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Abstract
Establishing legal protection for forest areas is the most common policy used to limit forest

loss. This article evaluates the effectiveness of seven Indonesian forest protected areas in-

troduced between 1999 and 2012. Specifically, we explore how the effectiveness of these

parks varies over space. Protected areas have mixed success in preserving forest, and it is

important for conservationists to understand where they work and where they do not. Ob-

served differences in the estimated treatment effect of protection may be driven by several

factors. Indonesia is particularly diverse, with the landscape, forest and forest threats vary-

ing greatly from region to region, and this diversity may drive differences in the effectiveness

of protected areas in conserving forest. However, the observed variation may also be spuri-

ous and arise from differing degrees of bias in the estimated treatment effect over space. In

this paper, we use a difference-in-differences approach comparing treated observations

and matched controls to estimate the effect of each protected area. We then distinguish the

true variation in protected area effectiveness from spurious variation driven by several

sources of estimation bias. Based on our most flexible method that allows the data generat-

ing process to vary across space, we find that the national average effect of protection pre-

serves an additional 1.1% of forest cover; however the effect of individual parks range from

a decrease of 3.4% to an increase of 5.3% and the effect of most parks differ from the na-

tional average. Potential biases may affect estimates in two parks, but results consistently

show Sebangau National Park is more effective while two parks are substantially less able

to protect forest cover than the national average.

Introduction
Approximately 16.3 million square kilometers of forests worldwide are protected to limit the
conversion of forests to commercial activities [1]. The estimated effect of such protection is
mixed, and varies greatly from one protected area to another [2–8]. One country where forest
protection has been widely implemented is Indonesia. Indonesia is home to some of the most
biologically diverse forests in the world, providing essential habitat for endangered species
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such as tigers, elephants and orangutans. Agricultural expansion and illegal logging has led to
rampant deforestation, degraded ecosystems, habitat loss and increased carbon emissions. In
response, between 1990 and 2010, Indonesia increased the total land area under protection
from 10% to 14% [1]. However, the effect of this protection is likely to vary across Indonesia.
In this article, we ask whether and where forest protection has been successful in preserving
forest cover. We attempt to disentangle two possible sources of this variation or ‘treatment het-
erogeneity’ in the estimated effects of protection: true underlying differences in the effect of
protection and spurious variation in the estimates driven by differing degrees of bias. Under-
standing where protection has succeeded and where it has failed to preserve forest can help pol-
icy makers more effectively design future conservation efforts across the country.

Placing land under protection does not guarantee a decrease in deforestation [9]. First,
protected land may not be under threat of conversion (i.e. the forest under protection is not
‘additional’). Second, government protection may remove the local forest user’s incentive to
regulate resource consumption, resulting in decreased monitoring and increased illegal logging
or land conversion [10, 11]. Thus, particularly in a setting of uncertain land tenure and incom-
plete monitoring and enforcement, the effect of establishing forest protection is unclear.

One challenge when evaluating conservation policy is to derive an appropriate counterfactu-
al: what would have happened in the absence of the policy [9]? Protected areas are seldom ran-
domly distributed across the landscape [9]. To overcome the potential selection bias that arises
from non-random location of protected areas, several empirical studies on forest conservation
use matching methods that formally develop a counterfactual control group [2–8, 12–18]. De-
pending on what would have happened to that land in absence of the park, for example, would
land clearing for agriculture have been permitted, one may need to control for the type of land
use activity allowed in the set of controls [19]. Studies that use matching methods compare de-
forestation rates inside protected areas with relevant counterfactuals to evaluate the success of
the protected areas in limiting deforestation while controlling for observable parcel level char-
acteristics. Their results indicate that on average, protected areas have reduced deforestation,
although often not as much as a naïve comparison would imply. Further, these studies do not
consider the possible variation of effectiveness across space.

Several studies estimate the quantity and causes of deforestation in Indonesia [20–31].
These studies find a wide variation in the rates and trends of deforestation across regions in In-
donesia owing to the differences in regional characteristics. This variation in levels of deforesta-
tion and effect of protection was likely exacerbated by the decentralization of much of the
control over economic development and land use from federal to provincial and district gov-
ernments during the Reformasi period of 1999–2002. The local demand for revenue raises
concerns about the conversion of forests into large-scale industrial plantations, small-scale
commodity-based agriculture [19], and mining [32–34]. In a recent study, [35] find that the in-
crease in the number of districts in the post-Suharto regime is associated with an increase in
deforestation activity between 2000 and 2008, pointing to forest losses from decentralization.

Similarly, studies find different effects of forest protection across Indonesia. In Sumatra,
protected areas were found not to reduce deforestation any more than unprotected areas where
logging is allowed but land conversion is prohibited [20]. In Kalimantan, protected lowland
forests declined by 56% between 1985 and 2001 [24]. Between 1996 and 2002, over 2 million
hectares of forest were lost in proposed and existing protected areas in Kalimantan [22]. In Su-
lawesi, Lore-Lindu National park is estimated to have reduced deforestation by more than 9%
between 1983 and 2001 [36]. Each of these studies estimates the effects of protection in only
some parks, making it difficult to compare the results across regions.

