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Abstract
The central role of forests in climate change mitigation, as recognized in the Paris agreement,
makes it increasingly important to develop and test methods for monitoring and evaluating the
carbon effectiveness of REDDþ. Over the last decade, hundreds of subnational REDDþ
initiatives have emerged, presenting an opportunity to pilot and compare different approaches to
quantifying impacts on carbon emissions. This study (1) develops a Before-After-Control-
Intervention (BACI) method to assess the effectiveness of these REDDþ initiatives; (2) compares
the results at the meso (initiative) and micro (village) scales; and (3) compares BACI with the
simpler Before-After (BA) results. Our study covers 23 subnational REDDþ initiatives in Brazil,
Peru, Cameroon, Tanzania, Indonesia and Vietnam. As a proxy for deforestation, we use annual
tree cover loss. We aggregate data into two periods (before and after the start of each initiative).
Analysis using control areas (‘control-intervention’) suggests better REDDþ performance,
although the effect is more pronounced at the micro than at the meso level. Yet, BACI requires
more data than BA, and is subject to possible bias in the before period. Selection of proper
control areas is vital, but at either scale is not straightforward. Low absolute deforestation
numbers and peak years influence both our BA and BACI results. In principle, BACI is superior,
with its potential to effectively control for confounding factors. We conclude that the more local
the scale of performance assessment, the more relevant is the use of the BACI approach. For
various reasons, we find overall minimal impact of REDDþ in reducing deforestation on the
ground thus far. Incorporating results from micro and meso level monitoring into national
reporting systems is important, since overall REDDþ impact depends on land use decisions on
the ground.
7 UNFCCC NDC registry www4.unfccc.int/ndcregistry/Pages/All.
aspx, 5 December 2016
1. Introduction

Reducing emissions from deforestation and forest
degradation and enhancing forest carbon stocks
(REDDþ) has emerged as a key climate change
mitigation strategy within the United Nations
FrameworkConventiononClimateChange(UNFCCC).
Through the Paris agreement, the necessity for
supporting and implementing REDDþ was recon-
© 2017 IOP Publishing Ltd
firmed and the role of forests as carbon sinks
emphasized (UNFCCC 2015). So far, approximately
40 countries7 mention either REDDþ or forests as
part of the mitigation strategy in their Nationally
Determined Contributions (NDCs). This importance
makes it critical to monitor and evaluate the carbon
effectiveness of REDDþ.
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Figure 1. Initiatives included in the Global Comparative Study on REDDþ.
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The measurement, reporting and verification
(MRV) of carbon stocks and emissions is a vital part
ofnationalREDDþ schemes (HeroldandSkutsch2009,
UNFCCC 2015). Carbon emissions are calculated by
multiplying activity data—the area of land use/cover
change due to human activity– by its corresponding
emission factor (Verchot et al 2012). While national
forest monitoring systems have progressed, e.g. with
PRODES fromtheBrazilian Institute forSpaceResearch
(INPE), capacities in developing and operationalizing
these MRV systems vary widely among countries
(Romijn et al 2015). In the last decade, technical
innovations in remote sensing and forest-relevant
monitoring techniques resulted in a plethora of national
and global datasets with increasing levels of coverage,
detail (spatial and temporal) and accuracy. Examples
include the Landsat-based Global Forest Change
2000–2014 (Hansen et al 2013), global pan-tropical
biomass datasets (Baccini et al 2012, Saatchi et al 2011,
Avitabile et al 2016), and national carbon maps using
LiDAR (Asner et al 2013).

Meanwhile, at the subnational level, hundreds of
REDDþ projects and programmes are led by a
diversity of actors including private non-profit
organizations, for-profit companies and government
agencies (Simonet et al 2015). The implementers of
these initiatives are applying a range of REDDþ
interventions from enabling measures (such as tenure
clarification) to command-and-control measures
(disincentives) to direct payments and livelihood
improvements (incentives). While data-driven devel-
opments facilitate forest and carbon monitoring, it
remains unclear how to align information on
subnational performance with national level reporting
related to NDCs. The implementers of several of these
subnational REDDþ initiatives state that ‘vertical
integration or nesting of MRV systems is important,
but has been elusive’ (Ravikumar et al 2015, p 919).

