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Potential for low-cost carbon dioxide removal
through tropical reforestation
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Achieving the 1.5–2.0 °C temperature targets of the Paris
climate agreement requires not only reducing emissions of
greenhouse gases (GHGs) but also increasing removals of
GHGs from the atmosphere1,2. Reforestation is a potentially
large-scale method for removing CO2 and storing it in the biomass and soils of ecosystems3–8, yet its cost per tonne remains
uncertain6,9. Here, we produce spatially disaggregated marginal abatement cost curves for tropical reforestation by simulating the effects of payments for increased CO2 removals on
land-cover change in 90 countries. We estimate that removals from tropical reforestation between 2020–2050 could be
increased by 5.7 GtCO2 (5.6%) at a carbon price of US $20 CO2–1,
or by 15.1 GtCO2 (14.8%) at US$50 tCO2–1. Ten countries comprise 55% of potential low-cost abatement from tropical
reforestation. Avoided deforestation offers 7.2–9.6 times as
much potential low-cost abatement as reforestation overall
(55.1 GtCO2 at US$20 tCO2–1 or 108.3 GtCO2 at US$50 tCO2–1),
but reforestation offers more potential low-cost abatement
than avoided deforestation at US$20 tCO2–1 in 21 countries,
17 of which are in Africa.
There is a lack of spatially disaggregated marginal abatement
cost (MAC) curves for tropical reforestation; that is, estimates of
how much CO2 could be removed from the atmosphere through
reforestation at various costs-per-tonne at particular places and
times10. Analyses of the cost per tonne of removing CO2 through
tropical reforestation have been limited to site-specific case studies11
and aggregate sectoral estimates5. By contrast, multiple MAC curves
(reviewed in ref. 12) have estimated that avoided tropical deforestation could abate 0.8–4.4 billion metric tonnes of CO2 (GtCO2 yr–1)
in 2020 at a cost of US$20 tCO2–1.
Generating a MAC curve for reforestation is more challenging
than for avoided deforestation for several reasons. First, historical reforestation is harder to observe than deforestation because
it happens gradually. Second, accounting for the trajectory of CO2
removal (that is, sequestration) over time from reforestation is complicated compared to carbon loss from deforestation because it is
subject to reversals due to harvest or natural losses. Third, different
types of forest growth (for example natural forests; plantations) have
different carbon removal trajectories.
Newly available data let us address all three of these challenges.
For the first challenge, a dataset that measures global forest cover
consistently in 2000 and 2010 (ref. 13, based on ref. 14) provides the
best assessment yet of pantropical forest-cover gain. For the second challenge, a database of carbon stocks in secondary forests and
plantations at different ages15 lets us model carbon removal trajectories for both secondary natural forests and plantations across the
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tropics. And for the third challenge, a dataset of the location of plantations in seven tropical countries16 lets us differentiate reforestation
with secondary natural forests from reforestation with plantations.
Here we use a gridded dynamic land-cover-change model to
produce pantropical, spatially disaggregated MAC curves for
reforestation; that is, the transition of non-forested lands to forests
through both natural regrowth and plantations. We simulate the
effect of payments for increased carbon removals on future landcover changes, accounting for site characteristics including slope,
elevation, distance from cities, protected status, initial forest cover,
agricultural revenue potential, continent and biome. Our estimates
represent economic potentials subject to the modelling assumption
that land users would be as responsive to changes in carbon prices
as they were to historical variation in agricultural prices; these estimates do not account for economic, social, legal or technical hurdles associated with operationalizing carbon price incentives under
specific policies. We geographically disaggregate the cost per tonne
of carbon removals from reforestation, identifying countries and
regions with the greatest low-cost abatement potential. We also produce MAC curves for reducing emissions from tropical deforestation using identical methods, which enables a direct comparison of
the relative cost per tonne of reforestation and avoided deforestation
pantropically for 90 countries.
From 2000 to 2010, 94.0 million hectares (Mha) of tropical land
were reforested; that is, transitioned from non-forest to forest at
a 30% tree-cover threshold (ref. 13, based on ref. 14). Using carbon
removal factors that we constructed for this paper (Supplementary
Figs. 1 and 2), this corresponds to 9.5 GtCO2 removed from reforestation from 2000 to 2010. The areas reforested between 2000
and 2010 would be expected to remove an additional 21.8 GtCO2
from 2010 to 2050 if they remain forested, and the country-specific share of reforestation that is secondary natural forest—rather
than cyclically harvested plantation—remains stable. Our estimates
are smaller than previous estimates of 4.3–6.2 GtCO2 yr–1 removed
over the decade17–19, because those estimates also included removals from reforestation that occurred before 2000, and regrowth of
degraded forests.
From 2000 to 2010, 139.1 Mha of tropical land were deforested;
that is, transitioned from forest to non-forest at a 30% tree-cover
threshold (ref. 13, based on ref. 14), which produced 49.4 GtCO2
emissions. This is consistent with previous estimates of 2.3–
10.3 GtCO2 yr–1 of emissions from deforestation during the first
decade of the 2000s (summarized in ref. 12).
Determinants of pantropical forest-cover changes from 2000–
2010 were largely as expected (Supplementary Table 5). Reforestation
was significantly greater on land that was flatter, at lower elevation,
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inside protected areas and with lower potential agricultural revenue. Deforestation was significantly greater on land that was closer
to cities, flatter, outside protected areas and with greater potential
agricultural revenue. These results are broadly consistent with the
findings of a meta-analysis of determinants of deforestation and
reforestation20. Reforestation was highest at low–intermediate levels
of forest cover, whereas deforestation was highest at intermediatehigh levels of forest cover (Supplementary Fig. 3). Reforestation was
higher in Africa and lower in Latin America, whereas deforestation
was higher in Asia and lower in Africa. Determinants of reforestation varied across the continents (Supplementary Table 6).
We projected 387.8 Mha of reforestation and 541.5 Mha of deforestation from 2020 to 2050 under a business-as-usual scenario
(BAU; Supplementary Fig. 4). These projected land-cover changes
correspond to 102.5 GtCO2 removals from reforestation, and
256.9 GtCO2 emissions from deforestation from 2020 to 2050 under
a BAU scenario (Supplementary Fig. 5).
A carbon price of US$20 tCO2–1 would incentivize tropical land
users to increase reforestation by 31.8 Mha (8.2%) to 419.6 Mha,
and reduce deforestation by 70.9 Mha (13.1%) to 470.6 Mha from
2020 to 2050 relative to a BAU scenario (Supplementary Fig. 6).
This corresponds to increasing removals from reforestation by
5.7 GtCO2 (5.6%) to 108.3 GtCO2, and reducing emissions from
deforestation by 55.1 GtCO2 (21.5%) to 201.7 GtCO2 from 2020
to 2050 (Supplementary Fig. 7). A carbon price of US$50 tCO2–1
would increase reforestation by 84.1 Mha (21.7%) to 471.9 Mha, and
reduce deforestation by 149.7 Mha (27.6%) to 391.8 Mha from 2020
to 2050 (Supplementary Fig. 6). This corresponds to increasing
removals from reforestation by 15.1 GtCO2 (14.8%) to 117.7 GtCO2,
and reducing emissions from deforestation by 108.3 GtCO2 (42.2%)
to 148.5 GtCO2 from 2020 to 2050 (Supplementary Fig. 7).
The potential for low-cost abatement increases over time for
both increased removals and reduced emissions; that is, MAC
curves shift outwards in later decades (Fig. 1). Increased removals
from reforestation at US$20 tCO2–1 are 101% higher in 2030–2040
and 188% higher in 2040–2050 than in 2020–2030, while reduced
emissions from deforestation at US$20 tCO2–1 are 32% higher in
2030–2040 and 74% higher in 2040–2050 than in 2020–2030. The
potential low-cost abatement increases because projected reforestation and deforestation both increase under a BAU scenario, and
because reforestation in early periods continues to remove carbon
in later periods as secondary forests regrow.
Latin America comprised 40% of low-cost removals from reforestation between 2020 and 2050 at US $20 tCO2–1, followed by
Africa (36%) and Asia (24%). Latin America also comprised 48%
of low-cost reductions in emissions from deforestation, followed by
Asia (29%) and Africa (23%).
The top ten countries for increased removals from tropical reforestation between 2020 and 2050 at US $20 t–1 (representing 55% of
total removals) were Brazil (tropical), Indonesia, the Democratic
Republic of the Congo, Mexico (tropical), Angola, Colombia,
India (tropical), Tanzania, Mozambique (tropical) and Thailand
(Supplementary Table 7). The top ten countries for reducing emissions from deforestation between 2020 and 2050 at US$20 tCO2–1
were Brazil (tropical), Indonesia, the Democratic Republic of the
Congo, Peru, Colombia, Bolivia, Papua New Guinea, Republic of
Congo, Venezuela and Malaysia.
The potential to increase removals and reduce emissions at low
cost varied across countries (Fig. 2). In more than three-quarters of
countries (n = 69, of a total of 90), increased removals from reforestation were lower than reduced emissions from deforestation at
US$20 tCO2–1 (Fig. 3). Of the 21 countries with greater potential for
increasing removals than reducing emissions at US$20 tCO2–1,
17 were in Africa.
Our results had varying sensitivity to alternative data, parameter
choices and modelling decisions (Supplementary Table 8). Results
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Fig. 1 | Global MAC curves. The potential CO2 abatement from tropical
reforestation and reduced emissions from tropical deforestation is shown
for decades from 2020 to 2050.