In recent work, some authors move beyond estimating a single treatment effect and explore
how that treatment varies over space [3–5, 13–17, 37]. It is important to consider the spatial
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variation in policy impacts to guide effective conservation planning that balances the local cost
of protection with local and global benefits [13, 14, 16]. The study by [5] uses a locally weighted
scatter plot smoothing and a semi-parametric partial linear differencing model to explore the
variation in the effect of protection on reduction in deforestation and poverty levels. They find
the effect of protection on forest cover and poverty levels varies with baseline characteristics
such as distance to major city and slope. In recent work, [38] use a general equilibrium frame-
work to explain the differences in forest leakage in the vicinity of protected areas using ob-
served variation in local economic conditions. They find substantial variation in the degree to
which Indonesian protected areas increase or reduce nearby forest cover driven in large part
by the demand elasticities of different forest and agricultural products competing for land in
these regions.

Differences or similarities in treatment estimates across the various protected areas in Indo-
nesia might be driven by different data-generating processes over space, which we would like
to observe, and ideally to explain. However, the distribution of treatment estimates may equally
be affected by differential levels of estimation bias over space. Imagine for example that estab-
lishing a protected area in two provinces has exactly the same true effect on forest cover
change, but that in one province, many similar parcels exist outside the park that act as appro-
priate controls, whereas in the other province, all of the controls face high pressure for forest
loss, biasing the estimated effect of protection upward. This difference in deforestation pressure
in the second province’s control parcels might arise from the location of the protected area
being associated with unobservables that are also associated with lower rates of deforestation.
For example, the protected area may be placed in a particularly inaccessible location. Alterna-
tively, the difference in deforestation pressure could be driven by ‘bad’matches, where the
available control parcels in the region exhibit much worse covariate balance than in the first
province. At first glance, it may appear as if the second province has a much more successful
protected area strategy, but all that occurred is that the treatment estimate is more accurate in
the first province than the second. Along with creating the false appearance of variation in pro-
tection, differential bias might instead mask true variation in the regional effects of parks.

In this study, we first estimate the effect of the different parks on forest conservation and
then estimate the same effects controlling for different sources of potential bias to observe
which regional differences persist across the alternative estimation methods. We begin by esti-
mating the effects of the protected areas using matching methods combined with a difference-
in-differences approach, also known as Before-After-Treatment-Intervention (BACI), where
we match parcels over their own characteristics as well as the characteristics of their contiguous
neighbors to generate our control group [6, 8]. We show that a single average treatment effect
estimate masks a great deal of variation in the effectiveness of protection. Next, we explore
whether and where the differences in estimated effect of protection persist after controlling for
potentially bad matches and testing for sensitivity to bias driven by unobservables. Last, we use
a conditionally parametric locally weighted regression (CPARLWR) to estimate how parcel
characteristics jointly vary in their impact on forest cover change across space. This approach
allows the estimated data generating process to vary across space, thus highlighting how ob-
servable characteristics differ in their effect on deforestation and limiting potential bias gener-
ated by spatially-correlated unobservables. We compare the results across these various
approaches to identify those protected areas that truly exhibit different effectiveness from the
national average.

This article makes several contributions to the existing literature on the impact evaluation
of protected areas. Only a few papers explicitly estimate how the effect of protection varies,
and those do not consider differences in potential bias that might drive the differences in esti-
mates. Second, we propose a process that allows researchers to explore the source of estimated
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variation in treatment. Last, we use a novel CPARLWRmethod to estimate differential defores-
tation pressure across space and thus different effectiveness of protected areas. We find sub-
stantial variation in effect across the seven studied protected areas. Even after controlling for
potential bias, several parks appear to be less effective than average while two others are signifi-
cantly more effective than average. We find the effects of protection vary not only across the
different parks of Indonesia but even within some of the larger national parks such as Kerinci
Seblat. These different outcomes may suggest the need for targeted intervention on the part of
the government to improve overall protection outcomes.

Background and Setting

Study Area
Indonesia covers a total area of 1,904,569 square kilometers and is broadly divided into five is-
land-regions, Java, Sumatra, Kalimantan, Sulawesi and Papua, 33 provinces and approximately
500 districts. Indonesia has the third highest rate of annual forest loss in the world. The total
primary forest cover loss between 2000 and 2012 is estimated at 6.02 million hectares [39]. In
response, the Indonesian government increased the terrestrial area under protection to 14% by
2010 from 10% in 1990, comprising a total area of 2.7 million hectares. We use data for seven
new national parks that were established in Indonesia after 1999 comprising an area of 23,275
square kilometers (1.2% of the total land area). Previous studies have used a wide variety of
spatial resolution including uniform and non-uniform parcel size for estimating the effect of
protection [8;18;20;40–43]. We follow [42] and use a uniform 3 km by 3 km grid with measures
of percent change in forest cover, protection status and biophysical characteristics of land for a
total of 195,466 parcels. Our measure of interest is the percent of these parcels covered by
primary forest.

