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species within forests (logging concessions). The moratorium was
enacted in the context of a national strategy for reducing emissions from deforestation (REDD+) (18), a national target of
reducing greenhouse gas emissions projected to 2020 by 26–41%
while increasing gross domestic product by 7% per year (19), and
a $1 billion bilateral cooperative agreement with Norway on
reducing emissions from deforestation (20). The moratorium
came into force in May 2011 (21) and was extended in May 2013
for an additional 2 y (22).
The moratorium was conceived as both a stepping-stone to
reforming Indonesia’s complex forest tenure system and a mechanism for reducing deforestation in its own right (23). The moratorium has been criticized for not covering secondary (i.e., logged)
forests, for providing potential loopholes for food and energy security, for periodic downward revisions to the total moratorium
area, for leaving a grace period between the announcement and the
implementation of the moratorium during which licenses could
still be obtained, and for not curtailing deforestation within
existing concessions (24–27). Furthermore it has been noted that
Indonesia’s deforestation rate has continued an upward trend
from 2000 through 2012, even after the implementation of the
Significance
Our paper is significant in a number of respects. First, we expand
the literature on quasi-experimental evaluation of the causal
impact of conservation measures to include agricultural concessions. Second, our report is rare in that we use panel data and
techniques in a literature on spatially explicit land-use change
econometrics that has necessarily relied upon cross-sectional
analyses because of data-availability constraints. Third, our report is rare among land-use change scenario analyses in that we
calibrate the effect of land-use designations empirically, rather
than assuming idealized perfect effectiveness of conservation
measures or complete conversion without such measures. Finally, we compare the effectiveness of place-based policies with
alternative price-based instruments for climate-change mitigation within a globally significant landscape.
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educing deforestation in Indonesia can contribute to climatechange mitigation at a globally significant scale. Estimates of
annual greenhouse gas emissions from deforestation in Indonesia and the associated degradation of peat soils ranged from
0.32 to 1.91 GtCO2e during 2000–2010 (1–6) (SI Appendix, Fig.
S1) relative to a global total of 40–49 GtCO2e from 2000 to 2010
(7). Deforestation in Indonesia is largely driven by the expansion
of profitable and legally sanctioned oil palm and timber plantations and logging operations (5, 8–13). National and provincial
governments zone areas of forest land to be logged or converted
to plantation agriculture, and then district governments issue
licenses to individual companies for these purposes (“concessions”) (14, 15). Substantial deforestation occurs outside of
legally sanctioned concession areas as well.
In May 2010, the national government of Indonesia announced a moratorium prohibiting district governments from
granting new concession licenses (16, 17). The moratorium
covered licenses for three types of activities: (i) conversion of
primary forests and peat lands to oil palm plantations (oil palm
concessions); (ii) conversion of primary forests and peat lands
to fast-growing tree plantations for pulp and paper (timber
concessions); and (iii) logging of commercially valuable tree
www.pnas.org/cgi/doi/10.1073/pnas.1412514112
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To reduce greenhouse gas emissions from deforestation, Indonesia instituted a nationwide moratorium on new license areas
(“concessions”) for oil palm plantations, timber plantations, and
logging activity on primary forests and peat lands after May
2011. Here we indirectly evaluate the effectiveness of this policy
using annual nationwide data on deforestation, concession licenses,
and potential agricultural revenue from the decade preceding the
moratorium. We estimate that on average granting a concession for
oil palm, timber, or logging in Indonesia increased site-level deforestation rates by 17–127%, 44–129%, or 3.1–11.1%, respectively,
above what would have occurred otherwise. We further estimate
that if Indonesia’s moratorium had been in place from 2000 to
2010, then nationwide emissions from deforestation over that decade would have been 241–615 MtCO2e (2.8–7.2%) lower without
leakage, or 213–545 MtCO2e (2.5–6.4%) lower with leakage. As
a benchmark, an equivalent reduction in emissions could have been
achieved using a carbon price-based instrument at a carbon price of
$3.30–7.50/tCO2e (mandatory) or $12.95–19.45/tCO2e (voluntary).
For Indonesia to have achieved its target of reducing emissions by
26%, the geographic scope of the moratorium would have had to
expand beyond new concessions (15.0% of emissions from deforestation and peat degradation) to also include existing concessions
(21.1% of emissions) and address deforestation outside of concessions and protected areas (58.7% of emissions). Place-based policies,
such as moratoria, may be best thought of as bridge strategies that
can be implemented rapidly while the institutions necessary to enable carbon price-based instruments are developed.
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moratorium in 2011 (28, 29). However, the effectiveness of the
moratorium in reducing emissions from deforestation has yet to
be quantified. Deforestation in recent years might have been
even higher in the absence of a moratorium.
Here we have evaluated the effectiveness of the moratorium
policy by analyzing annual nationwide data on deforestation, the
boundaries and license dates of concessions, and potential agricultural revenue from 2000 to 2010, the decade preceding the
moratorium. The decade preceding the moratorium is ideal for
scenario analysis because we can’t know where concessions would
have been designated post-2011 without a moratorium, but we do
know where pre-2010 concessions would not have been with
a moratorium. Thus, we are able to construct a counterfactual
scenario in which the moratorium policy in its current form was
applied over the previous decade, and compare emissions under
this simulated scenario to the emissions that actually occurred.
We first answered the question: How much did the designation of a concession increase local (grid cell-level) deforestation
above what would have occurred there without a concession?
We used panel econometric techniques to control for potentially
confounding geographic and time-variant factors and to construct upper and lower bounds around the magnitude of the
treatment effect. Next, we answered the question: How much
lower would Indonesia’s emissions from deforestation have been