for increased removals from 2020 to 2050 at US$20 tCO2–1 were
most sensitive (>40% difference relative to the base scenario) to the
tree-cover threshold used to define forest-cover change, assumptions about future agricultural prices and the salience of carbon
price versus agricultural price in land-cover decisions. We discuss
sensitivities and caveats in detail in the Supplementary Information.
We have produced pantropical, spatially explicit estimates of
the cost per tonne of CO2 abatement through reforestation (that is,
MAC curves). Using our pantropical, spatially explicit MAC curves,
we estimate that 5.7 GtCO2 of CO2 removal from reforestation is
available between 2020–2050 at US$20 tCO2–1, whereas 15.1 GtCO2
is available at US$50 tCO2–1. On an annualized basis, these potentials are respectively equivalent to 0.4% and 1.1% of global greenhouse gas (GHG) emissions excluding land-use change and forestry
in 2014 (ref. 21).
The amount of abatement available from reducing emissions
from deforestation at US$20–50 tCO2–1 is 7.2–9.6 greater than
from increasing removals from reforestation. This disparity is
due to slower carbon removal through reforestation than emissions from deforestation, especially on soils and in peat forests.
On a decadal-average basis, the combined potential of increasing removals from reforestation and reducing emissions from
deforestation at US$20–50 tCO2–1 is equivalent to 10.3–20.9% of
emission reductions needed from 2020–2030 for a >66% chance
of holding global warming below 2 °C (ref. 5). Although avoiding
deforestation is a more efficient way to mitigate climate change
than increasing reforestation overall, both can and should be done
where cost effective.
Regions vary in the relative importance of reforestation and
avoided deforestation for mitigating climate change. Latin America
is the region with the most low-cost potential for both increased
removals from reforestation and reduced emissions from deforestation. However, Africa is the region with the second-most low-cost
abatement reforestation, whereas Asia is the region with the secondlowest-cost abatement potential from avoided deforestation.
Our estimates of cost-effective potential abatement are more
conservative than previous non-spatial studies. Our estimates
that tropical reforestation could remove 0.072–0.86 GtCO2 yr–1
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Fig. 2 | Maps of increased removals from reforestation and reduced emissions from deforestation at a carbon price of US$20 tCO2–1 from 2020 to 2050.
a, Increased removals from reforestation. b, Reduced emissions from deforestation.
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Fig. 3 | Increased removals from tropical reforestation and reduced emissions from deforestation in 77 countries at US$20 tCO2–1 from 2020 to 2050.
Countries with less than 2.5 MtCO2 in either mitigation option are not shown (n = 13). Axes are log-scale for presentation. Blue data are for Latin America/
Caribbean; orange data are for Africa; and green data are for Asia. The dashed line is a 1:1 line. The three-letter country codes are from the UN Trade
Statistics (https://unstats.un.org/unsd/tradekb/knowledgebase/country-code) and are listed in Supplementary Table 7.

at US$10–100 tCO2–1 in 2030 were lower at high prices than the
0–3.04 GtCO2 yr–1 at US$10–100 tCO2–1in 2030 estimated in ref. 5.
Our estimates that tropical reforestation could remove 0.078, 0.49,
0.84, and 1.84 GtCO2 yr–1 at US$5, US$30, US$50 and US$100 tCO2–1
in 2050 were also lower than the 0.5–3.6 GtCO2 yr–1 at US$5–
50 tCO2–1 in 2050 that was estimated in ref. 6 for afforestation and
reforestation globally. Multiple differences between our study and
previous studies might contribute to our lower estimates of costeffective potential abatement. These include higher estimated economic returns to agricultural land competing with forests; less land
available for reforestation and afforestation; slower estimated carbon accumulation rates following reforestation; and MAC curves
constructed from econometric relationships between pantropical
data on agricultural potential and land-cover change rather than
extrapolated from a small number of case studies.