Any effectiveness assessment needs to compare an
observed outcome with a hypothetical counterfactual
(business-as-usual scenario, baseline or reference
level). In the face of dynamic contexts globally (e.g.
commodity prices), nationally (e.g. macroeconomic
policies), and locally (e.g. newly constructed roads),
simple retrospective ‘before-after’ (BA) reference level
assessments fail to properly attribute factors of change,
and consequently misjudge the impacts of REDDþ
2

interventions. Establishing a counterfactual that
discriminates these confounding effects is the key in
assessing true policy impacts. The quasi-experimental
Before-After-Control-Intervention (BACI), or differ-
ences-in-differences (DID), approach aims to control
for these contextual changes. It is applied in ecological
studies to assess the effect of a stress or treatment on a
given population (Smith 2002) and in econometrics
and social sciences for program evaluation (e.g.
Imbens and Wooldridge 2009, Jagger et al 2010).
The unit of interest is measured at (a minimum of)
two points in time (before and after the treatment) and
in (at least) two different locations, that is, an area
subjected to the ‘treatment’ (intervention area) and an
area that is not (control area), to identify changes that
are additional. The BA approach corresponds to using
a conventional reference level, i.e. the average
historical deforestation (e.g. past ten years). Hence,
unlike BACI, it does not account for changes in drivers
during the intervention period. This paper explores
the application of both methods to measuring the
performance of subnational REDDþ initiatives. The
purpose of the comparison is to increase our
understanding of conditions under which the more
complex and costly BACI approach is essential, and
those conditions under which BAmight be acceptable.

Here, we (1) develop a BACI method to assess the
effectiveness of these REDDþ initiatives; (2) compare
the results at the meso (initiative) and micro (village)
scales; and (3) compare BACI with BA results. We
focus on comparing the results of different methods
and scales, rather than on explaining individual
performance scores of the REDDþ initiatives.
2. Methodology
2.1. Study area
Our study includes 23 subnational REDDþ initiatives
in Brazil, Peru, Cameroon, Tanzania, Indonesia and
Vietnam from CIFOR’s Global Comparative Study on
REDDþ (GCS) (figure 1). They differ greatly in terms
of proponent type (government, NGO, private sector),
size (ranging from 28 to approximately 160 000 km2),
environmental context (from dense primary rainforest
to dry miombo woodlands) and interventions applied
(Sills et al 2014). While specific interventions differ
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across sites, most proponents use customized combi-
nations of enabling measures, disincentives and
incentives to reduce deforestation and degradation
(Duchelle et al 2017).

2.2. Tree cover data
We use the Global Forest Change data (version 1.2),
which is based on a time series analysis of Landsat
satellite imagery, providing tree cover density for 2000
and annual tree cover loss for 2001–2014 (Hansen et al
2013). Some have questioned the local accuracy of this
global dataset (Bellot et al 2014) which may over- or
underestimate absolute forest area and forest change in
different ways across the globe. Yet, it is currently the
only source of annual data on global tree cover loss at
medium spatial resolution (Landsat 30 m). Further-
more, for the purpose of comparison among sites and
countries, we only present the relative trends of tree
cover change and we do not aim to make any claims
about deforestation numbers in absolute terms (e.g. ha
of forest converted into other land use). That is, in our
analysis, we use the data to compare trends within the
same region (i.e. comparing villages inside and outside
intervention areas, and comparing intervention areas
to the surrounding jurisdiction). Thus, we only
compare areas that should be subject to the same
tendencies towards under- or overestimation of
deforestation, thereby removing that bias from the
comparison.

Tree cover loss is used as proxy for emissions from
deforestation. At this stage, we do not consider
carbon emissions (i.e. emission factors). We thus
implicitly assume that emissions are mainly driven by
activity data. We define forests as areas with >10%
tree cover, in line with the FAO (2000) definition.
8 Homogeneous trends in the before period like those presented in
figure 2 show the ideal situation.

3

Accordingly, we generated a forest mask from the tree
cover in 2000 layer from the Hansen data. Forest loss
is defined as changes in tree cover from >10% in
2000 to ∼0% (see supplementary material of Hansen
et al 2013) in any subsequent years. Areas of forest
loss and, correspondingly, annual forest loss as a
percentage of initial forest cover were calculated by
using the area() function of the Raster package in R
(Hijmans 2016).

2.3. Performance assessment framework
For both approaches, we aggregate the time series data
on annual tree cover loss into two periods (before and
after) (figure 2). To compare assessment approaches,
we simultaneously apply BA and BACI approaches.
Correspondingly, we calculate relative performance
scores to allow for comparison across sites and
countries.