from 2000 to 2010 if no new concessions had been granted on
primary forests and peat lands during that period? We aggregated estimates of local (grid cell-level) land-use change to the
national level, accounted for geographic displacement of deforestation caused by market feedbacks (“leakage”), and applied
grid cell-specific carbon emission factors for deforestation and
peat degradation. Finally, we answered the question: At what
carbon price would a price-based instrument have achieved an
equivalent reduction in emissions over the same time period?
We compared the estimated emission reductions from the placebased moratorium policy with the estimated emission reductions
from a hypothetical carbon price-based instrument, adapting
the Open Source Impacts of REDD+ Incentives Spreadsheet
(OSIRIS) Indonesia model (4). We examined both a mandatory
carbon price-based instrument (e.g., a cap-and-trade or symmetric tax-and-subsidy program) and a voluntary carbon pricebased instrument (e.g., a project-level REDD+ program with
business-as-usual reference levels).
With this paper we contribute to several literatures. First, we
expand the literature on quasi-experimental evaluation of the
causal impact of conservation measures (30), such as protected
areas (31–33), payment-for-ecosystem-services programs (33, 34),
logging concessions (35), and clearing bans (36), to include agricultural concessions. Even though agricultural concessions are
used to legally sanction deforestation on at least 150 million
hectares of forest in at least 12 countries (37), and curtailing the
expansion of such concessions represents a potentially promising
policy for reducing emissions from deforestation, the effects of
agricultural concessions on deforestation have only been estimated obliquely in econometric studies exploring other topics
(4, 38, 39). Additionally, to our knowledge our paper is the first to
transform area-based treatment effects to emissions-based treatment effects. Second, our paper is rare in that it uses panel data
and techniques. Nearly all previous spatially explicit econometric
studies of land-use change have necessarily relied upon crosssectional analyses because of data availability constraints. In
a meta-analysis of 117 such studies (40), only three have previously
used panel methods (39, 41, 42). This paper is at the forefront of
what is likely to be a proliferation of panel econometric analyses
enabled by the recent availability of reliable, annual, globally
consistent data on patterns of forest loss (28). Third, our paper is
rare in that it calibrates the effect of land-use designations empirically. Nearly all previous land-use change scenario analyses
have assumed idealized perfect effectiveness of conservation
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measures or complete conversion without such measures. A recent
review of this literature found that only 1 of 71 peer-reviewed
studies explicitly incorporated the difference in probable threat
between reserved and nonreserved scenarios (43). Finally, our
paper is to our knowledge the first to compare the effectiveness of
place-based policies with alternative carbon price-based instruments for climate change mitigation within a landscape.
Results
We estimate that 11.45 Mha of deforestation occurred in Indonesia from 2000 to 2010, resulting in 8.59 GtCO2e of emissions
from deforestation and peat land degradation (Fig. 1). Of this
total, 2.27 Mha (19.9%) of deforestation occurred within oil palm
concessions, resulting in 1.77 GtCO2e (20.6%) of emissions; 1.44
Mha (12.6%) of deforestation occurred within timber concessions,
resulting in 1.30 GtCO2e (15.1%) of emissions; 0.60 Mha (5.2%)
occurred within logging concessions, resulting in 0.35 GtCO2e
(4.1%) of emissions; 0.162 Mha (1.4%) occurred within national
parks, resulting in 0.129 GtCO2e (1.5%) of emissions; and 0.030
Mha (0.26%) occurred within protected areas other than national
parks, resulting in 0.022 GtCO2e (0.25%) of emissions (Fig. 1). At
least 0.96 Mha (8.3%) of the area deforested between 2000 and
2010 had been converted to oil palm plantation by 2010, resulting
in 0.56 GtCO2e (6.5%) of emissions.
The designation of an oil palm concession increased the annual deforestation rate within a 3-km × 3-km grid cell by 17–
127% relative to a counterfactual scenario without a concession,
whereas timber concessions increased deforestation by 44–129%,
and logging concessions increased deforestation by 3.1–11.1%
(SI Appendix, Table S1). Put differently, deforestation would
have been 15–65% lower if land that was designated as an oil
palm concession had not been so designated, 31–56% lower if
land that was designated as a timber concession had not been so
designated, or 3.0–10.0% lower if land that was designated as
a logging concession had not been so designated. The finding that
oil palm, timber, and logging concessions increased deforestation
was robust compared to alternative model specifications to control
for confounding geographic and temporal factors, although the
estimated magnitudes of these treatment effects were sensitive to
model specifications (SI Appendix, Fig. S2). For oil palm and
logging concessions, the lower bound of the estimated treatment
effect, while positive, was not significantly different from zero.
This was also the case in alternative geographically matched fixedeffects models (SI Appendix, Table S2). The finding that logging
concessions increased deforestation contrasts with the findings of
previous studies (4, 35, 39). The effect of oil palm, timber, and
logging concessions was heterogenous across starting-forest cover
quartile (SI Appendix, Table S3) and region (SI Appendix, Table
S4). The significance of treatment effects was robust to the inclusion of a spatial lag variable to address potential spatial correlation (SI Appendix, Table S5).
We estimated that if the current moratorium policy had
been in place from 2000 to 2010, nationwide deforestation would
have been reduced by 153–399 kha (1.3–3.5%) without leakage,
or by 116–305 kha (1.0–2.7%) with leakage. Nationwide emissions from deforestation and peat land degradation over the
decade would have been reduced by 241–615 MtCO2e (2.8–7.2%)
without leakage, or by 213–545 MtCO2e (2.5–6.4%) with leakage
(Table 1). Reductions in the rate of emissions exceeded reductions
in the rate of deforestation because the moratorium targeted
forests and peat lands that were disproportionately rich in carbon.
The potential for the moratorium policy to achieve emission
reductions was constrained by the geographic and temporal scope
of the moratorium, which covered only 1,287 MtCO2e (15.0%)
of the 8,689 MtCO2e total emissions from deforestation and
peat produced over the 2000–2010 period (Fig. 1). Under an alternative definition of primary forest (29), the moratorium would
have covered 908 MtCO2e (10.6%) of total emissions, and would
Busch et al.