Relative to the other negative emissions technologies reviewed in
ref. 6, we estimate that tropical reforestation has greater cost-effective abatement potential in 2050 than bio-energy with carbon capture and storage (BECCS) (0.5–5 GtCO2 yr–1 at US$100–200 tCO2–1)
and direct air carbon capture and storage (0.5–5 GtCO2 yr–1 at
US$100–300 tCO2–1); comparable cost-effective abatement potential
in 2050 to biochar (0.5–2 GtCO2 yr–1 at US$30–120 tCO2–1); and less
cost-effective abatement potential in 2050 than enhanced weathering (2–4 GtCO2 yr–1 at US$50–200 tCO2–1) and soil carbon sequestration (2–5 GtCO2 yr–1 at US$0–100 tCO2–1). Estimates of costs and
potentials for other negative emissions technologies remain highly
uncertain and would benefit from future research.
Tropical reforestation can contribute to cost-effectively mitigating climate change. Indeed, countries have included more than
120 Mha of reforestation in their national climate pledges22, with
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forest-based mitigation comprising one-quarter of emission reductions planned by countries23. However, reforestation programmes
are constrained by economic, social, legal and technical challenges
(see refs. 24,25) and sensitivity to biological diversity safeguards26.
Site-level efforts to operationalize carbon price incentives for reforestation such as the Clean Development Mechanism have been
hampered by the need to address carbon accounting concerns
related to leakage, additionality and permanence27. In principle,
such concerns can be eased by country- or jurisdiction-level carbon
accounting for Reducing Emissions from Deforestation and forest
Degradation plus enhancing forest carbon stocks (REDD+). Most
REDD+ finance so far has concentrated on reduced emissions from
deforestation due to the relatively advanced monitoring capabilities
for this activity28. Rapid improvements in monitoring of removals
from reforestation could advance the use of carbon price incentives
for reforestation as well.
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Overview of methods. We produced MAC curves for tropical reforestation and
avoided deforestation using a top-down approach, which assumes that mitigation
is partly a response of human behaviour to economic forces, and uses large-scale
modelling to simulate the aggregate response of abatement suppliers to a variable
carbon price. This contrasts with a bottom-up approach, which accounts for costs
on the basis of detailed local or project-specific data, but which is difficult to
undertake across many geographies or technologies10.
We generated MAC curves by simulating the effects of hypothetical carbon
payments on reforestation and deforestation, extending the approach used in refs. 12,29,30.
First, we constructed a pantropical land-cover-change model to estimate the
responsiveness of observed reforestation and deforestation to variation in global
agricultural prices, while controlling for other economic and physical determinants
of land-cover change. Next, we projected reforestation and deforestation in future
decades, assuming that there will be no changes in agro-ecological, economic
and policy conditions that affect land-cover change (that is, a BAU scenario). We
projected the share of reforestation that would occur as secondary natural forests
versus plantations on the basis of historical data on the location of plantations
in seven countries. Using a database of aboveground biomass in stands across
the tropics (Supplementary Fig. 1), we then constructed new carbon removal
trajectories in aboveground biomass. We used these trajectories to convert our
projections of reforestation and deforestation into carbon removals and emissions
in aboveground biomass, belowground biomass and peat and non-peat soils. We
then projected removals from reforestation, and emissions from deforestation,
at varying carbon prices, assuming land-use decision makers would be as
responsive to future changes in carbon prices as they were to historical variation
in agricultural prices. We used our estimates of carbon removed or emitted at
different carbon prices to trace MAC curves. Finally, we analysed the sensitivity of
our results to key data sources, parameter assumptions and modelling decisions.
Land-cover-change model. We used a pantropical land-cover-change
model to estimate how historical reforestation and deforestation varied in
response to agricultural prices, while controlling for other factors that influence
land-cover change.
The primary dependent variable in our land-cover-change model, reforestation,
was constructed from data on forest cover in 2000 and 2010 13. These data were
derived from 30-m Landsat satellite measurements using spatially consistent
methods14. The dataset replicated tree cover for 2010 by using the same methods
used in ref. 14 in 2000. The globally consistent algorithm used in the data14 means
they may (for example, ref. 31) or may not (for example, ref. 32) be as accurate in
some regions as locally calibrated data. We classified tree cover into forest and nonforest by applying a tree-cover threshold of 30%, which is the high end of the range
(10–30%) of the UNFCCC’s forest definition33. The use of alternative tree-cover
thresholds of 10% and 50% in sensitivity analyses resulted in large (76% and 65%
respectively) falls in increased removals from reforestation at US$20 tCO2–1 relative
to the base scenario with a tree-cover threshold of 30%. We defined all transitions
from non-forest in 2000 to forest in 2010 as ‘reforestation’, as our data did not
distinguish between the changes that occurred due to anthropogenic versus natural
processes. This definition is inclusive of afforestation33, however, we avoid using
the term as it can suggest intentional conversion of native non-forest ecosystems to
exotic tree cover, an activity that we do not endorse as it would violate biodiversity
safeguards26. Similarly, we defined all transitions from forest in 2000 to non-forest
in 2010 as ‘deforestation’, without distinguishing between anthropogenic or natural
processes. In a sensitivity analysis, we removed forest areas identified as oil palm
plantations from reforestation and deforestation, which resulted in a small (3%)
decrease in increased removals from reforestation at US$20 tCO2–1 relative to the
base scenario in which oil palm plantations were not removed. Summary statistics
for reforestation, deforestation and other variables by continent are shown in
Supplementary Table 1.
The main independent variable in our land-cover-change model was maximum
potential gross agricultural revenue. We constructed the agricultural revenue data
by selecting the maximum product of potential crop yield across 21 crop types on
the basis of global agro-ecological zones34 and the production-weighted average of
national farmgate prices35 for the top five producer countries of each crop in the
decade 2000–2010, following refs. 36,12. We assumed 30 yr of agricultural revenues
discounted at 10% annually; a rate that is typically used by development banks for
evaluating public investments in developing countries37, and that is consistent with
private decision-making in the developing world38. The use of higher (15%) and
lower (3%; 7%) discount rates in a sensitivity analysis resulted in small to moderate
(8–19%) differences in increased removals from reforestation at US$20 tCO2–1
relative to the base scenario with a 10% discount rate. The potential agricultural
revenue variable assumes that farmers maximize yields, face global prices and
produce crops that reflect agro-ecological conditions.
As control variables in our land-cover-change model, we included data on
other widely confirmed determinants of forest-cover change20, including slope
and elevation39, Euclidean distance from the nearest city of more than 750,000
people in the same country in the year 201040 and strict and multiple-use protected
areas41, as well as the biome type42, which could influence rates of forest recovery.
We included continental dummy variables to account for systematic differences
Nature Climate Change | www.nature.com/natureclimatechange
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in deforestation rates across Latin America/Caribbean, sub-Saharan Africa and
tropical Asia. In a sensitivity analysis, we replaced fixed effects for the biome and
continent with fixed effects for ecoregions42 and countries to control for more
granular institutional and biological factors. This resulted in a moderate (37%)
fall in increased removals from reforestation at US$20 tCO2–1 relative to the base
scenario with continent and biome fixed effects. In a sensitivity analysis, we applied
three continent-specific models, which resulted in a small (5%) rise in increased
removals from reforestation at US$20 tCO2–1 relative to the base scenario using a
single pantropical model.
We also included four terms representing a fourth-order polynomial on
initial forest cover (that is, forest cover, forest-cover squared and so on) as
control variables to capture nonlinear trends in land-cover change across forest
cover; for example, the inverted-U-shaped relationship between forest cover and
deforestation at the cell level that was found in ref. 12. In sensitivity analyses, we
attempted to control for timber prices using the average export value per cubic
metre of industrial non-coniferous tropical roundwood43, which resulted in a small
(2%) rise in increased removals from reforestation at US$20 tCO2–1 relative to the
base scenario without this variable. Globally consistent data on road coverage,
an important determinant of deforestation, were not available (see ref. 44). We
also excluded revenue from cattle, an important driver of deforestation in Latin
America (for example, ref. 45), for which no globally consistent maps of potential
production were available.
We aggregated all data into 0.05° grid cells (~5.5 km wide at the Equator)
following ref. 12. By aggregating spatial data to relatively coarse grid-cell sizes, we
were able to capture the full wall-to-wall spatial variation in forest cover change
within a manageable number of cells, with the trade-off of losing fine-scale spatial
specificity. Using coarser-resolution cells had the added benefits of diluting the
effects of possible spatial misalignments between datasets, which enabled easier
interpolation of missing data within cells (for example, for forest carbon density),
and subsumed localized spatial autocorrelation. Residual spatial autocorrelation
at larger scales may result in downward-biased standard errors; this is less of a
concern for numerical modelling than for hypothesis testing.
We limited the scope to the tropics (as defined in ref. 18, following ref. 12),
which contained 1,829,516 of the 5.5 × 5.5 km2 grid cells. We excluded the desert
and mangrove biomes42 from the scope of the analysis, as these biomes had
too few observations in the reforestation biomass database described below15
to produce reliable carbon removal trajectories. Carbon removal trajectories
for mangrove forests, as well as soils and peatlands, would benefit from future
research. We further excluded all grid cells that had zero forest cover in both 2000
and 2010, under the assumption that such lands are not biophysically suitable for
reforestation (for example mountain tops; savannahs; urban areas), regardless of
the biome type identified in ref. 42. The exclusion of 235,403 grid cells resulted in a
dataset that contained 1,594,113 grid cells in 90 countries.
We modelled historical reforestation as a function of economic and biophysical
driver variables. We used a Poisson quasi-maximum likelihood estimator46 in the
same way as in previous analyses of grid-cell-level forest cover change (for example,
refs. 12,30,47). The Poisson quasi-maximum likelihood estimator functional form is
theoretically consistent with forest-cover loss or gain within a 5.5 × 5.5 km2 grid
cell being the count of many independent, discrete binary observations of forest
cover loss or gain at the level of 30 × 30 m2 remote sensing data. We tested the use
of alternative functional forms (that is, Tweedie; negative binomial) in sensitivity
analyses, which resulted in small (0–9%) differences in increased removals from
reforestation at US$20 tCO2–1 relative to the base scenario using the Poisson quasimaximum likelihood estimator.
The regression model was:
Ri = exp(β0r + β1r AGi + X i′ β2r + Fi′ β3r + γir + μir + ϵir)

