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ABSTRACT

Forest conservation through voluntary carbon offsetting interventions
Alejandro Guizar Coutifio

Ongoing deforestation in the tropics is destabilising planetary carbon cycles, impacting biodiversity and
affecting societies the world over. Multiple strategies have been put in place to reduce threats to
tropical forests through integrated conservation and sustainable development projects. Reducing
Emissions from Deforestation and Forest Degradation (REDD+) refers to a diversity of mechanisms to
help conserve and restore tropical forests, involving local, subnational or national initiatives to support
on-the-ground sustainable management and conservation. REDD+ represents a move to support
conservation by rewarding forest owners and users to reduce emissions and enhance forest-based
carbon stocks, through bundles of interventions including conditional and non-conditional livelihood
enhancement activities together with enabling measures and policies. REDD+ has generated debate
among policy and academic circles around its lack of (or negative) impacts on social and environmental
outcomes. A decade of research on REDD+ has yielded insights about its performance on multiple fronts,
particularly on the social impacts, yet little is still known about its effectiveness on preventing land-cover

changes and associated carbon emissions.

This thesis addresses the question of whether REDD+ projects have helped to prevent deforestation. |
approached the problem by producing three pieces of research that range from the applied evaluation
of REDD+ to interrogating methodological approaches used to evaluate the impact of conservation
interventions, using a representative sample of REDD+ projects across multiple countries operating
within the voluntary carbon market. The research provides evidence of the impact of local-based REDD+
interventions in reducing deforestation while examining some of the challenges involved in using quasi-
experimental methods to evaluate forest-based interventions. Chapter 2 presents one of the first global
assessments of the impact of REDD+ in reducing deforestation using a standard quasi-experimental
approach. | found reductions in forest loss due to REDD+, particularly in areas of higher threats of
deforestation. Chapter 3 provides a comparison of matching approaches using state-of-the-art robust
evaluation metrics, | found consistent average reductions in deforestation due to REDD+ across multiple

matched models, however alterations in matching parameters led to considerable variation of baseline



levels in some projects, thus impacting estimates of treatment effect. Chapter 4 extends the analyses of
REDD+ by measuring local leakage effects and the potential implication on carbon stocks. | found higher
concentration of biomass in REDD+ and leakage belts compared to controls and evidence of positive and

negative leakage effects within the vicinity of interventions.

The study shows that despite the multiple hurdles to delivering REDD+ carbon and non-carbon benefits,
there is promising evidence that these interventions can help to reduce deforestation. As the current
Cop27 in Egypt takes place and actions to scale up commitments made in the Glasgow Leaders’
Declaration on Forests and Land Use are discussed, this thesis emphasise the role of forest-based
interventions as natural climate solutions and highlights some of the challenges that need to be tackled

to ensure its successful implementation.
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CHAPTER 1: INTRODUCTION

CONSERVING TROPICAL FORESTS

Tropical forests are remarkable ecosystems without which life as we know it on Earth would
not be possible. They cover approximately 7% of the Earth’s land surface (DeFries et al. 2005)
and are home to an enormous amount of global biodiversity (Watson et al. 2018; Barlow et al.
2018). These forests influence key global environmental processes including the carbon and
water cycles (Gibson et al. 2011; Avitabile et al. 2016) and contribute directly to national
economies and local livelihoods around the world (Oldekop et al. 2020). Despite awareness of
their critical importance and efforts made to prevent further decline, tropical deforestation has
risen in the last couple of decades, with trends rising as recently as 2020 (Weisse & Goldman
2020), generating multiple environmental problems, including greenhouse gas (GHG) emissions,
biodiversity loss and a decline in the capacity of tropical ecosystems to sustain global
environmental processes (Lewis et al. 2015; Baccini et al. 2017; Barlow et al. 2018; Symes et al.

2018).

Multiple factors contribute to the accelerated decline of tropical forests. Tropical deforestation
has been primarily driven by commercial and industrialised agriculture linked to commodity
production, often for international markets (Curtis et al. 2018; De Sy et al. 2019; Pendrill et al.
2022). Agricultural production was the major driver behind tropical forest loss in the Brazilian
Amazon and South-East Asia over the last two decades (Seymour & Harris 2019). The expansion
of these agricultural frontiers into previously undisturbed forests opens the way to a new host
of resource extraction activities, such as mining, logging, and unplanned settlement (Leblois et
al. 2017), consolidating the conversion of forestlands into permanent human-modified
landscapes. Furthermore, as areas affected by deforestation and degradation become
vulnerable to fires and extreme weather events such as windstorms and droughts, long-term
impacts to carbon stocks and forest structure can be expected after initial waves of

disturbances (Rappaport et al. 2018).



The relationship between tropical forests conservation and climate change mitigation is
complex. Forests act as carbon sinks by absorbing and fixing carbon in leaf tissues, where it
remains locked over short time scales, produce lignin and cellulose to produce wood (which
persists years to centuries) and help push carbon further into soils where it accumulates over
longer periods of time. Overall, tropical forests account for approximately one-third of the
Earth’s terrestrial gross primary productivity, containing about half of the terrestrial carbon
stocks (Lewis et al. 2015). Such is the extent of this productivity that about 15% of excess
anthropogenic emissions have been absorbed by tropical forests since the onset of the
industrial period (Pan et al. 2011), perhaps due to “carbon dioxide (CO;) fertilisation” processes

resulting from the enhanced availability of CO; in the atmosphere (Tagesson et al. 2020).

While forests in their normal functioning help to mitigate the effects of anthropogenic
emissions, tropical deforestation is now a major contributor to climate change, which results in
the ecosystem carbon accumulated over millennia being emitted as GHG over a brief period of
time (Barlow et al. 2018; Turubanova et al. 2018). Until recently, fluctuations of stored carbon
in tropical forests have been in balance due to counteracting regrowth and loss processes
(leading to a ’sinking’ and ‘sourcing’ of carbon) (Mitchard 2018). However, acceleration in
tropical deforestation rates have rendered these ecosystems a net source of GHG (Baccini et al.
2017; Hubau et al. 2020; Gatti et al. 2021), with deforestation accounting for the second largest
source of emissions after the energy sector, estimated at ~11% of global emissions (Shukla et al.
2019). Unless strong measures to conserve forests are taken, this trajectory is expected to
continue due to increasing anthropogenic pressures, exacerbated by climate change impacts

(Withey et al. 2018; Brando et al. 2019; Hansen et al. 2020).

FOREST CONSERVATION

Effectively conserving and managing tropical forest is critical for meeting international climate,
biodiversity and development goals, and is now recognised as a core component of several
multilateral agendas (Pascual et al. 2017; Hansen et al. 2020), including the Sustainable
Development Goals (SDGs), Aichi Biodiversity Targets and the Paris Climate Agreement.

Particular attention has been paid to conserving tropical forest in recent years given its



potential to mitigate emissions in a cost-effective way, helping to meet net zero targets in the
decade ahead while delivering social and environmental benefits (Griscom et al. 2017; Seddon

et al. 2020)

Calls to preserve tropical forests have prompted responses from a variety of actors. Protected
areas (PAs) are one of the earliest and most common approaches for conserving wilderness
areas, many of which have been established in tropical forests (Geldmann et al. 2013; Watson
et al. 2014). The impact of these interventions on conserving tropical forests has received much
attention: research shows PAs have been relatively successful at mitigating deforestation within
their boundaries (Fuller et al. 2019; Geldmann et al. 2019), although impacts vary considerably
among projects, and appear to be determined by multiple factors, including the country
governance and law enforcement (Schleicher et al. 2019b), the type of protected area
designation (e.g. setting aside strict conserved zones v.s. allowing for sustainable practices)
(Nolte et al. 2010; Schleicher et al. 2017), as well as the management and resourcing of these

interventions (Eklund et al. 2019; Schleicher et al. 2019b; West et al. 2022).

Addressing the needs of communities that are dependent on forests to sustain their livelihoods
has galvanised alternative approaches to PAs. Pushes to recognise the contribution that
indigenous communities make to forest conservation have had a long history (Dawson et al.
2021), and recently came into focus with research showing their effectiveness on stopping
forest disturbances within their demarcations (Sze et al. 2022; Prioli et al. 2023). These calls
stem from a broader agenda on raising issues about the social impacts of conservation (Adams
et al. 2004), and are centred on recognising indigenous communities claims to their territories,
which have been traditionally shun away from formal decision-making processes (Dawson et al.
2021). This rights-based approach to conservation is not only essential to assert the rights of
indigenous communities, but also necessary to counteract the risks they face to the livelihoods

and well-being through commodity frontier expansions (Bille Larsen et al. 2021).

The challenge of achieving environmental gains without compromising social objectives has
also motivated incentive-based approaches to conservation. These stem from the assumption

that incentives may be more effective for achieving conservation outcomes than restrictions



alone (e.g., protected areas). Perhaps the most prominent example of such approaches is
payment for ecosystem services (PES) (Wunder et al. 2020a). PES generated interest across
multiple sectors given its potential to scale up conservation efforts while addressing needs for
poverty alleviation and improving livelihoods (so called ‘win-win’ situations). PES became a
valuable tool in the conservation arsenal in the 2000s concerning tropical forest conservation,
with programmes implemented mostly in Costa Rica, Mexico, and Colombia (Ferraro 2017),
where forest conservation activities were primarily motivated by aims to ensure the flow of
ecosystem services, such as sheltering from extreme weather, ensuring water availability and

conserving carbon stocks.

PES has been subject to criticism due to mixed outcomes. Although limited robust empirical
evidence on the social and environmental impacts are available (Ferraro 2017), PES
programmes have shown modest and varied effectiveness at reducing deforestation, as
highlighted by case studies in Bolivia (Wiik et al. 2019), Costa Rica (Arriagada et al. 2012),
Colombia (Pagiola et al. 2016), Mexico (Alix-Garcia et al. 2012) and Uganda (Jayachandran et al.
2017). A body of work indicates key challenges that need to be addressed for PES to deliver
social and environmental benefits, including better spatial targeting to maximise the intended
benefits (Bottazzi et al. 2018), and the generation of sufficient demand to secure revenues for

the provision of ecosystem services (Jack & Jayachandran 2018; Wunder et al. 2020a).

REDUCING EMISSIONS FROM DEFORESTATION AND FOREST DEGRADATION (REDD+)

Reducing Emissions from Deforestation and Forest Degradation (REDD+) refers to a diversity of
mechanisms to help conserve and restore tropical forests, involving local, subnational, or
national initiatives to support on-the-ground conservation. Much in the spirit of PES
programmes, REDD+ started as a simple idea when originally proposed at the UNFCCC
negotiations in 2007 at COP13: mitigate GHG emissions by supporting activities to reduce forest
loss and enhance carbon stocks in tropical countries, financed primarily by industrialised
countries, in exchange of carbon offsets (Agrawal et al. 2011). This concept has been adapting,
as the challenges of implementing the original vision came to the fore, with REDD+ now

encompassing an array of activities, from direct area-based interventions (with conditional and



non-conditional financial incentives) to policy-level interventions aimed at strengthening
institutional coordination and capacity to implement forest conservation policies (Angelsen et

al. 2018; Wunder et al. 2020b).

REDD+ was originally conceptualised as a climate change mitigation strategy operating within a
global carbon-market focused on forest conservation. Questions about focusing on a single
ecosystem service in complex socio-environmental contexts (Corbera et al. 2010) led to an
expansion of REDD+ objectives, to include the delivery of livelihood (e.g. securing indigenous
rights) and biodiversity (e.g. conserving biodiversity and ecosystem services) benefits (Agrawal
et al. 2011). A lack of international support eventually led to stagnation of the global carbon-
market, yet the concept of REDD+ continued to develop and became adopted by parties of the
UNFCCC. Around 50 countries are in the process of developing national REDD+ strategies with
the aim of developing conditions to tackle deforestation domestically (Seymour et al. 2018) and
four of these (Brazil, Colombia, Ecuador, and Malaysia) have met all the criteria established by
the UNFCCC to access results-based payments (Duchelle et al. 2019). Meanwhile, a number of
local-scale REDD+ projects were kicked-off in the early days of REDD+ as part of ‘demonstration
activities’. These projects are the earliest, longest-lasting on-the-ground efforts to conserve

forest under REDD+ and will be discussed in more detail in ensuing sections.

Approaches to REDD+ at the subnational jurisdictional level have been gaining traction at
international negotiations. A milestone in international REDD+ negotiations was the agreement
of the Warsaw Framework in 2013, which puts a strong emphasis on developing REDD+
initiatives at the national and jurisdictional scales (Seymour 2020). This approach stems from
the recognition that the complex and diverse range deforestation drivers, which manifest
differently across the tropics (Curtis et al. 2018; Seymour & Harris 2019), need to be tackled at
multiple scales. Formally endorsed in the Paris Agreement, a jurisdictional approach to REDD+
seeks to align actions within a politically defined areas, through institutional coordination and
enforcement of national REDD+ policies. Jurisdictional programmes are expected to
complement local-scale interventions in addressing issues such as deforestation leakage

(i.e., displacements of deforestation to areas outside intervention zones) and reversals (e.g loss

of protected forest as the result of natural disasters such as fires), as well as help streamlining



monitoring and verification efforts (Seymour 2020). Many countries have pledged to
developing jurisdictional approaches for reducing deforestation and some of these

commitments are being implemented (Stickler et al. 2018).
Additionality

For REDD+ to be considered additional, it should demonstrate reductions in forest-based
emissions that would not have happened in the absence of interventions. The additionality is
based on an intervention’s reference level, or business-as-usual (BAU) scenario, i.e., the
expected biomass loss and resulting emissions that would have occurred without REDD+, which
are calculated on historical forest loss rates and associated emission factors by vegetation type

(Goetz et al. 2015).

Methods to estimate additionality depend on the scale and type of project. Local-scale projects
have typically derived BAU scenarios from historical land-use trajectories, which are then
projected to provide an estimate of the expected land-use conversion, or by spatially modelling
deforestation risk factors and projecting their likely trajectory into the future (Wilebore 2015).
For instance, projects registered in the voluntary carbon standards (VCS) typically use a 10-
years reference period to model forest disturbance trends and produce an estimate of avoided
emissions. Additionality is then measured by comparing reference biomass values of the
replacing land-use cover after disturbance (e.g., agricultural lands) with project-level biomass
estimates collected thorough field inventory (Shoch et al. 2011). Other approaches used at the
local-scale include a “control-region” method, in which a reference forest area (i.e., a control) is
monitored post-implementation and the subsequent changes in carbon stocks are taken as the

BAU reference level (Wilebore 2015).

Additionality at the jurisdictional scale is established by country-level reference levels. The
UNFCCC provides flexible guidelines to produce forest reference emission levels (FRELs),
derived mostly from historical forest loss trajectories, allowing for the inclusion of domestic
deforestation risk factors. Reference levels at the subnational/jurisdictional scale follow criteria
established in the national FRELs. Countries have submitted jurisdictional commitments to the

UNFCCC and some of them have reported on their performance (Stickler et al. 2018). There is a



move to ‘nest’ local-scale baselines with jurisdictional reference levels to ensure harmonised
accounting (TSVCM 2021), and there is a recognition too that FRELs methodologies will need to

be standardised to ensure fairness, effectiveness and efficiency (Stickler et al. 2018).

CONSERVATION IMPACT EVALUATION

The conservation sector is undergoing a paradigm shift with respect to how the effectiveness of
projects and programmes are evaluated. Impact evaluation techniques developed fields such as
health, education, and development economics (Baylis et al. 2016) are gaining traction among
conservation practitioners (Ferraro & Hanauer 2014), following calls for better impact
evaluations standards in conservation (Ferraro & Pattanayak 2006; Baylis et al. 2016). The
earnest pursuit of improved evaluation methods is warranted: with interventions growing in
complexity and scope (Baylis et al. 2016), usually in the context of limited resources (Reed et al.
2020). Understanding whether conservation programs are succeeding is essential to address

pressing socio-environmental challenges (Ferraro & Pattanayak 2006; Baylis et al. 2016).

A major breakthrough was the incorporation of causal thinking in the evaluation of
conservation programmes. Conventional approaches to programme evaluation have typically
limited to reporting indicators and outcomes over time (Miteva et al. 2012; Samii et al. 2014),
mostly lacking any form of controls, so it is not possible to attribute changes due to
interventions empirically. Current approaches put a special emphasis on identifying causal
relationships between the intervention and the outcome of interest, including the effect caused
by the intervention on the outcomes, as well as the confounding factors that affect both: the

location of where interventions take place and the outcomes of interest.

Examples of confounding factors abound in real-world conservation settings. Interventions such
as protected areas have been typically established through a combination of opportunistic
factors and land use preferences, which makes them prone to be established in remote areas
with lower agricultural or commercial value (Joppa & Pfaff 2009, 2010). Such remoteness is also
a key determinant of exposure to deforestation risks (Busch & Ferretti-Gallon 2017), which has
a direct impact on the expected rates of deforestation, regardless of whether the intervention

takes place. In this way, remoteness becomes a confounder in the evaluation of protected area



effectiveness: affecting both the location of where a protected area is established, and the
likelihood of lands becoming eventually deforested. Therefore, an accurate assessment of
protected area effectiveness should factor remoteness when seeking for control units. Failing
to do so may result in the selection of comparison units that are fundamentally

different,providing an unreliable reference for estimating impacts.

Experimental approaches help deal with confounding variables, but their application in
conservation is limited. Experimental designs such as Randomised Control Trials (RCTs) enable
researchers to eliminate confounding bias ex-ante due to the random nature of treatment
assignment, ensuring no systematic differences in characteristics between treated and control
units. Although deemed the ‘gold standard’ for causal analysis in fields like medicine and public
policy, RTCs and experimental approaches are unlikely to play a prominent role in conservation
due practical and ethical considerations (Ferraro & Hanauer 2014; Pynegar et al. 2019),
however prominent examples exist that have used randomised designs to evaluate the impact
of PES programmes (Jayachandran et al. 2017; Jack & Jayachandran 2018; Wiik et al. 2019).
Conservation impact evaluation is more likely to rely on observational designs, suited for ex-
post analysis where treatment was not allocated at random and confounding bias is expected

(Baylis et al. 2016).

Central to the notion of causality is the concept of counterfactuals, i.e., knowing what
outcomes could have happened in the absence of an intervention. Counterfactuals can credibly
be constructed by eliminating potential rival explanations, to the extent that the observed
effect could only be attributed to the intervention alone (Ferraro 2009). Robust impact analyses
therefore rely on research designs that either eliminate, or account for, confounding factors to
elucidate the causal effect of the treatment. If unaccounted, confounding factors can
systematically bias our analyses, as it is not possible otherwise to isolate treatment effects from

the effect that confounders project on both the treatment and the outcome.

Counterfactuals can be constructed by experimental or observational approaches. Experimental
approaches like RCTs lead naturally to a credible counterfactual, as units allocated randomly to

the control group represent a probable alternative outcome had the intervention not taken



place. In observational studies, where units are not randomly allocated to treatment, finding a
credible counterfactual requires the identification of untreated units that are as similar as
possible to the treated units (except for the treatment condition). Achieving this necessitates
strong theoretical understanding of how the intervention is likely to alter the outcome, as well
as solid grasp of the potential related variables at play in the causal chain, including observable
(i.e., for which data is available) and unobservable (i.e., where data is missing or cannot be
measured) confounders. In situations where data on sufficient confounders are available,
observational methods such as those based on conditioning can be used to reduce or eliminate

confounding bias, rendering the treatment effects estimable.

MATCHING

Matching refers to a suite of statistical techniques for selecting a comparable set of
observations for a group of elements within a larger population and is a commonly used
approach in observational studies to reduce or eliminate confounding. This is achieved by
pairing treated observations with untreated units that are similar in observable confounder
characteristics (i.e., covariates), such that no systematic bias exists between treatment groups.
Matching thus helps isolate treatment effects by conforming sets of treatment and control

units with similar observable characteristics and probability of outcomes.

Multiple matching methods exist to construct sets of observations with similar observable
characteristics. The most rudimentary technique will search for an untreated element with an
equal covariate value than the reference treated unit. Since ‘exact matching’ with continuous
covariates is rarely feasible, most matching applications involve a scalar classification to
perform approximate matches within scale values (lacus et al. 2019). Two of the most used
metrics in conservation (Schleicher et al. 2019a) include propensity score matching, where units
are classified based on their probability of receiving treatment given their covariate
distributions (King & Nielsen 2019), and Mahalanobis distance matching, where units are
classified based on their distance to each other on a multivariate space. Matching methods are
an active area of research and practical guidance for the implementation of these methods in

applied settings is still emerging (Schleicher et al. 2019a; Rasolofoson 2022). Recent



developments of particular interest to conservation practitioners include synthetic control
matching (Abadie et al. 2010), which optimises covariate balance and outcome trajectories for

units observed over for determined periods of time.

After matching, one must give extensive proof that the selected control group represents a
credible counterfactual. This must be backed up theoretically and empirically, through
diagnostics of the matched sets. Matching will be valid under the assumption that the selected
covariates account for both observed and unobservable confounding factors (in the latter case,
indirectly through their correlation with observable variables). The matched set must also show
‘common support’ between treated and control groups, with substantial overlap in covariate
densities across treatment groups. If matching is combined with difference-in-differences to
analyse treatment effects in a before-after design, the counterfactual should provide evidence
of exhibiting “parallel trends”, i.e. similar outcomes trajectories in the pretreatment period
(Angrist & Pischke 2008). Methods such as synthetic control matching are optimised for
producing matched sets that exhibit similar outcome trajectories. Since the possibility of hidden
confounding can never be ruled out in observational studies, sensitivity analyses to tests for
unobserved confounders should be included in post-matching routines (Jones et al. 2022).
Hidden confounding are all too common in conservation , where unobserved confounders can
originate from factors that are known to be correlated with selection to treatment but remain
unobserved nonetheless because are hard to quantify (e.g., institutional factors that correlate

with programme rollout) (Usmani et al. 2022).

The use of matching method for assessing conservation impact evaluation is on the rise (Bérner
et al. 2020). These studies have enhanced our understanding of the strengths and limitations of
forest conservation strategies such as protected areas (Andam et al. 2008; Joppa & Pfaff 2011;
Carranza et al. 2013; Schleicher et al. 2017), and community forest management (Rasolofoson
et al. 2015; Eklund et al. 2016; Oldekop et al. 2019). Approaches have been also used to

determine the effect of cash-transfer programs (Ferraro & Simorangkir 2020).

EARTH OBSERVATION DATA FOR EVALUATING FOREST CONSERVATION
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The arrival of observational methods to forest impact evaluation is in part fueled by the
availability of data sources to track forest cover globally. Moreover, the availability of Earth
observation data is opening new opportunities for evaluating the impact of on-the-ground
interventions aimed at reducing deforestation and forest degradation (De Sy et al. 2019), and is
particularly instrumental for monitoring initiatives that apply conditional rewards for forest

conservation (Goetz et al. 2015).

