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Abstract
The financing of tropical forest conservation projects through the sale of carbon credits remains
a key opportunity to curb forest loss. Reducing emissions from deforestation and forest degrad-
ation (REDD)+ projects generate carbon credits by reducing forest loss within the project area
compared with a counterfactual area that faces similar pressures (known as ‘additionality’). Several
methods are available for constructing counterfactuals, but comparing their reliability is challen-
ging. Here, we present an evaluation approach based on the creation of placebo projects, where
there are no REDD+ activities and in which we would not expect project and counterfactual out-
comes to diverge. We compare four methods based on pixel matching that estimate counterfac-
tual deforestation rates. Using 27 placebo projects spread across the tropics, we found that pixel-
matching is a reliable way of estimating a key element of additionality (i.e. deforestation in coun-
terfactual areas) when based on data gathered at the end of an evaluation period after project start
(i.e. ex-post estimation). However, forecasting counterfactual deforestation rates from information
available at the start of a project (i.e. ex-ante estimation) is much less reliable, reinforcing existing
concerns about ex-ante crediting mechanisms. We argue that systematic application of the placebo
approach can accelerate the development and adoption of more credible counterfactual-estimating
methods. As counterfactuals are the basis which underpins the validity claims of most nature cred-
its, strengthening the credibility of counterfactuals will enhance the effectiveness of conservation
finance, helping REDD+ and other nature-based solutions realise their full potential in delivering
real, measurable benefits.

1. Introduction

The escalating deforestation and forest degradation
across the tropics (World Resources Institute 2025)
have devastating consequences on biodiversity, car-
bon balance, and climate change (Barlow et al 2016,
Baccini et al 2017, Betts et al 2017). The reducing
emissions from deforestation and forest degrada-
tion (REDD) programme, as well as the expanded

REDD+ framework, aims to reduce carbon emis-
sions by incentivising alternative activities to deforest-
ation while promoting biodiversity and livelihood co-
benefits: it is therefore an indispensable tool to mitig-
ate the climate and biodiversity crises (Roe et al 2019,
Girardin et al 2021, Seddon et al 2021). To ensure that
REDD+ projects provide genuine benefits, emissions
reductions must be quantified following the prin-
ciple of additionality as the difference between carbon
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losses in the project area and its counterfactual scen-
ario—i.e. what would have occurred without the pro-
ject (ICVCM 2023). Verified emissions reductions are
issued as carbon credits and traded in the voluntary
carbon markets, providing a critical financing mech-
anism for REDD+ (Norman and Nakhooda 2015,
Seymour and Langer 2021).

However, recent studies showed evidence of wide-
spread over-crediting in REDD+ projects, with only
7%–25% of issued credits representing genuine emis-
sions reductions (West et al 2023, Probst et al 2024).
The ensuing controversy has severely undermined
market confidence in REDD+ credibility and shrunk
the carbon market value by 61% in 2023 (Procton
2024, Greenfield 2024), further fragilising the already
insufficient REDD+ finance (Morita andMatsumoto
2023). Apart from the issue of inadequate carbon
accounting and governance, which current develop-
ment of jurisdictional approaches attempt to address
(von Essen and Lambin 2021, Zhao et al 2025), the
phenomenon of over-crediting also underscores the
major challenge of estimating the inherently unob-
servable counterfactual outcomes. Current methodo-
logies typically rely on historical deforestation trends
in expert-defined reference areas to generate ex-
ante forecasts of counterfactual outcomes before the
intervention starts. However, this has been criticised
for being prone to biases by failing to adequately
account for temporally varying environmental vari-
ables that drive deforestation. This creates discrepan-
cies between variables considered important before
project start and those that are identified as import-
ant after project start, resulting in misestimation
of the counterfactual outcomes (Swinfield et al in
review, Swinfield et al 2024, West et al 2024). In
contrast, counterfactual areas identified by match-
ing their environmental variables to project areas
allow for both project and counterfactual outcomes
to be evaluated ex post (after interventions started)
during the same period, which could mitigate mis-
alignment and biases caused by time-varying defor-
estation drivers. Ex-post analyses are increasingly
used in independent studies that evaluate claims of
emissions reductions in REDD+ projects (Guizar-
Coutiño et al 2022, Delacote et al 2025), but they
are currently not employed by any official certific-
ation framework, and the adequacy of the statist-
ical matching process has also come under ques-
tion (Pauly et al 2024). Faced with this debate, a
standardised and objective assessment of the robust-
ness and accuracy of counterfactual-estimatingmeth-
ods is key to improving the credibility and viabil-
ity of REDD+ credits (Delacote et al 2024, West
et al 2024), as well as other nature credits based on
counterfactuals.