(1)

Here, the dependent variable, Ri, is the fraction of the area of cell i that
underwent a non-forest to forest transition from 2000 to 2010. Independent
variables include the net present value of maximum potential agricultural
revenue (AGi); a vector of slope, elevation, distance from the nearest city
of more than 750,000 people, fraction of a cell within strict protected areas and
fraction of a cell within multiple-use protected areas (Xi); and a fourth-order
polynomial on forest cover as a fraction of a cell (Fi). The γi and μi terms are
fixed effects for the continent and biome respectively; in a sensitivity analysis, we
applied fixed effects for countries and ecoregions instead, as described above. The
superscript r denotes reforestation, ϵi is an error term and 𝛽 terms are regression
coefficients. A full list of variables and parameters used in the model is shown in
Supplementary Table 2.
We restricted the model to cells for which forest cover was greater than zero in
the year 2000, and to cells within the moist forest, dry forest and grassland biomes
(cells without forest, or in the desert or mangrove biomes, were excluded).
We constructed a similar regression model for deforestation:
Di = exp(β0d + β1d AGi + X i′ β2d + Fi′ β3d + γid + μid + ϵid)

Here, the dependent variable, Di, is the fraction of the area of cell i, that
underwent a forest to non-forest transition from 2000 to 2010. The independent

(2)
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variables are the same as in the reforestation model in equation (1). The superscript
d denotes deforestation.
We validated our pantropical grid-cell-level reforestation and deforestation
models by comparing predicted and observed values at the country level from 2000
to 2010, obtaining a correlation coefficient of 0.95 for reforestation and 0.99 for
deforestation. We also compared predicted values of country-level reforestation
to the independent predictions of 76 country-specific models using the same
functional form and variables, obtaining a correlation coefficient of 0.96 (the
remaining 14 countries contained too few cells to run a country-specific regression
model successfully). We did not validate our model using data from alternative
time periods or datasets.
Projections of reforestation and deforestation under BAU. We projected future
land-cover changes using a dynamic, recursive model from 2010 to 2050. For each
future decade, t (2010–2020; 2020–2030; 2030–2040; 2040–2050), we calculated
reforestation and deforestation in a cell as a function of cell attributes and the
coefficients estimated in equations (1) and (2); that is:
r
r
r
r
^ = e(β^ + β^ AG + X ′ β^ + F′ β^ + γ^r + μ^ r )
R
it
i
i 2
i 3
0
1
i
i