These protected areas were primarily established to protect habitat for endemic flora and
fauna. Table 1 provides details about the year of establishment, size and number of 3 km by 3
km parcels for each of the seven national parks we study. Three national parks were established
in Sumatra to conserve the quickly deteriorating lowland forests in the region. Kerinci Seblat
National Park, the largest national park in Sumatra, was officially gazetted in 1999, though its
park boundary was delineated in the 1980s [44]. Studies find the presence of logging conces-
sions in neighboring areas and forest conversion to farmland both inside and outside the na-
tional park boundary [45]. Batang Gadis and Tesso Nilo national parks were established in
Sumatra in 2004. Illegal logging, expanding agriculture, and encroachment continue to cause
deforestation in the lowland forests of Batang Gadis and Tesso Nilo National Park [46, 47].

Of the three national parks established in Java in 2004, we only study Gunung Ciremai Na-
tional Park, a relatively small volcanic area designed to protect the biodiversity in the region.
The area is under threat from many legal and illegal volcanic sand mining companies [48].

Table 1. National Parks in Indonesia established after 1999.

National Park Year of Establishment Area (sq. km.) No. of Observations

Kerinci Seblat 1999 13,750 1801

Batang Gadis 2004 1,080 148

Tesso Nilo 2004 386 56

Gunung Ciremai 2004 155 33

Sebangau 2004 5,687 711

Bantimurung Bulusaraung 2004 480 87

Aketajawe Lolobata 2004 1,673 189

doi:10.1371/journal.pone.0124872.t001
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Sebangau National Park was established in Kalimantan in 2004 in an area that is predominant-
ly peat forest and was previously the site of substantial illegal logging and a failed mega rice
project Sebangau National Park is home to Bornean orangutans, proboscis monkeys and Bor-
nean gibbons [49]. Bantimurung Bulusaraung National Park was established in 2004 in Sula-
wesi and includes the second largest karst area in the world. Aketajawe Lolobata National Park
was established in 2004 in the Papua region of Indonesia with a primary objective of protecting
endemic bird species [50]. According to [50], this particular national park and the surrounding
area are under increasing pressure from the opening of new mines such as the Weda Bay
nickel mine.

Forest Cover Data and Identification Strategy
Our response variable is continuous and represents the change in primary forest cover within 3
km by 3 km parcels between 2000 and 2012. The forest cover data are based on a study by [39]
that provides estimates of primary forest cover for Indonesia between 2000 and 2012. The data
illustrate clear spatial variation in loss of forest cover across the different regions of Indonesia.
Java accounted for 0.2% of the decrease in forest cover, Sumatra accounted for 47.9% of the de-
crease, Kalimantan accounted for 40% of the decrease, Sulawesi accounted for 6.3% of the de-
crease and Papua accounted for 5.6% of the decrease. We use data available from the World
Database on Protected Areas to identify 3,057 3 km by 3 km parcels that were established as na-
tional parks between 1999 and 2012 and consider these parcels as “treated”. The protected
areas are managed by the directorate general of conservation (PHKA) under the Ministry of
Forestry (now the Ministry of Environment and Forestry). We exclude 21,510 3 km by 3 km
parcels that were designated as protected prior to 1999 from our analysis. While our forest
cover data only begin in 2000, we include parcels associated with Kerinci Seblat National Park
that was formally established in 1999 because it is likely that the impact of establishing a pro-
tected area on changes in forest cover takes more than a few months to take effect. The final
dataset consists of 3,057 treatment parcels and 170,899 eligible control parcels across the whole
of Indonesia. Table 1 provides additional details about the size and number of treatment obser-
vations for each of the seven national parks.

We obtain data on covariates such as slope, elevation, distance to roads, distance to rivers,
distance to cities, peat depth, and administrative boundaries for all treated and eligible control
parcels [51]. The summary statistics for the change in parcel-level primary forest cover between
2000 and 2012 and these covariates for treated and eligible control parcels are provided in S1
Table for each park.

Methods
We estimate the average treatment effect on the treated (ATT), which is a measure of the im-
pact that the establishment of a protected area has on the change in forest cover within the
park. Our measure of ATT is reported in percentage change in forest cover within each 3 km
by 3 km (i.e. 900 hectares) parcel from 2000 to 2012.

If protection was randomly allocated across land parcels, one could estimate the ATT by
comparing forest cover change inside and outside protected areas before and after the estab-
lishment of the protected area. This simple difference-in-differences approach controls for
time-invariant unobservable characteristics. However, the location of protection is not random,
as is evident from the difference in covariates in treatment versus control parcels (S1 Table).
These covariates may affect the pressure for deforestation, thus, we would expect the change in
forest cover to differ inside and outside protected areas even if protection had no effect. To ad-
dress this concern, we generate a comparable set of control observations using matching
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methods to evaluate the impact of protection [52, 53]. Matching is an ex post identification
technique that uses observable characteristics to identify a counterfactual group from land par-
cels that are not protected and that are similar to the treatment group [54, 55]. If one can iden-
tify observable characteristics such that any two parcels of land with the same characteristics
portray identical responses to protection, then the estimated treatment effect is said to be unbi-
ased. An unbiased measure of ATT thus requires that the observable variables used to identify
the counterfactual capture all characteristics that jointly affect selection into protection and for-
est cover change.