REDDþ initiatives’ starting years differ, ranging
from 2006 to 2013 (Sills et al 2014, appendix 69), thus
the number of years in the after period ranges from
two to nine (see table 1). The BA score a is calculated
as follows:

BA score a ¼ xAI � xBI

with xAI ¼ 1

na

Xna

i¼1

xi and xBI ¼ 1

nb

Xnb

i¼1

xi
ð1Þ

Where xAI represents the average annual deforestation
rate in the intervention area in the period since the
intervention started, as a percentage of the total
forest area in 2000; xBI represents the average
annual deforestation rate in the intervention area
in the period from the start year of measurement
9 Start years for Bolsa Floresta, SE Cameroon and KCCP are slightly
earlier compared to those reported in Appendix 6 of Sills et al (2014)
because of activities preceding the official REDD+ initiative start
date.
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(here: 2001) up until the intervention started, na and
nb the number of years in respectively the after and
before period. A BA score of �2 thus means that the
average annual deforestation rate in the intervention
area decreased by 2% points when compared to pre-
intervention years.

When including control areas in the assessment,
the BACI score b is calculated as follows:

BA score b ¼ ðxAI � xBIÞ � ðxAC � xBCÞ
with xAI ¼ 1

na

Xna

i¼1

xi; : : : etc:
ð2Þ

Here, xAC and xBC represent the average annual
deforestation rates in the control areas in the after and
before period, respectively. b thus scores performance
in the intervention area as compared to its control
area. A negative b indicates a greater reduction or
lower rise in deforestation in the intervention area
than in the control area, and thus a positive REDDþ
impact. We calculate the BACI scores b at both meso
and micro levels (see next section and figure 3).
10 In 17 cases, the intersecting districts were used as the control unit.
District is defined as the jurisdictional level below region, which
corresponds to the municipality in Brazil; district in Peru, Tanzania
and Vietnam; department in Cameroon; and regency in Indonesia.
In five cases, the region that overlaps with the initiative was used as
the control unit. Region is defined as the first subnational
jurisdictional level below the country, which is called state,
department and province in respectively Brazil, Peru and Indonesia.
In the case of Acre’s State System of Incentives for Environmental
Services in Brazil, which is the largest initiative in our sample, the
area of the Brazilian Amazon biome was used as the control unit.
2.4. Levels of analysis: initiative and villages
To successfully assess the impacts of REDDþ, cross-
scale integration is needed (de Sassi et al 2015). We use
two units of analysis for the intervention area:
initiative boundaries (meso level) and intervention
village boundaries (micro level), as not all villages
within any given initiative area were subject to the
same suite of interventions, and thus were not ‘treated’
with the same intensity by implementers. For the meso
level analysis, we used the site boundaries of all 23
REDDþ initiatives in the sample. Our control units at
4

this level differ depending on the size of the initiative.
Generally, they consist of the corresponding next
higher jurisdictional level (left panel, figure 3), i.e.
either districts (18 cases for smaller REDDþ projects),
region (four cases for district-level initiatives and
larger REDDþ projects) or biome (one state-level
jurisdictional program in the Brazilian Amazon)10.

For the micro level analysis (right panel, figure 3),
we focused on 16 of the 23 REDDþ initiatives, known
as ‘intensive sites’ in the GCS, where representative
control villages were selected based on matched
reported percent forest cover, deforestation pressures,
market accessibility and socioeconomic factors from
an ex ante rapid rural appraisal (Sunderlin et al 2016).
Hence, for the seven sites without matched control
villages, we performed the BA and BACI analysis at the
meso level only.

Village boundaries were made spatially explicit to
reflect the area influenced by villagers. Since the
concept of ‘village’ varies by country, and village
boundary data were sometimes unavailable, spatial
boundaries were compiled to adequately reflect local
conditions. These boundaries were either provided by
the government; provided by the REDDþ propo-
nents; geo-referenced by field researchers; or obtained
by buffering household points (appendix A).
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Figure 4. BA and BACI classified scores per analysis level, where n is the number of initiatives.

Table 1. Summary statistics.

Level Variable Explanation n min. max. mean median

both start year start year of the initiative 23 2006 2013 2009 2009

both na years in after period 23 2 9 6 6

both nb years in before period 23 5 12 8 8

meso a BA score (in initiative area) 23 �0.903 0.588 0.043 0.083

meso b BACI score 23 �1.184 0.315 �0.085 0.002

micro a BA score (in intervention villages) 16 �2.139 0.669 �0.271 0.048

micro b BACI score 16 �2.277 2.827 �0.449 �0.466

Environ. Res. Lett. 12 (2017) 074007
3. Results
3.1. General results
Table 1 shows11 the summary statistics of the main
variables introduced in section 2.3.