(3)
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(4)

and

Most cell attributes included in the model were time invariant, either in reality
(slope, elevation, biome, continent) or by assumption (distance from cities, strict
and multiple-use protected areas, potential agricultural revenue). Notably, we
assumed that future real agricultural prices (2010–2050) would remain constant
at average 2001–2010 levels, as suggested in ref. 48 for the period 2013–2022, and
as used in ref. 12. We also assumed static yields, which may not be the case due to
shifting agro-ecological conditions under climate change or due to agricultural
intensification. We assumed that other unmodelled social, economic and political
factors that affected the distribution of reforestation from 2000 to 2010 would
remain static as well.
In contrast to other cell attributes, we updated forest cover dynamically; that
is, we calculated forest cover at the end of each period by adding reforestation and
subtracting deforestation during the previous period to the forest cover at the start
of the period. We constrained forest cover such that the fraction of a cell that is
forested could not decrease below zero or increase above one; that is:
Fit +1 = min{max{Fit − d^it + r^it, 0}, 1}

(5)

Projecting the behaviour of a system as complex and dynamic as tropical
land cover to 2050, on the basis of 10 yr of data and a reduced-form model, is
inherently challenging and inevitably involves simplifying assumptions. One of
the greatest uncertainties involves how supply and demand for commodities will
combine to affect future agricultural prices. We tested the sensitivity of our results
to alternative assumptions that real agricultural prices would remain constant at
lower or higher levels. Prices that were 50% lower resulted in a moderate (27%) rise
in increased removals from reforestation at US$20 tCO2–1, whereas prices that were
100% higher resulted in a large (41%) fall in increased removals from reforestation
at US$20 tCO2–1 relative to the base scenario using constant real agricultural prices.
Constructing CO2 removal trajectories and emission factors. To convert the
projections of reforestation into CO2 removals, we constructed trajectories for
how much carbon would be removed in each decade following reforestation.
These trajectories (for example, ref. 49) varied based on two factors known to affect
carbon accumulation: the biome in which reforestation took place and whether
reforestation would be with plantation or natural forest.
We constructed a model of CO2 removal over time in the aboveground biomass
of growing forests that is based on a database of biomass stocks at 829 secondary
tropical forest stands along with those stands’ age, location and whether the
forest was a plantation or natural regrowth15. We converted tonnes of biomass
to tonnes of carbon stock by multiplying by 0.47 (ref. 50). We first tested which
of four functional forms (that is linear; logarithmic; sigmoid; square root) best
explained carbon stock as a function of age in a two-sided univariate regression.
The square root of age explained a greater share of the variation in carbon stock
than the alternatives. We then modelled the carbon stock in aboveground biomass
of stand (CxAGB) as a function of the square root of the stand age (Ax); the square
root of the stand age multiplied by a binary variable for forest type (Nx; 1 if a stand
of forest was a plantation and 0 otherwise); and the square root of the stand age
multiplied by binary variables for three biome types (Bx; moist forest, dry forest
and reforestation within the grassland biome42). The superscript c denotes carbon.
We set the regression intercept to zero so that carbon stock was always zero, in year
zero, by construction. We did not include an interaction term between plantation
and biome type; that is:
CxAGB = Ax (β1c + β2cNx + β3cBx ) + ϵxc

(6)

This model explained 0.79 of variation in carbon stock across stands
(see Supplementary Table 3; carbon stocks over time for different forest types are
shown in Fig. 1 and Supplementary Fig. 1). For example, we estimated that a
20-year-old secondary natural forest in the moist tropical biome would have 51 t of
aboveground carbon per hectare on average, which compares to others’ estimates
of 57 t of aboveground carbon per hectare on average for the neotropics51, and 26 t
of aboveground carbon per hectare for natural regeneration following cultivation15.
Although we believe our estimates of carbon stock accumulation to be based
on the best-fit curves to the best available dataset15, we were surprised not to find
a larger difference in estimated sequestration rates between moist and dry tropical
forests; for example, as found in ref. 51. Perhaps this has to do with biases in the
location of stands included in the database from each biome. There is room for
improvement with future research.
We next extrapolated across the tropics our model of how much carbon (tC ha–1)
would be present in aboveground biomass in any cell, i, after y years of regrowth
as forest type n (natural forest or plantation):
c
c
c
^ AGB = y (β^ + β^ N + β^ B )
C
iyn
1
2 i
3 i

(7)

We assumed that historical average carbon accumulation rates would persist
in future decades, which might not be the case if climate change affects carbon
fertilization, soil moisture availability or fire frequency.
We calculated carbon stock in belowground biomass by applying a root-shoot
ratio of 0.26 (ref. 52) to aboveground biomass:
^ BGB = 0.26 C
^ AGB
C
iyn
iyn

(8)

For plantation forests, we assumed a harvest-and-replanting cycle of 10 yr,
which corresponds to typical rotation lengths for the most common tropical
plantation species: eucalypts (7–10 yr), acacias (7–12 yr) and pines (10–30 yr)53. In a
sensitivity analysis we tested an alternative rotation length of 20 yr; this resulted in
a small (5%) rise in increased removals from reforestation at US$20 tCO2–1 relative
to the base scenario using a 10 yr rotation length. For natural reforestation, we
assumed no repeat clearing so carbon removal in secondary forests continued for
decades. This is probably an overestimate because some amount of non-plantation
regrowth is fallow that will be re-cleared for swidden (that is, ‘slash and burn’)
agriculture (for example, ref. 54).
We modelled carbon stock in non-peat soils in cell i, after y years of regrowth
S
as forest type n (Ĉiyn), by applying a linear regression with zero intercept to a
database of soil carbon gained at tropical sites at varying years after a transition
from non-forest to forest55. Across 151 transitions to forest, the average carbon
gain per year was 0.447% of pre-transition soil carbon. Across 150 transitions
to plantation, the carbon gain per year was 0.919% of pre-transition soil carbon.
We extrapolated soil carbon stocks across the tropics by applying these annual
multipliers to the top 30 cm of soil carbon56.
On peat soils, we did not include a carbon removal factor for soil as the
GHG benefit is uncertain—carbon gains from rewetting and stopping further
degradation may be counterbalanced by increased methane emissions from
peatlands57–59. We did not consider carbon stored in long-lived wood products in
this analysis.
TOT
The total forest carbon stock in cell i in decade t as forest type n (Ĉ itn ) is the
average forest carbon stock over the 10 yr of that decade, including in aboveground
biomass, belowground biomass and non-peat soil:
^ TOT = 1
C
itn
10

AGB

∑ y=10(t −1) C^ iyn
10t − 1

BGB

S

^
^
+C
iyn + Ciyn

(9)