One approach to assess counterfactual-estimating
methods is by applying them to placebo projects,
areas designated to be representative of the defor-
estation risks of existing REDD+ sites but not yet
subject to any REDD+ activities, to examine if the
methods correctly capture the absence of effect. The
placebo approach has been widely used in the social
sciences (Abadie et al 2010): for example, Abadie and
Gardeazabal (2003) estimated the effect of a treat-
ment on economic activity in the treated region by
comparing it to similar but untreated regions as coun-
terfactuals, and they tested the robustness of this
analysis by applying it to a comparable untreated
region, finding ‘counterfactuals’ for this region. This
approach was recently applied to quantify variations
in counterfactual deforestation rates in the absence
of REDD+ activities, which were then used to con-
struct confidence intervals for the observed REDD+
effects (West et al 2020, 2023). We propose that
placebos could also allow us to evaluate compet-
ing counterfactual-estimating methods, via perform-
ance statistics that quantify overall uncertainty and
bias of predictions of counterfactual deforestation
rates.

In this study, we designate 27 placebo projects
within the tropical moist forest (TMF) biome with
comparable environmental characteristics to exist-
ing REDD+ projects, and track deforestation trends
using remotely-sensed data on land class transition.
Setting a putative year of project start, we define three
ex-ante methods that forecast counterfactual defor-
estation rates after project start for the placebo pro-
jects using historical deforestation rates before project
start (figure 1(A)). We also generate ex-post estim-
ates of counterfactual deforestation rates after pro-
ject start, using pixel matching to identify counter-
factual pixels with similar characteristics to those of
project pixels, and estimating deforestation rates in
counterfactual pixels after project start (figure 1(B)).
Since project and counterfactual deforestation rates
should follow the same trend in placebo projects,
both ex-ante forecasts and ex-post estimates can be
compared against post-start observed deforestation
rates within the placebo projects (figure 1(B)): the
most robust counterfactual-estimating method can
be identified as the one producing predictions with
the lowest uncertainties and biases. Specifically, we
address the following questions: (1) How accurate
and precise is eachmethod for estimating counterfac-
tual outcomes? (2)Howdoes the performance of each
method change through time, and how does it inform
us on the strengths and weaknesses of these methods?
Finally, we discuss how the placebo approach can con-
tribute towards an operational benchmarking tool for
counterfactual-estimating methods.
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Figure 1. Illustration of deforestation rate estimates for a placebo project with a putative start year of 2011, where the ‘project’
and counterfactual deforestation rates are expected to follow the same trends due to the absence of interventions. (A) During the
decade before project start (2001–2011), different methods are used to produce ex-ante forecasts (dashed blue lines) based on
historical deforestation rates (solid blue lines), and pixel matching was used to find matched counterfactual pixels (dashed green
lines) for the project. (B) During the decade after project start (2011–2021), the ex-post estimate of counterfactual deforestation
rate is calculated from matched pixels (solid green line), and both ex-ante forecasts and ex-post estimates are compared against
observed project deforestation rates (solid yellowline). Overestimation or underestimation occurs when the predicted deforesta-
tion rate is higher or lower than the observed deforestation rate, respectively. Note that this figure depicts one of the many pos-
sible scenarios, where project interventions are the only factor influencing deforestation, and that in the absence of intervention,
deforestation rate does not change over time. In practice, this assumption is likely to not hold true, and time-varying deforest-
ation drivers would result in deforestation rates of project or matched counterfactuals not perfectly lining up between the two
period. Ultimately, under the parallel trends assumption, the best method should still be the one that produces a counterfactual
that is closest to the post-start observed deforestation rate in the placebo projects.