The results of the BA a and BACI b performance
scores were grouped into good, neutral and poor12,
where a good score means a relative reduction in tree
cover loss over time (BA, BACI) and/or compared to
the control area (BACI) (figure 4).

First, we compare results from the two aggrega-
tion levels. At the meso (initiative) level, the median
scores for both approaches (BA and BACI) are close
to zero (table 1), meaning that there is no substantial
change in deforestation rates between the two periods
across the sample as a whole. At the micro (village)
level, however, the scores are typically lower when
compared to the results at meso level (i.e. better
scores in terms of reduced deforestation rates)13.
11 See appendix table B1 for an extended version of the summary
statistics.
12 When grouping the scores, the following thresholds were used:
good � −0.1; −0.1 > neutral < 0.1; and poor � 0.1. We tested
different cut-offs ranging from (−)0.05 to (−)0.5 which all led to
similar conclusions, so for illustrative reasons, we decided to use 0.1.
Scores close to zero are more likely to be influenced by uncertainties
in the data than by a clear direction in performance.
13 These results are not influenced by the difference in sample size
between the meso and micro level (appendix figure C1).

5

Apparently, the interventions thus had less impact at
the more aggregated level. This finding could be due
to interventions targeting only a few villages
(including the ones studied here) within the site or
within-site leakage from treated to untreated villages,
which would lower the scores at the meso level.

Second, we compare the two assessment meth-
ods. The BA scores (a) range from �2.139 (good
performance) to 0.669 (poor) and the BACI scores
(b) range from �2.277 (good) to 2.827 (poor). The
BACI scores are typically lower than the BA scores at
both meso and micro levels. Hence, the intervention
areas tend to outperform the control areas,
regardless of the overall trend in annual deforesta-
tion rates over time. Yet, median micro deforestation
declines more in intervention than in control areas
(median BACI score of �0.466), indicating slightly
better REDDþ performance at lower aggregations.
In turn, most good BACI scores at meso levels
represent cases of increased deforestation trends
though these increases were generally lower than in
control areas.
3.2. Individual BA and BACI scores
To better understand the methodological differences,
in this section we examine specific scenarios. Table 2
shows the occurrences of the prevailing factors that
affect the BA and BACI scores, which we explain in
more detail below.



Table 2. Occurrences per analysis level of factors affecting the BA and BACI scores.

Level No.

casesa
Bias in before

periodb
Low absolute

deforestationa
Peak

yearsa
Outperforming control

areab
Clear comparative

performancea

Meso 23 7 9 16 1 5

Micro 16 2 8 13 1 1

a Relevant for both BA & BACI.
b Relevant for BACI only.
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Figure 5. Annual deforestation rates (%) in the before and after period for the intervention (a) and control (b) areas for one initiative
in Brazil, where n is the number of years per period. Upper and lower extremes of whiskers represent Q3þ 1.5�IQR and Q1–1.5�IQR
respectively, where IQR ¼ Q3�Q1.
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3.2.1. Bias in the before period
To confidently attribute changes (or lack thereof) to
REDDþ activities in the after period, tree-cover loss
patterns for intervention and control areas should
have been similar in the before period (figure 2). Yet,
two sample t-tests show that in five meso cases, and in
two sites at both levels, significant differences in the
before period influenced the resulting BACI scores
(table D1). One such case is shown in figure 5 where
meso-level before deforestation rates in the initiative
area exceeded those in the corresponding control
districts.

3.2.2. Low absolute deforestation
For four meso-level cases, three micro cases, and five
sites at both levels, median annual deforestation was
less than 100 ha in absolute terms. Here, small year-to-
year deviations in deforestation can determine the BA
and BACI scores. Furthermore, many of these cases
correspond to forest change maps where marked tree
cover loss speckles may reflect degradation, climatic
effects, or input data errors. We should thus be
cautious in drawing conclusions from the correspond-
ing scores, which might be driven more by tree cover
data uncertainty than factual changes in deforestation
dynamics.

3.2.3. Peak year
Single years of exceptionally high tree-cover loss (for
intervention or control, before or after) can heavily
6

influence our target variable of mean annual
deforestation for BA and BACI scores alike.