The carbon stock accumulation in the first decade of reforestation is equal to
TOT
Ĉ i1n , while the carbon stock accumulation in subsequent decades (that is during
TOT
TOT
TOT
TOT
secondary forest regrowth) is equal to Ĉ i2n −Ĉ i1n , Ĉ i3n −Ĉ i2n and so on. We
calculated the carbon removal factor (RF); that is, the amount of CO2 removed
from the atmosphere per hectare in cell i, in decade t, by forest type n (RFitn), by
multiplying the carbon stock accumulation by 3.67, the atomic ratio between CO2
and carbon.
Finally, we allowed the carbon removal factor to vary by country to
reflect the differential share of reforestation that occurs as natural forest rather
than plantation:
RFitz = α zRFit,natural + (1−α z)RFit,plantation

(10)

That is, the CO2 removed from the atmosphere per hectare at site i, in decade t,
in country z (RFitz) is a weighted average of the removal factors for natural forests
(RFit,natural) and plantations (RFit, plantation), where αz is the country-specific share of
reforestation that is natural forest.
To make assumptions about the share of reforestation that would be natural
forest regrowth versus plantation, we used data on the location of plantations16.
These data were available for seven countries (Brazil, Cambodia, Colombia,
Indonesia, Liberia, Malaysia and Peru), which together make up 45% of forest
Nature Climate Change | www.nature.com/natureclimatechange
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cover in 2000, 34% of reforestation and 41% of deforestation from 2000 to
2010 among the countries in our sample, as well as 87% of global palm oil
fruit production circa 201035. The location of plantation forests in these data
was inferred on the basis of a visual interpretation by trained analysts of the
geometric pattern of tree cover in 2013–2014 images. The dataset contained 296
plantation types, which we categorized into timber, oil palm or other (mostly
fruit crops as well as young or unidentified plantations, see Supplementary Table 4).
Overlays of plantation data and forest data showed that 3.6% of forest cover in
2010 and 15.2% of reforestation from 2000 to 2010 within these seven countries
was identified as a plantation rather than natural forest regrowth. This fraction
varied widely across these seven countries, from a low of 0.08% of forest cover
and 0.14% of reforestation identified as a plantation in Peru, to a high of 27.2%
of forest cover and 70.4% of reforestation identified as a plantation in Malaysia
(Supplementary Table 4).
For the seven countries for which data on plantation coverage was available,
we assumed that the fraction of future reforestation that would be plantation
would be equal to the fraction of reforestation during 2000–2010 that was
observed to be plantation in 2013–2014. For all of the other countries, we used
the country from the same continent that had the lowest fraction of reforestation
that was plantation (that is Peru for Latin America; Liberia for Africa; Cambodia
for Asia), assuming that the countries for which plantation data were gathered
were probably selected due to an above-average concentration of plantations.
In sensitivity analyses, we tested alternative assumptions about the fraction of
reforestation that was plantation (specifically, that the fraction of reforestation
that would be plantation would be equal to the country with the median fraction
of plantation from the same continent; that all reforestation would be plantation;
and that all reforestation would be natural forest); these resulted in small to
moderate (1–11%) differences in increased removals from reforestation at
US$20 tCO2–1 relative to the base scenario that extrapolated plantation area on the
basis of continental minimums. Analyses such as ours would benefit from future
research expanding maps of plantations from seven countries to the entire tropics
or entire world.
For the CO2 emission factors associated with deforestation, we used the
same values as in ref. 12; that is, we assumed complete loss of aboveground
and belowground biomass following deforestation. Aboveground biomass was
taken from ref. 18, whereas belowground biomass was calculated by multiplying
aboveground biomass by a root:shoot ratio of 0.26 (ref. 52). On all peat soils
(histosols and gleysols56), we assumed soil emissions of 59.4 tCO2 ha–1 yr–1(ref. 60) for
30 yr following deforestation, resulting in 1,782 tCO2 ha–1 of committed emissions.
On non-peat soils we assumed soil emissions from deforestation to be 0.085 of soil
carbon content in the top 30 cm (ref. 56)—the unweighted pantropical average of
the percentage of soil carbon released by conversion of forest to shifting cultivation
and permanent crops or gained from conversion to pasture55.
Projecting CO2 removals and emissions under BAU. To calculate removals
associated with the first decade of reforestation at site i (RRi1), we multiplied the
area of reforestation in each cell by the CO2 removed from the atmosphere by
reforestation (tCO2 ha–1) in the first decade. To calculate removals associated with
subsequent decades following reforestation (that is secondary forest growth) at site
i (RRit), we multiplied forest area gained in previous decades by removal factors
for the second, third and so on decades. To calculate emissions from deforestation
(EDi) we multiplied the area deforested in a decade (for example, 2000–2010;
2010–2020; and so on) by the one-time emission factor (tCO2 ha–1).
We assumed that reforestation and deforestation would occur spatially
independently within cells, such that net emissions from a cell are equal to the
deforestation area multiplied by the emission factor minus the reforestation area
times the removal factor. However, this is the upper bound for each gross flux. In
a sensitivity analysis we assumed the maximum amount of spatial overlap between
deforestation and reforestation (that is that deforestation and reforestation are of
the same forest locations with the same carbon values), such that net emissions
from a cell are equal to the net forest area change multiplied by the emission factor
if net forest area change is negative or multiplied by the removal factor if the net
forest area change is positive. This resulted in a moderate (19%) fall in increased
removals from reforestation at US$20 tCO2–1 relative to the base scenario in which
areas of deforestation and reforestation did not overlap.
MAC curves. We next perturbed the BAU trajectory of reforestation by applying
a per-hectare carbon price incentive effect (Ci) to equation (3), beginning in 2020.
As in ref. 12, a carbon price increased the return to standing forests relative to
the potential to obtain agricultural revenue by converting forests to cropland or
pasture, which increased expected reforestation. We calibrated the marginal effect
of a carbon price on deforestation using the empirical relationship between the
observed pattern of historical reforestation and deforestation and the variation
across space and time in agricultural prices. We assumed that land users would
respond equivalently to agricultural prices and carbon prices, as in the absence
of evidence to the contrary, it is reasonable to assume equal price salience. In
sensitivity analyses, we tested alternative assumptions that carbon prices would
have lower or higher salience to land users. A 50%-lower price salience and a
100%-higher price salience resulted, respectively, in a large (51%) fall and a large
Nature Climate Change | www.nature.com/natureclimatechange

(108%) rise in increased removals from reforestation at US$20 tCO2–1 relative to the
base scenario with 1:1 price salience.
r
r
r
r
^ = exp(β^ + β^ (AG − C ) + X ′ β^ + F′ β^ + γ^ r + μ^ r )
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(11)