Remote sensing (RS) technologies in the form optical, thermal and radar sensors detect
information encoded in the electromagnetic spectrum and uses these data to infer
characteristics of abiotic and biotic surfaces, such as temperature, chemical processes,
moisture content and texture (Pettorelli et al. 2014). RS is a key tool in the ecology and
conservation biology fields, and has become a leading method for measuring and assessing
ecosystem functions due to the provision of repeatable, comparable, and cost-effective (at
least to the user) quantification of environmental features at multiple spatial, and temporal,

scales (Pettorelli et al. 2014; Lausch et al. 2017)

The detection of forest cover change has been facilitated by satellite-based RS. The NASA’s
series of Landsat Earth satellites and Moderate Resolution Imaging Spectroradiometer (MODIS)
sensors, commencing in 1972 and 1999 respectively, have been utilised in countless studies to
generate regional and global estimates of forest cover change. Advances in processing power
over the last decade has prompted the development of global-scale forest-tracking products at
Landsat pixel-resolution (~¥30m) (Sexton et al. 2013; Hansen et al. 2013; Vancutsem et al. 2020).
Optical satellite imagery is also routinely used by countries in combination with field-based data
to generate national forest inventories for tracking changes in forest cover, and has been key
for the development of alert systems to track deforestation events at sub-monthly intervals in
Brazil, Peru, the Republic of Congo and Indonesia (Hansen et al. 2016; Wheeler et al. 2018).
Progress made in remote sensing technology to date represents a major step towards
advancing knowledge on global deforestation patterns, and has galvanised responses from the
private and public sectors to address deforestation (Seymour & Busch 2016). However,

uncertainties remain about the estimates of forest change, which are largely defined by the
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choice of methods and definitions for land cover classification (Lui & Coomes 2015; Melo et al.

2018).

The contribution of tropical forest loss to carbon emissions remains uncertain (Baccini et al.
2012; Harris et al. 2012; Tyukavina et al. 2015). Reducing these uncertainties is important to
enhance understanding on the role of forests in the global climate system, and to support
forest conservation initiatives important in the context of carbon markets and REDD+ (Mitchard
2018). Field-based forest inventories are essential for developing a baseline estimation of
carbon stocks at national and sub-national scales, however, the collection of inventory field-
data is often a resource intensive activity, and the rigour of sampling can be constrained by
access, budgets and technical capacity. Combining synthetic aperture radar (SAR)
measurements with field-based inventories enables to generate aboveground biomass
estimates for extended areas (Mitchard et al. 2013). SAR sensors operate by emitting
wavelength pulses that allows the characterisation of surface properties, and have recently
been used to quantify vegetation metrics such as forest cover, canopy volume and forest height

at regional scales (Mitchard et al. 2013), as well as at the global scale (Shimada et al. 2014).

Light Detection and Ranging (LiDAR) is an active RS sensor that can be mounted in satellites,
aircrafts or unmanned aerial vehicles, and operates by emitting laser pulses from which metrics
of forest structure can be derived. Landscape level assessments involving airborne LiDAR
provide fine-detailed estimates of aboveground biomass at a sub-meter resolution (Asner et al.
2013; Asner & Mascaro 2014). Repeat LiDAR measurements further enhances carbon flux
estimates although deploying this technology is costly, preventing the application of this
technique for systematic assessments. Integrating LiDAR with field-based measures has seen an

increasing interest for monitoring global forest carbon (Duncanson et al. 2021).

Monitoring forest degradation and resulting carbon emissions is essential for evaluating the
performance of forest conservation strategies but remains technically challenging. Forest
degradation refers to partial loss of canopy cover due to anthropogenic or natural disturbances,
resulting in the diminished capacity of forests for sustaining biodiversity and supporting

ecosystems function (Simula 2009). Forest degradation is commonplace in tropical forests, with
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estimates suggesting that it affects an area similar to that affected by deforestation (Pearson et
al. 2014; Vancutsem et al. 2020). Tracking forest degradation can be an effective tool for
conserving forests as, among other things, it enables early detection of can be effective in

preventing further deforestation (Joshi et al. 2015), but this is still an ongoing area of research.

Uncertainties in the estimation of biomass using RS approaches remains one of the major
challenges that to be addressed (Mitchard 2018). The Global Ecosystem Dynamics Investigation
(GEDI) LiDAR instrument has been added to the constellation of active sensors in space and
provides consistent measurements of forest structure across the global tropics. Likewise, the
European Space Agency (ESA) Sentinel (Berger et al. 2012) and BIOMASS missions (Le Toan et
al. 2011) will support innovative ways to generate high resolution global biomass estimates.
Developing improved methods for quantifying forest degradation based on open-access
imagery will allow to generate better estimates of intervention performance for conserving
carbon, increasing our ability to track forest degradation will help to guide monitoring and

restoration efforts.

LOCAL INTERVENTIONS AS CASE STUDY FOR EVALUATING THE IMPACT OF REDD+ IN REDUCING
FOREST LOSS

Local interventions conform the earliest, long-lasting on-the-ground efforts to conserve forest
under REDD+. Around 350 landscape-based REDD+ interventions have been implemented since
the first wave of projects initiated more than a decade ago (Simonet et al. 2020). Although
branded as REDD+, and having overlapping goals for achieving social and economic benefits
with biodiversity and environmental gains, these interventions in practice are hugely varied in
scope, social objectives, and approaches for achieving conservation (Sills et al. 2014; Carmenta
et al. 2020), involving a variety of stakeholders and forest users, from indigenous communities
seeking to halt deforestation from encroaching their territories, to private actors setting aside
conservation lands that would otherwise have been allocated to commercial activities (Simonet

et al. 2020).

The development of REDD+ into a heterogeneous collection of interventions has in part been

determined by the evolution of its funding landscape. REDD+ was originally envisioned as a
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mechanism whereby industrialised economies would fund forest conservation activities in
tropical forest countries in exchange for carbon offsets. While negotiations about the global
carbon market architecture never consolidated, discussions around the implementation of
national and subnational REDD+ frameworks continued in the multi-lateral fora, opening
streams of funds for local REDD+ initiatives from multilateral and international development
agencies . This contributed to the ‘aidification’ of REDD+ in the last decade (Angelsen 2017),
with a variety of players involved in the implementation of REDD+, including public, private,
multilateral, and nongovernmental organizations (NGOs). These projects entail a mixture of aid-
based, for-profit, or mixed approaches to project financing, which may or may not involve
results-based payments in the latter case (Wunder et al. 2018). For some of these
interventions, carbon offsetting in the voluntary market is only one of the different revenue
streams that projects pull to support on the ground activities, but the reliance on carbon

market is expected to grow.

Rigorous evaluations of local-scale REDD+ are only starting to emerge with mixed results across
different fronts (Duchelle et al. 2018b). An important body of work has focused on the
implications of REDD+ on the local communities, showing that REDD+ thus far has had
negligible impact on issues such as securing land tenure (Sunderlin et al. 2018a) and on
improving the livelihoods of local communities (Duchelle et al. 2018a). Moreover, while
progress was made in some countries on integrating different stakeholders in REDD+ land-use
decision-making processes, there is also evidence of insufficient local involvement through free,
prior, and informed consent processes (Sunderlin et al. 2018b), with some pointing to biased
gendered participation in early REDD+ projects (Kariuki & Birner 2016). Furthermore, empirical
impact evaluations about the ability of local-scale interventions to conserve forests is still
scarce, with recent analysis showing a range of outcomes, from projects achieving reductions in
deforestation (Jayachandran et al. 2017; Simonet et al. 2019; Guizar-Coutifio et al. 2022), to null

or negative results (West et al. 2020; Correa et al. 2020).

Interest in the voluntary market has been rekindled, but important challenges remain for
REDD+ to benefit from this uptake. Demand for carbon offsets has increased in recent years as

more organisations seek to meet their decarbonisation plans using offsetting, which for forest-
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based carbon credits meant an increase in the volume of traded offsets in 2020 and 2021, of
30% and 40% respectively (Donofrio et al. 2021). Some estimates suggest that the voluntary
market will have to scale-up 15-fold by 2030 to meet expected demands, with nature-based
credits playing a significant role in the portfolio of offsets (TSVCM 2021). While this may
indicate favourable market signals, important challenges remain to mobilise enough resources
for nature-based carbon credits to meet this demand, including increased access to financing
(TSVCM 2021), and a fair carbon pricing that better accounts for the opportunity costs of
forgone land-use (UN-REDD 2022). Furthermore, substantial harmonisation between REDD+
local and subnational approaches, with clear pathways for integrating results-based approaches
to REDD+ (Duchelle et al. 2019) will be required to set the conditions to scale-up REDD+ within
a market-based framework. Another important challenge determining the future of REDD+
concerns the integrity of REDD+ carbon credits. Recent independent evaluations using quasi-
experimental methods to compare deforestation rates in VCS REDD+ sites relative to
counterfactuals have found consistently less environmental gains than forecasted by VCS (West
et al. 2020; Guizar-Coutifio et al. 2022), potentially leading to an over-crediting of projects.
Others have found similar inconsistencies for forest-based carbon offsets from the California Air

Resources Board standards (Badgley et al. 2022).

INITIAL EXAMINATION OF REDD+ PROJECTS

This PhD is centred on understanding whether REDD+ projects have delivered on reducing
deforestation, forest degradation and associated reductions in carbon. Throughout my PhD |
focused on projects registered in the voluntary carbon standards (VCS) as they were one of the
registries that provided easier access to project data in 2019. The examination commenced by
mapping all available data for AFOLU type of projects established in the tropics. The database at
the time of examination obtained data for Afforestation, Reforestation and Revegetation (ARR,
n=111), Reducing Emission from Deforestation and forest Degradation (REDD, n=81), Improved
Forest Management (IFM, n=7), Wetland Rewetting and Conservation (WRC, n=1), established

in 41 countries (Fig. 1.1).
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Figure 1.1: Location of the 200 projects in the VCS database (circa 2019). Afforestation,
Reforestation and Revegetation (ARR, blue), Reducing Emission from Deforestation and forest
Degradation (REDD, purple), Improved Forest Management (IFM, orange), Wetland Re-wetting
and Conservation (WRC, yellow). Location points obtained from the VCS website.

| proceeded to obtain all the data available for REDD+ projects in the VCS database. In specific
cases | contacted project proponents to request project boundary files, particularly when the
boundaries in the database were not available, or did not correspond to the maps depicted in
project documents. | amassed a database of interventions in a PostGIS database. Prior to
compiling files in the database, | cleaned geometries and removed overlapping features,
following best practices for handling protected area data (Bingham et al. 2019). This was a
necessary step as many of the files available were produced with the aim of showing where the
interventions took place but were not adequately formatted for geospatial analysis. The data
collection process resulted in 71 REDD+ interventions mapped, which included projects
established in Central and South America (n=45), Africa (n=18) and Asia-Pacific (n=8), with a
median project area estimated at 73620 Ha (inter-quartile range = 39770 to 193580 Ha). Most
of these projects (n=60) were certified under the dual VCS Carbon Climate and Biodiversity
standard, which stands for projects that seek to produce social and biodiversity co-benefits, in
addition to climate gains. These projects were established between 1994 and 2017, used a total

of 10 different methodologies to define emissions baselines.

Observational approaches for data analysis were required as REDD+ projects tended to be
located where conservation and development efforts were already in place. Many REDD+ sites
were established adjacent to PAs, in cases overlapping partially or wholly with their boundaries,

in an attempt to generate a buffering barrier between deforestation activities and PAs.
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Moreover, many projects currently enlisted as REDD+ were originally developed as PES or
integrated development and conservation projects (Lin et al. 2012), effectively making REDD+
area selection more likely where NGO engagement was present prior to the REDD+ designation

(Usmani et al. 2018).
Structure of the thesis

In the remaining chapters of this thesis | will develop three pieces of research that range from
the applied evaluation of REDD+ to interrogating methodological approaches used to evaluate
the impact of conservation interventions. The research provides evidence of the impact of
local-based REDD+ interventions in reducing deforestation while examining some of the
challenges involved in using quasi-experimental methods to evaluate forest-based
interventions. Chapter 2 presents one of the first global assessments of the impact of REDD+ in
reducing deforestation using a standard quasi-experimental approach. | found reductions in
forest loss due to REDD+, particularly in areas of higher threats of deforestation. Chapter 3
provides a comparison of matching approaches using state-of-the-art robust evaluation
metrics, | found consistent average reductions in deforestation due to REDD+ across multiple
matched models, however alterations in matching parameters led to considerable variation of
baseline levels in some projects, thus impacting estimates of treatment effect. Chapter 4
extends the analyses of REDD+ by measuring local leakage effects and the potential implication
on carbon stocks. | found higher concentration of biomass in REDD+ and leakage belts
compared to controls and evidence of positive and negative leakage effects within the vicinity

of interventions.
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CHAPTER 2: A GLOBAL EVALUATION OF THE
EFFECTIVENESS OF VOLUNTARY REDD+
PROJECTS AT REDUCING DEFORESTATION AND
DEGRADATION IN THE MOIST TROPICS

ABSTRACT

Maintaining tropical forests is vital for biodiversity conservation, and keeping carbon locked-up
in forests is key to tackling climate change. Reducing Emissions from Deforestation and forest
Degradation (REDD+) projects aim to contribute to climate change mitigation by protecting and
enhancing carbon stocks in tropical forests, but there are no systematic global evaluations of
their impact. Using a new data set for tropical humid forests, we used a standardised evaluation
approach to quantify the performance of a representative sample of 40 voluntary REDD+
certified under the Verified Carbon Standard, located in nine countries. In the first five years of
implementation, deforestation within project areas was reduced by 47% (95% Cl = 24-68%)
compared with matched counterfactual pixels, while degradation rates were 58% lower (95% ClI
= 49-63%). Reductions were small in absolute terms but greater in sites located in high
deforestation settings and did not appear to be substantially undermined by leakage of
activities into a 10-km zone surrounding projects. At COP26 the international community
renewed its commitment to tackling tropical deforestation as a nature-based solution to
climate change. Our results indicate that incentivising forest conservation through voluntary
site-based projects can slow tropical deforestation; they also highlight the particular

importance of targeting financing to areas with higher deforestation threat.

INTRODUCTION

Rapid decarbonisation of economies is essential to avert the worst impacts of human-induced
climate change, but protecting natural ecosystems and the carbon they store could contribute
significantly to meeting net zero targets, particularly in the decade ahead (Griscom et al. 2017;

Seddon et al. 2020; TSVCM 2021). If delivered at scale, keeping carbon stored in forests by

18



avoiding deforestation could be one of the most effective nature-based climate solutions (Stern
2007; Houghton et al. 2015; Lewis et al. 2019). Given that tropical forest ecosystems support
the majority of terrestrial biodiversity (Lewis et al. 2015; Barlow et al. 2018), slowing the loss of
these vital habitats would also have substantial co-benefits for biodiversity. The 26"
Conference of the Parties of the United Nations Framework Convention on Climate Change
(COP26) saw leaders of over 100 counties, containing over 85% of the world’s forests, make a
commitment to bring deforestation and degradation to an end by 2030, backed by almost USD
20 billions of investments from public and private funds (UNFCCC 2021). There is justified
scepticism, however, as previous international commitments have failed to materialise,
including most recently the New York Declaration on Forests, which aimed to half deforestation

by 2021 (Partners 2020).

Since the early 2000s, REDD+ programmes have sought to reduce deforestation by creating
financial and institutional mechanisms to deliver genuine emission reductions while benefitting
local livelihoods and biodiversity (Holloway & Giandomenico 2009; Agrawal et al. 2011). Around
50 countries have national and subnational REDD+ programs at various stages of development
and more than 350 REDD+ projects have been initiated to date (Simonet et al. 2020). These are
likely to vary in effectiveness, for a variety of reasons: they are exposed to different drivers of
deforestation (Simonet et al. 2020), have differing social objectives (Sills et al. 2014; Carmenta
et al. 2020), engage in different activities to reduce deforestation, and operate under varying
degrees of conditionality (Wunder et al. 2018). In practice, REDD+ project implementation has
faced many difficulties (Duchelle et al. 2018a; Milne et al. 2019). Nevertheless, if the world is
going to meet its renewed deforestation commitments it is important to learn from REDD+
initiatives to date, and in particular from in-depth analysis of their effectiveness at reducing

deforestation and forest degradation.

Several recent studies have evaluated the impact of REDD+ and similar interventions on tropical
deforestation. Randomised control trials in Africa have found that paying households to reduce
deforestation were effective (Jayachandran et al. 2017), while unconditional payments were
not (Wilebore et al. 2019). Similarly, a study of REDD+ interventions along Brazil’s Trans-

Amazon Highway reported a 50% reduction of deforestation rate compared with matched
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control sites (Simonet et al. 2019), whereas two other studies of Amazonian REDD+ projects
concluded that voluntary REDD+ projects had little impact (West et al. 2020; Correa et al. 2020).
Deforestation rates in Guyana remained below those recorded in a counterfactual region while
a Norway-supported jurisdictional REDD+ program was active (Roopsind et al. 2019). Given this
heterogeneity in results it seems timely to quantify impacts across a large sample of REDD+
projects. Projects need to calculate emissions reductions and have them verified in order to sell
carbon credits, but unfortunately the monitoring reports produced by the projects assess
outcomes in inconsistent ways (Wilebore 2015), and cannot be used to make global
comparisons of effectiveness. To address this gap, here we apply a standardised approach to
examine how far these site-based REDD+ projects have slowed deforestation across a global

sample of projects.

Specifically, we quantified the impact of site-based REDD+ projects on deforestation by
examining projects certified by Verified Carbon Standards (VCS) developed by Verra, one of the
leading accreditation registries for voluntary REDD+ projects (Donofrio et al. 2019). We used a
new dataset that tracks annual deforestation and degradation rates across the moist tropics at
~30-m resolution using multispectral imagery collected by earth observation satellites
(Vancutsem et al. 2021) and estimate effect sizes by comparing rates after REDD+ projects were
implemented with rates in matched control pixels. Our analysis covers all VCS projects in the
humid tropics for which project location maps were provided by Verra, and sufficiently long
time-series of satellite imagery were available and appropriate counterfactuals could be
identified. We compared REDD+ project areas with matched pixels in the wider landscape, with
and without the inclusion of areas included in protected areas (see Appendix A Fig. 1.3).

I”

Matching pixels in this way provides a “quasi-experimental” analysis of the effectiveness of
REDD+, by eliminating from our analyses, to the best of our ability, other confounding factors
that might have influenced deforestation rates. Leakage, which occurs when deforestation
activities in project areas are shifted elsewhere upon project implementation - is a widely
acknowledged risk of REDD+ and other forest-based interventions (Pfaff & Robalino 2017). We
therefore also evaluate evidence of local leakage by estimating changes in forest loss in a 10-km

zone immediately outside project boundaries (Ewers & Rodrigues 2008). Additionally, we
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explore how REDD+ effectiveness varies with deforestation threat, defined as the background
deforestation rate in the host country during the implementation period, and whether

effectiveness varied through time.

METHODS

SELECTION OF AN INITIAL SET OF REDD+ PROJECTS

REDD+ projects earn carbon credits for independently verified emission reductions relative to a
business-as-usual scenario (e.g. an estimation of emissions in the absence of the project); these
reductions may arise by avoiding deforestation, reducing degradation or increasing forest cover
through restoration or afforestation activities. We selected REDD+ sites listed in the Verified
Carbon Standards (VCS), currently the largest registry for voluntary REDD+ projects (Donofrio et
al. 2019), and one of the only registries that had boundary data on REDD+ projects publicly
available at the time of the study. Between January and March 2019 we gathered project
design documents, validation reports and geospatial datasets depicting project area boundaries
from the VCS registry (http://www.vcsprojectdatabase.org). Our analysis focused exclusively
on projects categorised as “Reducing Deforestation and Degradation” and established in the
tropics (Africa, South-East Asia, Latin America and Oceania) of which 81 were found. We
contacted project proponents and the VCS registry to request source boundary files if project
boundary maps were not available. For the 71 projects for which we were able to obtain
boundary files, we performed geospatial standardisation techniques typically recommended for
protected areas polygons (Bingham et al. 2019). Specifically, we normalised overlapping
polygons so that each overlap was contained by a unique geometry and re-projected the

database to a Mollweide equal-area projection (Bingham et al. 2019) using PostGIS (2.3).

The VCS methodology constrained how we could analyse the effects of the projects.
Specifically, the avoided deforestation protocols require that a project’s spatial extent (i.e. its
“accounting zone”) comprises a parcel of land that has maintained 100% forest cover for at
least 10 years prior to the project starting date. Thus any deforested areas adjacent to, or
within, REDD+ boundaries were systematically excluded from the intervention zones provided

to VCS for monitoring, reporting and verification purposes (Shoch et al. 2011). We had no
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choice other than to adopt a similar approach, defining our basic unit of analysis as a pixel that
was observed to have remained as undisturbed forest from 1990 until the project starting year.
This meant we could not employ a difference-in-difference approach to isolate the effect of a
project because deforestation in the project area was, by definition, zero prior to project
commencement. Nevertheless, after-only analysis is widely used to evaluate the impacts of
conservation interventions on environmental outcomes including deforestation (Rasolofoson et
al. 2015; Eklund et al. 2016; Geldmann et al. 2019). Arguably our approach can be regarded as
equivalent to a difference-in-difference analysis, in which the pre-implementation treatment

and control sites have zero deforestation.

We diverged from VCS protocols in the approach used to estimate project additionality. Under
VCS, a project must select a counterfactual area of forest that has similar deforestation threats
to the project area. We instead adopted a pixel-based matching approach, which lead to us
having pixels scattered over many sites, instead of a single area. A benefit of this approach is
that it ensures that the control set of pixels are exposed to the same geographic drivers of
deforestation as the pixels in the REDD+ project sites (Schleicher et al. 2019a). It would be
valuable to compare the two approaches, and critically evaluate whether VCS counterfactual
areas are selected robustly, but this is not feasible because shapefiles of counterfactual areas

are not typically provided by projects.

YEARLY MAPS OF FOREST COVER, DEFORESTATION AND FOREST DEGRADATION

Annual maps of forest cover, deforestation and forest degradation were taken from the
recently published Tropical Moist Forests (TMF) database (Vancutsem et al. 2021), which was
derived from time-series of multispectral imagery collected by Landsat, with pixels of about 30
m resolution. This database provides a long-term characterisation of forest disturbances
including degradation and deforestation, on an annual basis from 1990 to 2019. We focused
our analyses on quantifying temporal changes between three forest classes: the undisturbed
class, which represents closed evergreen or semi-evergreen forest areas that have not been
disturbed over the entire period examined; the degraded class, which is characterised as forest

disturbances that last over a period of up to 2.5 years, resulting from natural causes such as
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wind storms or anthropogenic causes such selective logging; and the deforested class,
representing long-term forest disturbances (> 2.5 years) and the complete removal of forest
cover. The 71 REDD+ sites for which we had boundary maps were established in moist and
seasonally dry tropical biomes, but as the TMF database does not monitor drier regions, we
limited our analysis to sites that were densely forests, i.e. had at least 80% forest cover at the
project start date, bringing the total down to 54 projects. Furthermore, since our estimation
approach involves analysing forest cover change over a period of at least five years after project
implementation (see Impacts of REDD+ projects on deforestation and forest degradation rates)
we excluded three projects that had been active for a shorter period. We also excluded one site
that started operations before the year 2000 (since this is prior to the operationalisation of
REDD+) leaving us with 50 projects with which to search for counterfactual observations for

comparison (see Matching).