2. Methods

2.1. Overview
We adopted a pixel-based approach to identify coun-
terfactuals and track deforestation, based on the
PACT 2.0 methodology (Swinfield and Balmford
2023), detailed in Balmford et al (2023) and imple-
mented in Python (Dales et al 2024). Data analyses
and visualisation were conducted in Google Earth
Engine and Python 3.12.2 with the libraries ee, mat-
plotlib, numpy, pandas, random, and scipy (Hunter
2007, Van Rossum and Drake 2009, McKinney 2010,
Gorelick et al 2017, Harris et al 2020, Reback et
al 2020, Van Rossum 2020, Virtanen et al 2020,
Google Earth Engine Developers 2024), and the code
is available at a GitHub repository (Rau and Holland
2025).

The PACT methodology uses the TMF data
product (Vancutsem et al 2021) to track deforestation

within project areas and a set of counterfactual pixels,
identified via pixel matching as having similar envir-
onmental variables to project pixels. The TMF data
is a Landsat-derived dataset that classifies the land
class of every 30-m pixel in the TMF biome annually,
providing a time series of forest change since 1990.We
focused on the four land classes related to forest cover
(undisturbed forest, degraded forest, deforested land,
and forest regrowth), and derived compound annual
deforestation rates (r, %) over a given period from the
geometric mean of the fraction of remaining forest
over said period:

r=

[
1−

(
Nt

N0

) 1
t

]
× 100 (1)

whereN0 andNt represent the number of pixels with
undisturbed forest class at the start and end of the
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period, respectively, and t represents the number of
years within the period.

The use of pixel matching allows us to explicitly
control for environmental variables that influence
deforestation rates (Busch and Ferretti-Gallon 2023),
and the use of global geospatial data, as is common
practice withmost credit issuing standards and rating
agencies (Wawrzynowicz et al 2023), ensures consist-
ency, transparency and replicability of our deforesta-
tion estimates.

2.2. Estimating counterfactual deforestation with
ex-ante and ex-post methods
We designed 27 placebo projects as areas
with comparable size and remoteness to exist-
ing REDD+ sites but independent of ongo-
ing REDD+ activities, across the wet tropics of
South America (10), Africa (8) and Southeast
Asia (10) (figure 2). Detailed steps of placebo
project selection can be found in Supplementary
Information 1.

We defined project pixels as randomly sampled
pixels within placebo project areas, at a density
of 0.25 points/ha for projects <250 000 ha and
0.05 points/ha for larger projects (figure 4, Step
2). We defined the regional candidate pixels, to
be used for matching and for ex-ante forecasts,
as pixels sharing the same countries and ecore-
gions as the project pixels and were unaffected by
REDD interventions: detailed procedures for identi-
fying candidate pixels can be found in Supplementary
Information 2.

We matched pixels using the following envir-
onmental variables that are known proxies of
deforestation drivers (Busch and Ferretti-Gallon
2023): (1) historical TMF land classes (undisturbed
forest, degraded forest, deforested land, and forest
regrowth), (2) historical forest cover, (3) slope and
elevation, and (4) remoteness. Historical forest cover
was calculated as the proportional cover of the ‘undis-
turbed forest’ or ‘deforested land’ TMF land classes
within a 1-km radius of each TMF pixel. Slope
and elevation were derived from SRTM data (Jarvis
et al 2008).

We applied three ex-ante forecasting methods
(figure 3), setting the putative year of start for placebo
projects to be 2011: this is the yearwith historically the
highest number of new REDD+ projects (Atmadja
et al 2022, figure 5), and the latest year allowing for
the availability of at least a decade of post-start TMF
data (2011–2021).

1. Regionalmethod: we selected all candidate pixels
with the same land classes during the match-
ing period (at 2001, 2006, and 2011), and sim-
ilar values for continuous environmental vari-
ables to project pixels: ±0.1 for historical forest
cover, ±200 m for elevation, ±2.5◦ for slope,

and ±10 min for remoteness (measured in walk-
ing distances to nearest healthcare facility, proxy
for distance to settlements). This method aims to
capture deforestation pressures from the broader
landscape that the project area had not yet exper-
ienced before the project start, but might be
exposed to afterward. To prevent out-of-memory
errors during computing, we limited the size of the
pixel set to 250 000 pixels through random down-
sampling.

2. Project method: we selected sampled project
pixels without matching. This method forecasts
the counterfactual deforestation rate after project
start to follow the historical project deforestation
rate.