In the matching process, we include all covariates that are likely to affect the selection of a
parcel into protection and the pressure for deforestation. Indonesian protection policy recog-
nizes land parcels located at certain slopes and elevation that have sensitive soil types and great-
er peat land depth as areas that qualify for protection [56]. Previous literature that models
land-use decisions identify plot-level accessibility characteristics such as elevation, slope, dis-
tance to roads, distance to rivers, distance to nearest city and land use opportunities as impor-
tant determinants of forest clearing [57–59]. We use all covariates identified in S1 Table to
select appropriate counterfactuals for the treated parcels. To control for differences in local pol-
icy, we ensure that matched parcels are selected from the same province and eco-region as
treatment parcels. We use OLS regressions to check for the relationship between the covariates
and the change in forest cover on all non-protected parcels. We find that the average distance
from city, roads, elevation and slope have a significant positive effect while the extent of forest
cover in 2000 and peat depth has a significant negative effect on forest cover change. We also
find significant fixed effects for many provinces and ecoregions.

Previous studies find evidence of spatial dependence in forest cover change and land use
models [59, 60–63]. We test for spatial autocorrelation in the change in forest cover using the
Moran’s I test based on a first order queen’s contiguity weights matrix. The first order contigui-
ty matrix captures the intuition of how changes in forest cover vary over the landscape, with
logging equipment being easier to move across a continuous space, and logging roads making
contiguous parcels more accessible. We find evidence of significant positive correlation of 0.67
(with a p-statistic of<0.0001) between forest cover change on a given parcel of land and that
on its immediately contiguous neighboring parcels and thus we find counterfactual parcels that
are similar to treatment parcels based on their own characteristics as well as the characteristics
of neighboring parcels [8]. We select a one-to-five nearest neighbor covariate matching with
replacement using a generalized version of the Mahalanobis distance metric implemented in R
[53]. We use the bias adjustment to correct for the differences in the covariates for each
matched pair using the estimated coefficients from a linear regression of the covariates on the
expected outcome. We also estimate the variance at all observations to address the problem of
potentially heteroskedastic error terms [64].

We provide ATT estimates at two levels: for Indonesia as a whole and for each of the seven
new national parks. We then test whether the ATT estimates for the individual parks differ
from the national ATT using a two-sample t-test for difference in population means with
unequal variances.

Next, we want to explore whether these differences in estimated effect of protection come
from true underlying variation in protection or different precision in the estimates. We first ex-
plore the potential bias coming from differences in the precision of each park’s counterfactual.
To assess the quality of the matches, we check the covariate balance for each park, testing the
normalized differences in covariate means, and their distribution. The normalized difference in
mean is the difference in the average covariate value divided by its standard deviation [65]. We
test for differences in the distribution using eQQ plots that graph the covariate values in the
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same quantile of the treated against those in the control, allowing us to observe if characteris-
tics are distributed similarly across both treatment and control groups [66].

Second, we attempt to remove possible bias driven by differences in the quality of matches
by conducting caliper matching that sets the same tolerance level for matches across the differ-
ent parks. Caliper matching drops all treated parcels for which the matching routine cannot
find good matches (i.e. matches whose covariate values are not within a predefined standard
deviation of the covariates of treatment observations). We compare the results with and with-
out caliper matching to explore to what degree ‘bad matches’ in one region are driving the vari-
ation in our results across parks.

As noted above, matching methods are not robust against “hidden bias” arising from the ex-
istence of unobserved variables that simultaneously affect assignment to treatment and out-
come. To explore whether differences in treatment estimates may be driven by this hidden
bias, we estimate Rosenbaum bounds [67] by park. Rosenbaum bounds provide a measure of
how strongly an unobservable covariate could affect the estimated treatment effect by estimat-
ing test statistics for different levels of the odds ratio, Γ, where a higher odds ratio is associated
with unobservables playing a larger role in the selection of treatment parcels. The bounds iden-
tify the odds ratio at which the estimated treatment effect is no longer significantly different
from the ATT for the whole of Indonesia (Γ1) or zero (Γ2). Thus, a higher Γ implies that the es-
timated results are robust against a greater potential selection bias, while a low Γ implies that
even a mild selection bias could make the estimate insignificant (where Γ = 1 indicates that no
hidden bias exists).

We use the rbounds package in Stata to estimate two separate odds ratios: 1) Γ1 measures
the degree to which unobservables may affect whether the park ATT estimate is significantly
different than the national ATT estimate, and 2) Γ2 provides a measure of how robust the
park-level ATT estimate is to the effect of unobservable variable(s) on the selection into treat-
ment. We identify Γ1 as the lowest odds ratio that contains the national ATT estimate between
the upper and lower bounds of the Hodges-Lehman point estimate for each park. We estimate
Γ2 based on the Wilcoxon’s sign rank test for which the ATT estimates are robust against “hid-
den bias” at the 10% significance level. We calculate these odds ratios, Γ1 and Γ2, for each
national park.