SAMPLING DESIGN WITHIN PROJECT AREAS AND SURROUNDING LANDSCAPES

We used a pixel sampling approach to characterise project areas (i.e. treatment areas) and the
regions where these were located, from which we identified our control groups to evaluate
treatment effects. Pixels in the treatment areas were sampled by creating a regular pattern of
sampling points, each separated by 250 meters, within the boundaries of REDD+ projects, using
the project boundary files. To generate observations from which we generated control pixels by
matching (see below), a large number of pixels (up to seven times the number located in the
project area) located within the same country and biome as treatment pixels were sampled at
random. We retained pixels if they remained undisturbed for at least 10 years prior to the
project starting date (i.e. mirroring the VCS methodology for project areas). Following this
approach, all the control and treatment pixels used in our analyses had zero deforestation and

degradation rates in the ten years up to project implementation.

To account for local leakage effects in our design, we defined 10-km buffers around the REDD+
interventions (i.e. leakage belts) from which we did not collect control pixels. Leakage belts
were adjusted to 1) exclude any overlaps with protected areas and other nearby REDD+

projects, and 2) exclude any overlap between buffer zones of REDD+ projects that were close
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together (n=7) (Appendix A Fig. 1.9). We then assessed the extent to which leakage activities
took place (e.g. significant differences in deforestation rates) by examining deforestation
patterns before and after project implementation within leakage belts (see Quantifying local

leakage).

MATCHING

We performed statistical matching to identify sets of control pixels for each project area that
were similar in observable confounders associated with forest loss, thus ensuring that selected
controls were exposed to the same drivers of deforestation as project area pixels. To
implement a standardised method we sought a single set of covariates across the full set of
sites, acknowledging that drivers of deforestation vary across the countries included in this
study (Curtis et al. 2018). We collected pixel-level data on socio-demographic and biophysical
characteristics that are typically associated with deforestation (Angelsen & Kaimowitz 2001;
Busch & Ferretti-Gallon 2017): elevation and slope (Jarvis et al. 2008), distance to the nearest
urban centre in 2015 (Weiss et al. 2018) and distance to forest edge (Laurance et al. 2011;
Ewers et al. 2011). To account for temporal changes in distance to forest edge, we constructed
annual time-series of the mean distance to the nearest deforested pixels based on the TMF
map. For each sampled pixel, we calculated the distance to the closest pixel that had changed
its status from undisturbed to deforested during the observed year (for 2000-2019). We then
produced a rolling average estimate of the mean distance to the closest deforested pixel in the

previous five years, for the period 2005-2019.

Matching was performed with the R Matchlt package (Ho et al. 2011), measuring the similarity
between treatment and control pixels using the Mahalanobis distance metric (Legendre &
Legendre 1988), which has been shown to result in balanced comparison groups when the
number of matching covariates is relatively low (Stuart 2010). We performed 1:1 nearest-
neighbour matching with replacement using elevation, slope, mean distance to population
centres and mean distance to deforested areas over the five years prior to project
commencement (see Appendix A Table A.1). We exact-matched on country and biome

(Dinerstein et al. 2017), and for 10 sites which intersected more than one biome we subdivided
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REDD+ sites to generate sets from the same biome to match against controls. By matching
within the same tropical moist forests in the same biomes and countries we ensured
comparability of bioclimatic conditions for agricultural development. We considered an
absolute standardised mean difference of <0.25 between treated and control samples across all
covariates as acceptable (Stuart 2010). Only those REDD+ projects that met this criterion for at
least 90% of pixels (across all subgroups) were included in further analyses. Ten sites were
dropped after matching as these were not matched across all covariates (see Fig. 2.1, Appendix
A Fig. 1.7). To evaluate whether the resulting subset of 40 sites was representative of the
environmental conditions found in the original set of 71 sites, we ran a logistic regression to
predict the probability of being included in this analysis as a function of accessibility, distance to
deforestation by project staring date, elevation, Human Development Index (HDI) and project
area size. If environmental conditions in the filtered dataset were different from those in the
original dataset, we would expect significant effects in the model (having applied a Bonferroni
correction for multiple comparisons). Furthermore, we ran a post-hoc analysis of the
importance of the covariates we used for matching confirmed that they did indeed predict
forest loss, with the final parsimonious model describing a moderate proportion of the
observed variation in deforestation across the examined landscapes (Nagelkerke’s r? 0.47)

(Appendix A, Predicting deforestation with the matching variables ).

Selecting an appropriate control to evaluate the impact of conservation interventions can be
complicated by the presence of other interventions occurring in the examined landscapes
(Schleicher et al. 2019a). To account for the presence of protected areas we ran a separate set
of analyses in which we excluded pixels located within areas protected area polygons (see
Appendix A Fig. 1.3), based on the World Database on Protected Areas (UNEP-WCMC & IUCN
2019). We standardised the protected area database by removing areas categorised as “not
designated” or “inscribed”, as well as UNESCO Biosphere Reserves (Bingham et al. 2019) and

reprojected the geometries to a Mollweide equal-area projection.

IMPACTS OF REDD+ PROJECTS ON DEFORESTATION AND FOREST DEGRADATION RATES
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Annual deforestation rates were calculated for each REDD+ site and its control pixels. To do
this, we built a time series of annual rates of deforestation events spanning 2001 to 2019, for all
our groups of treatment and matched control pixels. We then estimated annual deforestation
rates within a REDD+ project area as: 1. = Ap;/pa4 , where Ap, is the total number of pixels
deforested in year t and p, is the number of forested pixels at the start of that project. Annual
deforestation rates within control pixels were calculated the same way. We then calculated
degradation rates using the same approach in control and treatment sites. These time-series
provided the information needed to calculate annual deforestation and forest degradation
rates from the project starting date for up to 10 years after implementation (where enough

data was available).

Absolute differences in deforestation rates between treatments and controls were calculated
as r; — r for each REDD+ site, where 7 refers to the mean deforestation rate within the first
five years of implementation, and the t and ¢ subscripts refer to treatment and control groups,
respectively. We used the 40 site-level estimates to derive the global mean change in
deforestation and estimated 95% confidence intervals by non-parametric bootstrapping. The
same approach was used to calculate site-level differences and global mean change in forest
degradation rates. Note that, although we did not incorporate spatial autocorrelation into our
analyses of effect sizes, we did reduce autocorrelation in our datasets by taking a systematic
sample of pixels within treated areas (each 30 m pixel separated by 250 m), and by drawing
random candidate control pixels from other areas of tropical moist forest within the same
country, prior to matching. Subsequent analyses to evaluate changes in effect size over time
were performed with subsets of sites with enough observations to estimate the treatment
effect after eight and ten years of implementation, where we used all the temporal

observations available at each time subset to estimate the treatment effect.

Site-level proportional differences in forest disturbances were calculated by dividing the mean
disturbance rate (e.g. deforestation or forest degradation) at treated sites within the first five

years of implementation, by the mean disturbance rate at control groups over the same period,

i.e. =t. The overall mean in deforestation and forest degradation across the 40 sites was

Tc
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calculated to estimate the proportional reduction in disturbance rates associated with REDD+

projects globally; 95% confidence intervals were estimated by bootstrapping.

EFFECTIVENESS OF REDD+ IN RELATION TO BACKGROUND DEFORESTATION RATES

Given that the sampled REDD+ projects were located in countries and periods with different
rates of deforestation, we explored how the REDD+ treatment effect varied with background
deforestation. Background deforestation rates was estimated from the mean rates of tropical
moist forests loss for the country in which a project was located, during the first five years of
project operation (Appendix A Fig. 1.4). These rates were used to classify projects into “high
threat” and “low threat” categories depending on whether the rates were above or below the
mean annual deforestation rate observed across the humid tropics over the last three decades,
(i.e. 0.57% yr?) (Vancutsem et al. 2021). To determine changes in annual forest loss rates
between high and low deforestation groups, we grouped site-level mean differences and
derived group-level mean estimates with 95% confidence intervals by bootstrapping. We
further conducted a Wilcoxon’s rank-sum test to compare differences in reductions between
high and low threat groups. To determine threat level proportional differences between
treatment and controls, we grouped site-level proportional changes and high and low
deforestation groups and derived mean estimates with 95% confidence intervals by
bootstrapping. We repeated the same analyses to derive absolute and proportional changes in

forest degradation between high and low deforestation groups.

QUANTIFYING LOCAL LEAKAGE

We evaluated local leakage by testing whether there was a significant increase in annual
deforestation rates in the leakage belts (e.g. buffer zones), following project implementation.
Annual deforestation rates within leakage belts were estimated by dividing the area deforested
for each year (for 1991-2019), by the extent of undisturbed forests in 1990. We extracted five
years of data before and after projects started and tested whether there was a significant
increase in rate following implementation using site-level bootstrapped t-tests. We examined

whether leakage grew worse or lessened over time by performing bootstrapped t-tests on
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subsets of sites with enough observations to examine changes over periods of eight and ten

years before and after project implementation.

RESULTS

PROJECT SELECTION

The 40 REDD+ projects selected for this study follow systematic filtering of the initial database
were located in nine countries and together encompassed 8.38 million ha of humid tropical
forest, with a median area of 92,353 ha (interquartile range IQR = 46,192 to 190,660 ha). Thirty-
three were in the Americas, five in Africa, one in Asia and one in Oceania (Fig. 2.1); note that
several projects in Africa and Asia were excluded because they were situated in dry forest and
savanna regions into which the TMF deforestation maps do not extend. Although the analysed
sites represented a subset of the 71 projects initially obtained from the VCS database
examination, they were similar to the wider sample in most characteristics (elevation, slope,
Human Development Index, project area and background deforestation rate) but were
significantly closer to populated centres (Appendix A Table A.2). This suggests that our analysis
may be indicative of the performance of REDD+ projects in sites that are more exposed to
deforestation (e.g. due to the expansion of infrastructure or agricultural activities; Geist &

Lambin 2002; Busch & Ferretti-Gallon 2017).
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Figure 2.1: Location of the REDD+ projects included in the analysis. Of 81 tropical REDD+ projects
certified by VCS by 2018, 10 did not provide detailed maps of project locations (blue dots), 17 had
less than 80% evergreen forest cover at the start of projects (purple), 4 had been operating for
fewer than five years or had commenced before the year 2000, and 10 could not be matched with
appropriate control pixels (orange), leaving 40 projects in the final dataset (yellow).

THE AVERAGE EFFECTIVENESS OF REDD+ PROJECTS
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REDD+ project implementation was associated with significant reductions in both deforestation
and forest degradation over their first five years of operation, compared to matched control
pixels in the wider landscape (Fig. 2.2). Reductions in deforestation rates were observed in all
but three sites (Fig. 2.2 a), which together amount to a mean reduction of 0.22% yr* (95% Cl=
0.13-0.36% yri; Fig. 2.2 b). To put this in perspective, the average deforestation rate in the
moist tropics between 1990 and 2019 was 0.57% per year (Vancutsem et al. 2021). Reductions
in degradation rates were observed in all but five sites (Fig. 2.2 c), with an average reduction of
0.41% yr! (Cl= 0.24-0.65% yr'); we lack a pan-tropical degradation rate to compare with this
figure. Expressing these absolute reductions in the rate of deforestation or degradation as
relative reductions (i.e., as a percentage of rates observed in controls), we found that REDD+
projects reduced deforestation by 47% (Cl = 24-68%) and degradation by 58% (Cl = 49-63%) in
the first five years (Fig. 2.2-time). These annual reductions in deforestation rates amounted to a
total of 66,754 ha of avoided forest loss across all 40 project sites within the first five years of
project implementation, which equates to ~0.8% of the combined area of these REDD+
projects. Rates of deforestation and degradation were closely correlated among projects

(Spearman’s rho= 0.82, p<0.0001).

When examining the subset of projects that had been operating for at least eight and ten years
(n=24 and 14, respectively) we found no evidence of varying effect sizes through time, as we
observed similar estimates of reductions in deforestation (Fig. 2.2-time a) and degradation (Fig.
2.2-time c) throughout these periods. Moreover, estimates of avoided deforestation and

degradation were similar when control pixels excluded protected areas (Appendix S2-S4).
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Figure 2.2: Changes in deforestation and degradation rates resulting from REDD+ projects over
their first five years of operation. (a) and (c) scatterplots of deforestation and degradation rates
in REDD+ projects versus matched control pixels; the reduction in deforestation or degradation
resulting from a project is given by the vertical distance between the datapoint and the 1:1 line
(blue arrows); (b) and (d) histograms of the differences in deforestation and degradation rates
(relative to controls), with the mean shown as a blue line.
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Figure 2.3: Avoided deforestation and degradation associated with 40 REDD+ projects, for three
post implementation periods. (a) and (c) reductions in annual deforestation and degradation rates
(means, with 95% confidence intervals); (b) and (d) percent reductions in deforestation and
degradation rates (means, with 95% confidence intervals).

VARIATION IN REDD+ EFFECTIVENESS IN RELATION TO BACKGROUND DEFORESTATION RATES

We observed a moderate correlation between country-level background deforestation rates
and reductions in deforestation (Spearman’s rho= 0.42, p=0.006; Fig. 2.4 b) and reductions in

forest degradation (Spearman’s rho= 0.39, p=0.013). REDD+ projects in the low threat group
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showed small reductions in deforestation (mean= 0.16% yr; Cl = 0.07-0.28% y!) and
degradation (mean=0.33% yr?; Cl = 0.16-0.58% yr!) rates. Significantly greater effect sizes
were observed for the seven projects in the high threat group: deforestation was reduced by
0.52% yr* (Cl = 0.25-1.0% yr) and degradation by 0.79% yr* (Cl = 0.42 - 1.32% yr!) (Fig. 2.4 c).
We calculate that 49,197 ha of forest saved by REDD+ projects were in regions of high threat
(i.e. 74% of the total saved) even though these forests only represented 20.5% of the total area
of the 40 projects investigated. Therefore, in the high threat group, ~2.9% of the area of REDD+
projects were saved over the first five years. When measuring relative reductions in forest
disturbances, we observed larger effect sizes in low threat groups compared to high threat
groups, with mean reductions in deforestation of 52% (95% Cl= 36% to 76%) and 25% (95% Cl=
13% to 39%), and mean reductions in degradation of 61% (95% Cl= 47% to 79%) and 43% (95%
Cl=33% to 60%), in the low and high threat groups, respectively (Fig. 2.4 d).
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Figure 2.4: REDD+ project effectiveness in relation to background deforestation rates, for 40 sites
in humid tropical forests. (a) annual differences in deforestation (with jitter; % yr!) between
project areas and matched controls over five years after project implementation, with a black line
showing the mean annual differences and 95% Cl shaded in grey; (b) mean differences in
deforestation rates (% yr!) against country-level background deforestation rates within the
humid tropics (calculated for the project implementation period), with a vertical line showing the
pan-tropical mean rate of deforestation (0.57% yr!); (c) mean differences in deforestation and
degradation rates within regions categorised as having low (< 0.57% yr?!) or high (> 0.57% yr)
deforestation rates, based on the average deforestation rate across the entire humid tropics; (d)
mean percent reductions in deforestation and degradation rates relative to controls, within
regions of high and low deforestation rate. The 95% Cls displayed at a, c and d were estimated
using non-parametric bootstrapping.

EVIDENCE OF LOCAL LEAKAGE

Our tests provide no evidence of systematic local leakage of deforestation activities from

project areas within the 10-km leakage belts, following project implementation. Three sites had
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significantly higher rates of deforestation in the leakage belts after project implementation,
while two sites had significantly lower rates (bootstrapped t-tests, p < 0.05; Fig. 2.5). When
examining the variation in leakage effects on subset of projects that had been operating for at
least eight years we found one project with significantly higher rates of deforestation, while
four sites showed a significant reduction in deforestation (Appendix A Fig. 1.10 a). We found no
significant increase or decrease in deforestation rates for the subset of projects that had been

operating for at least 10 years (Appendix A Fig. 1.10 b).
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Figure 2.5: Evidence of deforestation leakage. Filled circles depict the mean rates of deforestation
(% yrt) in the 10-km leakage belt in the five years before (x-axis), and after (y-axis) the
commencement of projects. Red circles indicate significant differences in the post-
implementation deforestation rates relative to the pre-implementation period (bootstrapped t-
tests, p < 0.05), while blue circles indicate differences were not statistically significant. Circle sizes
were scaled to reflect the background deforestation rates observed at the host country within the
first 5 years of project implementation.

DiscussION

Across 40 voluntary REDD+ projects in nine countries, on average REDD+ interventions reduced
deforestation and degradation relative to control pixels over the first five years of operation.

REDD+ projects achieved greater reductions in deforestation and forest degradation where the
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threat of deforestation was greatest (which in our sample included three projects in
Madagascar, one in Belize, one in Brazil, one in Cambodia, and one in Democratic Republic of
the Congo). Similarly, our analyses showed that REDD+ projects were also effective at reducing
degradation. The absolute reductions in these rates were modest in most projects, but in
relative terms both rates were roughly halved by the projects we investigated. To the best of
our knowledge, this is the first study that has use remotely sensed degradation and
deforestation data to show that voluntary REDD+ projects were effective at reducing small-
scale temporary disturbances, alongside long-term deforestation, across a sample of
geographically dispersed projects that differ in deforestation drivers and social objectives. In
theory, protecting and restoring natural forests could be a nature-based climate solution that is
cost effective, if the many hurdles to implementation can be overcome (Duchelle et al. 20183;
Milne et al. 2019; TSVCM 2021). This paper provides some room for optimism: despite the
many challenges to just and economically sustainable implementation, the initial wave of
REDD+ projects are effective at reducing forest loss. Pressures on biodiverse tropical forests are
expected to increase in the future (Laurance et al. 2014; Barlow et al. 2018), making the
evidence that REDD+ has reduced deforestation and degradation where threat is high

particularly important.

Estimating the impact of an intervention, such as REDD+, from observational data is inherently
difficult as it relies on estimating what would have happened in the absence of the intervention
(Ferraro 2009; Ferraro & Hanauer 2014; Baylis et al. 2016). We have matched our REDD+ and
control pixels on appropriate drivers of deforestation, but there will inevitably be unobserved
covariates. For example, VCS REDD+ projects have often been implemented in areas where
conservation NGOs have been operating for some time (Sunderlin & Sills 2012; Usmani et al.
2018) and are likely associated with certain land tenure conditions (Wunder 2013; Wunder et
al. 2020b). Characterising these social and institutional dimensions at the site level can be
challenging, let alone at the wider landscape level from which control observations were
selected. This has implications for the selection of appropriate controls and therefore our
results. For example, where REDD+ projects are the most recent manifestation of longer-

running conservation efforts at sites (Lin et al. 2012; Sunderlin & Sills 2012), it is not possible to
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say how much reductions in deforestation is due to the REDD+ specifically, given the long-term

engagement at these landscapes.

Different methods can be used to derive impacts of forest interventions when temporal
observations are available for treatment and control groups, before and after project
implementation, such as combining matching with difference-in-differences (Arriagada et al.
2012; Costedoat et al. 2015; Santika et al. 2021), or using synthetic control methods to ensure
similar pre-treatment deforestation rates between treatment and control groups (West et al.
2020; Correa et al. 2020). We use a simpler approach: matching units with similar modelled
deforestation risk without any pre-treatment comparisons (e.g. Rasolofoson et al. 2015; Eklund
et al. 2016; Geldmann et al. 2019). While this approach has limitations (Schleicher et al. 2019a),
it was most appropriate for our context: VCS requires projects, when delimiting their
boundaries, to exclude from the accounting area any locations where deforestation has taken
place in the 10 years prior to the project start date (Shoch et al. 2011). Therefore, the rates of
deforestation in the treatment groups are by definition zero due to active exclusion of
deforested pixels, and thus we applied the same constrains when selecting candidate control
observations. For the same reason, while we could have combined matching with difference-in-
differences, we are restricted to an after-only analysis because deforestation rates in the before
period is zero, for both treatment and control groups. Nevertheless, we account for pre-
treatment deforestation rates and related deforestation risks by selecting pixels with similar
distance to recent forest clearings, which is the strongest predictor of deforestation outcomes
in the landscapes we examined. Moverover, while acknowledging these limitations our
approach to estimating the impact of REDD+ differs fundamentally from that of VERRA’s, which
lacks counterfactual designs (Balmford et al., 2023). VERRA's methodologies involve a before-
after comparison, in which the observed changes in forest cover are compared to an
extrapolation of forest loss trajectories based on historical trends. Our approach involves
identifying comparable control groups against which the changes in deforestation rates are
assessed over time. The counterfactual approach in our analysis represents a methodological

advantage relative to VERRA’s methods (Balmford et al., 2023).
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Leakage is challenging to quantify as it requires the characterisation of enabling factors, such as
labour and market conditions (Pfaff & Robalino 2017), with which to produce a forecast of
potential displacement (or shielding) of deforestation activities. While acknowledging the
limitations of our approach, by examining statistical differences in deforestation after projects
became implemented, we did not observe strong evidence of systematic leakage effects into
the buffer zones adjacent to REDD+ projects. However, leakage can occur across countries,
through international market adjustments in response to local restrictions (Meyfroidt & Lambin

2009; Delzeit et al. 2018), but is very hard to quantify and was not accounted for in our study.