A peak is defined as an observation above the upper
quartile. A post-intervention peak might flag failure to
target big driver(s) of deforestation, but could also have
natural causes. A peak in the control area in the before
period and a peak in the intervention area in the after
period (and vice versa) can cancel each other out when
having the same magnitude. Only seven meso-level
cases and threemicro-level cases showednopeaks in the
intervention or control areas in the period 2001–2014.
Wechecked the robustness of theBAandBACIscores by
recalculating the scoreswithout peak years and recorded
the shifts from one category (good or poor) to the
opposite (table 3, in bold). Themajority of the scores do
not shift categories (grey numbers). In one case (meso
level, BACI approach), the performance score would
change from good to poor if the peak years were
excluded from the analysis.

3.2.4. Control area outperforms intervention area
Using the BACI method, good REDDþ performance
can only be achieved if deforestation is reduced
more in the intervention than in the control area(s).
One meso-level (figure 6) and one micro-level case
show good BA scores, but poor BACI scores, because
control areas improved even more. In those cases, the
slowdown in deforestation might have occurred even
without the REDDþ intervention (e.g. due to
commodity prices or national policies).



Table 3. Evaluating BA and BACI score robustness to peak year influencea.
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Grey numbers indicate robust scores that are not influenced by the peak year.
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Figure 6. Annual deforestation rates (%) in the before and after period for the intervention (a) and control (b) areas for one initiative
in Brazil, where n is the number of years per period. Upper and lower extremes of whiskers represent Q3þ 1.5�IQR and Q1�1.5�IQR
respectively, where IQR ¼ Q3�Q1.
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3.2.5. Clear comparative performance scores
Clear comparative performance is defined as a score
where we found no bias in the before period; no low
absolute annual deforestation (median); and where the
presence of peak years –if any– did not determine the
category of the score. We found three meso level cases,
three micro level cases and three sites at both levels
with clear comparative performance scores (BA and
BACI).

For these clear meso level scores, there were two
with good, two with neutral, and two with poor BACI
scores. In one site, deforestation increased in its
corresponding control area, while deforestation
decreased in the intervention area, yielding a good
BACI score. One other site had poor BA, but good
BACI scores, meaning that deforestation increased
during the intervention phase, but less so than in
control areas. Yet, arguably, it may be difficult to
celebrate this latter case as a victory, since there was
still more deforestation in the intervention area in the
after period than before the REDDþ initiative started.

For the clear micro level scores, there were four
with good, and two with poor BACI scores. At one site,
7

deforestation decreased in the intervention area, while
it increased in the control site, yielding a good BACI
score. At another site, deforestation also decreased in
the intervention area, while there was a less substantial
decrease in the control area, resulting in another good
BACI score. The other two good BACI scores represent
cases where there was an increase of deforestation in
the intervention areas, but less so than in the control
areas. The two poor BACI scores represent cases of
outperforming control areas similar to those explained
in the previous section. That is, one denotes a case
where deforestation increased in the intervention
areas, while deforestation in the respective control
areas increased less. The other is a site where
deforestation decreased in the intervention villages
(good BA score), but the decrease in the control
villages was even stronger.
4. Discussion

We applied BA and BACI approaches at meso and
micro levels to assess subnational-level REDDþ



Table 4. Main advantages (þ) and disadvantages (�) of BA versus BACI assessment approaches, and of using meso versus micro
aggregation levels.

Assessment method

BA approach BACI approach

þ relatively simple and objective to implement þ able to discern additionality attributable to the intervention

� susceptible to external factors of influence, i.e. changes in

deforestation could wrongfully be attributed to the intervention

� requires careful ex ante control site selection and matching

� high sensitivity of results to matching method

Aggregation level

Meso level Micro level

þ helps understanding trends within context

þ may indicate cases of leakage (but further analysis is

then still required)

þ allows more precise comparison between intervention-targeted

and non-targeted units

� the notion of village is not universal, and delineating

boundaries may be subjective

� small changes may obscure ‘bigger picture’

� sensitive to extreme events or single drivers

� defining control areas may be more difficult

14 Two sites at micro level, and two sites at both meso and micro
level.
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performance. Both approaches and levels of measure-
ment have advantages and disadvantages for effective-
ness assessment (table 4). While the BA approach only
considers trend shifts in local deforestation as an
indicator for REDDþ performance, the BACI
approach adds comparative performance in control
areas. In principle, the BACI approach thus enables us
to control for changes in deforestation that are
unrelated to REDDþ interventions. Where BA
measures the direction of change, BACI intends to
measure attributive change. This approach, however,
requires careful ex ante control site matching and
selection. The high sensitivity of the results to
matching procedures is clear from our results. At
seven sites in the meso-level analysis, the jurisdiction
used as the control area for the initiative had a
significantly different pre-intervention deforestation
rate compared with the initiative. Although meso-level
assessment puts forest changes observed in the
initiative area in a wider context, selecting a suitable
control area (i.e. districts, region, or country) is not
straightforward, since ideally these control areas
should be subject to all of the same time-varying
factors as the intervention areas.