Once we have identified the source of variation in our treatment effects that may result
from different degrees of bias, we turn to exploring the variation in estimated park effectiveness
that may result from differences in economic pressure on forest use and other factors affecting
the regional data generating process. We first control for potential differences in effectiveness
that result from the type of economic activity in protected and unprotected parcels. Differences
in the estimated effectiveness of parks may result from higher demand for certain land conver-
sion activity in some regions rather than others. A previous study finds differences in the esti-
mated effectiveness of protected areas when those protected areas are compared against
counterfactuals where land use regulations prohibit conversion activity but allow for produc-
tion activities such as commercial logging versus where those counterfactuals whose regulation
includes all deforestation activity [19]. We estimate an additional measure of ATT that restricts
the selection of counterfactual parcels to come from only those unprotected parcels that are
sanctioned by the Indonesian government as suitable for limited production activities. For this
estimation, we eliminate those parcels where land conversion activities are allowed. Effectively,
this estimate captures how much forest cover parks protect compared to “production zone”
areas, where sustainable commercial forest activities are allowed. Thus, we should be able to de-
termine if some parks are particularly effective in protecting against local demands for land
conversion but not against deforestation resulting from commercial forest activity. Under
Indonesia's 1990 National Spatial Plan, the “production zone” includes areas allocated for
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commercial logging where deforestation is prohibited but selective logging that leads to sus-
tainable forest use is allowed. The “conversion zone” includes regions allocated to industrial
plantations, smallholder agriculture, mining, urban areas, and government-sponsored
transmigration settlements.

True differences in treatment effects are likely driven by differences in data generating pro-
cesses among parks. To estimate how the true data-generating process varies across space, one
can use a multivariate locally-weighted regression (LWR). A multivariate LWR estimates a dif-
ferent coefficient for each variable and each observation by weighting each observation in a re-
gression based on spatial proximity. One challenge with this approach is that one needs to
impose some structure on the coefficients to be able to estimate the full set of coefficients [68].
We use the CPARLWR that imposes a parametric structure on the independent variables but
allows this parametric regression to vary based on geographic coordinates. CPARLWR models
local geographic variation in the data generating process using a flexible trend that varies across
space based on geographic distances. As shown in [69], the model specification for the
CPARLWR is,

yi ¼ b loi; laið Þ0xi þ ui: ð1Þ
Here, y represents the change in forest cover, x represents the vector of independent variables
including a treatment dummy and the geographic covariates that affect forest cover change de-
cisions and u is the error term. The terms lo and la represent the geographic coordinates for
each observation i. The coefficients, β, are assumed to vary smoothly over space. The coeffi-
cients at a target location are estimated as the weighted least squares,

B̂ lo; lað Þ ¼
Xn

j¼i
wjxjxj

0
� ��1 Xn

j¼i
wjxjyj; ð2Þ

where wj represents a weight function.
We use the CPARLWR approach to calculate coefficients for the treatment dummy and the

covariates for each observation in the matched dataset. This method enables us to extract the
heterogeneous effects of protection and other covariates on forest cover change across the dif-
ferent parks. This method may also reduce the potential bias found in the earlier ATT estimates
to the extent that unobservables are spatially correlated. We calculate the coefficient values for
each observation within the seven national parks and Indonesia as a whole and then report the
median coefficient as an estimate of the marginal effect of protection and other covariates on
forest cover change. We map the coefficient estimates for each of the different parks to identify
the extent of variation in treatment effectiveness and impact of other covariates on forest cover
change within a park. As a measure of goodness of fit, we estimate the pseudo R2 using the fit-
ted values for each parcel based on the CPARLWR estimates.

Results
Results from the spatial matching model indicate that, on average, protected areas across Indo-
nesia lost 0.7% less forest cover compared to similar non-protected areas over the 12-year peri-
od. The national ATT estimates are relatively robust to the number of matches used and the
exclusion of parcels adjacent to protected areas as controls. Post matching, the normalized dif-
ference for all covariates is less than 0.25 standard deviations and the average normalized dif-
ference across all covariates is 0.09, as shown in Table 2. This statistic suggests that we are able
to find a sufficient number of unprotected parcels that are similar to protected parcels based on
the covariates included in the matching process [65].
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However, these ATT estimates for Indonesia mask a great deal of variation in the effective-
ness of individual protected areas in different parts of the country. Fig 1 illustrates the ATT es-
timates based on the spatial matching method for the seven new protected areas. Sebangau
National Park has a high positive and significant ATT estimate indicating higher effectiveness
at limiting forest cover loss within park boundary compared to the national estimate. Kerinci
Seblat, Batang Gadis and Aketajawe Lolobata National Park’s ATT estimates are relatively sim-
ilar to the national level estimates. ATT estimate for Gunung Ciremai National Park indicates
very low and insignificant decrease in forest cover inside protected area boundaries. For one
park, Tesso Nilo, we find an insignificant yet 2.7% more primary forest cover loss within the
national park boundary than in the control observations. The ATT estimates for Gunung Cire-
mai, Kerinci Seblat, Batang Gadis, Aketajawe Lolobata and Bantimurung Bulusaraung National
Park are robust to the variation in the number of matches used (i.e. anywhere from one to five

Table 2. Indonesia and Park Level Results.