3. Time-shiftedmatchingmethod: we selected can-
didate pixels where conditions 20–10 years before
the project start (at 1991, 1996 and 2001)matched
those of project pixels 10–0 years before start (at
2001, 2006, and 2011), matching pixels with the
same land classes and the lowest Mahalanobis
distance for continuous environmental variables
during thematching period (Guizar-Coutiño et al
2022, Balmford et al 2023). The rationale for this
method is that it produces a 10-year dynamic
forecast, using deforestation trends in the past to
update the forecast for the future over time, which
could help account for time-varying deforestation
drivers.

For all three ex-ante methods, forecasted coun-
terfactual deforestation rates were calculated as the
annual deforestation rates in the selected pixels over
the pre-start period (2001–2011). We also estim-
ated counterfactual deforestation rates using the ex-
postmatchingmethod, identifyingmatched counter-
factual pixels as candidate pixels whose conditions
matched those of project pixels 10–0 years before
start (at 2001, 2006, and 2011), with the same land
classes and the lowest Mahalanobis distance for con-
tinuous environmental variables. We then calculated
the ex-post counterfactual deforestation rate in the
matched counterfactual pixels over the decade after
project start (2011–2021). A detailed mathematical
representation of the methods used is provided in
Supplementary Information 3.

2.3. Evaluating predictive performance
We compared and plotted both ex-ante forecasts
and ex-post estimates with the observed deforest-
ation rates in all placebo projects after project
start (2011–2021) (figure 4). We assessed predict-
ive performance across all projects with the follow-
ing three metrics: (1) mean absolute error (MAE)
between observed and estimated deforestation rates
(lower values indicating higher precision); (2) mean
bias, calculated as the mean difference of pre-
dicted minus observed values (lower absolute values

4
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Figure 2. (A) Map of the locations of the 27 placebo projects (blue dots). Basemap: Sentinel-2 cloudless mosaic in 2024 in
Molleweide projection (EOX IT Services GmbH 2024). (B) Example of one placebo project (blue circle) in South America over-
laid on TMF Annual Change Collection maps from 2011 (left) and 2021 (right). Dark green: undisturbed forest; light green:
degraded forest; orange: deforested land; yellow-green: forest regrowth; white: non-forest.

indicating higher accuracy); (3) goodness-of-fit, cal-
culated as the coefficient of determination between
predicted and observed values (R2 over the iden-
tity line) (higher values indicating higher precision
and accuracy). We also evaluated how well differ-
ent methods perform when used to predict deforest-
ation rates over periods of varying lengths after the
start of the project (figure 5): the detailed method
of this analysis can be found in Supplementary
Information 4.

3. Results

Among the three ex-ante forecasting methods, the
regional method (MAE = 0.876, goodness-of-
fit = 0.50) and the time-shifted matching method
(MAE = 0.772, goodness-of-fit = 0.51) produced
forecasts with higher robustness for observed defor-
estation rates than the projectmethod (MAE= 0.904,
goodness-of-fit = 0.13) (figure 4(A)). Ex-post estim-
ates showed considerably higher robustness than all
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Figure 3. Illustration of ex-ante forecasts and ex-post estimation of counterfactual deforestation rates for a placebo project, set-
ting 2011 as the putative start. After randomly sampling a set of project pixels and a set of candidate pixels, ex-ante forecasts are
calculated via one of the three methods: (A) deforestation rates in the regional candidate pixels, falling within range of project
pixels, in 2001–2011; (B) deforestation rates in the project pixels in 2001–2011; (C) deforestation rates in a set of matched can-
didate pixels in 2001–2011, whose characteristics in 1991–2001 are matched to those of the project pixels in 2001–2011. Ex-post
estimates are calculated as deforestation rates in a set of matched candidate pixels in 2011–2021, whose characteristics in 2001–
2011 are matched to those of the project pixels in the same period.

three ex-ante forecasts (MAE = 0.480, goodness-of-
fit= 0.85) (figure 4(B)). All ex-antemethods showed
negative biases (from −0.213 to −0.847), indicat-
ing underestimation of the observed deforestation
rates, while the ex-post method showed positive bias
(0.297), indicating overestimation (figure 4).