Assessing performance at the micro level allows for
more precise comparison between targeted and non-
targeted villages. Yet, as the notion of village is not
universal, delineating village boundaries can turn out
to be a subjective process, and small (absolute) forest
changes at the village level may wrongfully be
interpreted as equivalent to large (absolute) forest
changes at higher levels. Moreover, matching inter-
vention and control villages is challenging. At two
sites, in our micro-level analysis, baseline deforestation
rates in the intervention villages and their control areas
were significantly different, which resulted in unin-
formative BACI scores. For the village matching in
GCS, our matched samples of intervention and
control villages had statistically similar means across
a range of characteristics as later measured in a village
8

survey (Sills et al 2017). Still, the percent forest cover
variable used in the matching was based on reported
and not observed values, because global comparative
satellite data for all sites was not available when the
initial matching was performed in 2010. This choice
clearly had implications for outcomes subsequently
measured through the use of spatial data. Due to
recent developments in the remote sensing domain,
ex ante village matching could now be based on annual
tree cover loss data from satellite data instead of
reported forest cover loss from cost- and labour-
intensive field studies. Although the BACI approach
has strong analytical advantages, the sensitivity of
results to control selection cannot be overstated.

Independent of approach, we found slightly better
performance at the micro level compared to the meso
level, possibly reflecting both a higher local treatment
intensity, and more occurrence of confounding factors
at higher scales, as well as leakage (relocated
deforestation activities) from the intervention to
control areas. Still, only four sites14 had both a good
BACI score and were not influenced by factors like
control area bias, low absolute deforestation and peak
years.

The overall underwhelming performance of the
studied initiatives could be due to a host of factors.
First, performance scores are highly sensitive to cases
with a late start year, and one could question how
much REDDþ impact is reasonable to expect in the
early years of initiative implementation. That is,
multiple sites only had a couple of years of after
observation. Furthermore, funding has been a major
constraint for REDDþ, meaning that interventions
may not have been rolled out in the intensity originally
planned (Sunderlin et al 2015). Short time spans
combined with limited funding would naturally lead
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to less effective ‘treatment’, which may explain
underperformance. Second, we did not consider
forest degradation, which contributes to forest-based
emissions considerably (Lambin et al 2003, Putz et al
2008, Nepstad et al 1999) and is the focus of REDDþ
interventions at many sites (e.g. improved cooking
stoves in Tanzania, sustainable forest management in
Peru, etc.) (Sills et al 2014). While removals due to
selective logging, undergrowth fires and fuelwood
collection cannot yet be clearly detected by remote
sensing based methods (Wertz-Kanounnikoff et al
2008), substantial progress has been made in recent
years for measuring areas affected by forest degrada-
tion (De Sy et al 2012, GOFC-GOLD 2016). The
dataset used in this study is unable to identify
(reductions in) forest degradation, so any success
regarding the second ‘D’ of REDDþ would have been
missed here. Third, we only considered change in
forest loss as proxy for the carbon impact of REDDþ
and did not include forest gain, i.e. carbon stock
enhancements that are integral to REDDþ. Indeed, at
several sites in the sample, restoration activities are a
key part of the overall REDDþ strategy, but would also
needmore time to become significant andmeasurable.
Finally, possibly the REDDþ proponents did not
always effectively target the main driver(s) of
deforestation at their sites, which may genuinely affect
deforestation outcomes. For instance, most focus their
efforts on smallholders, but sometimes these are not
the main agents of deforestation, such as in some sites
in Brazil and Indonesia (appendix 5 of Sills et al 2014,
Sunderlin et al 2015). This prioritization of inter-
ventions targeting smallholders could also explain why
we found slightly better results at the village than at the
site level. However, as a general caveat, both BA and
BACI methods work better with longer timeframes,
and with before and after periods that are approxi-
mately equal. Future analysis is thus needed to
understand the longer-term impacts of REDDþ at
these sites and to better understand why impact varies
across initiatives, taking into account the variation in
both treatment and context.
5. Conclusion

Much early REDDþ progress has been through the
implementation of subnational initiatives, yet we
know very little about their carbon effectiveness. In
this paper, we compared two approaches for assessing
the effectiveness of 23 REDDþ initiatives in six
countries through: (1) analysing trend development
(BA approach); and (2) including control areas to
correct for confounding factors (BACI approach).

