processes to reduce the uncer-
tainty in carbon stock projections. We recommend integrating edge

effects, climate impacts, and spatially smart forest management into
conservation and afforestation practices for effective progress toward
carbon neutrality.

Methods
Forest plot data
Data from the 9th NFI, 2014–2018), comprising over 3 million mea-
surement records of individual trees across 37,147 plots (Fig. 7), were
used, including 28,366 plots from natural forests and 8781 from
planted forests. Data on tree species, forest origin, disturbances, DBH,
and stand age were essential for this study. Specifically, the dis-
turbance histories were recorded, including the type (e.g., pests, dis-
ease, fire) and intensity (scaled from level 1 to 4 with increasing
intensity rated based on the proportion of trees affected in a stand; see
Supplementary Table 2). We calculated the biomass carbon stock of
each tree using DBH and summarized it at the plot level. Tree biomass
was estimated for each tree using species-specific allometric equa-
tions, which were developed by the State Forestry Administration and
tailored to each province (Supplementary Table 1). The proximity of
each forest plot to the forest edge was derived from their locations on
a land cover map (see below).

Climate data
Where meteorological date (air temperature, precipitation) were
missing from forest site measurements, the gaps were filled using
gridded datasets acquired from the National Earth System Science
Data Center (https://www.geodata.cn/) (Supplementary Table 3). The
aridity for each site was identified from theGlobal Aridity Indexmap at
a spatial resolution of 30 arc-seconds ( ~ 1 km at the equator) (https://
csidotinfo.wordpress.com/; Global Aridity Index and Potential Evapo-
transpiration Database V3) (Supplementary Table 3). Moreover,
Shared Socioeconomic Pathways (SSP1-2.6, SSP2-4.5, SSP3-7.0, and
SSP5-8.5) provided by the Coupled Model Intercomparison Project
Phase 6 (CMIP6) were adopted and resampled with a matched spatial
resolution (i.e., 250m) to project forest biomass carbon63.

Topographic data
Missing elevation data in the surveyed forest sites were gap-filled using
a 250m resolutiondigital elevationmodel (DEM) fromFriedl and Sulla-
Menashe64 (Supplementary Table 3). The DEMmapwas also applied to
derive related topographical variables, including aspect, slope, and
topographic relief. The aforementioned variables served as inputs for
the machine-learning model training and the projections of forest
biomass carbon (see the next sections).
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Fig. 7 | Spatial distribution of the forest plots collected and used in this study.
a Natural forests; b planted forests. The blue and red grids refer to natural forests
and planted forests. The depth of the grid color represents the number of forest

plots in each of the 10 km grids. The numbers 28,366 and 8781 are the total plot
numbers from natural and planted forests, respectively.
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Soil data and processing
We obtained soil organic carbon, total nitrogen, soil organic matter,
and cation exchange capacity from the newly developed 90m reso-
lution database of the National Soil Information Grids of China (Sup-
plementary Table 3). These variables were used as indicators of soil
structure stability, nutrient availability, and the soil capacity to retain
nutrients65,66.

Proximity to the forest edge
Two proximity-to-forest edgemaps were constructed for this analysis.
One map depicted distances from existing forest sites to the nearest
edge to examine gradients in biomass carbon stocks. The other
represented distances from potential forestation grids to the nearest
edge, which was an essential variable for modeling biomass carbon
stock projections. Using China Land Use and Cover Change (CNLUCC)
data (250m resolution; see details below), we created maps of proxi-
mity to the forest edge, defined as the Euclidean distance from each
site/grid to the nearest edge. Analysis of edge effects using CNLUCC
maps (2000, 2015, 2018) produced consistent results (Fig. 1 and Sup-
plementary Fig. 8), indicating the robustness of our methodology.
Euclidean distance is a commonly adopted definition described with
Eq. (1)67–69:

dðp,qÞ =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðp1 � q1Þ
2
+ ðp2 � q2Þ

2
r

ð1Þ

where d(p,q) is the linear distance between the center of a pixel and the
center of the nearest source pixel; (p1,q1) is the coordinates of the
source pixel, and (p2,q2) is the coordinates of the nearest source with
an attribute value. Proximity-to-forest edge analyses were conducted
in ArcGIS (ESRI, USA). The frequency of the number of plots along the
proximity-to-edge gradients is shown in Supplementary Fig. 9. Note
that forest edges may vary over time due to historically intensive
afforestation activities. However, the model framework cannot readily
accommodate the dynamic, year-to-year variation in proximity-to-
edge metrics are difficult to represent within. Therefore, we used
proximity-to-edge data derived from the 2018 CNLUCCmap to display
the biomass carbon pattern and for model training.

Statistical analysis
The differences in variables between groups were evaluated by
independent-sample t-test at a significance level of α =0.01. All sta-
tistical results arepresented as the arithmeticmean ± standard error of
the mean. Data analyses were performed using SPSS 27.0 (IBM Corp.,
Chicago, IL, USA) and R language; the graphs were drawn in Origin
2018 (Origin Lab, Northampton, MA, USA) and ArcMap 10.2.