have reduced nationwide emissions from deforestation by 156–357
MtCO2e (1.8–4.2%) without leakage, or 125–303 MtCO2e (1.5–3.5%)
with leakage.
Expanding the scope of the moratorium policy to cover secondary forests in addition to primary forests would have increased the coverage of the moratorium to 1,602 MtCO2e
(18.7% of total emissions), and would have increased the reduction in emissions to 287–756 MtCO2e (3.3–8.8%) without
leakage, or 237–620 MtCO2e (2.8–7.2%) with leakage. Further
expanding the scope of the moratorium policy to cover clearing
within existing concessions in addition to new concessions would
have increased the coverage of the moratorium to 3,418 MtCO2e
(39.8% of total emissions), and would have increased the reduction in emissions to 538–1,571 MtCO2e (6.3–18.3%) without
leakage, or 433–1,268 MtCO2e (5.1–14.8%) with leakage.

We estimated that every additional $100 per hectare per year in
potential agricultural revenue increased the rate of deforestation
by an average of 1.02–1.18%, all else equal. At an average potential agricultural revenue of $2,506 per hectare per year
(SI Appendix, Table S6), this implies a price elasticity of demand
for deforestation of 0.26–0.30. As a benchmark, we estimated the
carbon price at which an equivalent level of emission reductions to
that obtained by the moratorium policy could have been achieved
using an idealized nationwide carbon-pricing instrument. Equivalent reductions could have been achieved using a mandatory
carbon-pricing instrument, such as a cap-and-trade or symmetric
tax-and-subsidy program at a carbon price of $3.30–$7.50, or using
a voluntary carbon-pricing instrument, such as a project-level
REDD+ program with business-as-usual reference levels at a carbon price of $12.95–$19.45. If the carbon-pricing instrument were