As our understanding of the enormous carbon stores in tropical forest ecosystems improves
(Dargie et al. 2017), and as we gain further understanding of the feedbacks between tropical
deforestation and climate change (Baccini et al. 2017; Wigneron et al. 2020), the case for
tropical forests being central to climate change mitigation efforts grows stronger. Our analysis
shows promising evidence that site-based REDD+ projects have helped to reduce deforestation,
particularly in areas of higher deforestation threat. Yet, emissions reductions in the 40 REDD+
projects analysed represent a tiny fraction of global emissions: in total they amount to about
0.01% of 2018 emissions, or 0.13% of emissions from tropical deforestation in 2013.
Considering that deforestation accounts for the second largest source of emissions after the
energy sector, estimated at ~11% (Shukla et al. 2019), efforts to prevent forest-based emissions
need to grow at scale to counteract current levels of forest-loss emission rates. Jurisdictional
REDD+ programs, operating at regional or national scales following UNFCCC REDD+ framework
of 2013, may address some of the major challenges faced by site-based REDD+ projects
(Duchelle et al. 2019). Most importantly, larger-scale efforts may be better placed to address
the fundamental challenge that key drivers of deforestation are embedded in global and
domestic supply chains for commodities such as beef, palm oil and soya (Curtis et al. 2018;
Pendrill et al. 2019; zu Ermgassen et al. 2020), so cannot be effectively tackled at site level
(Delabre et al. 2020/ed). Encouragingly, there is evidence that jurisdictional programs can
deliver results: Guyana’s national-level program reduced tree cover loss by 35% between 2010

and 2015 (Roopsind et al. 2019). Applying the lessons from the last few decades to deliver
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effective and, crucially, equitable reductions in tropical forest degradation and deforestation

will be critical if the Glasgow COP26 climate change objectives are to be met.
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CHAPTER 3: SENSITIVITY OF AVOIDED
DEFORESTATION ESTIMATES TO MATCHING
SPECIFICATIONS

ABSTRACT

Reducing Emissions from Deforestation and Forest Degradation (REDD+) projects need to
demonstrate a decrease in forest disturbances relative to a business-as-usual scenario

(i.e. baseline) to be considered effective. Matching is becoming the preferred method for
evaluating conservation interventions and making causal claims about their impact. Different a-
priori valid matching specifications can result in different REDD+ baselines, which in turn affect
estimates of REDD+ effectiveness. Here we examined 40 REDD+ projects spread across the
tropics and explored the sensitivity of forest loss reductions to alternative matching
specifications. We explored how variations in matching parameters such as algorithms, caliper
size, allowing matching with replacement, and choices of covariate combinations impacted
estimates of REDD+ effectiveness. To filter out matching options that delivered inadequate
counterfactuals, we validated matched sets against four criteria: 1) post-matching covariate
balance between treated and selected control samples, 2) proportion of units matched, 3)
similarity of deforestation rates in the period prior to REDD+ (i.e. “parallel trends”), and 4)
sensitivity of effect sizes to hidden confounders. Working with this filtered dataset, we found
reductions in forest loss rates in 33 of the 40 sites, with an estimated mean of -0.08 % yr* (95%
Cl=-0.04 to -0.14 % yr!) when averaging across baseline scenarios. The median within-project
standard deviation of baseline estimates was estimated at 0.043 % yr* (IQR= 0.02 to 0.084 % yr
1), highlighting the variability in potential outcomes identified among robust matched sets
selected as controls. Our results highlight the sensitivity of avoided deforestation estimates to
variations in matching parameters and call attention to the importance of integrating

structured robustness checks in counterfactual design.
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INTRODUCTION

The need to robustly evaluate the effectiveness of conservation projects such as REDD+ is well
established (Baylis et al. 2016). However robust evaluation is non-trivial because interventions
are not designed as controlled experiments, so great care is needed to select meaningful,
unbiased counterfactuals in often complex human-modified landscapes (Schleicher et al. 2017).
Reducing Emissions from Deforestation and forest Degradation (REDD+) projects represent one
of the most important initiatives for financing tropical forest conservation, with a growing
adoption among participant countries (Wunder et al. 2020b). To access REDD+ benefits,
projects need to demonstrate reductions in deforestation relative to a baseline scenario, e.g., a
counterfactual scenario of the expected deforestation had the project not been implemented.
Far from occurring at random, areas where REDD+ has been implemented meet conditions that
make them more prone for project development, including exposure to local drivers of
deforestation (Lin et al. 2012) and the pre-existence of social and institutional conditions that
facilitate project implementation (Sunderlin & Sills 2012; Usmani et al. 2018). It is therefore
crucial to account for such confounding factors when estimating the effectiveness of projects at

reducing deforestation.

Matching is fast becoming the preferred tool for evaluating the impact of forest conservation
interventions (Schleicher et al. 2019a; Bérner et al. 2020). Matching refers to a suite of
statistical methods that allow causal inferences from observational data, by pairing sets of
treated and control groups that are as similar as possible with respect to confounders (Stuart
2010). The similarity between treatment and control groups is measured by the empirical
overlap of confounding factors. Procuring a dataset with balanced confounder distributions is
necessary to meet the “ignorability” assumption of observational data analysis: assignment to
the treatment group could have taken place “as if random”, once conditioned on such
confounders (Rosenbaum 2002; Angrist & Pischke 2008). Provided enough overlap exists
between treated and control units on such covariates, the treatment effect is more likely to be

correctly estimated and less prone to model dependence (Ho et al. 2007).
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Matching in practice involves making choices on multiple parameters when defining the
approach for selecting potential controls. Some choices are made based on the questions being
addressed and the availability of data for each treatment regime (Stuart 2010). Others are
guided by ongoing debates, for instance when determining which algorithms to use when
assessing the similarity between treatment and control groups (i.e., Austin 2011; King & Nielsen
2019), or when selecting a caliper size to filter potential control observations based on their
location in the covariate distributions (Rosenbaum 1985). In practice, these and other
important parameters such as the refinement of covariate selection to characterise
confounders are commonly chosen ad-hoc, for instance by iterative testing with the aim of
maximising the quality of matched sets (as in Schleicher et al. 2019a). Each of these parameters
can result in different sets of matched controls, each associated with different potential
outcomes, which in turn can result different estimates of effect size. Although
recommendations exist in the applied literature for determining the robustness of matched sets
after matching is performed (Stuart 2010; Schleicher et al. 2019a), few studies have critically
examined whether multiple robustly matched sets, produced with different matching
parameters, result in meaningful variation of counterfactual (i.e. baseline) estimates, and

therefore of treatment effects.

Biases can also arise from confounding variables omitted from the matching procedure (Cinelli
& Hazlett 2020; Jones et al. 2022). In applications such as evaluating the effectiveness of
REDD+, unobserved confounders can come about from variables that correlated with selection
to treatment but are nonetheless hard to quantify. For instance, social and institutional factors
that correlate with REDD+ adoption, such as land tenure and presence of local conservation
initiatives (Lin et al. 2012; Sunderlin & Sills 2012; Wunder et al. 2020b; Usmani et al. 2022) are
challenging to characterise across forested landscapes, and so are seldomly included in
matching assessments. However, given the significant role of such factors in determining where
REDD+ projects are established, and eventual project outcomes (e.g., Sunderlin & Sills 2012;
Wunder et al. 2020b; Usmani et al. 2022), their omission could result in sizeable biases in effect

size estimates. Despite the likelihood of unobserved confounding in conservation impact
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evaluations, the use of tests to assess the sensitivity to hidden bias remains limited (Jones et al.

2022).

Here we explored the sensitivity of REDD+ effectiveness to alternative matching specifications
by performing matching runs with variations in the choice of algorithm, caliper size, allowing
matching with replacement, and covariate combinations. We assessed the resulting matched
sets against four robustness metrics: 1) post-matching covariate balance between treated and
selected control samples, 2) proportion of units matched, 3) similarity of deforestation rates in
the period prior to REDD+ (i.e. “parallel trends”), and 4) sensitivity of effect sizes to hidden
confounders. We then filtered out poor quality matches and explored the variability of
potential outcomes (i.e., baseline estimates) among quality-assured matched sets. We finally

summarised the effect size for each REDD+ project combining all robustly matched sets.

METHODS

We used a structured approach to build a database of forest cover and forest loss, perform
matching, and evaluate the robustness of matching results. A schematic of the study design is

provided in (Fig. 3.1) and developed in the following sections.
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1. Observational set-up 3. Examine matching quality metrics

Generate grid of ~7 ha plots within REDD+ and wider landscape Compute matching quality metrics:
1.Mean std. diff. across all covariates
2.Proportion of units matched
3.Parallel trends

i i 4.Sensitivity bounds
Extract plot-level covariates (elevation, slope, etc.)
Extract annual deforestation and degradation estimates (1990-2020) l

Compute distance to degradation layer and calculate Meets the four

annual distances to the closest degradation event (1995-2020) quality criteria?

y
2. Matching
Perform multiple matching runs with different hio
specifications:

1. Algorithms 4, Effect sizes
2. Covariate combinations . . I
3. Calipers and replacement Examine baseline variability

(range of counterfactuals)

Discard from further analyses l

Estimate effect sizes for each VCS
(bootstrapping )

Figure 3.1: Schematic of pipeline used to evaluate the impact of matching parameters on
estimates of REDD+ effectiveness. Blocks indicate components of the analysis and are described
in more detail in the methods.

1. Observational set-up

We constructed a database of REDD+ projects (i.e. interventions) and potential controls
observations following a similar approach to that of (Guizar-Coutifio et al. 2022). To
characterise areas under REDD+ projects, we collected boundary data of interventions certified
by the Verified Carbon Standards (VCS). To characterise outcomes, we constructed a time-
series of annual deforestation rates across the moist tropics as characterised by Tropical Moist
Forest (TMF) map (Vancutsem et al. 2021). We collected data on deforestation risks factors,
including key bioclimatic and socio-demographic determinants of deforestation, across treated
areas and forested areas from the wider landscape (outside REDD+ interventions) that
overlapped with the TMF. This approach allowed us to produce sets of treated and control
groups via matching with which to estimate the impact of site-based REDD+ projects at

reducing deforestation.
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Definition of treatment areas, comparison zones and sampling units. To assess the extent of
reductions in deforestation due to REDD+ we compared changes in forest cover within treated
areas with that taking place in similar forest patches within the wider landscape. We generated
a regular grid of circular plots, each with 150 m radius (~7 ha) and spaced 1 km apart, within
forested areas of the REDD+ boundaries. We considered the plot size adequate for
characterising local deforestation dynamics and determinants of forest loss (Avelino et al.
2016). The extent of forest cover in 1990 forest cover in 1990 as delineated by the TMF
(Vancutsem et al. 2021) was used as the reference area for sampling. In doing this we ensured
that all samples contained at least some portion of moist forest cover when constructing the
time-series of forest cover change (see Characterising forest cover, forest disturbance and
determinants of deforestation.). We used a similar approach when collecting samples from the
wider landscape, which were later used to select control groups. First, we generated a grid of
150 m radius plots, with centroids separated by 1 km, across tropical moist forests outside
treatment areas, excluding a 15 km buffer zone that extended from the project area boundaries
to avoid sampling form areas where local leakage effects could have taken place

(e.g. deforestation displacements outside project area boundaries due to the intervention).
Secondly, we selected random plots from the grid of samples computed for the whole
landscape, keeping a ratio of up to 5:1 landscape samples for each plot inside REDD+ areas. This
resulted in the selection of landscape-level plots across comparable tropical moist forests zones
for matching (Fig. 3.2). Separation between samples reduced the spatial dependence of plots
within treatment regimes (Robalino & Pfaff 2012). Moreover, by defining 7 ha plots through
landscapes and REDD+ interventions we were able to collect data on the temporal dynamics of
forest cover and forest disturbances, which was used at a later stage to assess the quality of the
matches, by establishing the similarity of forest cover trajectories between REDD+ and selected

landscapes samples.
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Figure 3.2: Schematic of the sampling design for a REDD+ project in Democratic Republic of the
Congo. Yellow squares in a and b represent the boundaries for panels b and c, respectively.
Features shown in the maps include protected areas (purple), REDD+ area (VCS 1359, cyan),
treatment samples (orange), landscape samples (yellow). Leakage boundaries surrounding project
area shown in black.
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To conduct our analysis, we selected REDD+ sites with at least 80% forest cover, according to
the TMF product, at the project start date. We also restricted our selection to projects that
started operating between 2000 and 2014, to allow for at least 5 years of observations before
and after project implementation, and because projects beginning before 2000 did this prior to
the arrival of REDD+. We extracted boundary information for 71 projects from the VCS
database, but 22 REDD+ projects were excluded because they did not contain high enough
forest cover, and 5 more were excluded because they were not operating over the selected

time period, bringing the number of projects available for examination to 44.

Characterising forest cover, forest disturbance and determinants of deforestation. Annual
estimates of forest cover and deforestation were extracted from the Tropical Moist Forests
(TMF) database (Vancutsem et al. 2021), which was derived from Landsat imagery with pixels of
~30 m? resolution. This database provides a long-term characterisation of forest disturbances
and posterior land cover trajectories, on an annual basis spanning the period 1990 - 2019. Our
analyses focused on examining temporal patterns of three main forest classes: The undisturbed
class, which refer to closed evergreen or semi-evergreen forest areas that have not been
degraded or deforested; the degraded class, which is characterised as a ‘disturbance in tree
canopy cover that is visible from space over a short time period (less than 2.5 years)’, resulting
from anthropogenic causes such as selective logging or from causes such as wind storms or
fires; and the deforested class, representing long-term forest disturbances and complete
removal of forest cover for all sampling plots (Vancutsem et al. 2021). For each year during the
1990 - 2019 period, we calculated the extent of undisturbed, and disturbed forests classes
within sampled circular plots. From these metrics we derived our outcome of interest - the
proportion of forest lost - defined as . = Ap;/p4 , where Ap, is the total area deforested and
degraded in year t and py is the area of undisturbed forest at the start of the time series

(1990).

We identified key covariates associated with deforestation (Busch & Ferretti-Gallon 2017),
some of which were also likely to have been associated with assignment to the treatment (Lin
et al. 2012; Sunderlin & Sills 2012). To characterise deforestation risks factors, we collected

data on key and observable bioclimatic and socio-demographic determinants of deforestation
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(as in Busch & Ferretti-Gallon 2017). For each circular plot, we obtained mean estimates for
elevation and slope (Jarvis et al. 2008), distance to the nearest urban centre (Weiss et al. 2018)
and distance to forest edge (Ewers et al. 2011). To account for distance to forest edge, we
produced annual time-series of the distance to the nearest deforested pixel, as characterised by
the TMF map. First, for each pixel covered by the circular plots, we computed pixel-level
estimates of the distance to the nearest pixel that had changed its status from undisturbed to
deforested, or from degraded to deforested, during the observed year, for the period 1990-
2019. We then produced plot-level annual rolling estimates of the mean distance to

deforestation events in the previous five years, covering the period 1995-2019.
2. Matching

We used statistical matching to select control plots from the wider landscape around each
REDD+ site, consisting of plots with similar initial forest cover density, exposed to a set of
similar drivers of deforestation, which also exhibited similar trajectories of deforestation in the
period prior to REDD+. These plots would allow us to evaluate the effectiveness of REDD+ in
avoiding forest loss, i.e. what would have been the rates of deforestation inside REDD+ plots,
had these not been protected? We identified key covariates associated with deforestation
(Busch & Ferretti-Gallon 2017), some of which were also likely to have been associated with
assignment to the treatment (Lin et al. 2012; Sunderlin & Sills 2012). We defined a key set of
matching covariates (i.e., “base” combination) which included: 1) elevation, 2) slope (Jarvis et
al. 2008), 3) distance to population centres (Weiss et al. 2018), 4) distance to degraded areas
over the five years prior to project commencement and 5) country and 6) biome. By matching
tropical moist forests plots from the same biomes and countries we ensured comparability of

bioclimatic conditions for agricultural activities and of national governance.

To evaluate the sensitivity of effect sizes to matching specifications, we performed multiple
matching runs iterating over a set of matching parameters across 3 components. We ran
matching trials with alternative specifications on: 1) matching algorithms, where we
determined the similarity of samples with the propensity score (PSM), Mahalanobis distance

(MHN) (Legendre & Legendre 1988) and random forest (RFM) algorithms; 2) matching
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parameterisation, where we included runs of matching with and without replacement, and
tested with multiple caliper sizes so control observations lied within 0.1, 0.3, 0.5, 0.7 and 0.9 SD
from treatment observations in their covariate distributions; and 3) by adding up to two
covariates to the key set of matching covariates (i.e., base), which included: a) extent of
undisturbed forest in 1990 (forest area 1990), b) extent of undisturbed forest in the
implementation year (forest area), and c) both additional covariates in the same matching run.
This resulted in a total of 4 covariate combinations: base, base + forest area (1990), base +
forest area, and base + forest area (1990) + forest area. The combination of all matching
parameters resulted in 120 matching runs for the 44 selected REDD+ sites, giving a total of 5280

runs.
3. Metrics of matching quality

In the following section we describe the procedures for computing metrics of matching quality.
Matching runs were assessed on four criteria: 1) post-matching covariate balance between
treated and selected control samples; 2) proportion of treatment units matched and sampling
bias; 3) similarity of deforestation rates in the period prior to REDD+ (i.e. “parallel trends”), and;

4) sensitivity of effect sizes to hidden confounders.

Covariate balance between treatment regimes. Controls units are required to be as similar as
possible to the treated group to be considered credible counterfactuals. To assess the similarity
of treated and control groups, we determined an absolute standardised mean difference of
<0.25 between treated and control samples across all covariates included in the matching run,

following (Stuart 2010).

Proportion of units matched. The proportion of matched plots in the treatment group defines
the extent to which the estimations of effect sizes can be generalised across the target
population (Stuart 2010). When sufficient treated plots are matched, computing effect sizes
result in the estimation of the average treatment effect on the treated (ATT). For each matching
run, we report the proportion of plots matched and specify a minimum of 80% of matched

treated samples for a run to be considered valid.
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Parallel trends. Causal inferences from time-series data require an assumption that the
treatment and control groups followed similar outcome trajectories in the period prior to the
intervention (e.g. parallel trends; Angrist & Pischke 2008). We examined the evidence of
variation in forest loss rates between matched sets to establish the similarity of outcomes
between treated and control groups prior to REDD+. We ran the following linear mixed-effects

model to test for significant departures from parallel trends:

PropAreaforest;, = B, + [1Yeary + B,CI; + f3Year X Cl; + ¢ (D)

Where PropAreaforest;; refers to the proportion of undisturbed forest area in the sample i at
time t, Year; refers to year t,and CI; is the treatment group indicator (treated = 1 or control =
0). BsYear X Cl;; is the parameter that allows us to test for significant differences in the trend
lines of treated and control plots. We performed these tests using all available years before the
project starting date. Departure from the parallel trend assumption was assessed by statistically
testing whether the slope of the treatment and control groups were different, i.e. whether the
interaction term 5 was significant at p< 0.05. We provide a visual example of a run meeting

the parallel trends assumption in the Appendix, Fig. B.4.

Robustness to hidden bias. In the absence of controlled experimental settings, the possibility of
hidden omitted variables can never be ruled out. Tests of the sensitivity of effect sizes to
omitted variables allow us to explore the risk of hidden confounding factors affecting our
estimates (Cinelli & Hazlett 2020). We conducted a sensitivity analysis to obtain a residual
variance threshold (RV) which refers to the amount of residual variation that an unmeasured
confounder should explain in both the outcome and treatment term to neutralise the observed
effects (Cinelli & Hazlett 2020). The RV value is useful in determining the strength that
unobserved confounders need to have in order to eliminate our conclusions. After estimating
the RV value, a further step involves assessing whether confounders with such strengths are

plausible. This can be established by ‘bounding’ the strength of unobserved confounders
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relative to covariates that have been included in the analysis. We estimated the sensitivity
bounds in relation to distance to degradation. This allowed us to determine the upper values of
the residual variation that a(n) unobserved confounder(s) as strong as distance to degradation

(X) could explain of the outcome (R}2,~Z|D,X) and the treatment (R%NZ|X) (Cinelli & Hazlett 2020).
If RV is larger than the residual bounds for the outcome and treatment (R}2,~Z|D,X and RI_Z)~Z|X

respectively) it suggests that the results are sensitive to an unmeasured confounder with the

magnitude of distance to degradation.

To perform the sensitivity test, we first estimated effect sizes for each matched set with a

difference-in-differences linear model, using the formula:

PropForestLoss; = By + [1BA; + B,CI; + f3BA X Cliy + ¢ (2)

Where PropForestLoss;; is the proportion of forest area lost in plot i at year t, and f;BA; and
B, CI; are dummy indicators for period (before=0, after=1) and group (O=control, 1=REDD+).
[3BA X Cl, is the difference-in-difference parameter that allows us to test for significant
changes in the proportion of forest loss in the treated group after project implementation. To
guantify the sensitivity to hidden confounding, we first estimated the residual variation value
(RV) and computed the sensitivity bounds in relation to a hidden confounding as strong as
distance to degradation. We then computed the differences between RV and the residual
bounds for the outcome and treatment (R§~Z|D'X and R5~Z|X respectively), and considered

projects to be robust if the difference were above zero.
4. Selection of matching models

Only matching runs that met the minimum quality criteria were selected to examine the impact
of REDD+ interventions on reducing deforestation. To pick models with which to evaluate the
impact of REDD+ we specified the following criteria: 1) an absolute standardised mean

difference of <0.25 between treated and control samples across all covariates as included in the
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matching run, 2) A minimum of 80% of treated samples matched, 3) evidence of no departure
from parallel trends in pre-treatment deforestation rates, and 4) acceptable sensitivity to
unobserved confounders, quantified as positive values for both the outcome and treatment
boundaries. The filtered set of matching runs are henceforth described as the “robustly

matched set”.
5. Variations in potential outcomes (e.g. baseline levels) due to matching specifications

We examined variations in baseline levels by comparing the range of potential outcomes within
robust matched sets. Baseline were extracted from the main effect model (Eq. 1) by combining

the By + [1 + [, term estimates, as it pertains to the ‘counterfactual’ deforestation rates (e.g.
deforestation in the REDD+ area, had it followed the same trajectory as that of the controls. We
report the median and inter-quartile range (IQR) of baseline references for each site. We

computed site-level standard deviations to quantify variations in baseline estimates.
6. Effect size estimation

To quantify the effect of REDD+ in reducing deforestation we pooled effect sizes for each
REDD+ site using the model runs that met quality criteria. Average site-level effects were
estimated by computing the mean of the treatment effect term (f3BA X Cl;;, in Eq. 2) from the
main effects models, and then estimated 95% confidence intervals by bootstrapping 5 terms.
To produce a global estimate of the impact of REDD+ in reducing deforestation, we computed
the mean of the site-level averages and estimated 95% confidence intervals by bootstrapping

on the site-level averages.

RESULTS

We ran 5280 marching runs on 44 sites, which included 34 in the Americas, 7 in Africa and 3 in

Asia-Pacific.
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Figure 3.3: Location of the REDD+ projects included in the analysis. Of the 71 mapped sites, 22
had less than 80% evergreen forest cover at the start of projects (purple), 5 did not meet our time
frame criteria, and 3 could not be matched with appropriate control pixels (orange), leaving 40
projects in the final dataset (yellow). Number of robustly matched sites shown the dot size.

Of the REDD+ sites that didn’t produce a single valid matching run, sites 1326 and 1133
consistently didn’t achieve the minimum proportion of matched observations required to be
considered valid (of 80%), while sites 1201 and 844 did not produced models that met all the 4
inclusion criteria simultaneously, (e.g. models met some of the 4 criteria but were lacking in

others when looking at a run by run basis).
Selection of valid models

Almost a third of the matching trials resulted in robust matched sets when assessed against the
four quality criteria (n=1550) spread across 40 REDD+ sites. Selected sites were located in
America (n=32), Africa (n=6) and Asia-Pacific (n=3) and had an average of 39 robust models
(IQR= 24-49) with which to assess their effectiveness (Fig. 3.3). When examining factors that
resulted in robust matches, runs that allowed matching with replacement and those using
Mahalanobis distance as a metric of similarity led to the highest number of successful matches
(Fig. 3.4). Taken together, the combination of factors that led to the highest number of
successful matches (n=38 sites) was Mahalanobis matching with replacement, using the core
matching variables (elevation, slope, accessibility and distance to degraded forests) as well as
measures of forest area in 1990 and at the start of projects, with a 0.7 caliper. Further

examination of the variations between matching factors and metrics of matching success
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suggests that the algorithm and covariate combination described above were significantly

better than the alternatives in achieving robust matched runs (Appendix B).
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Figure 3.4: Count of successful matched sets by matching parameters. A total of 983 matching
runs met all the quality criteria. Barcharts show counts of successful matched runs for each
parameter (i.e. choice), in each of the examined factors: Covariates (aguamarines), algorithms
(greens), calipers (oranges), and matching with replacement (pinks). The parameters tested
included: a) 3 algorithms: Mahalanobis (MHN), propensity score (PSM), and random forest (RFM);
b) 4 covariate combinations: the minimum set of covariates (‘Base’: elevation, slope, accessibility,
distance to degradation, country and biome), and iterations that included forest area at the time
of project implementation (forest area) and forest area at the beginning of the time series (forest
area 1990); c) allowing to match with replacement, and; d) 5 caliper sizes: of 0.1, 0.3, 0.5, 0.7 and
0.9 SD.