All three ex-ante methods had higher MAEs
than the ex-post method for all predicted periods
(figure 5(A)). Both regional and time-shifted meth-
ods slightly over-estimated deforestation rates for
periods in the nearer future, but shifted to slight
underestimation for longer periods, whereas the pro-
ject method consistently underestimated deforest-
ation rate, with increasingly severe underestima-
tion; in contrast, the ex-post method consistently

exhibited slight overestimation (figure 5(B)). The
goodness-of-fit of different methods revealed differ-
ent temporal trends: initially, the regional method
performed poorly with a low goodness-of-fit for
shorter time periods in the nearer future, but it
improved over time for longer periods (explain-
ing up to 50% of the variation in the observed
deforestation rate in the period of 2011–2021).
Whereas the project method performed well ini-
tially (explaining up to 70% of the variation in the
observed deforestation rate in the period of 2011–
2012) but deteriorated over time for longer peri-
ods. The ex-post method consistently showed the
highest goodness-of-fit across all predicted periods
(figure 5(C)).
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Figure 4. Observed compound annual deforestation rates (%) in the placebo project area versus counterfactual deforestation
rates that are (A) forecasted via each of the three ex-antemethods and (B) estimated from the ex-post matching method. Three
statistics are reported: (1) mean absolute error (MAE) between observed and counterfactual deforestation rates; (2) mean bias,
calculated as the mean difference between predicted and observed values: positive bias indicates over-estimation and negative bias
indicates underestimation; (3) goodness-of-fit, calculated as the R2 over the identity line (coefficient of determination between
predicted and observed values). Dashed lines indicate the 1:1 relationship between predicted and observed values.

4. Discussion

This study introduces a reliable way to evaluate the
accuracy and robustness of methods that estimate
counterfactual deforestation rates for project-based
REDD+ initiatives. By using carefully designated
placebo projects that are unaffected by REDD+ activ-
ities, the unobservable counterfactual deforestation
rates become observable as the deforestation rate
within the placebo projects. By controlling for prop-
erties such as size, remoteness and initial forest cover,
we ensure that the placebo projects are representat-
ive of the environmental characteristics in existing
REDD+ projects and comparable in terms of suitab-
ility for project development.

The ex-post matching method produced estim-
ates with a remarkably high goodness-of-fit (85%)
between observed and counterfactual deforestation
rates over a 10 year period. In contrast, the ex-
ante project method exhibited much lower goodness-
of-fit (13%). Because this method uses historical
deforestation rates in the placebo projects to dir-
ectly forecast future deforestation rates in the same

areas, the only factor differing between forecasts and
observed values is the timing of the measurement:
this strongly suggests that its low performance was
caused by time-varying deforestation drivers, whose
strength and direction may vary across placebo pro-
jects and their surrounding landscapes (Busch and
Ferretti-Gallon 2023, Hänggli et al 2023, Wells et al
2023). The regional and time-shifted methods exhib-
ited higher goodness-of-fit (50%–51%), suggesting
that they partially correct for the time variance effect,
by using either deforestation trends in the wider sur-
rounding landscape that are expected to progress into
project areas over time (regional method), or defor-
estation trends from an earlier time period that serve
as a proxy for future changes (time-shifted method).
Nevertheless, the comparison between the ex-ante
time-shifted method and the ex-post method, both
using the same pixel-matching criteria and differ-
ing only in the matching period, suggests that the
time variance effect remains even after these cor-
rections. The negative biases (underestimation of
post-start counterfactual deforestation rates) exhib-
ited by all three ex-ante methods may suggest overall
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Figure 5. Predictive performance of the three ex-ante forecasting methods (thin solid lines; blue: regional; green: project, brown:
time-shifted) and the ex-post matching method (thick dashed red line) when used to predict the observed counterfactual defor-
estation rates (%) over the period starting from 2011 and ending in different years, indicated on the x-axis. Predictive perform-
ance is measured in (A) mean absolute error, (B) mean bias and (C) goodness-of-fit (R2 over the identity line, or coefficient of
determination between predicted and observed values). The horizontal dashed line in panel B indicates zero bias: values above
zero indicate over-estimation, whereas values below zero indicate underestimation.

accelerating deforestation in the areas examined dur-
ing 2011–2021 compared to the previous decade,
although only partial evidence supports this hypo-
thesis in specific regions (e.g. West and Central Africa
and Central America) (Vancutsem et al 2021), and
the underlying causes of these biases remain uncer-
tain and warrant further investigation. Similarly, the
positive bias (overestimation) of the ex-post method
suggests that the currently used matching variables
are not perfect proxies of deforestation trends, and
that there is room for improvement. When predict-
ing counterfactual deforestation rates over longer

periods in the future, the ex-ante project method
showed deteriorating performance, suggesting that
time variance of deforestation drivers increase over
time; in contrast, the regionalmethod showed slightly
improving performance, suggesting that the defor-
estation trends in the project area takes time to
align with the deforestation trends in the wider
landscape.