We assumed that a carbon pricing mechanism would pay for future carbon
removals each year as they occur, and deduct for reversals from forest harvest
as they occur, rather than pay for all carbon upfront. Land users would discount
payments for removals farther in the future more heavily. Thus, the per-hectare
incentive effect of a carbon price (US$ ha–1) on reforestation (Ci) is the carbon price
(P) multiplied by the net present value of a stream of expected future payments for
reforestation:
Ci = P ∑

30
y =1

RFi, y δ y

(12)

RFiy is the removal factor for cell i in year y (tCO2 ha–1 yr–1), and δ is the
discount rate. We applied a default discount rate of 10%, a rate that is typically
used by development banks for evaluating public investments in developing
countries37, and that is consistent with private decision-making in the developing
world38. As mentioned above, in sensitivity analyses we applied an alternative
‘ethical’ discount rate of 3% (ref. 38), an intermediate discount rate of 7% and a
high discount rate of 15% to both future carbon payments and future agricultural
revenues. We assumed that a carbon pricing mechanism would pay for up to
thirty years of reforestation. In sensitivity analyses, we tested alternative payment
lengths for reforestation of 50 or 100 yr, which resulted in small (2%) rises in
increased removals from reforestation at US$20 tCO2–1relative to the base scenario.
We assumed a frictionless translation of carbon price to land-user response.
In sensitivity analyses, we tested the effects of implementation or transaction
costs61,62 of US$1,000 ha–1, which resulted in moderate (36%) fall in removals from
reforestation at US$20 tCO2–1 relative to the base scenario with net costs equal to
zero. We also tested the effects of co-benefits of US$1,000 ha–1, which resulted in a
moderate (36%) increase in increased removals from reforestation at US$20 tCO2–1
relative to the base scenario net costs equal to zero.
We assumed that increases in forest cover due to increased reforestation and
decreased deforestation would not displace deforestation to new locations; that
is, we assumed no ‘leakage’. In a sensitivity analysis, we considered a scenario in
which policy-induced increases in forest cover led to increases in agricultural
prices, decreasing the likelihood of reforestation and increasing the likelihood
of deforestation elsewhere, following the treatment of leakage in ref. 12. This
resulted in a small (10%) reduction in increased removals from reforestation at
US$20 tCO2–1 relative to the base scenario without leakage.
We traced out MAC curves for reforestation by projecting increased removals
from reforestation at varying carbon prices. Increased removals from reforestation
(IRR) at any given carbon price (p) was the difference between removals at that
carbon price and removals under a BAU scenario:
IRR it, p = IRR it, p−IRR it,BAU

(13)

Similarly to equation (11), we perturbed the BAU trajectory of deforestation
by applying a per-hectare carbon price incentive effect (Ci) to the deforestation
equation (4), beginning in 2020:
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For deforestation, the per-hectare incentive effect of a carbon price (US$ ha–1)
on deforestation was calculated by multiplying the carbon price (US$ tCO2–1) by
the emission factor (EF; tCO2 ha–1):
Ci = pEFi

(15)

We traced out MAC curves for deforestation by projecting reduced
emissions from deforestation at alternative carbon prices. Reduced emissions
from deforestation (RED) at any given carbon price was the difference between
emissions under a BAU trajectory and emissions at that carbon price:
REDit, p = EDit,BAU−EDit, p

(16)

In calculating MAC curves for reforestation and deforestation, we modelled
payments for reforestation and deforestation independently (that is, we kept
one payment price at zero while varying the other payment price) to avoid
complications arising from interactions between the two types of payments. In
a sensitivity analysis, we allowed carbon prices to affect both reforestation and
deforestation simultaneously; this resulted in a moderate (19%) fall in increased
removals from reforestation at US$20 tCO2–1 relative to the base scenario in which
the two MACs were modelled separately.
We reported changes resulting from the imposition of carbon prices of
US$20 tCO2–1 and US$50 tCO2–1 for consistency with past work. In European and
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Californian carbon markets, US$20 tCO2–1 is roughly at the high end of current
prices; US$50 tCO2–1 is roughly the global social cost of CO2 emissions63.
Caveats. We simulated the effects of a specific method for promoting
reforestation—carbon payments. We did not model the cost per tonne of other
methods that could be either less or more expensive, such as state-sponsored
reforestation projects on public land, for example in China and India, which might
not be as responsive to price signals. Our top-down estimates of the cost per tonne
of reforestation across the entire tropics complement the range of bottom-up
estimates of reforestation costs from specific countries and biomes, using specific
policy levers, techniques and forest types (for example plantations, secondary
natural forests, agroforests).
Our projections were based on observed patterns of reforestation and existing
technologies during 2000–2010. For instance, although observed and projected
reforestation within the grassland biome was mainly reforestation of woodland
ecosystems, this probably also included some amount of forestation in native
grasslands, a controversial activity with negative impacts on biodiversity26,64.
Promoting this activity further through carbon payments would violate safeguards
related to biodiversity conservation.
Our model made no assumptions about potential growth in non-agricultural
demand for alternate land uses; for example, BECCS. BECCS generated
from annual crops would compete with reforestation for land area, whereas
BECCS generated from forest biomass might encourage both reforestation and
deforestation.
Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

The data analysed in this study are available in the Harvard Dataverse repository
(https://dataverse.harvard.edu/dataverse/tropical_reforestation_study).

Code availability

All code used during this study is available from the corresponding author on
reasonable request.
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Study description
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Research sample

~1.6 million ~5.5 km x 5.5 km grid cells encompassing all tropical land area

Sampling strategy

Wall-to-wall coverage; i.e. all tropical land area was initially included. Subsequently some grid cells were excluded due to scope
restrictions described in the paper.

Data collection

No primary data collection. All data acquired from other sources is described and referenced in the paper.

Timing

The dependent variables ("reforestation" and "deforestation") span 2000-2010. The timing of independent variables and other variables
are described in the paper as appropriate.

Data exclusions

As described in the manuscript: We limited the scope to the tropics as defined in Baccini et al (2012) following Busch and Engelmann
(2018), which contained 1,829,516 5.5 km x 5.5 km grid cells. We excluded the desert and mangrove biomes (Dinerstein et al 2018) from
the scope of the analysis as there were too few observations in the reforestation biomass database described below (Anderson-Teixeira
et al 2016) from these biomes to produce reliable carbon removal trajectories; carbon removal trajectories for mangrove forests, as well
as soils and peatlands, would benefit from future research. We further excluded all grid cells that had zero forest cover in both 2000 and
2010, under the assumption that such lands are not biophysically suitable for reforestation (e.g. mountaintops; savannas; urban areas)
regardless of biome type identified by Dinerstein et al (2018). These non-pre-established exclusions of 235,403 grid cells resulted in a
dataset containing 1,594,113 million grid cells in 90 countries.
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n/a

Randomization

n/a
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Study description
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Sampling strategy

Note the sampling procedure. Describe the statistical methods that were used to predetermine sample size OR if no sample-size
calculation was performed, describe how sample sizes were chosen and provide a rationale for why these sample sizes are sufficient.