National Park ATT in % for
change in
primary
forest cover
(Std. Errors)1

Avg. Norm.
Diff. between
treated and
matched
covariate
values2

t-Statistic for
Difference in Means
between individual
parks ATT and ATT
estimate for
Indonesia (Std.
Errors)3

Gamma
14

ATT in % for
change in
primary forest
cover with
Calipers (Std.
Errors)5

ATT in % for
Restricted Matching
without including
land sanctioned for
conversion (Std.
Errors)6

Median
CPARLWR
Coefficient
(Minimum and
Maximum
values)7

Indonesia 0.71% 0.09 - - 0.50% 0.01% 1.12%

(0.43%) - (0.29%) (0.41%) (-3.68%, 5.49%)

Gunung
Ciremai

0.05% 0.21 71.70 6.0 0.01% 0.05% -0.02%

(0.12%) (0.0823) (0.10%) (0.12%) (-0.02%, 0%)

Batang Gadis 0.67% 0.18 4.00 1.6 0.44% 0.73% -1.26%

(0.30%) (0.0950) (0.28%) (0.30%) (-1.57%, -0.96%)

Tesso Nilo -2.69% 0.23 13.41 1.3 -2.69% -1.71% -3.40%

(4.65%) (2.2811) (4.65%) (4.58%) (-3.68%, -3.09%)

Kerinci Seblat 1.05% 0.17 75.07 2.0 0.96% 1.02% 0.73%

(0.33%) (0.0406) (0.28%) (0.33%) (-0.11%, 3.15%)

Sebangau 4.18% 0.20 130 1.1 5.10% 2.12% 5.25%

(1.76%) (0.2436) (0.72%) (1.60%) (5.16%, 5.49%)

Bantimurung
Bulusaraung

0.43% 0.20 49.2 5.3 0.40% 0.39% 1.99%

((0.11%) (0.0508) (0.10%) (0.10%) (1.58%, 2.48%)

Aketajawe
Lolobata

0.78% 0.25 8.31 2.3 0.69% 0.63% 0.82%

(0.26%) (0.0746) (0.23%) (0.23%) (0.81%, 0.83%)

1These ATT estimates are based on the nearest neighbor covariate matching that includes the average covariates of neighboring parcels.
2The average normalized differences between matched and treatment parcel covariates is the average value of the absolute difference in mean values of

the covariates divided by their standard deviations.
3The t-statistic is based on the t-test for difference in means with unequal variance between the national ATT estimate and the individual park level ATT

estimate. All t-statistics are significant at the 1% level.
4Gamma 1 represents the lowest odds ratio based on the Hodges-Lehmann point estimates that includes the national ATT estimate of 0.71% of change in

forest cover within protected areas in the upper and lower bounds of the point estimates.
5These ATT estimates are based on the nearest neighbor covariate matching that includes the weighted covariates and restricts covariates of matched

parcels to be within one standard deviation of the covariates for treated parcels.
6These ATT estimates are based on the nearest neighbor covariate matching that only selects counterfactuals from unprotected parcels that are allocated

for both protection or production activities under Indonesia’s 1990 Spatial Plan and where conversion is prohibited.
7These estimates represent the median coefficient estimates for the marginal effect of treatment on change in forest cover for all parcels that are within

the national park boundaries.

doi:10.1371/journal.pone.0124872.t002
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matches) whereas results for Sebangau and Tesso Nilo National Parks are sensitive to the num-
ber of matches used in the matching routine. The estimates of Γ2 (shown in S4 Table through
S10 Table) indicate that ATT estimates for Gunung Ciremai, Tesso Nilo, and Aketajawe Lolo-
bata National Parks are less robust to possible hidden bias and the potential effect of unobserv-
able(s) on selection into treatment. Covariate balance results (shown inS4 Table through S10
Table), also indicate higher normalized differences between matched and treated covariates for
Aketajawe Lolobata National Park with an average normalized difference of 0.25. Thus, its
treatment estimate should be taken with care. The average normalized differences for all other
parks are less than 0.25 as shown in Table 2.

T-tests indicate that the park ATT estimates are significantly different from the national
ATT estimate at a 1% significance level for all seven parks (column 3 of Table 2). ATT esti-
mates for individual parks are not sensitive to caliper matching where we drop matches with
covariate values that are more than one standard deviation away from covariate values for
treated observations. However, as we increase the strictness level and use smaller calipers,
ATT estimates for Sebangau National park shrink, indicating a smaller estimate of protected
area effectiveness. Thus, less appropriate matches may exacerbate variation in the initial
ATT estimates.

Fig 1. ATT for Indonesia and Seven National Parks.Note: This figure shows the ATT estimates based on the nearest neighbor covariate matching with
replacement for all seven parks together as well as individually for each park. The percentage numbers indicate the ATT estimate in hectares divided by the
total area of each parcel (i.e. 900 hectares). The error bars represent the standard errors for the ATT estimates.

doi:10.1371/journal.pone.0124872.g001
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We use the Rosenbaum bounds to understand which parks have ATT estimates that are
truly different from the national average, and which differences may be possibly driven by hid-
den bias in the ATT estimates. Some parks, such as Sebangau National Park, are more sensitive
to this hidden bias with odds ratio, Γ1, of 1.1. The heterogeneity in the ATT estimates for
Sebangau National Park may be largely driven by an increased probability that unobservables
determine the choice of treatment. Alternately, we find that the extent to which the ATT esti-
mates for Gunung Ciremai, Batang Gadis, Kerinci Seblat, Bantimurung Bulusaraung and Ake-
tajawe Lolobata National Park are different from the national ATT estimate are relatively less
sensitive to confounding variables with odds ratio of 6, 1.6, 2, 5.3 and 2.3 respectively. Table 2
summarizes these results. These results imply that ATT estimates for Gunung Ciremai, Batang
Gadis, Kerinci Seblat, Bantimurung Bulusaraung and Aketajawe Lolobata National Parks are
relatively less prone to hidden bias and the heterogeneity may instead be driven largely by true
differences in effectiveness.