The comparison between ex-ante and ex-post
methods has concrete implications for the REDD+
crediting mechanism. Responding to multiple
criticisms towards project-based methodologies
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(West et al 2023, Swinfield et al 2024), jurisdic-
tional approaches have been increasingly advocated
in recent years. Jurisdictional approaches evaluate
emissions reductions at the level of jurisdictions
(national or subnational administrative entities) (von
Essen and Lambin 2021). The use of jurisdiction-
wide counterfactual scenarios relieves the burden
and reduces adverse incentives for local project
developers, and the involvement of governments,
which have stronger capabilities of enacting policies
and land use monitoring, enables the efforts of mul-
tiple stakeholders to be aggregated, ensuring a more
effective governance (DeFries et al 2022, Zhao et al
2025). However, newly developed methodologies
(e.g. VM0048, ARTTREEs) still rely on ex-antemeth-
ods to provide counterfactual scenarios based on his-
toric averages (ART Secretariat 2021, Bird 2022, Verra
2023). Our results suggest that the performance of
ex-ante methods could be limited by biases arising
from complex and time-variant deforestation drivers
(Teo et al 2023, Schneider et al 2024, Swinfield et al in
review), while the ex-postmethod adequately controls
for such biases because project and counterfactual
outcomes are matched and compared over the same
period. While we do not claim that our results should
be generalised as definitive proof of the superiority of
all ex-post counterfactuals over all ex-ante counterfac-
tuals, they provide support to the strengths of ex-post
methods and strongly encourage further exploring
how they could be adopted in the crediting mechan-
ism. Such a change would not necessarily delay the
timing of credit issuance, since ex-post evaluation
of project outcomes is already required in current
methodologies, and it is also in line with the Core
Carbon Principles, which recommends that emission
reductions be verified ex post to ensure robustness
(ICVCM 2024).

Nevertheless, we acknowledge that ex-ante fore-
casts can still be valuable for project planning, such as
by aiding the selection of locationswith high deforest-
ation risks (Olander et al 2008, Wendland et al 2010,
Lin et al 2014), or by demonstrating the potential
impacts of projects, which is needed to attract invest-
ment (Norman and Nakhooda 2015). This is espe-
cially important since REDD+ projects frequently
experience delays in credit revenue (∼5 years) (West
et al 2020, Atmadja et al 2022), and they often require
significant upfront investment for readiness activities
(Zhu et al 2010, Bernard et al 2014). Overcoming this
obstacle will require carefully designing governance
structures to incorporate mechanisms to allow credit
issuance to be adjustable over time as ex-post meas-
urements are gathered to complement ex-ante fore-
casts, balancing the need for upfront financing with
robust quantification of additionality. One relevant

example is the UK Woodland Carbon Code, which
offers landowners the option to receive credits based
on ex-ante forecasts or to wait for ex-post verification
in exchange for higher credit valuation (Woodland
Carbon Code 2025).