Effect sizes

Overall, REDD+ projects led to significant reductions of forest loss over the period examined.

Combining estimates of selected models with bootstrapping, we observed reductions in forest
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loss rates in 29 of the 40 examined sites (Fig. 3.5). Combining mean site-level estimates
computed with quality-assured matched sets, we observe a mean reduction of 0.08 % yr* (95%
Cl=0.04 to 0.14 % yr?) in the rates of forest loss compared to controls. Changes in the area of
forest loss, although small in absolute terms, equates to a relative reduction of 33% (Cl = 13-

49%) over the examined period compared to the rates of forest loss observed in controls.
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Figure 3.5: Change in forest loss rates due to REDD+ computed with robustly matched sets. Grey
dots depict mean site-level difference-in-differences in loss rates (% yr?), i.e., the effect sizes,
extracted from the term B3BA X CI;; of Eq. 2. Estimates mean and 95% confidence intervals
estimated by bootstrapping (black). Values below zero represent a reduction in deforestation
relative to controls.
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Variability of potential outcomes (e.g. baseline estimates)

We observed important variability in the range of potential outcomes (e.g. baseline estimates)
produced by the robust matched sets, against which the effect of REDD+ was estimated. For the
40 matched sites, we observed a median standard deviation of 0.041 % yr! (IQR=0.017-0.093 %
yrl) of baseline estimates among quality-assured matched sets for the same REDD+ project
(Fig. 3.6) This corresponds to nearly half of the magnitude in mean reductions in deforestation

by REDD+, estimated at 0.08 % yr'.
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Figure 3.6: Range of baseline estimates for REDD+ sites. Boxplots show the distribution of site-
level baseline estimates, defined as forest loss (% yr?) in control groups, in the period prior to
project implementation. The number of robustly matched sets used to compute summaries
shown in parenthesis.

DiscussION

To our knowledge, this is the first attempt in trying to derive the impact of REDD+ using a multi-
matching approach in which models were subjected to a battery of robustness tests, making
explicit the potential range of baseline estimates that may come about from different matching
choices. Matching was performed on 44 sites for which 1556 matching runs were selected to
examine the effect of REDD+, involving 40 VCS sites. Our analysis shows significant but modest

reductions in forest loss that are attributable to REDD+ when measured in area-based terms.
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Our relative estimates of forest loss reductions, of 33%, aligns with the findings of a recent
evaluation of a REDD+ national programme (Roopsind et al. 2019), and adds to the growing
evidence base of the impacts of site-based REDD+ effectiveness, with studies ranging from
positive (Simonet et al. 2019; Guizar-Coutifio et al. 2022) to little or no impact on reducing

forest loss (West et al. 2020; Correa et al. 2020).

Our study highlights some of the challenges involved in counterfactual assessments and calls
for the use of robust methodologies when developing REDD+ baselines. We attempted to
reduce biases by applying multiple matching approaches and them by evaluating sets according
to multiple validation criteria. Testing multiple matching combinations allowed us to explore
the range of potential outcomes that may come about from valid matching set-ups, without
making a-priori decisions favoring one approach versus another. While most of the sites
showed effects of similar sizes once validated matches were selected, in a few sites we
observed an important variability in the range of outcomes even when focusing on robust
matched sets. For example, ten REDD+ sites in this study showed a positive impact when
bootstrapping the effect sizes of the robustly matched sets, yet the standard deviations of their
baseline estimates were of larger magnitudes than the bootstrapped effect sizes. For these
sites, we could have arrived at a different conclusion about the impact of REDD+, had we
settled for one of the robustly matched sets which suggested a null or negative impact.
Moreover, we attempted to make explicit the presence of unmeasured confounders by
incorporating sensitivity tests as part of the validation process, which despite their importance,
are still rarely used in conservation impact evaluation (Jones et al. 2022). These tests are even
more important in settings such as conservation, where a full characterisation of the factors

influencing the selection of areas for project development is perhaps unfeasible.

We note an important difference between the aggregate estimates of REDD+ effectiveness
between this chapter and that provided in Chapter 2. The examination of differences in effect
sizes provided in Appendix B reveal implications for matching. In Chapter 2 we collected many
more samples than in Chapter 3 since we used ~30m pixels as a unit of analysis. We matched
with replacement, allowing control units to be paired with more than one treated unit, to

ensure that as many treated samples as possible were matched. The analysis provided in
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Appendix B point to potential caveats when using matching with replacement, particularly

when this results in the selection of a few high-weight control units.

Importantly, our study highlights the non-negligible impact that the choice of matching
parameters has on effect size estimation, where robustly matched sets for the same REDD+
area could lead to different effect size estimates depending on their parametrization. These
findings contribute to ongoing discussions about making empirical research more transparent
by examining the role of matching parameters in effect size estimation (Desbureaux 2021). We
show that specific choices of algorithms and covariate combinations resulted in robustly
matched set. Matching on relevant confounders is essential to isolate the causal effects of the
treatment, it is therefore not surprising that the covariate combination that accounted for
historical land-use resulted in more robustly matched sets than simpler covariate combinations.
The fact that the Mahalanobis distance resulted in more matched robust sets aligns with recent
studies looking at the impact of matching algorithms on matching quality (King & Nielsen 2019;
Desbureaux 2021).

Our research advocates for the careful examination of evidence when deriving inferences from
observational data analyses. In situations where the range of potential outcomes depicted by
sets of validated control groups is of a larger magnitude than the observed effects, additional
steps might be required to confidently derive inferences about interventions. We attempted to
derive a ‘true’ treatment effect size by averaging and bootstrapping on robust matched sets
within the same REDD+ projects, but other methods to combine effect sizes, such as fitting
meta-analyses models, are available and their application for uncovering true effect sizes from
multiple, equally-valid, estimates should be explored. Further studies examining how different
matching parameters impact effect sizes would be necessary to advance methodological

discussions and best practices when applying matching in conservation settings.
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CHAPTER 4: PREVAILING SPILLOVER EFFECTS IN
REDD+ PROJECTS: IMPLICATIONS FOR FORESTS
AND CARBON

ABSTRACT

Conserving tropical forests has been identified as a cost-effective way of reducing GHG
emissions while meeting climate and biodiversity targets. However, programmes that preserve
tropical forests within a project area may displace deforestation activities beyond project
boundaries, generating leakage effects that reduce overall effectiveness. While development
protocols for REDD+ projects contemplate leakage, robust quantification of post-treatment
leakage effects occurring in the vicinity of programmes have hardly ever been conducted. Here
we combined estimates of forest area loss and carbon loss to examine the effectiveness of 38
REDD+ interventions, including a 15-km leakage zone, at reducing emissions. The projects
reduced forest loss rates by 0.037% yr* (95% Cl= 0.068 to 0.006% yr ) and reduced C loss by -
0.03 MgC hatyr! (95% ClI = -0.06 to -0.01 MgC ha? yr?) relative to counterfactuals, within five
years of project implementation. Although aggregate estimates of forest C declines reveal
higher net levels of biomass loss in the combined REDD+ and leakage belt areas relative to
controls, proportional changes suggest more biomass loss took place in control groups, that is,
the amount of forest C lost relative to baseline stocks was larger in the combined control
groups than that observed in the combined REDD+ and leakage belt areas. In the leakage belts,
deforestation rates were greater in forests located farther away from REDD+ boundaries and
was moderated by proximity to cities. The results provide evidence of potential positive and
negative leakage effects in the vicinity of REDD+ after project implementation, with rates of
deforestation increasing or decreasing significantly in the vicinity of projects after project

implementation.

INTRODUCTION
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Conservation scientists are increasingly adopting robust evaluation methods to understand the
effectiveness of area-based interventions for conserving natural habitats, such as creating
protected reserves or providing incentives to conserve for environmental services (Ferraro &
Hanauer 2014; Baylis et al. 2016). Such evaluations are often based on comparing impacts in
treated areas relative to a counterfactual (i.e.; untreated but otherwise similar areas), from
which the difference in outcomes can be established (Ferraro 2009; Borner et al. 2020). Yet,
these interventions may directly or indirectly cause impacts that extend beyond their
boundaries, which are not captured by such approaches. Accounting for displacements is
crucial in determining the net effect of interventions as these can enhance or undermine

impacts achieved within project boundaries.

The effects of displacements are not usually incorporated in forest conservation assessments
(Pfaff & Robalino 2017; Fuller et al. 2019), in part due to the complexity involved in determining
attribution59 and characterising channels through which these effects take place (Pfaff &
Robalino 2017; Meyfroidt et al. 2020). In forest conservation, the term “leakage” is commonly
used to describe situations where the outcome of interest is negatively impacted in locations
outside project boundaries (Lima et al. 2019). Conversely, “positive leakage” has been
sometimes used for positive impacts beyond intervention zones, such as when a decline of
forest loss rates outside intervention areas takes place (Herrera et al. 2019). The extent and
scales at which leakage take place are determined by a host of interacting factors, ranging from
project design, to policy and economic conditions that promote deforestation activities outside
the intervention areas once restrictions become enforced (Atmadja & Verchot 2012; Pfaff &

Robalino 2017; Meyfroidt et al. 2020).

Displacements of effects can occur at multiple scales. Deforestation displacements may take
place to distant areas, even across countries, through adjustments in national and international
supply chains (Meyfroidt & Lambin 2009; Delzeit et al. 2018). Displacements that occur in the
vicinity of project boundaries, also referred as local leakage, has received much attention in the
impact evaluation literature, including protected areas (Ewers & Rodrigues 2008; Robalino et al.
2017; Herrera et al. 2019; Ford et al. 2020), payment for ecosystem services interventions (Alix-

Garcia et al. 2012; Velly et al. 2017), formalising land tenure initiatives (Wren-Lewis et al. 2020)
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and voluntary protection schemes (Nolte et al. 2019). These studies have found that local
leakage effects vary by intervention type, with no consistent pattern of the expected
magnitude, and is influenced by socio-economic factors such as population density, GDP and
governance characteristics (Fuller et al. 2019). Moreover, local leakage patterns of opposing
sign can occur heterogeneously across landscapes and are determined by socio-economical and
governance factors (Robalino et al. 2017). For instance, in a payment for ecosystem services
programme in Mexico, deforestation leakage varied by income and was moderated by access to
credit instruments (Alix-Garcia et al. 2012). Similarly, accessibility by roads interacted with the
locations of tourist centres in Costa Rican protected areas, describing patterns of positive and
negative leakage effects, where forests closer to tourism hotspots that were accessible had
reduced leakage rates (Robalino et al. 2017). Other examples of local leakage effects of
opposing sign linked to protected areas have been described in Brazil, where federal protected
areas located in high deforestation regions saw reduced deforestation rates outside the
intervention zones, while indigenous lands in similar context saw increased deforestation in

nearby areas (Herrera et al. 2019).

Accounting for leakage has been a sticking point in the development of a global Reducing
Emissions from Deforestation and forest Degradation (REDD+) framework (Angelsen et al.
2012), and a challenging component in the implementation of site-level REDD+ interventions
(Atmadja & Verchot 2012; Henders & Ostwald 2012). Countries developing their national
REDD+ strategies are required to develop safeguards to tackle deforestation displacements
within their national boundaries, for instance by strengthening public governance structures
and enhancing monitoring, reporting and verification systems (Angelsen et al. 2012). Moreover,
local REDD+ interventions are particular among site-based forest interventions in that
considerations for leakage are included since the project development phase. This typically
involve mapping existing drivers of deforestation from which a forecast of displacement risks is
produced (Atmadja & Verchot 2012). Projects are required to address leakage by implementing
mitigation strategies and monitor the identified areas where displacements might occur
(Chagas et al. 2020). Methodologies such as that used by the Voluntary Carbon Standards (VCS)

require a ‘leakage zone’ to be defined outside the intervention zone, which is used as a baseline
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to establish ex-post presence of leakage (Shoch et al. 2011). It is expected that leakage could
undermine REDD+ benefits but understanding of the extent to which leakage occurs following

REDD+ interventions remain limited.

In this chapter, we aim to understand the effectiveness of VCS REDD+ sites at avoiding forest
loss and biomass loss within project areas, with a particular focus on local spillovers effects, and
their implications for protecting forest carbon. We achieved this by examining post-project
deforestation patterns in REDD+ project areas and within 15 km of their boundaries. We used a
counterfactual approach that relied on matching forest plots in REDD+ and in the adjacent
areas with forests that share similar characteristics and exposure to drivers of deforestation,
which help to establish an estimate about the expected forest and biomass loss trajectories had
the projects not been implemented. To examine local leakage patterns more closely, we also
explored variations of deforestation pattens outside project boundaries given their distance to
REDD+ and localities. Finally, we assessed the presence of key drivers of deforestation as
mapped by Curtis et al. 2018, inside REDD+ and within 15 km of their boundaries, with which
we assessed the feasibility of displacing deforestation activities to neighboring lands after the

introduction of REDD+.

METHODS

RESEARCH DESIGN

Mapping of VCS REDD+ sites. Data on VCS REDD+ interventions were collected following the
steps outlined in (Guizar-Coutifio et al. 2022) to compile the initial database. We focused on
Verified Carbon Standard (VCS) projects given their prominence in the voluntary carbon
markets (Donofrio et al. 2019). We gathered project design documents, validation reports and
geospatial datasets depicting project area boundaries from the VCS registry
(https://registry.verra.org/app/search/VCS). We focused on “Reducing Deforestation and
Degradation” projects established in the tropics (Africa, South-East Asia, America and Oceania),
of which 71 boundary files and documents were available. Individual layers were processed and

assembled into a standardised database with normalised polygons (e.g.; removing overlaps), re-
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projecting features to Mollweide equal-area projection (Bingham et al. 2019). All data

compilation and manipulation were performed in PostGIS (v 2.3).

Definition of leakage belts and sampling units. We devised a sampling strategy to collect
information form areas within the REDD+ project boundary and neighbouring forests to assess
REDD+ effectiveness and potential leakage effects. To define the zone within which to examine
leakage effects, we computed a buffer ring that extended 15 km from the project boundaries
(henceforth “leakage belt”) which were adjusted to exclude overlaps with protected areas,
nearby REDD+ projects and any potential overlapping leakage belts. This approach is similar to
VCS methodologies that require the definition of a surrounding belt which is monitored for
increases in deforestation rates relative to defined baselines (although leakage zones are
sometimes selected in non-neighbouring forests which might be impacted by the introduction
of REDD+). We produced a grid of circular plots, each of 150 m radius (~7 ha) and 500 m spacing
between the centroids, within the area encompassing REDD+ sites and leakage belts. To
identify leakage samples from neighbouring REDD+ projects (e.g., where overlaps in the leakage
belts existed, n=7) we assigned plots to the REDD+ project whose boundary was nearest.
Sampling was performed so that the centroid of each circular plot overlapped a forest pixel
(e.g. excluding areas with no forest cover) as defined by the Tropical Moist Forests (TMF)
database, described in more detail in the next section (Vancutsem et al. 2021). We divided the
sample plots into two sets of ‘treatment groups’ for each VCS site: one for REDD+ areas and
another for observations in the leakage belt (Fig. 1.1). Finally, we collected a different set of
samples from lands outside REDD+ and leakage belt areas that were used for potential controls.
These consisted of circular plots of 150 m radius that were randomly dispersed across forested
areas from the same biomes and countries as the REDD+ sites, with each of their centroids
separated by at least 1 km. The separation between plots was determined to reduce spatial

dependence between observations (Robalino & Pfaff 2012).

Annual deforestation maps. Annual estimates of forest cover and forest loss were taken from
the TMF database (Vancutsem et al. 2021). This product characterises annual trajectories in
forest disturbances and post-disturbances land cover types on a per-pixel basis (~30 m?

resolution), from 1990 - 2019. Three major classes of forest stand are described in the
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database: the undisturbed forest class, representing closed evergreen or semi-evergreen forest
areas); the degraded forest class, consisting of regrowing evergreen pixels after interruptions
(which may be short-lived) in the undisturbed forest time-series; and the deforested class,
representing a permanent removal of forest cover, from which other land-use classes ensue
(Vancutsem et al. 2021). For each year during the 1990 - 2019 period, we estimated the extent
of undisturbed and disturbed forest classes (e.g., deforestation and degradation) within each of
the computed plots. We built a database of the changes in the proportion of forest cover within
each plot, defined as: 1. = Ap;/pq , where Ap; is the extent of deforested and degraded in year

t and py is the area of undisturbed forest at the start of the time series (1990).

Characterising determinants of forest loss. We collected plot-level information on key
determinants of forest loss to which we used in the matching procedure. We focused on
determinants of deforestation (e.g. Busch & Ferretti-Gallon 2017) for which global layers were
available or that could be computed with surrogate data. These included: elevation and slope
(Jarvis et al. 2008), distance to the nearest urban centre (Weiss et al. 2018) and distance to
forest edge (Ewers et al. 2011). Distance to forest edges was produced with the collected TMF
time-series using a 2-step approach: 1) for each forest pixel within the circular plots, we
computed the distance to the nearest pixel that had changed its status to deforested or
degraded pixel during the observed year; and 2) we produced annual estimates of the mean
distance to disturbance events at the plot level, considering pixel-level distance to disturbance

events in the previous five years, spanning the period 2005-2019.

Accounting for protected areas. Additionality calculations are more credible if we account for
the presence of other conservation efforts that may be active in the regions where REDD+ is
operating (Schleicher et al. 2019a). We thus excluded all the areas of leakage belts and the
wider landscape that overlapped with protected areas. To characterise protected areas, we
downloaded the World Database of Protected Areas (WDPA) dated April 2019 (UNEP-WCMC &
IUCN 2019). We cleaned this database by excluding areas defined as “Not designated” and
“Inscribed”, as well as UNESCO Biosphere Reserves (Bingham et al. 2019). We used this reduced
version of the database to remove any intersections between the protected area geometries

and REDD+ areas, their leakage belts, and any overlapping area from the wider landscape.
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Baseline biomass estimates. We used the WCMC biomass layer (Soto-Navarro et al. 2020) to
derive changes in forest carbon (C) after project implementation in REDD+ and leakage areas.
Prior to deciding on this layer we examined the potential use of the latest gridded aboveground
biomass density layer from the Global Ecosystem Dynamics Investigation (GEDI) project. We
determined poor coverage over the REDD+ so it was deemed unfit for this study (Appendix C
Table C.1). The WCMC biomass product was produced by combining estimates of above and
below ground carbon stock in biomass and soils (Xia et al. 2014; Hengl et al. 2017; Bouvet et al.
2018), representing conditions in MgC Ha™ for circa 2010 and provided at 300m?. Plot-level
values of biomass were obtained by overlaying the matched samples plots with the biomass

layer and estimating a mean biomass value for each plot (MgC ha™t).

Annual biomass loss maps. The basis for assessing changes in biomass stocks due to REDD+
relied on combining annual rates of forest loss with plot-level estimates of biomass. Using the
annual estimates of forest loss in each plot, we estimated biomass loss as biomassLoss;, =
(lossHa;; * meanBiomass;)/7, where the mean biomass value for a given plot
(meanBiomass;) was multiplied by the extent of forest cover lost in year t and divided by the
size of the plot to provide a per-hectare estimate (lossHa;;; MgC Ha). Importantly, these
estimates are constrained to biomass loss, so secondary forest regrowth is not included in the
calculations of annual biomass loss. This allowed us to compile a time-series of forest C loss for
REDD+, leakage and control plots. This differs from VCS methodologies for producing baseline
emissions scenarios, where published estimates of biomass stocks for the expected replacing
land-cover (e.g. the land cover type that will likely follow after deforestation) is sufficient to
derive an estimate of the expected emissions after conversion. To assess changes, we

constructed a time series of biomass loss estimates for each matched plot.

ESTIMATING EFFECT SIZES

Matching. We used statistical matching to pair REDD+ and leakage forest plots with similar
patches of forests outside REDD+ and leakage belt areas, establishing a counterfactual scenario
of the expected trajectories in forest biomass loss had projects not been implemented. The

matching approach we used followed the findings identified in Chapter 3, where a systematic
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approach to matching, involving trials were different algorithms, covariates and thresholds for
selecting controls plots (i.e. calipers) were employed to match samples collected from REDD+
areas. From this exercise we identified a combination of parameters that resulted in the
maximum number of robustly matched sets, which was used to construct counterfactual groups
for this chapter. We used matching with replacement using the Mahalanobis distance metric
(Legendre & Legendre 1988) to assess similarity between treated and control samples, assessed
on the following covariates: 1) mean elevation, 2) mean slope, 3) mean distance to population
centres, 4) mean distance to disturbances over the five years prior to project commencement,
5) deforestation rates in the five years prior to project commencement, 6) percent of
undisturbed forest cover by the time of project commencement, and 8) country. Matching also

included a caliper of 0.7 SD to enforce similarity of observations prior to performing the match.

To assess the quality of the matches we examined four quality parameters (discussed in detail
in Chapter 3): 1) post-matching covariate balance between treated and selected controls,
where matched sets showed an absolute standardised mean difference of < 0.25 across all
covariates; 2) proportion of units matched, with at least 80% of samples matched; 3) similarity
of deforestation rates between matched sets in the period prior to REDD+ (i.e.“parallel
trends”), examined with a linear mixed model to rule out significant differences (at the 5%
level) in the temporal trends of deforestation between matched sets, prior to REDD+; and 4)
sensitivity of effects to hidden confounders, where we tested matched sets for hidden

confounding as strong as distance to disturbed forests in explaining the treatment effect.

A total of 38 REDD+ sites were successfully matched when assessed against the four-quality
criterion. We proceeded to match the leakage belts of the 38 REDD+ sites referenced using the
same matching parameterisation, which resulted in 27 out of the 38 leakage belts successfully
matched: one leakage belt failed to compute a matched set, and 10 matches did not meet all
the matching quality criteria established in specified in Chapter 3. There were multiple reasons
as to why leakage belts were not successfully matched, including diverging trends in the rates
of deforestation in the pretreatment period (n=7), imbalances in covariate distributions
between leakage and control sets (n=2) and lack of enough leakage samples matched to

generalise findings (n=1).
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Site-level estimates of treatment effect for forest and biomass loss. We combined matching with
regressions to estimate differences in deforestation and biomass loss in REDD+ and leakage
belts after project implementation. The main estimates of deforestation rates differences were
obtained with a linear fixed-effects model with a difference-in-differences (DD) specification to
compute effect sizes across all the matched runs. Separate models were computed for REDD+

and leakage belt samples. To estimate changes in forest distance rates we fitted a model as:

PropForestlLoss; = By + f1BA; + B,Cl; + f3BA X Cl; + ¢ (0.1)

Where PropForestLoss;; is the proportional area of forest area loss in plot i at time t, and BA
and Cl are dummy indicators for period (before=0, after=1) and group (O=control, 1=treated).
Since we had 2 treatment groups per VCS site (i.e.; the REDD+ project area and the leakage
belt), we ran 2 separate analyses. A similar approach was used to estimate differences in

biomass between treatment groups after REDD+, with a model specified as:

BiomassLoss;;, = o + f1BA: + B,CI; + B3BA X Cliy + ¢ (0.2)

Where BiomassLoss;; is the total biomass loss (MgG/Ha) i at time t, with the period and group
dummy indicators. In both cases, the interacting term 3BA X CI;; provides the DD estimator.
The analysis focused on measuring changes within five years of project implementation,
compared to five years of pre-treatment observations. Model standard errors were clustered at

the treatment-control pair level (Zeileis et al. 2020) to calculate 95% Cls.