We conclude that the more local the scale of
performance assessment, the more relevant is the use
of the BACI approach. Although BA is a good starting
point for assessment, it is not able to distinguish
between the REDDþ effect and confounding factors.
9

BACI allows getting closer to attribution by removing
the confounding influence of background dynamics,
yet the results are only as good as the choice of control
areas. While this remains a key challenge, new global
forest datasets allow for improved control area
matching and selection.

Nevertheless, there may be local situations where a
BA approach, with its focus on the direction of change,
is useful. For instance, in cases where BA scores flag
poor and BACI scores good performance, due to
increases in deforestation being higher in control
areas than in intervention areas, the BA score makes
clear that deforestation is still increasing, just less
rapidly than would have occurred in the absence of
REDDþ. The poor BA score flags that the goal to
reduce deforestation has becomemore distant (change
has overall gone into the wrong direction); the good
BACI score reflects that under a ‘no intervention’
counterfactual things would have been even worse
(positive attribution). Conversely, in situations of
generalized positive changes, BA scores alone risk
painting a rosier picture than what could reasonably be
attributed to the REDDþ intervention.

The BA and BACI assessment approaches used in
our research both highlight overall minimal impact of
REDDþ in reducing deforestation thus far. This could
be due to the slow implementation of REDDþ
interventions and low treatment density; proponents
focussing primarily on smallholders instead of other
important drivers; and/or our analytical focus on
deforestation only, without examining degradation or
reforestation. Furthermore, we did not examine
specific REDDþ intervention mixes and strategies
applied at different sites. To better understand what
works (or not) in which contexts, linking the
performance assessment results to the (types of)
interventions would be an important next step.

Results-based payments for REDDþ will use
conventional reference level approaches at the national
level, yet there is clearly a need to understand the carbon
effectiveness of localREDDþ interventions. Indications
of which combinations of intervention mixes have
shown to be more or less effective under variable
contextual circumstancesmayprovide valuable pointers
for selective upscaling options to national REDDþ
policies. Countries should seek ways to incorporate
results from local level monitoring into their national
reporting systems, since overall REDDþ impact
depends on land use decisions on the ground.
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Appendices

Appendix A. Village boundary delineation
In Tanzania, REDDþ proponents provided official
village boundary data. In Indonesia, field researchers
Table B1. General results table extended.