ATT estimates that restrict the matching to select control parcels only from the production
zone find protected areas for the whole of Indonesia have less effect than a comparison to all al-
lowed land uses, as shown in the second column of Table 2. Intuitively, we expect the ATT esti-
mates that use counterfactuals only from the production zone to be lower than the ATT
estimates that select counterfactual parcels from both production and conversion zones, since
the first estimate captures the additional effect of protection over and above regulations that
prohibit land conversion. We find this expected result for the whole of Indonesia, as well as for
Sebangau, Bantimurung Bulusaraung and Aketajawe Lolobata National parks where the ATT
estimates from the restricted matching are lower than the ATT estimates that include counter-
factuals from both production and conversion zones (as shown in column 6 of Table 2). For
other parks, estimates remain relatively unchanged.

To understand the extent of the variation in the effectiveness of protection driven by differ-
ences in data generating process, we estimate the median CPARLWR coefficients for the effect
of treatment and other covariates that determine forest cover change for the different parks
(shown in Table 2). Fig 2 provides a comparison of these coefficient estimates for the seven na-
tional parks against the national average for all parks combined. Fig 3 maps the variation in ac-
tual coefficient estimates of the effect of protection on change in forest cover across the seven
national parks. The median marginal effect of treatment at the national level is a 1.1% increase
in forest cover within protected area boundary. The median coefficient estimates for the effect
of protection spans a wide range varying from a 5.3% increase in forest cover to a 3.4% decrease
in forest cover within protected areas.

The median coefficient estimates for the effect of protection on change in forest cover for
Gunung Ciremai, Kerinci Seblat and Aketajawe Lolobata National Parks are similar to the
ATT estimates based on the matching analysis. The median marginal effects for Batang Gadis
and Tesso Nilo National Park indicate that parcels within protected area boundary witnessed a
1.3% and 3.4% decrease in forest cover. The CPARLWR model is a relatively good fit with a
pseudo R2 estimate of 26%.

We observe substantial variation in the marginal effects within large parks such as Kerinci
Seblat (as shown in Fig 4). While the median marginal coefficient estimate of protection for Ke-
rinci Seblat National Park indicates a small increase in forest cover of 0.73%, certain parts of
the park are found to be more effective in increasing forest cover by as much as 3.15%. Fig 4 il-
lustrates the variation in the marginal effects of protection for each parcel for Kerinci Seblat
National Park.

The CPARLWR model includes all the covariates that we use in the matching process. In
Fig 5, we illustrate the heterogeneity in the marginal effects of three covariates, distance to city,
distance to road and slope on forest cover change across Kerinci Seblat National Park. In the
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southern part of the park, we find that the marginal effect of distance from city is positive (as
shown in Fig 5 Panel A). Thus protected areas at larger distance from city are shown to exhibit
less forest cover loss. The reverse is found in the northern part of the park where we find nega-
tive marginal effects of distance from city on forest cover change. Some of these areas also over-
lap with the parts of the park where we find negative treatment effect. These areas may be
prone to increased illegal activities and the distance from city reduces the extent of monitoring
and enforcement on these areas and in turn enhances the illegal deforestation activities. The
marginal effect of distance to road leads to more forest cover in the southern most parts of the
park but reduces forest cover in the central and northern most parts (as shown in Fig 5, Panel
B). The marginal effect of slope is always positive, though the effect is substantially larger in the
northern most parts of the park and substantially lower in the southern most parts (as shown
in Fig 5, Panel C).

Discussion and Conclusion
In this paper we estimate the effect of protection in seven national parks established between
1999 and 2012, and the variation in these effects across Indonesia. Using a range of methods,
we estimate that on average, national parks preserved between 0.01% and 1.12% of forest

Fig 2. Average CPARLWR Treatment Effects for Indonesia and Seven National Parks.Note: This figure shows the average CPARLWR coefficient
estimates for the treatment dummy for all seven parks together as well as individually for each park. The percentage numbers indicate the overall percentage
gain or loss in forest cover based on these average coefficient estimates. The error bars represent the minimum and maximum coefficient estimates.

doi:10.1371/journal.pone.0124872.g002
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cover. Regardless of the estimation strategy, however, we find substantial variation in the effect
from park to park.

Results from the nearest neighbor matching estimation using controls selected by spatial
matching indicate that protected areas have been moderately successful in conserving forests
in Indonesia. The ATT estimate for Indonesia of 0.7% is robust to several specification biases
such as elimination of parcels adjacent to protected areas as controls and caliper matching.
Given the total loss of primary forest cover of 6.2% over this time, preserving 0.7% of forest
cover decreases the loss by more than one-tenth at least within the seven new protected areas.
We find that an estimated 20,000 hectares of forests across Indonesia would have been lost in
the absence of the seven new protected areas.