Pooled effect size estimates we used a meta-analysis approach to derive a global effect size for
the REDD+ and leakage observational groups, as well as a net effect combining REDD+ and
leakage estimates. We fitted meta-analysis random effects models (Harrer et al. 2021) to pool

effect sizes at three scales: a) net effect size for REDD+ interventions, b) net effect size for
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leakage belts, and c) a combined net effect of REDD+ and leakage belts. We used the standard
errors from the treatment effects models to weight observations, such that effect sizes with
higher precision (i.e. smaller standard errors) were given a greater weight. A Knapp-Hartung

adjustments was used to calculate the confidence intervals.

Deforestation patterns within leakage belts. To understand whether deforestation patterns in
the leakage belts could be described by determinants of deforestation and their distance to the
REDD+ intervention, we fitted a linear mixed effects model using all matched sample plots in

the leakage belts, defined as:

LossRate; = Sy + B1Z; + (1]s) + ¢ (0.3)

Including a random intercept for VCS site (1|s), where LossRate; refers to the mean disturbance
rate in the sample i in the five years period after REDD+ implementation, and 8, Z; is a matrix of
covariates that includes: distance to the closest REDD+ boundary, time travel to cities, mean

distance to deforestation, elevation, and slope.

Analysis of drivers of deforestation. To assess the feasibility of deforestation displacing from
REDD+ project areas to the buffer zones after project implementation, we examined the
presence of key drivers of deforestation as characterised by Curtis et al. 2018. This dataset
portrays likely causes of forest disturbance at a 10 km resolution since the year 2000, including
causes such as commodity production, shifting agriculture, forestry activities, fires and
urbanisation processes. We overlaid this dataset with REDD+ and buffer zones, and compared
the proportional extent of each of these drivers in each of these zones (Fig, C.2). We visualised
the proportional composition of drivers of forest loss in REDD+ and their leakage areas to
assess the extent to which similar deforestation activities could take place across these
landscapes. Presence of similar drivers of deforestation in the vicinity of REDD+ projects would
allow us to infer the potential to displace deforesting activities based on the suitability to

relocate activities in the neighboring areas.
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RESULTS

Estimates of initial carbon (C) stocks.

We observed similar initial C stocks estimates across treated and control plots, for REDD+ and
leakage belts plots respectively (Fig. 4.1), for the thirty-eight REDD+ sites that were successfully
matched. Forests selected as controls for REDD+ had a median C density of 162 MgC ha* (inter-
quartile range [IQR]= 138 - 189 MgC ha), and where similar to C levels in REDD+ sites,
estimated at 160 MgC ha™! (IQR= 138 - 182 MgC ha). Sample plots selected as controls for
leakage belts had a median C concentration of 146 MgC ha (IQR= 114 - 185 MgC ha') and
were similar to that observed form plots in leakage belts, estimated at 144 MgC ha* (IQR= 115 -
182 MgC ha™).

Total baseline carbon stocks, obtained by aggregating plot-level values, varied among
observational groups due to differences in their total extent. We estimated total initial carbon
stocks of 79697 GgC for the REDD+ area, 54289 GgC for the REDD+ control area, 99563 GgC for
the leakage belt area and 78151 GgC in the leakage belt control area. Total area and C

estimates for each observational group are provided in Appendix C Table C.2.
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Figure 4.1: Probability distributions of plot-level mean biomass values (MgC ha*) for REDD+ and
controls (pink), and leakage belts and their controls (turquoise).

Treatment effect on forest loss rates

Significant reductions in rates of forest loss were observed within REDD+ areas. The majority of
REDD+ sites (n=22 of 38) reduced deforestation rates within their boundaries compared to
controls in the 5 years period after project implementation, while remaining sites showed a null
(n=12) or negative (n=4) effect in rates of forest loss during the same period. Combining effect
sizes across projects we estimated a mean change in forest loss rates of -0.080% yr (95% Cl= -

0.128 to -0.032% yr1). This effect size is different from the one estimated in Chapter 2, is it is
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based on the matching combination that yielded the largest number of valid matched sets (as

opposed to combining effect sizes from matched sets).

Positive and negative leakage effects were observed in the 15-km buffer surrounding REDD+
sites. Almost half of leakage belts (n=17) showed reduced deforestation rates within their
boundaries compared to controls after project implementation, while remaining leakage belts
showed a null (n=6) or negative (n=14) impact on forest loss rates after projects were
implemented. Changes in forest loss rates were close to zero when effect sizes were averaged
using a meta-analysis model the average was -0.008% yr* which was not significantly different

from zero (95% Cl=-0.048 to 0.033% yr).

Three distinctive patterns of effectiveness were apparent when effect sizes in REDD+ project
areas were plotted against effect sizes in leakage belts (Fig. 4.2): a) overall positive effects

(e.g. forest loss reductions in REDD+ and leakage belts, bottom-left quadrant), in 19 projects; b)
positive effects in REDD+ but increased deforestation in the surrounding landscapes (e.g. the
‘classical’ leakage pattern, top-left quadrant), in 10 sites; and c) negative effects (e.g. increased
deforestation in REDD+ and leakage belts, top-right quadrant) in 8 projects. Differences in the
rates of deforestation between REDD+ sites and leakage belts were closely correlated among
projects (Spearman’s rho=0.62, §=3192, p<0.0001). Combining effect sizes of treated and
leakage belts, we estimated a small overall change in deforestation rates, of -0.037% yr* (95%
Cl=-0.068 to -0.006% yr!) by meta-analysis modelling. Individual effect sizes for REDD+,

leakage belts and their combined effects is provided for reference in Appendix C Fig. 1.2.
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Figure 4.2: Differences in forest loss rates versus matched controls, in matched REDD+ project
areas and leakage belts. Differences in annual rates of deforestation (% yr) observed in 38
matched project sites (x-axis) and in their leakage belts (y-axis) five years after the
implementation of REDD+. Quadrants resulting from intersecting the zero crossings on the x and y
axis are shown to show the general patterns of effectiveness: a, an overall positive effect for
REDD+ and leakage belts; b, positive effect in REDD+ but negative leakage effects, and; c, an
overall negative effect in REDD+ and the surrounding landscapes. Note that no sites are located in
the d quadrant. Colouring indicates statistical significance at the 5% threshold of comparing
treatments (e.g. REDD+ or leakage belts) against their controls: REDD+ only (orange), leakage belt
only (pink), REDD+ and leakage belts (purple) or none (grey). Results in light grey denote leakage
matched sets that did not meet robust quality criteria. Error bars are for 95% Cl where standard
errors were clustered at the treatment-control pair level.
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Treatment effects on forest biomass

Changes in the rates of forest loss due to REDD+ translated to similar patterns of avoided C
losses in patches of forest under REDD+. The majority of REDD+ sites (n=20) reduced C losses in
the 5 years period after project implementation, while remaining sites showed a null (n=13) or
negative (n=4) trajectories in C loss (e.g. increased losses). Overall reductions in biomass loss
within REDD+ sites was estimated at -0.058 MgC Ha* yr* (95% Cl=-0.095 to -0.021 MgC Ha' yr

1) when combining effect sizes with a meta-analysis model.

Changes in C loss after project implementation were both positive & negative across REDD+
leakage areas, converging at around zero when averaged. The majority of leakage belts (n=17)
showed null changes in levels of C loss when compared to controls after project
implementation. The remaining leakage belts showed significant reductions (n=11) or increases
(n=9) in forest C loss during the same period. Combining estimates across with a meta-analysis
model we observed non-significant changes in levels of C loss relative to controls, estimated at

0.001 MgC Hatyr? (95% Cl=-0.024 to 0.027 MgC Ha! yr?).

Similar patterns of effectiveness as observed in avoiding deforestation were revealed when
comparing estimates of avoided biomass loss between REDD+ and leakage belts groups (Fig.
4.3): a) reductions in biomass loss was observed in 18 REDD+ and leakage belts; b) reductions in
REDD+ but increased biomass loss in leakage belts was observed in 12 sites; c) increased
biomass loss in REDD+ and leakage belts was found in 5 projects, and; d)increased biomass loss
in REDD+ and reduced biomass loss in the leakage, in 2 sites, mostly driven by differences in
baseline carbon levels, as forests in REDD+ areas for these two sites were more carbon dense
than plots in leakage belts. As noted in the differences in deforestation rates, we a correlation
in estimates of avoided C loss between REDD+ sites and leakage belts (Spearman’s rho=0.49,
S§=4312, p=0.002). Aggregating effect sizes across REDD+ sites and leakage belts suggest a small
reduction in levels of forest C loss relative to controls in the first 5 years of REDD+

implementation, estimated at -0.03 MgC Ha* yr'! (95% Cl = -0.06 to -0.01 MgC Ha' yrl).
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Figure 4.3: Differences in forest biomass loss versus matched controls, in matched REDD+ and
leakage belts. Differences in annual C loss (MgC Ha? yr?) observed in 38 matched project sites (x-
axis) and in their leakage belts (y-axis) five years after the implementation of REDD+. Quadrants
resulting from intersecting the zero crossings on the x and y axis are shown to show the general
patterns of effectiveness: a, an overall positive effect for REDD+ and leakage belts; b, positive
effect in REDD+ but negative leakage effects; ¢, an overall negative effect in REDD+ and the
surrounding landscapes, and; d, negative effects in REDD+ areas but positive in leakage belts.
Colouring indicates group statistical significance at the 5% level: REDD+ only (orange), leakage
belt only (pink), REDD+ and leakage belts (purple) or none (grey). Results in light grey denote
leakage matched sets that did not met robust quality criterion. Error bars are for 95% Cl where
standard errors were clustered at the treatment-control pair level.
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Estimates of C losses aggregated across REDD+ sites and leakage belts

Aggregating estimates of C loss across samples suggests net emission reductions in REDD+ sites
and net emission increases in the 15 km spanning leakage belt areas. In the five years running
up to REDD+ implementation, C losses in REDD+ sites were of a larger magnitude than C losses
in controls, totaling 558 GgC and 356 GgC respectively, corresponding to losses of 0.70% and
0.66% of initial C stocks, estimated at 79697 GgC and 54289 GgC for REDD+ and controls
respectively. Biomass loss in REDD+ sites increased at a smaller rate following project
implementation than C losses observed in controls, totaling 1314 GgC and 1313 GgC, for REDD+
and controls respectively. This corresponded to a loss of 1.65% and 2.42% of initial C stocks, for
REDD+ and controls respectively. Difference-in-differences changes in C loss amounted to a
reduction of 201 GgC loss in REDD+ areas, or -0.82% of REDD+ C stocks losses compared to the

percent of C stocks lost in controls (Fig. 4.4, a).

Leakage belts saw increased C losses relative to controls following REDD+ implementation. In
the 5 years prior to REDD+ implementation, C losses totaled 2793 GgC and 2047 GgC, for
leakage belts and controls respectively, corresponding to losses of 2.81% and 2.62% relative to
initial C stocks, estimated at 99563 and 78151 GgC for leakage belts and controls respectively.
Five years after project implementation, biomass losses were of a larger magnitude in leakage
belts compared to controls, totaling 5367 and 3677 GgC, respectively, which corresponds to
losses of 5.39% and 4.71% of initial C stocks, in leakage belts and controls respectively.
Difference-in-differences changes in C losses amounted to an additional loss of 944.98 GgC in
leakage belts following REDD+ implementation, or 0.50% more loss of C stocks in leakage belts

compared to the percent of C stocks lost in controls (Fig. 4.4, b).

Aggregate estimates of forest C declines reveal higher net levels of C loss in the combined
REDD+ and leakage belt areas, yet proportional losses of the initial C stocks were higher in
controls. Total losses before and after project implementation, in the combined REDD+ and
leakage belts areas, amounted to 3351 and 6682 GgC, respectively, while C losses in the
combined control zones in the periods before and after project implementation totaled 2403

and 4991 GgC, respectively. Difference-in-differences changes in C loss amounted to an
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additional 743 GgC lost in the combined REDD+ and leakage belts areas after project
implementation. However, expressing these changes as a percentage of the initial C stocks in
each group, we see 0.10 % less emissions of C stocks in the combined REDD+ and leakage belts

compared to the percent of C stocks lost in controls (Fig. 4.4, c).
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Figure 4.4: Total carbon loss, before and after REDD+ interventions, within 38 project sites. Rows
show biomass loss estimates in REDD+ areas (orange), leakage belts (pink) and the sum of these
zones (purple), contrasting these with controls (grey). Boxplots show the distribution of site-level
difference-in-differences of avoided biomass loss, i.e.; the effect of REDD+ in avoiding biomass
loss (left column); biomass loss estimates provided as the total (middle column) and as
percentages of the initial C stocks in each group (%, right column).

Heterogeneity of deforestation patterns due to distance to cities and distance to REDD+

boundaries

Patterns of forest loss within leakage belts were determined by distance to population centres
(mean=-0.003; t=-53; p < 0.001), where plots located further away from localities experienced

less deforestation than average in the 5-years period after REDD+ implementation.
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Deforestation patterns were also determined by the distance to REDD+ project boundaries
(mean=0.0002, t=2.9, p < 0.01; Appendix C Table C.2), suggesting that the rates of forest loss in
the post-implementation period were higher for plots located further away from the REDD+

project (Fig. 4.5).
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Figure 4.5: Impacts of distance from REDD+ project boundary and travel time to population
centres on forest loss rates in leakage belts. Three travel times to the closest population centres
are predicted: ~2 minutes (red), 15 minutes (blue) and 25 minutes (green). The median travel
time was 10 minutes from the closest locality (IQR=5 - 20 mins).

Analysis of drivers of deforestation

We observe a similar portfolio of drivers of deforestation in REDD+ and their surrounding areas. Shifting
agriculture and commodity production were identified as predominant drivers of deforestation in some
of the examined REDD+ projects and their surrounding areas, while other projects were predominantly
free of drivers within and outside REDD+. For the remaining projects, we observe a combination of
drivers occurring within and outside REDD+. Proportional occurrence of drivers of deforestation were

closely correlated between REDD+ and buffer areas (Spearman’s p = 0.79, p < 0.0001).
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Figure 4.6. Drivers of forest loss inside REDD+ and buffer belts. Proportional coverage of up to 5
drivers of forest loss as characterised by Curtis et al. 2018, inside the examined REDD+ areas (x-
axis) and their buffer belts (y-axis)

DiscussION

To the best of our knowledge, this is the first global study of REDD+ effectiveness that explicitly
integrates leakage into the total effect size calculations. Except for the few sites where the

‘classical leakage’ was evident (i.e.; deforestation decreased in REDD+ sites but increased in the
surrounding area), analyses of post-treatment changes in REDD+ and proximate areas suggests
a diffusion of the effects observed within REDD+ project areas into the surrounding landscapes:
large forest loss reductions in REDD+ areas were accompanied by large forest loss reductions in
leakage belts, while REDD+ sites with a null or negative effect in REDD+ corresponded with

leakage belts where rates of deforestation remained the same or increased (Fig. 4.2). Analyses
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of deforestation patterns in the leakage belts add weight to this idea, showing that rates of
forest loss increased with distance from REDD+ project boundaries (Fig. 4.5). These findings
suggest that REDD+ activities shielded proximate forest patches outside intervention areas.
However, failures in REDD+ design (Milne et al. 2019) and the inability of local-scale
interventions to cope with market-driven pressures (Skutsch & Turnhout 2020) may have
rendered REDD+ inadequate to prevent forest loss within the project areas and surround
landscape in many sites, picked up in Fig. 4.5 as additional deforestation in both REDD+ sites

and leakage belts.

Attributing leakage is always difficult to measure due to the complex, often unmeasurable,
ways in which interventions impact forests elsewhere. In this study we determined the
presence of leakage by identifying statistical differences in disturbance processes in areas
exposed to the same drivers of deforestation, after project implementation. While the
guantification of leakage would be better characterised by incorporating local-level information
about the likely mechanisms that would trigger leakage effects (Pfaff & Robalino 2017), our
results show strong positive and negative changes in forest loss in the vicinity of REDD+ areas.
Much attention in the literature has been devoted to discussing potential negative leakage

effects, however the potential of positive spillovers should be more looked at and examined.

Protecting forests can trigger market adjustments, displacing deforestation activities to areas
outside the intervention, particularly if commercial activities are affected by restrictions. These
market adjustments, also known as market leakage, can come about by a combination of
factors, including an inelastic demand for commodities affected by the intervention (Meyfroidt
et al. 2020), lack of technologies to enhance production levels to meet current demand
(Meyfroidt et al. 2018), and the availability of mobile labour and capital to relocate production
activities (Wunder 2008). Relocation of activities can also take place across countries through
adjustments in the international supply chain (Meyfroidt & Lambin 2009; Delzeit et al. 2018).
Methods for understanding pathways linking forest interventions and deforestation
displacements are still emerging (Pfaff & Robalino 2017), in particular to ascertain long-distance
displacements (Hertel et al. 2019; Meyfroidt et al. 2020); but despite these limitations, current

research on distant effects of conservation policies and programmes suggests that market
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leakage can, in some instances, substantially undermine impacts achieved within forest
reserves (Meyfroidt & Lambin 2009; Miranda et al. 2019) Moves to implement REDD+ as a
jurisdictional approach could help in reducing country-level leakage through institutional
coordination and enforcement of national REDD+ policies, but these efforts alone might not be
sufficient to mitigate domestic deforestation displacements without addressing demand-side

and market pressures (Streck 2021).

Important caveats need to be considered when examining these results. First, the leakage
estimates for 10 sites come from matched sets that did not meet all the quality standards as
the matched sets for the REDD+ projects criteria, and these should be interpreted with caution.
Second, we used a cookie-cutter approach of leakage belt definition, computing 15 km around
project interventions, however we cannot assume that leakage effects were prevalent for the
entire leakage belt area, particularly in projects with relatively small size. This is supported by
the result showing deforestation rates in leakage belts increased with distance from project
area boundary. Third, anticipating regional or international market leakage effects due to
restrictions such as those imposed by REDD+ is inherently difficult as this is dependent on socio-
economic factors (e.g. environmental or development policies), demand-side responses to
restrictions, and the capacity of the market to make adjustments along the supply chain
(Meyfroidt et al. 2020). Regional or cross-boundary leakage could have taken place due to these
interventions but are difficult to quantify. Nevertheless, while we are not able to ascertain the
precise mechanism by which REDD+ may have produced leakage effects, the presence of a
similar portfolio of drivers of deforestation in REDD+ and buffer zones (Fig. 4.6) can be
indicative of the potential for the displacement of such activities to take place, particularly in
areas were high prevalence of shifting agriculture and commodity production was identified

and which experienced a surge in deforestation rates after REDD+ implementation.

Another set of caveats relate to how we measured biomass change, which are restricted to
biomass losses, and does not consider fluctuations in emissions due to subsequent regrowth.
Such variations can take place rapidly, particularly in the early re-greening phase (Rappaport et
al. 2018). Furthermore, our analyses did not included changes in biomass due to degradation

events, which can result in important releases of carbon even if canopy cover is not fully
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removed (Mitchard 2018). Moreover, quantification of biomass would be more precise with the
use of new remote sensing products such as that produced by the Global Ecosystem Dynamics
Investigation (GEDI) mission and Biomass ESA’s forest mission. In the case of GEDI, the

patchiness of the data prevented its use in the present study.

By incorporating counterfactual approaches not only into the estimation of effect sizes but also
into the potential displacement of deforestation or threats that may occur in the vicinity of
intervention areas, we were able to gain insights about the net effect of REDD+ within the
targeted areas and surrounding landscapes. The consideration of potential displacements to
proximate lands due to the presence of similar drivers of deforestation provides an avenue to
anticipate how and where leakage might take place. By identifying potential areas of
displacement, appropriate measures can be implemented to minimize or offset the negative
impacts. With anthropogenic emissions from land use change estimated at +5.9+4.1
GtCO2eq/yr between 2010-2019, of which ~45% is attributable to deforestation (Shukla et al.
2019), emission reductions in the examined REDD+ projects represent only a tiny fraction of
global emissions. This research suggest small progress is underway, but important challenges
for project implementation and scale-up need to be tackled for REDD+ to realise its potential as
a cost-effective initiative for mitigating climate change (Duchelle et al. 2018a; Milne et al. 2019;

TSVCM 2021).
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CHAPTER 5: DISCUSSION

OVERVIEW

The fate of tropical forests in the coming decades will define whether we can successfully
address socio-environmental challenges posed by the climate and biodiversity crises.
Conserving tropical forests can be a cost-effective bridge towards meeting decarbonisation
targets set out for this decade while delivering on social and environmental benefits (Griscom
et al. 2017; Seddon et al. 2020). On the other hand, allowing deforestation to continue
unabated will only exacerbate the current state of affairs, magnifying climate, biodiversity and
sustainability challenges (Lewis et al. 2015; Baccini et al. 2017; Barlow et al. 2018; Symes et al.
2018).

The role of tropical forests in climate change mitigation is gaining momentum in multilateral
fora and the re-emerging carbon markets. At the 26™ Conference of the Parties of the United
Nations Framework Convention on Climate Change (COP26), over a 100 countries committed to
halting deforestation and forest degradation by 2030 through the Glasgow Leaders’ Declaration
on Forests and Land Use, which came attached with monetary pledges of almost USD 20 billions
to support conservation activities (UNFCCC 2021). Furthermore, increased demand for forest-
based carbon offsets is expected from the voluntary carbon markets, following a trend that has
been observed in recent years (Donofrio et al. 2021), and is projected to grow exponentially by

the end of this decade (TSVCM 2021).

Reducing Emissions from Deforestation and Forest Degradation (REDD+) encapsulate various
approaches for supporting activities to reduce forest loss and enhance carbon stocks in tropical
countries, with landscape REDD+ projects representing one of the earliest forms of on-the-
ground interventions under the REDD+ branding. It has been almost 15 years since the initial
wave of projects became implemented, and rigorous evaluations of these interventions are
starting to yield insights into the multiple dimensions of REDD+ performance, most prominently
on the livelihoods impacts (Duchelle et al. 2018; Sunderlin et al. 2018b, 2018a). Empirical

impact evaluations looking at the ability of local-scale interventions to conserve forests are just
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starting to emerge. At the time when | commenced my PhD, in 2018, only one robust impact
evaluation of forest carbon projects was available (Jayachandran et al. 2017). Since then, a few
more empirical studies appeared in the literature, showing a mixed picture about the
effectiveness of these initiatives to mitigate climate change by avoiding forest loss, from
projects achieving reductions in deforestation (Simonet et al. 2019; Guizar-Coutifio et al. 2022),

to null or negative results (West et al. 2020; Correa et al. 2020).

SUMMARY OF FINDINGS

In the preceding chapters of this thesis, | developed three pieces of research with the aim of
exploring the impact of voluntary carbon projects on conserving tropical forests, exploring the
contribution of these efforts in avoiding carbon emissions, as well as uncovering some of the

challenges involved in quantifying impact from forest conservation interventions.