Table 1. Total decadal deforestation and emissions under alternative policy scenarios, Indonesia 2000–2010
Without leakage

Scenario

Total

Absolute
reduction

Without moratorium
Deforestation (kha)
11,453
Emissions (MtCO2e)
8,589
Current moratorium scope: new oil palm, timber, and logging concessions on primary
Deforestation (kha)
11,054–11,300
153–399
Emissions (MtCO2e)
7,974–8,348
241–615
Equivalent mandatory carbon price ($/tCO2e)
3.30–6.60
Equivalent voluntary carbon price ($/tCO2e)
13.15–18.70
Current moratorium scope + secondary forests
Deforestation (kha)
10,660–11,175
278–793
Emissions (MtCO2e)
7,833–8,302
287–756
Equivalent mandatory carbon price ($/tCO2e)
4.00–9.25
Equivalent voluntary carbon price ($/tCO2e)
14.35–21.55
Current moratorium scope + secondary forests + existing concessions
Deforestation (kha)
9,518–10,803
650–1,935
Emissions (MtCO2e)
7,017–8,051
538–1,571
Equivalent mandatory carbon price ($/tCO2e)
7.50–20.10
Equivalent voluntary carbon price ($/tCO2e)
19.80–32.50
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With leakage
Percent
reduction

Total

11,453
8,589
forests and peat lands
1.3–3.5
11,148–11,337
2.8–7.2
8,043–8,376
3.35–7.50
12.95–19.45
2.4–6.9
3.3–8.8