Level Variable Explanation n min. max. mean median

both start year start year of the initiative 23 2006 2013 2009 2009

both na years in after period 23 2 9 6 6

both nb years in before period 23 5 12 8 8

meso xAI Average annual deforestation rate

in intervention area during after period

23 0.037 1.84 0.522 0.43

meso xBI Average annual deforestation rate

in intervention area during before period

23 0.021 1.62 0.479 0.37

meso xAC Average annual deforestation rate

in control area during after period

23 0.065 1.93 0.664 0.605

meso xBC Average annual deforestation rate

in control area during before period

23 0.048 1.62 0.536 0.465

meso a Before-After score (in intervention area) 23 �0.903 0.588 0.043 0.083

meso b BACI score 23 �1.184 0.315 �0.089 �0.008

micro xAI Average annual deforestation rate

in intervention area during after period

16 0.073 3.933 0.928 0.605

micro xBI Average annual deforestation rate

in intervention area during before period

16 0.068 4.514 1.199 0.489

micro xAC Average annual deforestation rate

in control area during after period

16 0.106 2.479 1.023 0.862

micro xBC Average annual deforestation rate

in control area during before period

16 0.073 4.993 0.845 0.486

micro a Before-After score (in intervention area) 16 �2.139 0.669 �0.271 0.048

micro b BACI score 16 �2.277 2.827 �0.449 �0.466
used boundaries provided by the government for the
study villages as a base for verification with key
informants. Village boundaries were later modified
through digitalization in ArcGIS/Google Earth based
on local knowledge of village limits. In Peru,
proponents and other partners provided official
spatial data for study villages at the Ucayali site and
individual Brazil nut concession boundaries for the
Madre de Dios site. Village units in Madre de Dios
were constructed by aggregating concessions whose
owners were members of the same social association
and/or in close spatial proximity to one another.
In Cameroon, field researchers geo-referenced a few
known borders with the assistance of key informants
10
for subsequent digitalization in ArcGIS to delineate
village boundaries. In Brazil, village associations are
social rather than spatial units, so village boundaries
were created through either spatializing social con-
structs of villages in the field or buffering and merging
georeferenced household points. In Vietnam, the
lowest official jurisdictional level is commune, which
consists of a set of villages, so village boundaries were
also estimated using a buffer around household points.
In both cases, additional official spatial data (e.g.
agrarian reform settlement project boundaries in
Brazil, and district limits in Vietnam) were used to
inform village extent.
Appendix B. General results extended
Appendix C. BA and BACI classified scores for
intensive sites only
Figure C1 reports results at both the meso and micro
level for the 16 ‘intensive’ sites only, which as described
in section 2.4 include both intervention and matched
control villages. These results are mostly consistent
with the results presented in figure 4, confirming our
finding (presented in section 3.1) that performance
generally looks better at the micro than at the meso
level (i.e. evaluating REDDþ at the micro level makes
it appear more effective in terms of reducing
deforestation). Figure C1 confirms that this finding
is not due to the difference in sample size for the meso
and micro level analysis reported in figure 4.
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Appendix D. Test results for bias detection
Table D1. Bias test results—Levene’s and t-tests for discovering significantly differing deforestation trends between the intervention
and control area in the before period.

Meso level Micro level

p-value

Levene’s

test

p-value

two sample

t-testa

p-value

Welch

t-testb

Possible

biasc
p-value

Levene’s test

p-value

two sample

t-testa

p-value

Welch

t-testb

Possible

biasc

Brazil-Acre 0.4413 0.8487 N/A FALSE 0.1062 0.1359 N/A FALSE

Brazil-Cotriguacu 0.75 0.4233 N/A FALSE 0.546 0.6723 N/A FALSE

Brazil-Transamazon 0.0366 N/A 0.0450 TRUE 0.7074 0.5399 N/A FALSE

Brazil-SFX 0.0268 N/A 0.0001 TRUE 0.0004 N/A 0.0020 TRUE

Brazil-Bolsa Floresta 0.1214 0.0046 N/A TRUE N/A N/A N/A N/A

Brazil-Jari Amapa 0.0036 N/A 0.0203 TRUE N/A N/A N/A N/A

Peru-Madre de Dios 0.01 N/A 0.0001 TRUE 0.2856 0.0267 N/A TRUE

Peru-Ucayali 0.0001 N/A 0.0004 TRUE 0.432 0.0801 N/A FALSE

Cameroon-SE Cameroon 0.0611 0.7418 N/A FALSE 0.1201 0.9229 N/A FALSE

Cameroon-Mt Cameroon 0.0037 N/A 0.0726 FALSE 0.0129 N/A 0.1361 FALSE

Tanzania-Shinyanga 0.0857 0.1132 N/A FALSE 0.0081 N/A 0.4008 FALSE

Tanzania-Kilosa 0.2865 0.3505 N/A FALSE 0.2248 0.5049 N/A FALSE

Tanzania-Zanzibar 0.8768 0.9332 N/A FALSE N/A N/A N/A N/A

Tanzania-Kigoma 0.6068 0.4298 N/A FALSE N/A N/A N/A N/A

Tanzania-Mpingo 0.6497 0.2745 N/A FALSE N/A N/A N/A N/A

Tanzania-Lindi 0.3748 0.4095 N/A FALSE N/A N/A N/A N/A

Indonesia-Ulu Masen 0.0072 N/A 0.0068 TRUE 0.4343 0.7362 N/A FALSE

Indonesia-KCCP 0.1983 0.6738 N/A FALSE 0.4354 0.6332 N/A FALSE

Indonesia-KFCP 0.4693 0.9611 N/A FALSE 0.2778 0.5318 N/A FALSE

Indonesia-Rimba Raya 0.9571 0.2019 N/A FALSE N/A N/A N/A N/A

Indonesia-Katingan 0.4841 0.0716 N/A FALSE 0.0744 0.4623 N/A FALSE

Indonesia-TNC within

BFCP

0.2803 0.663 N/A FALSE 0.539 0.5952 N/A FALSE

Vietnam-Cat Tien 0.8567 0.8992 N/A FALSE 0.074 0.2737 N/A FALSE

a Equal variances assumed.
b Unequal variances assumed.
c Using confidence level of 0.95.
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