In Chapter 2 we conducted a global analysis of REDD+ interventions, involving 40 voluntary
REDD+ projects in 9 countries. To our knowledge this is the first study in which remotely sensed
degradation and deforestation data were used to test voluntary REDD+ projects effectiveness
across a sample of geographically dispersed projects that differ in deforestation drivers and
social objectives. We showed average reductions in deforestation and forest degradation over
the first 5 years of project operation, with reductions being particularly greater in regions
where the threat of deforestation was greatest. We demonstrated modest reductions terms of
the absolute area of spared forests, however in relative terms both rates were roughly halved
by the projects we investigated. In this chapter we also found consistent reductions in
deforestation and forest degradation when controlling for the presence of protected areas in
the examined landscapes, suggesting that the observed gains in forest loss reductions were

additional to that obtained by protected areas.

In Chapter 3 we derived the impact of REDD+ using a multi-matching approach in which models
were subjected to a battery of robustness tests, making explicit the potential impact that
different matching parameters may have on effect size estimates. Matching was performed on
44 sites for which 1556 matching runs were selected to examine the effect of REDD+, involving

40 VCS sites. In line with the findings discussed in Chapter 2, our analysis showed significant
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reductions in forest loss due to REDD+, albeit of a lesser magnitude than the previous chapter.
This difference could be partly explained by the different sampling techniques: Chapter 2 uses a
pixel-based matching approach, with pixels of ~¥30 m in size, whereas Chapters 3 and 4 are
based on area sampling, with plots of ~7 ha used to characterise landscapes. The examination
of differences in effect sizes between Chapter 2 and Chapter 3 provided in Appendix B reveal
implications for matching. In Chapter 2 we collected many more samples than in Chapter 3
since we used ~30m pixels as a unit of analysis. We matched with replacement, allowing control
units to be paired with more than one treated unit, to ensure that as many treated samples as
possible were matched. As is shown in the discussions in Appendix B, the use of matching with
replacement, and in particular the selection of a few high-weight control units might have
impacted our effect size estimations. Importantly, our study highlights the non-negligible
impact that the choice of matching parameters has on effect size estimation, where robustly
matched sets for the same REDD+ area could lead to different effect size estimates depending
on their parametrisation. Future research on the impacts that different matching choices in
addition to those examined in this chapter, such as the scale and size of units of analyses,

would help advance best practices in the field.

In Chapter 4 we built from the robust matching approaches developed in Chapter 3 to quantify
forest carbon changes due to REDD+, in which local leakage was estimated using observational
methods, and combined with effect sizes observed in REDD+ projects to derive a net total effect
size. Except for the few sites where the ‘classical leakage’ was evident (i.e.; deforestation
decreased in REDD+ sites but increased in the surrounding area), we observed a diffused effect
of REDD+ into the surrounding landscapes: large forest loss reductions in REDD+ areas were
accompanied by large forest loss reductions in leakage belts, while REDD+ sites with a null or
negative effect in REDD+ corresponded with leakage belts where rates of deforestation
remained the same or increased. Moreover, we took an empirical approach when assessing
changes in forest carbon due to REDD+, by comparing plots of forests exposed to similar drivers
of deforestation which contained similar biomass estimates. This approach differs from simpler
baseline comparisons used in carbon offsetting projects (e.g. Shoch et al. 2011)Emission

reductions in the examined REDD+ projects represent a tiny fraction of global emissions, and
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could be well below the estimates of avoided emissions as forecasted by carbon offsets projects
such as those registered in the VCS. This suggests on the one hand that REDD+ on the ground is
achieving carbon benefits, but there is a need to scale up activities to unlock the potential of
forest carbon interventions for mitigating climate change. On the other hand, methodologies to
estimate the carbon additionality for existing projects might have to be re-examined,

considering recent methodological developments in observational designs.

FUTURE DIRECTIONS

CHALLENGES AND FUTURE RESEARCH IN OBSERVATIONAL DESIGNS

Counterfactual analyses were a cornerstone in the development of this thesis, and the way in
which these methodologies were used to estimate the impact of REDD+ illustrate some of the
challenges and future research that is needed to enhance the robustness of observational

designs for conservation impact evaluation.

The strengths and weaknesses of the different tools for counterfactual development need to be
further explored. Different methods can be used to derive impacts of forest interventions when
temporal observations are available for treatment and control groups, before and after project
implementation, such as combining matching with difference-in-differences (Costedoat et al.
2015; Santika et al. 2021) or by using synthetic control methods to ensure similar pretreatment
deforestation rates between treatment and control groups (West et al. 2020). We used two
typical matching approaches in this thesis: a pixel-based approach in Chapter 2, in which pixels
representing standing forests at the time of project implementation were selected to conduct
the analyses (and in doing so, emulating VCS requirements for project implementation) (Shoch
et al. 2011), followed by an after-intervention analyses of effect sizes; and a plot-based
approach in Chapters 3 and 4, where the rates of deforestation in selected controls followed a
similar trend than treated plots, followed by a difference-in-differences analysis to estimate
effect sizes. A further approach not used in this thesis is the synthetic control method (Abadie
et al. 2010), in which a ‘synthetic’ control group is constructed using a weighted combination of
untreated geometric units in such a way that deforestation rates of the counterfactual group

follows the same trajectory as the treated group before project implementation (e.g. West et
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al. 2020). All these different approaches will likely produce different effect size estimates. It is
therefore necessary to explore the relative merits and drawbacks of these methods so they can

be better tailored to the question at hand.

Another set of challenges relate to how parameters selected to perform matching may be
influencing effect sizes. In Chapter 3, we attempted to reduce biases by applying multiple
matching approaches and validated the resulting matched sets using multiple quality criteria.
Testing multiple matching combinations allowed us to explore the range of potential outcomes
that may come about from valid matching settings, or parameter choices, without making a-
priori decisions favouring one choice of parameter versus another. We observed however an
important variability in the range of counterfactual scenarios within robust matched sets.
Further studies examining how the different choices of matching parameters impact effect sizes
would be necessary to advance methodological discussions and best practices in counterfactual

design.

The impact of hidden confounders is rarely explored in conservation impact evaluation, but the
use of sensitivity tests is necessary to ascertain the robustness of effect size estimates. In these
chapters we attempted to match REDD+ observations with potential controls based on
appropriate drivers of deforestation, but there will inevitably be unobserved covariates. A key
challenge in conservation settings remains on accounting for the uncertainty of how
interventions are assigned in the first place (Jones et al. 2022). For example, local REDD+
projects have often been implemented in areas where NGOs have been operating for some
time (Sunderlin & Sills 2012), and are likely associated with certain land tenure conditions
(Wunder 2013). As these confounders remain unobserved because they are difficult to
guantify, the need to use sensitivity analyses to assess the potential influence of hidden bias

remains all the more pertinent in conservation evaluations (Jones et al. 2022).

The challenges above highlight the need to standardise counterfactual methodologies for
impact evaluation, particularly those used to develop emissions baselines to evaluate the
effectiveness of REDD+ (West et al. 2020; Guizar-Coutifio et al. 2022). For example, it is

currently not possible to establish the aggregate impact of VCS REDD+ projects because the
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various methodologies used to forecast emissions reductions are incomparable and produce
different baseline scenarios (Wilebore 2015). Furthermore, it remains difficult to reproduce
baselines estimates for carbon offset projects given that the materials needed to replicate the
methods are commonly not accessible. Making empirical research more transparent should
include practices of code and data sharing to be able to replicate results, which will allow to
examine uncertainty factors discussed above, such as the impact of subjective modelling

choices on effect size estimations.

LEAKAGE

Protecting forests can trigger market adjustments, displacing deforestation activities to areas
outside the intervention, particularly if commercial activities are affected by restrictions. These
market adjustments, also known as market leakage, can come about by a combination of
factors, including an inelastic demand for commodities affected by the intervention (Meyfroidt
et al. 2020), lack of technologies to enhance production levels to meet current demand
(Meyfroidt et al. 2018), and the availability of mobile labour and capital to relocate production
activities (Wunder 2008). Relocation of activities can also take place across countries through
adjustments in the international supply chain (Meyfroidt & Lambin 2009; Delzeit et al. 2018).
Methods for understanding pathways linking forest interventions and deforestation
displacements are still emerging (Pfaff & Robalino 2017), in particular to ascertain long-distance
displacements (Hertel et al. 2019; Meyfroidt et al. 2020); but despite these limitations, current
research on distant effects of conservation policies and programmes suggests that market
leakage can, in some instances, substantially undermine impacts achieved within forest
reserves (Meyfroidt & Lambin 2009; Miranda et al. 2019). Moves to implement REDD+ as a
jurisdictional approach could help in reducing country-level leakage through institutional
coordination and enforcement of national REDD+ policies, but these efforts alone might not be
sufficient to mitigate domestic deforestation displacements without addressing demand-side

and market pressures (Streck 2021).

Local leakage can be a commonplace feature of REDD+ interventions. Attributing local leakage

is always difficult due to the complex, often unmeasurable, ways in which interventions impact
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forests elsewhere. | attempted to measure local leakage in Chapters 2 and 4: in the latter case, |
used an empirical approach by matching forested areas in the vicinity of REDD+ projects to
similar but unprotected forests in the landscapes, and determined the presence of leakage by
identifying statistical differences in deforestation rates compared to otherwise similar
forestlands. While this analysis might not be able to uncover the mechanisms that triggered
such effects in the vicinity of REDD+ projects, which are expected to vary depending on the
local contexts (Pfaff & Robalino 2017), the results show strong positive and negative changes in
forest loss in the vicinity of REDD+ areas. Much attention in the literature has been devoted to
discussing potential negative leakage effects, where displacements undermine gains achieved
within the intervention areas. Chapter 4 gives empirical evidence that local leakage can also
take place as a diffused version of the effects observed within REDD+ sites (and perhaps that of
other forest initiatives). By incorporating counterfactual approaches not only into the
estimation of effect sizes but also into the potential displacement of deforestation or threats
that may occur in the vicinity of intervention areas, we were able to gain insights about the net
effect of REDD+ within the targeted areas and surrounding landscapes. The consideration of
potential displacements to proximate lands due to the presence of similar drivers of
deforestation provides an avenue to anticipate how and where leakage might take place. By
identifying potential areas of displacement, appropriate measures can be implemented to
minimize or offset the negative impacts. This is an area that should explored further to enhance

our understanding of how forest-based conservation initiatives work.

MONITORING TROPICAL FOREST

Advances in remote sensing tools will help reduce uncertainties in the estimation of forest
carbon. The Global Ecosystem Dynamics Investigation (GEDI) LiDAR instrument has been added
to the constellation of active sensors in space and provides consistent measurements of forest
structure across the global tropics. This sensor is helping to produce the first high resolution,
globally consistent map of forest carbon stock for the tropics. Likewise, the European Space
Agency (ESA) Sentinel (Berger et al. 2012) and BIOMASS missions (Le Toan et al. 2011) will
support innovative ways to generate high resolution global biomass estimates. Developing

improved methods for quantifying forest degradation based on open-access imagery will allow
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to generate better estimates of intervention performance for conserving carbon, increasing our

ability to track forest degradation will help to guide monitoring and restoration efforts.

While remote sensing products play a huge role in upscaling project development, the role that
local communities in the monitoring and quantification of forest biomass should not be
underplayed. There is an important opportunity to increase REDD+ success by engaging
communities with in-situ measurements, which can result in enhanced biomass estimations
(Butt et al. 2015). Moreover, promoting community monitoring can help bring local
perspectives into the planning and decision-making of the interventions (Danielsen et al. 2022),
which could lead to a more equitable and long-lasting impact of projects (Butt et al. 2015;

Duchelle et al. 2018).

CONCLUDING REMARKS

Site-based REDD+ projects conform the first generation of REDD+ efforts and are representative
of a broader set of nature-based solutions to climate change, from which valuable lessons can
be harnessed (Duchelle et al. 2019). More than a decade after implementation reveals aspects
that need to be carefully revisited: from exposing the inadequacy to face external threats
(Milne et al. 2019; Skutsch & Turnhout 2020), to challenges on meeting its commitment to
delivering social impacts, as well as challenges related to establishing credible baseline and

demonstrable emission reductions.

Applying the lessons from the last few decades to deliver effective and, crucially, equitable
reductions in tropical forest degradation and deforestation will be critical if the climate change
objectives are to be met. It is essential to learn from the last decade of REDD+ implementation.
The REDD+ projects have already provided invaluable lessons on the central role of land tenure
in implementation (Angelsen et al. 2017), the necessity of ensuring that the rural poor do not
bear the cost of forest conservation efforts (Duchelle et al. 2018; Poudyal et al. 2018; Skutsch &
Turnhout 2020), and the need for effective benefit-sharing systems and appropriate

participation in decision-making and governance (Luttrell et al. 2013; Milne et al. 2019).
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Protecting and restoring natural forests could be a nature-based climate solution that is cost-
effective and could have substantial impact if the many hurdles to implementation can be
overcome (Duchelle et al. 2018; Milne et al. 2019; TSVCM 2021). Moreover, avoiding
deforestation and forest degradation is paramount for safeguarding biodiversity and can play a
role in safeguarding noncarbon ecosystem services, such as water regulation and soil
productivity (Griscom et al. 2017). Our results provide some room for optimism. Despite the
many challenges to just and economically sustainable implementation, the initial wave of

REDD+ projects were effective at reducing forest loss.
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APPENDIX A
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Figure A.1: Reductions in deforestation and degradation rates resulting from REDD+ projects over
their first five years of operation, excluding protected area portions. a and b scatterplots of
deforestation and degradation rates in REDD+ projects versus matched control pixels; the
reduction in deforestation resulting from a project is given by the vertical distance between the
datapoint and the 1:1 line (with one example shown by a blue arrow); ¢ and d histograms of the
reduction in deforestation and degradation rates, with the mean shown as a blue line.
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Figure A.2: Avoided deforestation and degradation associated with REDD+ projects considering all
forested sites, excluding protected area portions. a and b mean reductions in annual
deforestation and degradation rates. ¢ and d mean percent reductions in deforestation and
degradation rates (relative to controls). Whisker lines show 95% confidence intervals estimated
by nonparametric bootstrapping. We analysed the temporal variation in effect sizes by examining
subsets of projects operating for at least 8 years(n=23) and 10 years (n=14).
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Figure A.3: REDD+ project effectiveness by background rates of deforestation, excluding
protected area portions. a annual differences in deforestation (with jitter; % yr'') between project
areas and matched controls over five years after project implementation, with a black line
showing the mean annual differences and 95% Cl shaded in grey; b mean differences in
deforestation rates (% yr) against country-level background deforestation rates (calculated for
the project implementation period) with a vertical line showing the pantropical average rate of
deforestation (0.57% yr'); ¢ mean differences in deforestation and degradation rates; d mean
percent reductions in deforestation and degradation rates relative to controls. The 95% Cls
displayed at a, ¢ and d were estimated using non-parametric bootstrapping.
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Figure A.4: Country-wide estimates of forest loss in the humid tropics for countries selected in the
analysis. The time series were produced by subtracting deforestation and conversion to other
land classes from annual estimates undisturbed and degraded Tropical Moist across all countries
spanned by our sample of 40 REDD+ projects.
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Figure A.5: Annual deforestation rates. Time series of the annual rates of deforestation (% yr?)
observed in the 40 matched project sites and their controls, five years after the implementation
of REDD+. Banner indicates the project ID (see Table A.4), followed by the ISO-3 country code and
the classification according to the project background rates of deforestation.
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Figure A.6: Annual degradation rates. Time series of the annual rates of forest degradation (% yr

1) observed in the 40 matched project sites and their controls, five years after the implementation
of REDD+. Banner indicates the project ID (see Table A.4), followed by the ISO-3 country code and
the classification according to the project background rates of deforestation.
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Figure A.7: Post-matching standardized mean differences across covariates. Sites were matched
on accessibility (access), mean distance to deforestation 5 years prior to project commencement
(dist_defor_5), elevation and slope; with pixels selected from the same biome and country. As 10
sites are intersected by two biomes, we constructed separate matched sets for each
project/biome split (shown above as rows with 2 sets of dots). Sites were considered as
successfully matched if at least 90% of the sampled pixels scored an absolute standardized mean
difference of <0.25 (red lines) across all covariates. Project 1395, intersects two biomes. The
pixels in one biome were not adequately matched but represent less than 10% of the total pixel
count so this project is retained.
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Figure A.8: Post-matching standardized mean differences across covariates excluding protected
area portions. Sites were matched on accessibility (access), mean distance to deforestation 5
years prior to project commencement (dist_defor_5), elevation and slope; with pixels selected
from the same biome and country. As 10 sites are intersected by two biomes, we constructed
separate matched sets for each project/biome split (shown above as rows with 2 sets of dots).
Sites were considered as successfully matched if at least 90% of the sampled pixels scored an
absolute standardized mean difference of <0.25 (red lines) across all covariates. Project 1395,
intersects two biomes. The pixels in one biome were not adequately matched but represent less

PL1748 4
PL1654 4
PL1218 4
985
981 A
977 4
963
958
944 4
934 1
8754
856 -
852
844
1686 4
15714
1566 1
1503 1
1477
1400 4
13991
1396 1
13954
1392 4
1391 4
13904
1389 4
13821
1360
13594
13294
1326 4
131114
1215+
12014
11334
11224
11184
11154
11131
1112+
1094 1
1067 4
10521
1047 1

::f sieer g tperiy +3

4;;;*
L I8

»

teigss

>

>

[ ]
[ ]

{*itaitii

OTO
std_diff

0.5

1.0

matched_site

vars

.
A
u

+

FALSE
TRUE

access
dist_defor_5
elevation
slope

NA

than 10% of the total pixel count so this project is retained.
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Figure A.9: Representation of buffer areas (in yellow) examined for leakage patterns (VCS projects
1390 and 1399). Overlaps with protected areas (green) were excluded from the examination
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Postimplementation mean deforestation rates (% yr_l)

Figure A.10: Evidence of deforestation leakage over eight (a) and ten (b) years after project
implementation. Dots depict the mean rates of deforestation in the buffer areas before (x-axis),
and after (y-axis) the commencement of projects. Red colouring indicates significant differences
in annual deforestation rates before and after project implementation (bootstrapped t-tests, p <
0.05) across the 10 km boundary area. A diagonal dotted line was added to depict a theoretical
1:1 relationship between axes. Dot sizes were scaled to reflect the background deforestation
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Figure A.11: Distribution of land cover classes at the project starting date. The banner indicates
the project ID, followed by the total count of pixels within the boundaries and the host country,
for the 71 sites for which we were able to collect REDD+ boundary information. Projects with at

least 80% of evergreen forest cover at the starting date were included in the analyses.

TABLE A.1: COVARIATES SELECTED FOR MATCHING. WE EXACT MATCHED ON BIOME AND COUNTRY (SHOWN IN

BOLD).
Format and

Category Rationale for inclusion Source Variables resolution

Physical Elevation and slope influence land use SRTM Digital Elevation Raster

characteristics practices, with higher elevation and steeper Elevation Data (meters) Slope  (90m2)
slopes consistently associated with a lower Version 4 (Jarvis et (degrees)
risk of deforestation (Joppa & Pfaff 2009). al. 2008)

Accessibility Accessibility to forest lands from urban Global accessibility Time travel to Raster
centres is associated with a higher risk of map (Weiss et al. population (300m2)
deforestation (Chomitz & Thomas 2003; Rudel  2018) centres Temporal
et al. 2009). (seconds) res: 2015

Bioclimatic The biophysical characteristics of biomes, such  Terrestrial Biome Vector
as temperature, precipitation and primary Ecoregions

productivity; can influence the probability of
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Governance /
political
economy

Proximity to
deforestation

land clearance due to agricultural suitability
(Busch & Ferretti-Gallon 2017).

Deforestation is influenced by domestic
policies, governance, economic processes and
markets (Umemiya et al. 2010; Ceddia et al.
2014)

Proximity to cleared lands is consistently
associated with higher deforestation risk
(Busch & Ferretti-Gallon 2017). We computed
the average distance to the closest deforested
pixel in the 5 years prior project
implementation, for each pixel included in the
matching assessment.

(Dinerstein et al.
2017).

Large Scale
International
Boundary (LSIB)
dataset

Own analysis using
the JRC Tropical
Moist Forest
database
(Vancutsem et al.
2021)

Country

Euclidean
distance to
deforested

areas (meters)

Vector
Temporal
res: 2013

Raster
(30m2)

TABLE A.2: LOGISTIC REGRESSION (BINARY RESPONSE VARIABLE, 0 = VCS REDD+ SITES EXCLUDED FROM THE
ANALYSIS N=41; 1 = SITES INCLUDED IN THE ANALYSIS N=30) TO ASSESS THE PROBABILITY OF A PROJECT BEING
SELECTED DUE TO COVARIATE CHARACTERISTICS. STATISTICALLY SIGNIFICANT EFFECTS (P<0.05) INDICATE THE
PROBABILITY OF A SELECTION BIAS IN OUR SAMPLE (SHOWN IN BOLD). THE P-VALUE WERE ADJUSTED THROUGH A
POST-HOC BONFERRONI CORRECTION.

Estimate Std. Error zvalue Pr(>)
(Intercept) -7.79 2.83 -2.76 0.04
Time travel to population centres (seconds) in 2015  0.00 0.00 2.39 0.02
Elevation (m) 0.00 0.00 -0.47 1
Slope (°) 0.00 0.08 0.03 1
Human Development Index (2010-2018) 9.22 3.71 2.49 0.06
Project area (km) 0.00 0.00 0.14 1
Background deforestation rate (yr?) 0.00 0.00 -0.08 1

TABLE A.3: CHARACTERISTICS OF THE 40 VCS PROJECTS INCLUDED IN THE ANALYSIS.

Undistu
rbed
Mean Mean Mean Mean forest
Countr  Sta PA deforest deforest degrad degrad Deforest Thr  cover
y and rt over ation ation ation ation ation at eat (%) at
I1SO 3 ve  Area lap REDD+ control REDD+  control  host gro  starting
ID Name code ar  (ha) (%) (y1) (yY) (yY) (y1) country up date
132 Laguna Belize 20 8723 0.2 0 0.32 0.32 0.93 0.8 Hig  94.9
6 Seca (BLZ) 11 h
Forest
Carbon
Project
109 Ecomap Brazil 20 9914 99.8 0.01 0.05 0.11 0.22 0.7 Hig 97.8
4 ua (BRA) 02 9 h
Amazon
REDD
Project
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PREDICTORS OF DEFORESTATION

We fitted models using a sample of treated and control pixels to explore the importance of the
matching covariates in predicting deforestation outcomes and selection to treatment. We used
a stratified random sampling design to select humid forest pixels within each treated area and
their surrounding landscapes within the same biome and country. We sampled 20k
observations distributed in proportion to the area size of REDD+ interventions, with a balanced
composition of treated and control observations (e.g. equal number of treated and untreated
pixels). For each pixel, we collected information on elevation, slope, mean distance to the cities
and mean distance to the closest deforested pixels, and distance to agricultural fields. To
account for differing socio-economic factors present in the examined countries, we included
estimates of the Human Development Index (HDI), Gross Domestic Product (GDP) and the
World Bank (WB) governance indicators over the period 2010-2018. Before fitting the models,
we investigated potential collinearity among selected covariates and identified high collinearity
for HDI, GDP and the WB indicators. We fitted univariate models for collinear variables to
predict deforestation and treatment assignment, and selected the one with the best model fit,

assessed with the AIC. This led to the inclusion of the world bank indicators in further analyses.