10,842–11,241
7,969–8,352
3.70–8.55
13.60–20.40

5.7–16.9
6.3–18.3

9,929–10,943
7,321–8,155
6.85–18.20
18.40–30.60

Absolute
reduction

Percent
reduction

116–305
213–545

1.0–2.7
2.5–6.4

212–611
237–620

1.9–5.3
2.8–7.2

510–1,525
433–1,268

4.5–13.3
5.1–14.8
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Fig. 1. Emissions and reductions in emissions from
deforestation and peat degradation by land-use
designation, Indonesia, 2000–2010. MtCO2e (percent of total decadal emissions).
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applied only to the lands affected by the moratorium (i.e., new oil
palm, timber, and logging concessions on primary forests and peat
lands) rather than to the entire country, equivalent reductions
could have been achieved at a carbon price of $12.65–$31.20
(mandatory) or $24.60–$42.80 (voluntary). These prices do not
include the costs of developing new institutions to enable carbon
payments or penalties.
Discussion
Curtailing licenses to convert areas of forest land to agriculture
represents a potentially promising policy for slowing deforestation
and associated emissions. Indonesia’s moratorium policy, if put in
place from 2000 to 2010 as currently formulated, would have reduced emissions by 213–545 MtCO2e (2.5–6.4%) over 10 y after
accounting for leakage. Despite the heavy policy attention on oil
palm, the majority of these emission reductions (around 58–74%)
would have come from timber concessions, as timber concessions
were designated more rapidly than oil palm concessions between
1999–2010 (+121% for timber concessions vs. +64% for dated oil
palm concessions) (SI Appendix, Fig. S3), and had higher average
carbon density (140 tC/ha vs. 128 tC/ha) and greater average area
of peat (65% vs. 36%) than oil palm concessions (SI Appendix,
Table S6). Less than 5% of the emission reductions would have
come from within logging concessions.
Although emission reductions from the moratorium would
have been sizeable in absolute terms, the moratorium would
have been insufficient to achieve Indonesia’s target of reducing
emissions by 26–41% because its geographic and temporal scope
covered only 15.0% of emissions from deforestation over the
2000–2010 period. To have achieved a 26% reduction in emissions, the moratorium would have had to address the 21.1% of
emissions from deforestation on existing palm oil and timber
concessions and the 58.7% of emissions from deforestation
outside of sanctioned concessions and protected areas.
The estimated impact of a 10-y moratorium (2.5–6.4% reduction in emissions) is low relative to the scope of the moratorium (15.0% of emissions) because the moratorium merely
reduces deforestation toward rates observed without a concession; it does not reduce rates to zero. Deforestation from 2000 to
2010 was high even on lands where no concession officially
sanctioned clearing. This finding suggests the potential to reduce
emissions through enforcement or other policy actions on lands
outside of moratorium areas.
Alternatively, equivalent emission reductions could have been
achieved through price-based instruments at a price of $3.30–
$7.50/tCO2e (mandatory) or $12.95–$19.45/tCO2e (voluntary).
These prices appear reasonable in light of carbon prices above
$10/tCO2e during the first commitment period of the European
Union Emission Trading Scheme. However, this idealized benchmark does not include the costs of building institutions that would
enable carbon payments or penalties. Such costs could be high,
given the challenges of reforming Indonesia’s traditionally natural
resource-dependent political economy, which involve transparency,
anticorruption efforts, and institutional capacity (44).
We can build on the historical analysis to make an indicative
estimate regarding the effectiveness of the moratorium currently
in place. Note that we produce this indicative estimate by applying several additional assumptions to the 2000–2010 data and
analysis, rather than by empirically evaluating data from the
post-2011 period. Assuming that in the absence of a moratorium,
concessions in the post-2011 period would have continued to
have been designated at the same rate as during the 2000–2010
period, and on lands with similar carbon density, we indicatively
estimate that emissions from deforestation would have been
roughly 1.0–2.7% higher without a 4-y moratorium (e.g., 2011–
2015) than with a moratorium (see SI Appendix for calculations).
Although any reduction is sizable in absolute terms given the
magnitude of Indonesia’s overall emissions, the lower bounds of
4 of 6 | www.pnas.org/cgi/doi/10.1073/pnas.1412514112