Data collection

Describe the data collection procedure, including who recorded the data and how.

Timing and spatial scale Indicate the start and stop dates of data collection, noting the frequency and periodicity of sampling and providing a rationale for
these choices. If there is a gap between collection periods, state the dates for each sample cohort. Specify the spatial scale from which
the data are taken

Data exclusions

If no data were excluded from the analyses, state so OR if data were excluded, describe the exclusions and the rationale behind them,
indicating whether exclusion criteria were pre-established.

Reproducibility

Describe the measures taken to verify the reproducibility of experimental findings. For each experiment, note whether any attempts to
repeat the experiment failed OR state that all attempts to repeat the experiment were successful.

Randomization

Describe how samples/organisms/participants were allocated into groups. If allocation was not random, describe how covariates were
controlled. If this is not relevant to your study, explain why.

Blinding

Describe the extent of blinding used during data acquisition and analysis. If blinding was not possible, describe why OR explain why
blinding was not relevant to your study.
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any manipulations. State what population the sample is meant to represent when applicable. For studies involving existing datasets,
describe the data and its source.
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Field conditions

Describe the study conditions for field work, providing relevant parameters (e.g. temperature, rainfall).

Location

State the location of the sampling or experiment, providing relevant parameters (e.g. latitude and longitude, elevation, water
depth).

Access and import/export

Describe the efforts you have made to access habitats and to collect and import/export your samples in a responsible manner and
in compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing
authority, the date of issue, and any identifying information).

Disturbance

Describe any disturbance caused by the study and how it was minimized.

Reporting for specific materials, systems and methods
Materials & experimental systems

Methods

n/a Involved in the study

n/a Involved in the study

Unique biological materials

ChIP-seq

Antibodies

Flow cytometry

Eukaryotic cell lines

MRI-based neuroimaging

Palaeontology
Animals and other organisms
Human research participants

Unique biological materials
Policy information about availability of materials
Obtaining unique materials

Antibodies
Antibodies used

Describe all antibodies used in the study; as applicable, provide supplier name, catalog number, clone name, and lot number.

Validation

Describe the validation of each primary antibody for the species and application, noting any validation statements on the
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.
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Describe any restrictions on the availability of unique materials OR confirm that all unique materials used are readily available
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Policy information about cell lines
Cell line source(s)

State the source of each cell line used.

Authentication

Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination

Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for
mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

Commonly misidentified lines

Name any commonly misidentified cell lines used in the study and provide a rationale for their use.

(See ICLAC

Palaeontology
Specimen provenance

Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information).

Specimen deposition

Indicate where the specimens have been deposited to permit free access by other researchers.

Dating methods

If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement),
where they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new
dates are provided.
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Eukaryotic cell lines

Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Animals and other organisms
Policy information about studies involving animals ARRIVE guidelines
Laboratory animals

For laboratory animals, report species, strain, sex and age OR state that the study did not involve laboratory animals.

Wild animals

Provide details on animals observed in or captured in the field; report species, sex and age where possible. Describe how animals
were caught and transported and what happened to captive animals after the study (if killed, explain why and describe method; if
released, say where and when) OR state that the study did not involve wild animals.

Field-collected samples

For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Human research participants
Policy information about studies involving human research participants
Population characteristics

Describe the covariate-relevant population characteristics of the human research participants (e.g. age, gender, genotypic
information, past and current diagnosis and treatment categories). If you filled out the behavioural & social sciences study design
questions and have nothing to add here, write "See above."

Recruitment

Describe how participants were recruited. Outline any potential self-selection bias or other biases that may be present and how
these are likely to impact results.

ChIP-seq
Data deposition
Confirm that both raw and final processed data have been deposited in a public database such as GEO
Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.
Data access links

For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,
provide a link to the deposited data.

Files in database submission

Provide a list of all files available in the database submission.

Genome browser session

Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to
enable peer review. Write "no longer applicable" for "Final submission" documents.

(e.g. UCSC
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Methodology
Replicates

Describe the experimental replicates, specifying number, type and replicate agreement.
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Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of
reads and whether they were paired- or single-end.

Antibodies

Describe the antibodies used for the ChIP-seq experiments; as applicable, provide supplier name, catalog number, clone
name, and lot number.

Peak calling parameters

Specify the command line program and parameters used for read mapping and peak calling, including the ChIP, control and
index files used.

Data quality

Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold
enrichment.

Software

Describe the software used to collect and analyze the ChIP-seq data. For custom code that has been deposited into a
community repository, provide accession details.

Flow Cytometry
Plots
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Sequencing depth

Confirm that:
The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).
The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
All plots are contour plots with outliers or pseudocolor plots.
A numerical value for number of cells or percentage (with statistics) is provided.

Methodology
Sample preparation

Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.

Instrument

Identify the instrument used for data collection, specifying make and model number.

Software

Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a
community repository, provide accession details.

Cell population abundance

Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the samples
and how it was determined.

Gating strategy

Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging
Experimental design
Design type

Indicate task or resting state; event-related or block design.

Design specifications

Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.

Behavioral performance measures

State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used
to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across
subjects).

Acquisition
Specify: functional, structural, diffusion, perfusion.

Field strength

Specify in Tesla

Sequence & imaging parameters

Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

Area of acquisition

State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

Diffusion MRI

Used
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Imaging type(s)

Not used
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Preprocessing
Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

Normalization

If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types
used for transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Normalization template

Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.g.
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Noise and artifact removal

Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).

Volume censoring

Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference
Model type and settings

Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first
and second levels (e.g. fixed, random or mixed effects; drift or auto-correlation).

Effect(s) tested

Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

Specify type of analysis:
Statistic type for inference
(See Eklund et al. 2016

Correction

Whole brain

ROI-based
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Preprocessing software

Both

Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.
Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte
Carlo).

Models & analysis
n/a Involved in the study
Functional and/or effective connectivity
Graph analysis
Multivariate modeling or predictive analysis

Functional and/or effective connectivity

Report the measures of dependence used and the model details (e.g. Pearson correlation, partial
correlation, mutual information).

Graph analysis

Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,
subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency,
etc.).

Multivariate modeling and predictive analysis

Specify independent variables, features extraction and dimension reduction, model, training and evaluation
metrics.
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