We fitted generalised linear models (GLM) with increasing complexity to explore variability in

deforestation outcomes and its major determinants. Our minimal specification model with a
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Bernoulli distribution included the following covariates: elevation, slope, distance to cities, and
mean distance to the closest deforested pixel prior to deforestation. The response variable is a
binary variable indicating a deforested pixel (1) or a pixel that retained forest cover (0) by the
end of the examined period (encompassing the years 1990-2019). We scaled all covariates
excepting the WB indicator before modelling. We removed extreme residuals (n=33) after an
initial exploration and determined minor underdispersion (0.89) of the minimal model. We
explored more complex models that included WB indicators and distance to crops and assessed

their performance using Bayes Factor scores.

The final parsimonious model included the WB indicators in addition to the initial model
covariates. This suggest that distance to recent forest clearings and distance to population
centres are strong predictors of deforestation. Quality checks suggests that the model explains
a moderate proportion of the observed variation in deforestation across the examined

landscapes (Nagelkerke’s r? 0.47) although with some departure from assumptions.

CALL:
GLM(FORMULA = IS_DEFOR ~ ELEVATION + SLOPE + ACCESS + DIST_DEFOR_MEAN_5 +

WB, FAMILY = BINOMIAL, DATA = DATA)

DEVIANCE RESIDUALS:
MIN 1Q MEDIAN 3Q Max
-1.2587 -0.2130 -0.0021 0©0.0000 3.6939

COEFFICIENTS:

ESTIMATE STD. ERROR Z VALUE PR(>|z])

(INTERCEPT) -1.451E+02 5.669E+00 -25.596 < 2E-16 ***
ELEVATION -2.111€-01 4.360E-02 -4.842 1.29e-06 ***
SLOPE -1.284E-01 4.396E-02 -2.922 0.003481 **

ACCESS -6.405E-01 7.050E-02 -9.084 < 2E-16 ***
DIST_DEFOR_MEAN_5 -1.230c+03 4.857E+01 -25.324 < 2E-16 ***
WB 5.679E-02 1.576E-02 3.603 0.000315 ***

SIGNIF. CODES: @ ‘***° 9,001 ‘**’ @.01 “*’ @.05 “.” 0.1 ¢’ 1
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(DISPERSION PARAMETER FOR BINOMIAL FAMILY TAKEN TO BE 1)

NULL DEVIANCE: 9899.2 ON 20026 DEGREES OF FREEDOM

RESIDUAL DEVIANCE: 5877.1 ON 20021 DEGREES OF FREEDOM

AIC: 5889.1

NUMBER OF FISHER SCORING ITERATIONS: 15
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APPENDIX B

Examining the differences of Chapter 2 and Chapter 3 effect sizes.

Given the differences observed on the estimates of reduced deforestation between Chapter 2 and

Chapter 3, we took a closer look at comparing the results of these two different approaches to matching

and their results. A comparison of the matching setups and the resulting outcomes are provided below.

Parameter Chapter 2 Chapter 3

Units of ~30m? pixel ~7 ha plots

analysis

Sampling 250 mts. distance between 1 km distance between treated samples,
treated samples, random random sampling in landscapes with at
sampling in the landscape least 1 km distance
area

Matching Elevation, Slope, Dist. to Elevation, Slope, Dist. Degradation,

Covariates deforestation, Accessibility,  Accessibility, Biome, Forest extent at the
Biome time of project implementation, Forest

extent in 1990
Algorithm Mahalanobis, matching with  Mahalanobis, Random Forest and

replacement. No calipers

Propensity score matching. Matching
with and without replacement. 5 calipers

used (0.1, 0.3,0.5,0.7, 0.9).
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Figure B.1: Avoided deforestation estimates using all matched models following Chapter 3
methods. Dots indicate the models’ mean estimates (95% Cls omitted), coloured by matching

quality scoring (red=rejected, green=accepted). Where data is available, Chapter 2 estimates are
provided with a ‘+’ symbol.

A post-matching examination of matching quality metrics revealed no major differences between
Chapter 2 and Chapter 3 sets, as shown in the covariate similarity metrics obtained in both studies,
particularly when looking at the matched sets in Chapter 3 that were constructed using a Mahalanobis
algorithm and a similar covariate combination than that in Chapter 2. In other words, the differences in
the rates of deforestation observed in the control groups of Chapter 2 and Chapter 3 do not seem to be

driven by differences in covariate characteristics, as these tended to be similar across studies.

We hypothesised that the differences in sampling density and the decision to match with replacement in
Chapter 2 could explain the observed differences in effect sizes. In Chapter 2 we collected many more

samples than in Chapter 3 since we used ~30m pixels as a unit of analysis. We matched with
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replacement, allowing control units to be paired with more than one treated unit, to ensure that as
many treated samples as possible were matched. As will be shown in the following section, this led to
some control units taking a disproportionate large share of the treatment observations, which in turn

might have impacted our effect size estimations.
Uncovering potential issues of matching with replacement.

Matching with replacement led to control observations being selected repeatedly to ensure each
treated pixel was matched with a control. In some cases, this led to some controls units being paired
with a high number of treated units. While it is expected for control units selected with replacement to
have a larger weight in the observational pool due to the number of treatment units attached to them,
‘high influence’ units, i.e. those holding the largest share of the treatment pool, can have a
disproportionate impact in the estimation of outcomes for the control group, which in turn impacts

effect size estimations.

To exemplify potential issues with high influence units | examined the control pool selected for the
COFAV site in Chapter 2, established in the Ambositra-Vondrozo corridor in Madagascar (VCS site 1047),
as it is here where the largest discrepancies are shown between Chapter 2 and Chapter 3, of -1.2%/yr
and -0.2%/yr, respectively, when computing estimates of REDD+ effectiveness. High influence units that
changed their outcome status, from forest to deforested, would signal a high deforestation rate in the

control group, even though such deforestation took place on a few individual pixels.
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Figure B.2: Forest outcomes in the top 30 weight percentile of the control group, for VCS 1047.
Observations arranged by weight percentile (i.e., number of treated units, x-axis) and the percent
of paired treated observations allocated to each of them (y-axis). Colour indicates the outcomes
status after 5 years of project implementation. The 32 deforested control pixels in this category
(red) were paired with 1400 treatment pixels.

When examining the impact of high influence observations across all sites, we observed a correlation
between the deforestation outcomes in the top 30 weight percentile and the deforestation rate in the
control group as a whole (Spearman’s rho= 0.8, p<0.0001, panel a below). This highlights the sensitivity
of reported outcomes in the control groups to the outcomes observed in high influence observations,
which in our sample amounted to up to 50 units in the observed sites. For VCS 1047, we identified 32

deforested pixels that were paired with 1400 treatment pixels.
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Figure B.3: Deforestation outcomes in the top 30 weight percentile of the control group.
Deforested pixels in the top 30 weight percentile, with the percent of total treated units paired to
these shown in the x-axis. Deforestation observed in controls after 5 years of project
implementation (a), and effect sizes (b) shown int the y-axis. High influence deforested units
amounted to relatively few observations, with up to 50 observations in the examined sites. For
VCS 1047 (highlighted in the plot), 32 deforested pixels were paired with 1400 treatment pixels.

Concluding remarks.

Matching with replacement is a commonly used form of matching, particularly in situations when finding
suitable controls is constrained by the availability of potential candidates (Stuart et al. 2010), however,

the implications of having units with a large share of treated observations has not been put in context.
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This analysis suggest caution when using matching with replacement, and highlight the needs to

introduce quality checks the verify that the outcomes in the control groups is not driven by a few high

weight units.

Supplementary figures
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Figure B.4: Patterns of deforestation, before and after project implementation, for VCS site 1047.
Plot-level mean estimates of forest loss (Ha) in treated (blue) and control (red) samples. 95%

confidence intervals (grey) generated by bootstrapping. This particular time-series comes from a
matched set that meets all quality criteria.

Supplementary Tables
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TABLE B.1: POOLED TREATMENT EFFECT ESTIMATES OF SELECTED MODELS.

VCSID (ISO 3) Area(km2) No. of matched sets Bootstrapped effect size [95% Cl] (%/yr) Median baseline (SD) (%/yr)
1118 (BRA) 336 17 0.12 [0.11 0.14] 0.75(0.1)
1329 (BRA) 302 24 -0.39 [-0.4-0.37] 0.21 (0.14)
1112 (BRA) 428 20 -0.12 [-0.13 -0.11] 0.08 (0)
PL1654 (BRA) 473 31 -0.03 [-0.04 -0.03] 0.14 (0.04)
1113 (BRA) 292 20 -0.12 [-0.12 -0.11] 0.39 (0.02)
963 (BRA) 357 20 0.04 [0.04 0.05] 0.22 (0.02)
1382 (BRA) 397 35 -0.02 [-0.02 -0.02] 0.04 (0)
875 (BRA) 721 29 0[00.01] 0.2 (0.12)
1571 (BRA) 736 11 -0.35 [-0.36 -0.32] 0.12 (0.02)
1115 (BRA) 782 7 -0.03 [-0.04 -0.03] 0.56 (0.1)
1094 (BRA) 991 20 0.03 [0.02 0.04] 0.19 (0.16)
1503 (BRA) 1016 49 0.07 [0.06 0.08] 0.17 (0.08)
981 (BRA) 1502 70 -0.03 [-0.04 -0.03] 0.24 (0.04)
1686 (BRA) 1877 24 0.05 [0.05 0.05] 0.02 (0.02)
977 (BRA) 2111 73 -0.02 [-0.03 -0.02] 0.07 (0.04)
1359 (COD) 1994 42 0.01[0.010.01] 0.36 (0.03)
934 (COD) 2796 40 0.04 [0.04 0.04] 0.36 (0.04)
1052 (COG) 927 46 -0.01[-0.01 0] 0(0)

856 (COL) 107 31 0.04 [0.03 0.04] 0.22 (0.05)
1399 (COL) 405 47 -0.04 [-0.05 -0.03] 0.06 (0.04)
1391 (COL) 542 45 -0.05 [-0.06 -0.05] 0.06 (0.03)
1396 (COL) 611 58 -0.19[-0.2 -0.17] 0.12 (0.06)
1389 (COL) 554 49 -0.61 [-0.63 -0.6] 0.38 (0.06)
1392 (COL) 658 47 -0.08 [-0.08 -0.07] 0.05 (0.02)
1395 (COL) 920 41 -0.21[-0.23-0.19] 0.09 (0.06)
1400 (COL) 650 36 -0.1[-0.11-0.09] 0.05 (0.01)
1390 (COL) 1342 20 -0.05 [-0.06 -0.04] 0.17 (0.06)
1566 (COL) 15572 39 0.02 [0.01 0.02] 0.24 (0.08)
1477 (IDN) 1507 24 -0.31[-0.34-0.29] 0.23 (0.06)
PL1748 5005 35 -0.12 [-0.14 -0.11] 0.55(0.1)
(KHM)

1215 (MDG) 3747 46 -0.2 [-0.2 -0.19] 0.9 (0.13)
1311 (MDG) 3926 57 -0.14 [-0.14 -0.13] 0.44 (0.09)
1047 (MDG) 1443 46 -0.2 [-0.23 -0.18] 0.53 (0.16)
PL1218 (PER)  87.2 9 -0.14 [-0.18 -0.1] 0.33 (0.48)
1360 (PER) 1293 53 0.03 [0.03 0.03] 0.16 (0.02)
944 (PER) 1787 66 -0.03 [-0.03 -0.03] 0.38 (0.05)
958 (PER) 3003 83 -0.01 [-0.01 -0.01] 0.15 (0.02)
1067 (PER) 5658 56 -0.04 [-0.04 -0.03] 0.15 (0.02)
985 (PER) 13627 56 -0.01 [-0.01 -0.01] 0.09 (0.03)
1122 (PNG) 6539 44 0[-0.010] 0.05 (0.01)
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METRICS OF MATCHING QUALITY AND MATCHING PARAMETERS

We conducted post-hoc tests to evaluate how matching specifications performed across the
four specified components of matching quality: 1) post-matching covariate balance between
treated and selected control samples, 2) proportion of units matched, 3) similarity of
deforestation rates in the period prior to REDD+ (i.e. “parallel trends”), and 4) sensitivity of
effect sizes to hidden confounders. We developed a quantitative quality metric for each
component, which is developed in the following sections. To determine differences in quality
metric due to matching specifications, we ran post-hoc Kruskal-Wallis test on matching runs
grouped by algorithm, covariates and calipers thresholds. In all cases, the critical difference

among groups was established at a = 0.05.
Covariate balance

We derived a single numerical score of covariate balance, by computing the mean of the
standardised differences across all the covariates used in each matching run, where values
close to or equal to zero indicate the most optimal balance between treated and control

covariate distributions.

Variations in covariate balance scores were explained by the choice of algorithm (Kruskal-Wallis
rank sum test, p < 0.001, H=984.73). Comparisons between groups of model runs showed that
RFM models attained the lowest average balance scores (median= 0.965), and were
significantly different from PSM models (median=0.897). MDM runs showed the highest post-
matching balance scores (median=0.846), and were significantly better than PSM models

(Fig. 1.2).
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Figure B.2: Balance scores by matching algorithms. Asterisks indicate significant differences
between matching algorithms (*p < 0.05; ***p < 0.001). Values close to zero indicate better
covariate balance.

Proportion of matched units

Variations in matched sample sizes were explained by the choice of matching algorithm
(Kruskal-Wallis rank sum test, p < 0.001, H=680.67). Comparisons between model groups
showed that the proportion of matched observations using MHN and PSM were virtually similar
(median=0.787). RFM models showed significantly lower proportion of matched observation
than their counterparts (median = 0.667) (Fig. 1.3). Moreover, we found a moderate association
between the proportions of observations matched and the choice of caliper. Comparisons
showed a significant difference between models with the lowest (0.1, median=0.742) and the

highest caliper threshold (0.9, median=0.775, Fig. 1.4).
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Figure B.3: Proportion of treated observations matched by matching algorithms. Asterisks indicate
significant differences between matching algorithms (*p < 0.05; ***p < 0.001). Values closer to 1
indicate better quality scores.
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Figure B.4: Proportion of treated observations matched by caliper selection. Asterisks indicate
significant differences between matching algorithms (*p < 0.05; ***p < 0.001). Values closer to 1
indicate better quality scores.

Similarity of outcomes prior to the intervention

The similarity outcomes in the pre-treatment period was determined by fitting a mixed effect
model: PropAreaforest;; = By + B1Year; + B,CI; + BsYear X Cli, + (1|t) + &, where the
psYear X ClI; term is the parameter that allows us to test for significant differences in the
trend lines of treated and control plots prior to treatment. We used the significance value of 33
as a quantitative metric of quality, where values further away from zero represent matched

sets that more credibly meet the parallel trends condition.

Variations in the significance of the 55 term were explained by the choice of matching
algorithm (Kruskal-Wallis rank sum test, p < 0.001, H=680.67). Comparisons between model
groups showed that MHN a resulted in models with similar magnitudes in the interaction term
(median=0.173) and were not significantly different from RFM (median=0.171). However, PSM
models resulted in sets whose interaction terms were more likely to be significant (median =

0.039, Fig. 1.5). Moreover, comparisons showed a significant difference between models
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matched with the ‘Base’ set of covariates (median=0.008) and models that included a
measurement of forest area at the time of project implementation (base + forest area,
median=0.206; and base + forest area + forest 1990, median=0.452; Fig. 1.6). We found no

association between caliper choice and parallel trends scores.
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Figure B.5: Significance of the parallel trends’ interaction term by matching algorithms. Asterisks
indicate significant differences between matching algorithms (*p < 0.05; ***p < 0.001). Values
further away from zero indicate better quality scores.
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Figure B.6: Significance of the parallel trends interaction term by sets of covariates. Asterisks
indicate significant differences between matching algorithms (*p < 0.05; ***p < 0.001). Values
further away from zero indicate better quality scores.

Robustness to hidden confounders

We used the residual variation value (RV) as a quantitative metric of robustness to hidden

confounders, where values further away from zero represent more robust matched sets.

Variations in thresholds to unobserved confounders RV were explained by the choice of
matching algorithm (Kruskal-Wallis rank sum test, p < 0.001, H=60.38). Comparisons between
model groups showed that RFM models attained the lowest average RV thresholds
(median=0.021), and were significantly different from MHD models (median=0.024). PSM runs
showed the highest average robustness scores (median=0.031), and were significantly better
than MHD models (Fig. 1.7). Moreover, variations in the RV values were observed by the
combination of covariates. Comparisons showed a significant difference between models fitted
with the core matching covariates (‘Base’, median=0.024) and model runs that included a
measurement of the area of forest at the time of project implementation (‘Base + Forest area’,

median=0.032; Fig. 1.8).
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Figure B.7: RV by matching algorithms. Asterisks indicate significant differences between
matching algorithms (*p < 0.05; ***p < 0.001). Values further away from zero represent better
quality sets.
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Figure B.8: RV by covariate selection. Asterisks indicate significant differences between sets of
matching covariates (*p < 0.05; ***p < 0.001). Values further away from zero represent better
quality sets.
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APPENDIX C

a

- Undisturbed forest
. e

- REDD+ boundaries
- Intervention samples
- Leakage samples
- Control samples

Figure C.1: Schematic of the sampling design. Inner rectangles in a and b represent the reference
regions for panels b and c, respectively. Features shown in the maps include protected areas
(purple), REDD+ area (VCS 1359, cyan), treatment samples (orange), landscape samples (yellow)
and leakage samples (red). Biomass as in Soto-Navarro et al. 2020 (b) and aggregated at the plot
level (c) shown with reference scale bars (MgC ha).
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Figure C.2: Analysis of drivers of deforestation. Spatial patterns of drivers of deforestation as
represented by Curtis et al. 2018. REDD+ boundaries (VCS 1359, green) and leakage belt (black)
delineated for reference.
1047 (MDG) [FALSE] 1052 (COG) [TRUE] 1067 (PER) [TRUE] 1112 (BRA) [TRUE] 1113 (BRA) [TRUE] 1115 (BRA) [TRUE] 1118 (BRA) [FALSE]
01— 000 0,000 f=————r——or— 0.00 === 0,00 F————r———v 0.05
) ! -0.025 0.05 -0.05 0004 ool _o 0.2
0.1 . 0,001 - §---0=-=¢- . |00 ’ .
P -0.050 -0.154 o |00 * | 005 01 + 1
03 + -0.02 0.0754 -0.201 -0.151
-0.25 -0.10 ot L
1122 (PNG) [TRUE] 1215 (MDG) [FALSE] 1311 (MDG) [TRUE] 1329 (BRA) [TRUE] 1359 (COD) [TRUE] 1360 (PER) [TRUE] 1382 (BRA) [TRUE]
0.04 R e 0.00f === 0.00f=————7———+
003 0.05] 027 ¢ 0.08 + 0.075 +
002 0.1 010 0 o o o | 002 + i
0.01 . el 0-21 Rl 0.025
___________ -0.2 (] 20.154 + . 0.4 -0.04
0.00 o | 015 - 0004 ————-$oen 0000 - foo
-0.01 ’- + + -0.6 + -0.06
1389 (COL) [TRUE] 1391 (COL) [FALSE] 1392 (COL) [TRUE] 1395 (COL) [TRUE] 1396 (COL) [TRUE] 1399 (COL) [TRUE] 1400 (COL) [TRUE]
000 T PO e m— 0,00 === 0,00 === ==—"" 000 === 0.00F ===
0l K 0.025 -0.05 ¢
5 025 -0.025 .| -o0s -0.051 4 0051 4 00004~ 4= --fommnn -0.10 *
L 050 o |-0.050 o |-010 o |-0104 . * | 015
2 s + -0.075 0101 -0.15{ + 015 0025 020
e -0.100 : : -0.050 0.25
ﬁ 1477 (IDN) [TRUE] 1503 (BRA) [FALSE] 1566 (COL) [TRUE] 1571 (BRA) [FALSE] 1686 (BRA) [TRUE] 856 (COL) [FALSE] 875 (BRA) [FALSE]
2 0.04 [ e
2 g:; L -* --------- 0.3 + 0.034 0.1 + 0.06 1 02 0.10
g o1 . 0.2 i 0.02 -0.21 0.044 . - L] oo
2 02 + 0.1 i 0.01 + ? 'gi' + * | 0oz ! +_ o001 - "_*"4_
z :gfi [L -1, " A A—— 000 -----F----- s 000kococo oo R i S 005
934 (COD) [NA] 944 (PER) [TRUE] 958 (PER) [TRUE] 963 (BRA) [TRUE] 977 (BRA) [TRUE] 981 (BRA) [TRUE] 985 (PER) [TRUE]
0,00 fomm === 0.00 P e
0.075 0.04 0.050 + 0.104 + 0021 + -0.01 00s0{ 1
0.050 0.02 0.025 . | oo0sq L . -0.02 o | o025 e
I R D S ] -0.03
0.025 0.00 f 0.0004 - ———p-—o- 0004 -----f----- -0.04 * -0.04 00004 - - o=
0000dbece oo -0.02 : ¥ -0.06 4 -0.05 ' ]
PL1218 (PER) [FALSE] PL1654 (BRA) [FALSE] PL1748 (KHM) [TRUE]
0w 0.3 0.00f=—=—=c==-==
01 0.2 + 0.05
0.2 ? 0.1 . -0.101
.
-0.3 00t ----- §- -0.154 +

+ Leakage + REDD+ + Combined

Figure C.3: Differences in annual forest loss rates. Differences in annual rates of deforestation (%
yr'l) observed in the 38 matched project sites and their controls (green), and leakage belts and

138



their controls (red), five years after the implementation of REDD+. Error bars are for 95% Cl
where standard errors were clustered at the treatment-control pair level. The combined effect
sizes of the differences in deforestation in rates in REDD+ and leakage belts provided in blue.
Banner indicates the project ID followed by the 1ISO-3 country code and an indicator of whether
the matched set in the leakage belt met all the quality criteria.

TABLE C.1: OVERLAP BETWEEN MATCHED PLOTS AND OBSERVATIONS FROM THE GEDI MEAN BIOMASS GRIDDED
PRODUCT. THE TABLE SHOWS SEVEN PROJECTS WITH THE HIGHEST GEDI DATA COVERAGE (BUT ALL PROJECTS
WERE EXAMINED).

Project iso3 Project ID Available GEDI observations Sample plots Percent of overlap
BRA 981 1210 25593 5%
BRA 977 1453 36195 4%
BRA 1094 480 11986 4%
PER 1360 895 24486 4%
PER 944 1006 28584 4%
BRA 1382 292 8303 4%
BRA PL1654 324 9216 4%

TABLE C.2: PREDICTORS OF FOREST LOSS

term estimate std.error df statistic p.value
Intercept 0.0085 le-03 104712 8.2844 0.0000
Elevation -0.0001 le-04 104712 -1.2295 0.2189
Slope -0.0001  1e-04 104712 -1.3813  0.1672

Dist. to cities -0.0032 le-04 104712 -53.2354 0.0000
Dist. to REDD+ 0.0002 le-04 104712 2.8651 0.0042

TABLE C.3: TOTAL ESTIMATES OF AREA (HA) AND BIOMASS (GGC)

Observational group  Control Treatment
Area (Ha)

REDD+ 338940.2 510757.5

Leakage 515185.0 661831.9

Carbon (GgC)

REDD+ 54289.44 79697.90
Leakage 78151.85 99563.09
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