the estimated impact of a 4-y moratorium are not far from zero.
That the effect of a moratorium policy compounds the longer it
is in place suggests the value of extending the moratorium policy
further into the future.
The challenge of reconciling agricultural production and
climate stability (45, 46) is not unique to Indonesia. Global
expansion of agricultural land is projected to continue through
2050 (47). The expansion of commercial agriculture is the
primary driver of tropical deforestation (48), which contributes 10–15% of global greenhouse gases emissions from
tropical deforestation (3, 49–51). Reconciling agricultural
production and climate stability requires shifting the expansion of agriculture away from forests and peat lands toward
lower-carbon landscapes.
Shifting agricultural expansion away from forests can be encouraged through place-based policies, such as protected areas
or moratoria on agricultural concessions, which proscribe where
agricultural conversion may occur on a landscape. Alternatively,
shifting agricultural expansion away from forests can be encouraged through price-based instruments, such as carbon payments,
payment-for-ecosystem-services programs, taxes on deforestation,
or price premiums for zero-deforestation agricultural products,
all of which attempt to raise the private value of maintaining land
as forest relative to converting land to agriculture.
Price-based instruments have several advantages over placebased policies. From an economic standpoint, price-based instruments induce land-holders to internalize the marginal public costs
of deforestation, while allowing these land-holders to decide their
own level of deforestation based on their private information
about the costs and benefits of converting forests to other land
uses. A common carbon price ensures that emission reductions
will occur where they cost least. From a geographical standpoint,
price-based instruments can be applied across a broader range of
territory than place-based policies. From the standpoint of political economy, price-based instruments have the potential to create
winners as well as losers within the land-use sector.
However, place-based policies have certain advantages as well.
Place-based policies can be spatially targeted for greatest impact,
for example when local conservation or contiguity of forest
patches has value (52). Importantly, place-based policies do not
require the development of new institutions or property-rights
arrangements that have slowed the implementation of pricebased instruments (53, 54).
Perhaps the most effective mitigation strategy is to implement
place-based policies rapidly while developing and field-testing
eventual price-based instruments. This sequence of strategies is
taking place in Indonesia, where the nationwide moratorium has
been in place since May 2011, and a provincial carbon payment
program originally scheduled for Central Kalimantan in 2011
remains in preparatory stages.
Methods
Data. We obtained data on annual forest loss in Indonesia from 2000 to 2010
by classifying tree cover and tree cover loss at 30-m resolution (28) into forest
or nonforest by applying a tree-cover threshold of 30%, following the official definition of forest in Indonesia (1). These data do not distinguish
between natural forests and tree plantations. We did not consider forest
regrowth. Results were not sensitive to alternative definitions of forest
based on higher tree-cover thresholds nor to limiting forests to primary
forests as defined by ref. 29 (SI Appendix, Tables S7 and S8).
We obtained license dates and boundaries of concessions for palm oil,
timber, and logging from the most recent publicly released data (55). We
obtained designation dates and boundaries of national parks and other
protected areas from ref. 56.
We constructed an original dataset on potential agricultural revenue by
adapting the methods of Naidoo and Iwamura (57). Following ref. 57, we
determined the most lucrative crop (n = 21) that could be grown in any
location in each of 10 y (2000–2009), based on global agro-ecological zones
(58) and a production-weighted average of national farmgate prices in 2005
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Empirical Approach. We sought to estimate the causal impact of the designation of a concession on deforestation. That is, how much higher the rate of
deforestation was with a concession than would have occurred without that
concession in place. This question is complicated because the amount of
deforestation that would have occurred without a concession is an unobserved counterfactual. It cannot be assumed that the rate of deforestation
would have been 0% without a concession, because a great deal of deforestation occurred on land outside of concessions. Nor can it be assumed
that areas within concessions would have experienced rates of deforestation
equal to those experienced on lands outside of concessions, because lands
where concessions were designated were more lucrative for agriculture and
more accessible to markets (SI Appendix, Table S6), and thus likely to have
experienced higher rates of deforestation anyway. Similarly, comparing
deforestation rates before and after the designation of a concession, or
before and after the moratorium, would not account for trends in deforestation rates that would have occurred even without the policy.
To produce bias-free estimates of the impact of concessions on deforestation,
we controlled for geographical characteristics and temporal trends that affected
the likelihood of deforestation in the absence of a concession. We did so by
applying panel econometric techniques to a dataset with spatial and temporal heterogeneity in treatments (land-use designations) and outcomes
(deforestation). We placed upper and lower bounds around the treatment effect

Busch et al.