When we estimate the impact of protection in each of the seven new national parks, we find
that the effectiveness of individual parks is significantly different than the national ATT esti-
mates. The estimated levels of effectiveness for four parks, Batang Gadis, Kerinci Seblat, Banti-
murung Bulusaraung and Aketajawe Lolobata are less sensitive to the possibility of spurious
variation in ATT estimates driven by the effect of unobservables. We find Sebangau National
Park is relatively highly effective in protecting against local demands for land conversion but

Fig 3. Heterogeneity in Marginal Effect of Protection across the Seven National Parks.Note: This figure maps the coefficient estimates in percentage
for the effect of treatment on forest cover change based on the CPARLWR for each parcel with the seven national parks.

doi:10.1371/journal.pone.0124872.g003
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its effect is smaller when compared to losses in unprotected areas that restrict outright conver-
sion but allow for commercial forestry activities.

Our results based on the CPARLWR approach that removes possible spatially correlated
hidden bias indicate that Sebangau and Bantimurung Bulusaraung National Park are more ef-
fective than the national average estimate in reducing deforestation. Sebangau National Park’s
average marginal effect of protection is 4.1% higher than the national estimate based on
CPARLWR. The results for Sebangau National Park are more optimistic about the effect of
protected areas in Kalimantan given that previous studies [22] had raised substantial concerns
over the increase in illegal logging activities in some of the previously established parks in the
region such as Tanjung Putting National Park. We find that two Sumatran national parks,
Tesso Nilo and Batang Gadis National Park are ineffective in reducing deforestation pressures.
These results are similar to findings by [19] which also indicate that protected areas in Sumatra
are not very effective, especially when compared with unprotected parcels that allow for sus-
tainable forest use but where outright conversion is limited.

In the case of large parks such as Kerinci Seblat, this method enables us to identify substan-
tial variation in effectiveness even within the park. Our results illustrate that some parts of Ke-
rinci Seblat National Park are indeed effective in reducing deforestation whereas other parts of
the park experience a small increase in deforestation. Thus, evaluating the impact of protection

Fig 4. Heterogeneity in Marginal Effect of Protection within Kerinci Seblat National Park.Note: This figures maps the coefficient estimates for the
marginal effect of protection on the percentage change in forest cover across Kerinci Seblat National Park based on CPARLWR.

doi:10.1371/journal.pone.0124872.g004
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at a wider scale is not adequate to identify more local effects. The heterogeneity in forest cover
change patterns across protected areas in Indonesia also suggest that rather than a cookie-
cutter approach to protection, future protection policy in Indonesia can benefit from more
area specific approaches. For example, the decrease in forest cover within certain parts of Ke-
rinci Seblat National Park may signal the possible need for greater resources for monitoring
and enforcement of protected areas in this region. More detailed research that focuses on dif-
ferent parts of Kerinci Seblat National Park can help identify why protection is moderately ef-
fective in some areas but ineffective in others.

Across all specifications and methods, we find that Sebangau appears to be more effective
than the national average while Teso Nilo and Gunung Cirimai appear to be less effective.
With other parks, it is less clear whether the estimated differences in effectiveness are driven by
differing degrees of bias in the estimates. These results may point to the need for future re-
search that explores the cause of these regional differences and can lead to policy changes that
can expand the success or explicitly address the cause of the failure in protection.

Fig 5. Heterogeneous Impacts of Covariates on Forest Cover Change for Kerinci Seblat National Park.Note: This figure maps the coefficient
estimates for the marginal effect of distance to city (Panel A), distance to road (Panel B) and slope (Panel C) for Kerinci Seblat National Park based on
CPARLWR.

doi:10.1371/journal.pone.0124872.g005
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One limitation of this study is we only consider areas designated as protected after 2000. Set-
ting aside land for protection in Indonesia is not a recent phenomenon. Indonesia has a long
history of protected area management with the biggest thrust occurring in the 1980s. Approxi-
mately 10% of the current terrestrial area under protection in Indonesia was brought under
protection after 1980. A better estimate of the impact of protection should include these pro-
tected areas in the impact evaluation measure. However, this would require data on forest
cover prior to 1980. If such data were available, one could calculate more robust ATT estimates
using a panel data set and use the larger sample of parks to better explore why some succeeded
and others failed. The availability of forest cover data from such an early period would also
help control for any underlying trends in deforestation.

Our results for individual parks are unbiased to the extent that the covariates included in
the matching process are relevant and any other unobserved variables that significantly affect
selection of protected areas and deforestation decisions are spatially correlated. However, if un-
observable variables signify distinct spatial discontinuities in selection of protected areas and/
or the decision to deforest, the marginal effect of protection based on our CPARLWR estimates
will be biased. Note that effectively the CPARLWR uses nearby matched plots as controls, as-
suming that the unobservables and their effect will be similar across space. Because of this as-
sumption, one might also worry that substantial nearby forest leakage might artificially inflate
our CPARLWR treatment estimates.

In this article we present a systematic method for evaluating estimates of program heteroge-
neity across space. Given that average effects of protection may be misleading, we believe that
the move to estimating heterogeneous effects should be encouraged, while we also demonstrate
that it should be approached with some caution. Future work that looks at the key drivers of
this heterogeneity in impacts of protection in parks across Indonesia can help policy makers
identify those characteristics that are associated with greater and less success, and use this in-
formation to both target protected areas and enforcement accordingly.
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