Althoughboth ex-ante and ex-post counterfactual-
estimating methods have their role to play within
REDD+, the lack of systematic evaluation of the
robustness of differentmethods impedes the develop-
ment and adoption of best-practice crediting meth-
ods (Delacote et al 2024), and partially contributes
to the low market confidence and price of carbon
credits. The placebo approach represents a practical
way to fill this technical gap and has the potential to
help elevate levels of trust in REDD+ credits: this is
needed to increase credit demand and in turn price.
We propose that an operational benchmark proced-
ure would involve a publicly available set of placebo
polygons that are separated into a training set and
a test set. This dataset can be used by developers of
counterfactual-estimating methods to evaluate the
performance of their methods, akin to how bench-
marking datasets are used in machine learning to
evaluate algorithm performance and to aid the devel-
opment of more accurate algorithms (e.g. ImageNet
or FOR-instance) (Deng et al 2009, Puliti et al 2023).
They can also be adopted by credit rating agencies
as part of their toolkit to evaluate crediting method-
ologies. The placebo approach could be applied to
both voluntary and regulatory markets, and could
be adapted to work under either the project-based
or jurisdictional framework. Since jurisdictional
approaches usually incorporate projects nested under
a jurisdiction, placebo projects could still be useful
to benchmark the robustness of the evaluation of
the nested projects. More generally, it is also con-
ceivable to directly identify placebos for jurisdic-
tions, as is done in social sciences (Abadie et al 2010),
to assess methods for producing reference emission
levels, provided that the challenge of finding adequate
candidate regions can be overcome. Moreover, the
placebo approach could be extended to other types
of nature credits, such as carbon credits generated by
Afforestation, Reforestation, & Revegetation (ARR)
projects (Agarwal et al 2025), or biodiversity credits
(Wunder et al 2024, zu Ermgassen et al 2025), which
all follow the principle of additionality: although
ex-post methodologies for ARR credits have been
developed (e.g. VM0047 by Verra), the emerging
biodiversity markets so far largely rely on ex-ante
counterfactuals (Wauchope et al 2024, Wunder et al
2024), and all of these counterfactuals remain in need
of formal assessment.

One important caveat of our study is that the
outcome of the placebo evaluation is affected by the

9
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data and the criteria used in placebo selection and
in the matching process. For example, replacing the
static remoteness data with time series data captur-
ing changes in remoteness over time due to road
expansion or creation of new settlements, such as the
annual global Human Footprint dataset (Mu et al
2022), could potentially improve matching quality.
In addition, when designating placebo projects, we
explicitly excluded areas with existing REDD+ pro-
jects but not other types of protected areas. Although
activities occurring in these protected areas are highly
diverse and not always comprehensively documented,
formally quantifying their effects, for example by
examining overlap between placebo projects with
protected areas from a global dataset (e.g. WDPA)
(Bingham et al 2019), is an important future dir-
ection. It is also important to assess the extent to
which benchmark metrics are influenced by hidden
covariates such as shape, spatial continuity, juris-
diction, putative project start and geographical loc-
ation, and whether accounting for those covari-
ates could improve performance of counterfactuals.
Uncertainties in remotely-sensed estimates of defor-
estation and carbon loss, resulting from factors such
as uneven geographic and temporal coverage, geo-
location imprecision, and uncertainties in biomass
estimation, must also be adequately quantified and
reported. Uncertainty estimates provided in avail-
able data products should be reported and integ-
rated in the analysis: for example, the GEDI L4A
data set contains standard error of the predictions
of aboveground biomass density (Dubayah et al
2022). Regional geospatial datasets, which may be
available in higher resolutions or be validated with
more sufficient ground truthing, can also comple-
ment global datasets. Finally, systematic propaga-
tion of all sources of error should be a crucial part
of all carbon reporting, via tools such as Bayesian
inference or Monte Carlo simulation, and increas-
ing the expertise in these techniques should be a
part of the more concerted governance and imple-
mentation (Butler et al 2024). Detailed quantifica-
tion and propagation of uncertainty is recommen-
ded by both the Core Carbon Principles (ICVCM
2023) and the UNFCCC COP decisions (UNFCCC
2010), and will also allow us to integrate advances in
remote sensing and higher-quality data to improve
estimation accuracy (Jucker et al 2018, Besnard et al
2025). Finally, increasing the number of placebo pro-
jects would enhance statistical power and improve
the quantification of uncertainties and biases in the
estimates of deforestation rates, counterfactual estim-
ates and additionality claims (Golmant et al 2023).

In conclusion, this study presents a prac-
tical way to evaluate and potentially improve
counterfactual-estimating methods in REDD+ pro-
grammes using placebos, showing that the ex-post
matching method significantly outperforms all three
of the ex-ante forecasting methods we trialled. We

argue a standardised placebo dataset should be used
for systematic assessment of the suitability of exist-
ing and proposed REDD+ methodologies for car-
bon credit issuance. By facilitating methodological
advancement, this practical tool could ultimately
enhance market trust and viability and reinforce the
role of REDD+ in global climate mitigation efforts.
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