Aggregation to Indonesia-Wide Policy. To simulate the aggregate effect of
a nationwide moratorium on concessions from 2000 to 2010, we subtracted
the local effects of an oil palm concession (+17–117%), timber concession
(+45–123%), or logging concession (+4.0–4.5%) from the deforestation rate in
every grid-cell years at which such concessions were in place on primary forest
or peat land during the decade. That is, a grid cell that was fully covered by an
oil palm concession, timber concession, or logging concession that experienced
a deforestation rate of 1.00% per year was simulated to have instead experienced under a moratorium a deforestation rate of 0.46–0.86% per year,
0.45–0.69% per year, or 0.957–0.962% per year, respectively. Where grid cells
were partially covered by concessions, we applied fractional rates.
For oil palm concessions with unknown license dates (92.3% of total by
area), we randomly drew a license date from the area-weighted distribution
of license dates of dated concessions. We applied the same technique to
timber concessions (16.2% missing data), national parks (34.7% missing data),
and other protected areas (27.5% missing data). Dates were available for
100% of logging concessions.
We simulated the effects of displacement of deforestation (leakage) using
a 10-period dynamic resursive adaptation of OSIRIS-Indonesia, a previously static
spatial partial equilibrium model for frontier agricultural land described fully in
ref. 4. In this model the effect of carbon payments on cell-level land-use change
was inferred from the relationship between higher potential agricultural revenue and higher deforestation in panel regression analysis. Every additional
$100 per hectare per year of potential agricultural revenue was associated with
a 1.02–1.18% increase in deforestation (SI Appendix, Table S1), from which we
assumed that every additional $1 per hectare per year of potential carbon
revenue or penalty would have been associated with a 1.02–1.18% decrease in
deforestation. Thus, the cell-level behavioral response function was characterized simply by an assumed exponential structure and single empirically
calibrated parameter: the price elasticity of demand for deforestation. Any
reduction in deforestation increased the price of frontier agricultural commodities nationwide, which correspondingly increased deforestation elsewhere. The magnitude of the price response generating this displacement was
calibrated to match estimates of leakage generated by a 35-sector, 5-region
general equilibrium model of the Indonesian economy model (70).
We converted deforestation (hectare) into emissions (tCO2e) by multiplying the area of deforestation in each grid cell by grid cell-specific emission
factors for above- and belowground biomass and peat. We simulated the
effects of alternative scope of the moratorium policy by sequentially
expanding the scope to cover secondary forests and deforestation within
existing concessions (Table 1).
Comparison with Carbon Price. We calculated the effects of alternative carbon
pricing instruments using the same 10-y period recursive adaptation of OSIRISIndonesia. In a “mandatory” carbon pricing scenario, sites corresponding to
grid cells received a carbon payment for any reductions in emissions below
business-as-usual reference levels and were penalized by the same amount for
any increase in emissions. In a “voluntary” carbon-pricing scenario, sites received a carbon payment for any reductions in emissions below businessas-usual reference levels but were not penalized for increases in emissions.
All results were reported in 2013 USD. The mandatory and voluntary carbon
prices that would have achieved equivalent emission reductions to moratorium scenarios are reported in Table 1.
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of land-use designations using a fixed-effects model within a matched area,
and a pooled regression model in which a lagged dependent variable was included as a regressor, following refs. 68 and 69. Results from both models are
presented in Fig. 1. Our estimation strategy is described in detail in SI Appendix.
We explored the sensitivity of our results to several alternative econometric specifications. We included cross-sectional regressions, which have
been used by nearly all spatially explicit econometric studies of deforestation
to date (40). That is, we estimated the impacts of land-use designations in
place by 2000 on deforestation from 2000 to 2010. We included a pooled
regression that did not include the lagged-dependent variable as a regressor.
We included fixed-effects regressions that had no geographic buffer, or
a 6-km buffer around cells with concessions by 2010, or that were limited to
within cells with concessions by 2010. We included models that added a spatially lagged dependent variable as one control for spatial correlation (Fig. 1).
Data were not available on the construction dates of roads nor on the
locations and dates of oil palm and timber mills. These data represent potentially important omitted variables. Thus, our estimates are best thought of
not as the effect of concessions in isolation from the effect of mills and roads,
but rather as the effect of concessions in combination with contemporaneous
and associated expansion of roads and mills.