Constraints on potential land for forestation
We delineated potential forestation lands by applying various filtering
and limiting constraints to existing non-forest areas. First, we identi-
fied non-forest areas using the CNLUCC land cover dataset produced
by the Institute of Geographic Sciences and Resources of the Chinese
Academy of Science29. The CNLUCC dataset was developed using a
combination of high-resolution spectral information at 15–30m from
Landsat TM (Thematic Mapper) and Huanjing-1 satellite images70.
Second, based on the 30-m CNLUCC land cover data, we restricted
forestable lands to gridcells of grassland, unused land, and tidal flats,
while excluding those identified as cropland, urban, water bodies, and
alpine steppe meadows. Third, areas were excluded based on climatic
and topographic constraints derived from previous studies; specifi-
cally, those with an average annual precipitation of <350mm or an
elevation > 4.9 km29,71,72.

Based on the potential forestable map, we further calculated the
suitability index for each gridcell using a machine-learning model by
taking into account the climatic, topological, biological, and edaphic

factors. Specifically, we flagged forestation failure plots and normal
plots in model training, representing low and high forestation suit-
ability, respectively. We classified lands as forestation failure sites if
tree survival rates fell below 41%, a threshold that necessitates refor-
estation efforts. The trained RF model was then applied to the
potential forestable map delineated in the previous step, producing a
suitability map for locating the planted area (Supplementary
Figs. 1 and 2).

Biomass carbon predictions
This study focuses on the impact of forestation on biomass carbon
stock. Therefore, the biomass carbon stocks in the areas affected by
forestation were examined, including the newly forested lands and the
existing forests in close proximity to the newly forested areas. An RF
model was constructed to predict the biomass carbon stocks using
in situmeasurements formodel training73–75.Machine-learningmodels,
such as RF, SVR, artificial neural networks, and gradient boosted
regression trees, are used topredict the spatial characteristics of forest
cover patterns. Among these models, the RF model consistently out-
performs others when modeling complex environmental data67,76. To
construct the regression tree, the RFmodel utilizes bootstrap samples
and selects a subset from the original dataset to split the tree nodes,
which ultimately refines the regression tree75. Note that a few para-
meters need to be settled, including mtry, which denotes the number
of features considered by each decision tree during node splitting, and
ntree, which indicates the number of trees generated, usually set at
500 individuals. The model ranks the importance of variables by %
IncMSE and IncNodePurity73 (Supplementary Fig. 5).

In our simulations, we screened the environmental variables
used for training and identified 15 predictor variables for inclusion in
the prediction model, covering five categories: vegetation, terrain,
climate, soil, and other data (Supplementary Table 3). During the
model simulation, 70% of the plots were used for model training,
while the remaining 30% were used for model validation. The accu-
racy of the predicted model was R2 = 0.78 and RMSD = 29.08Mg C
ha−1 (Supplementary Fig. 5d). Furthermore, we found that stand age
and tree density contributed significantly to the predictive model
(Supplementary Fig. 5a and c). In addition, a bootstrap sample set
was randomly drawn with replacement from the original training
data, and the number of trees (ntree) was set to 500 (Supplemen-
tary Fig. 5b).

Design of simulation experiments
We conducted three groups of experiments to simulate carbon stock
changes under various forestation scenarios in China (2021–2060),
using a pre-trained machine-learning model. The first group of
experiments was based on the assumption that no forestation activ-
ities would be implemented under five climate scenarios (i.e., no cli-
mate change scenarios and four Shared Socioeconomic Pathways,
namely SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5). The second repre-
sented a baseline of unplanned (random) forestation, while the third
applied a spatially smart forestation strategy to the same total land
area, with the objective of reducing proximity to forest edges. Both the
second and the third groups were designed to achieve the forestation
goal of expanding the forest area by 49.5Mha from 2021 to 2050 as
mandated by the State Forestry Administration20. All experimental
groups employed machine-learning models to predict the biomass
carbon of existing forests in 2040, 2050, and 2060 (Fig. 6), and assess
edge effects on current forest growth. For each simulation, the
proximity shall be recalculated after forestation to ensure that the
continuous forestation activities follow the rules of reducing edge
effects (Supplementary Fig. 2). We quantified the contributions of
randomand smart forestation strategies to carbon stockby comparing
the simulation results from the first and second groups, and then the
second and third groups.
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Furthermore, for the second and third experimental groups, we
conducted simulationswith andwithout edge effects. According to the
government guidelines20, both forestation scenarios are implemented
to achieve a phased expansion: 28.4Mha within 250m of the forest
edge by 2030, followed by an additional 13.9Mha within 500m by
2040 and 7.6Mhawithin about 700mby 2050 (Supplementary Fig. 2).
For each group simulation, we included three species-selection-based
forestation schemes (Supplementary Fig. 4), which were used to esti-
mate the biomass carbon stock of newly established forests by 2060
(Fig. 5). All the simulations were performed considering the changes in
forest age, species, and climate change impacts at a resolution of
250× 250m. For SSPs in second and third experimental groups, we
conducted three replicate experiments per pathway using the top
three climatically suitable species.

Data availability
The historical climate data is available from https://data.tpdc.ac.cn/.
The future climate data is provided at: https://cds.climate.copernicus.
eu/. The land cover maps used are the China Land Use and Cover
Change dataset, which can be obtained from the Data Center for
Resources and Environmental Sciences, Chinese Academy of Sciences:
http://www.resdc.cn. The soil data is available from https://soil.
geodata.cn/. The administrative boundary data were obtained from
https://cloudcenter.tianditu.gov.cn. The national forest inventory data
are protected and are not publicly available due to data privacy laws.
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