SUSTAINABILITY
SCIENCE

USD (59) for the top five producer countries. Diverging from Naidoo and
Iwamura (57), we used updated agro-ecological zone data, annual rather than
decadal average prices, and 21 rather than 38 crop types (we excluded garden
vegetables, tubers, legumes, and livestock, which were responsible for unintuitively high estimates of per-hectare agricultural potential in some areas).
Palm oil was estimated to be the most potentially lucrative crop in most cells in
most years (69.0% of cell-years, 2000–2009), but this varied from a low of
35.8% in 2002 to a high of 79.6% in 2007. Other most-lucrative crops included
sugar cane (11.6%), bananas (5.6%), cotton (5.3%), cocoa (4.0%), tea (1.9%),
rice (1.0%), and coffee (1.06%) (SI Appendix, Table S9).
We compiled control variables on average slope and elevation (60) and
average Euclidean distance from nearest national or regional roads and
from provincial capitals (61).
We calculated emission factors for deforestation and peat degradation based
on data on biomass, nonpeat soil, and peat soil. Emissions from deforestation
were calculated based on the release of 100% of aboveground forest biomass
carbon (50) and belowground forest biomass carbon, using a below-to-aboveground biomass ratio of 0.24 (62). Because our aboveground forest biomass
carbon data were centered on the year 2008, we inferred the biomass cover of
forests cleared before 2008 by interpolating the average carbon density of
remaining forest within each cell. That is, we assumed that that average forest
carbon density remained constant from 2000 to 2010, and that clearing within
cells was not systematically biased toward higher or lower carbon forest. On
mineral (nonpeat) soil, we assumed soil emissions from deforestation to be 10%
of soil carbon content in the top 30 cm (63). Following ref. 4, we estimated soil
emissions from deforestation occurring on peat lands in Sumatra (64), Kalimantan (65), and Papua (66) to be the average 30-y nondiscounted emissions
for the agricultural land type (large croplands, small-scale agriculture, shrublands) to which such forest are converted, weighted by the area of each of
these land types in historical conversion across Indonesia (67). We did not
consider carbon sequestered by regrowing plantation trees.
We obtained data on the distribution of oil palm plantations in 2010 from
ref. 10. Plantation cover was likely underestimated in this dataset as satellite
data did not identify the most recent plantings. In the absence of an official
national map of secondary (disturbed by logging) forest we assumed that all
forest with a carbon density of <150 tC/ha was secondary forest and all forest
with a carbon density of >150 tC/ha was primary forest. We explored the
sensitivity of our results to an alternative definition of primary forest (29).
We drew upon the best available data for each layer, which in some cases
was of high quality and in other cases was at best a first approximation.
Datasets for which improvements would be particularly valuable at reducing
uncertainty include peat extent and emission factors, potential agricultural
revenue, and concession boundaries and dates.
We gridded and aggregated these data to 195,466 3 km × 3-km grid cells
that collectively covered 96% of the forest area of Indonesia. Aggregating
spatial data to relatively coarse cell sizes allowed us to capture the full wallto-wall data across Indonesia within a manageable number of cells, with the
trade-off of losing fine-scale spatial specificity. Using coarser-resolution cells
has the additional benefits of diluting the effects of possible spatial misalignments between datasets, enabling easier interpolation of missing data
within cells (e.g., for forest carbon density) and subsuming localized spatial
correlation. For summary statistics, see SI Appendix, Table S6.
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